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1 Gidi thiéu

Hoc mdy va cdc phuong phap dua trén dit litu ngdy cang trd nén quan trong trong nhiéu linh vie. Cac
b6 loc thu rdc thong minh bio vé email ciia chiing ta bang cich hoc tit khéi luong 16n dit liéu spam va
phan hoi ciia ngudi dung; hé thdng quing cdo hoc céch ghép ndi quang cdo phit hgp véi ngit canh; hé
théng phat hién gian lan gitip ngan hang chéng lai ké tan cong; hé thdng phat hién sy kién bat thudng
ho trg cic nha vat 1y tim ra hién tuong dan dén kham phéd khoa hoc mdi.

Hai yéu t6 quan trong thic day thanh céng ctia cic tmg dung nay la:

1. St dung cdc mé hinh théng ké hiéu qua dé nim bit sy phu thudc phic tap trong dit liéu.
2. Céc hé théng hoc c¢6 kha nang mé rong dé huan luyén mo hinh ti tap dit liéu khong 16.

Trong s6 cac phuong phap hoc mdy thuc tién, gradient tree boosting 13 mot ky thuit ndi bat
trong nhiéu ing dung. Tree boosting da dugc chiitng minh mang lai két qua tién tién nhat trén nhiéu
b6 dit liu phéan loai chuan. LambdaMART, mot bién thé clia tree boosting diing cho bai todn xép
hang, ciing dat két qua hang dau. Ngoai ra, tree boosting khong chi duge dung doc 1ap ma con tich
hop vao pipeline san xuat trong cdc hé thong du doin ti 1é nhip quang cdo. Dy ciing 14 phuong phap
ensemble mic dinh trong nhiéu cudc thi, tiéu biéu nhu Netflix Prize.

Trong bai b4o nay, chiing toi gidi thitu XGBoost, mot hé thong hoc may cé kha ning mé rong cho
tree boosting, hién c¢6 dudi dang ma ngudn mda. Tic dong ciia XGBoost dude cong nhan rong rai qua
nhiéu thach thitc hoc méy va khai pha dit liéu. Vi du, trong sb 29 10i giai thang cudc trén Kaggle dugc
cong bé nam 2015, ¢ téi 17 giai phap st dung XGBoost. Trong d6, 8 18i gidi chi dung duy nhat
XGBoost, con lai thuong két hop v6i mang no-ron trong cdc mo hinh ensemble. Phuong phap phé bién
thit hai 13 mang no-ron sau, chi xuat hién trong 11 16i gidi. Tai KDD Cup 2015, tit ca 10 doi ding
dau déu st dung XGBoost, va ho bdo cdo rang mé hinh ensemble chi nhinh hon XGBoost mét chit.

Nhitng két qua nay cho thiy XGBoost mang lai hiéu suat tién tién trén nhiéu loai bai toan khéc
nhau, bao gom: du dodn doanh sb cita hang, phan loai su kién vét 1y nang luong cao, phan loai van ban
web, du doan hanh vi khach hang, phét hién chuyén doéng, du doan ti 1é nhdp quang cdo, phan loai ma
doc, phéan loai san pham, du doan rii ro thién tai, du dodn ty 1& bd hoc trong cac khéa hoc truc tuyén
quy mo lon.

Yéu t6 quan trong nhat ding sau thanh cong ctia XGBoost 1 kha ning mdé rdéng vugt troi
trong moi tinh hudng. Hé théng chay nhanh gip hon 10 lan so v6i cdc giai phap phd bién trén mot
méy don, vd mé rong dén hang ty mau trong moi trudng phan tan hodc han ché bo nhé.

Nhitng cai tién bao gom:

e Thuét toan hoc cdy méi xt Iy dit liéu thua.
« Ky thuat weighted quantile sketch dé xit Iy trong sb trong hoc ciy xap xi.
« Kha ning tinh todn song song va phan tan, gitp tang téc huan luyén.

o Khai thic out-of-core computation, cho phép xit Iy hang tram triéu mau ngay ca trén may
tinh ¢4 nhan.

Quan trong hon, viéc két hop cac ky thudt nay tao nén mot hé thdng dau-cudi c6 thé md rong dén

tap dit liéu cuc 16n véi luong tai nguyén cum nhd nhat.

2 Tém lugc vé Tree Boosting

Phan suy dién xuat phat tit y tudng trong cic cong trinh trude ve gradient boosting, dic biét phuong
phap béc hai dugc dé xuat bsi Friedman et al.
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2.1 Regularized Learning Objective
Véi mot tap dit liéu gom n mau va m dic trung:
D= {(x%y%)}? ‘D’ =n, T; € Rm7 Yi € Ru

mot mo6 hinh tadp hgp ciy (tree ensemble model) (Hinh ??) sit dung K ham céng don dé du

doan dau ra:
K

gi=o(x:) =Y frlzi), fu€F,
k=1
trong d6 F = {f(7) = wy(,) } 14 khong gian cta céc cay hdi quy (CART). O day ¢ bidu dién cAu tric
clia cAdy 4nh xa mot mau vao chi sd 14 tuong tng, va T 1 sb 14 trong cdy. Mdi f; tuong ting véi mot
cau tric cay doc lap g va trong s6 14 w.

Khic véi cay quyét dinh, mdi cdy hoi quy chita mot gid tri lién tuc tai mdi 14. Ky hiéu w; 1a gia
tri tai 14 thit 4. V6i mot mau x;, ta 4p dung cdc luat phan nhanh trong ciy (cho béi ¢) dé tim 14 tuong
tmg, va du dodn cudi cting bang cich cong don gia tri & cac 14 d6 (cho bdi w).

Dé hoc dudce tap hop cédc ham trong mo hinh, ta cuc tiéu héa ham muc tiéu cé diéu chuén:

7 k
trong do: .
0(f) =T + Al

0 day [ 1a mot ham mat mat 16i kha vi, do sut khac biét gitta du dodn §; va nhan thuc y;. Thanh
phan Q diing dé phat d6 phiic tap ciia m6 hinh (ttc 1 cac cAy hoi quy).

Thuét ngit diéu chuan bd sung nay gitip lam tron cac trong sbé hoc dugce, nham tranh hién tuong
qué khép (overfitting). Truc gidc cho thay, ham muc tiéu didu chuan sé wu tién chon mo6 hinh don gian
nhung van c6 stic manh du doan.

K¥ thuat diéu chuan tuong tu ciing da duge sit dung trong mo hinh Regularized Greedy Forest
(RGF) Tuy nhién, hAm muc tiéu va thudt todn hoc clia chiing t6i don gidn hon RGF va dé song song
héa hon. Khi tham s6 diéu chuan bang 0, mé hinh tré vé gradient tree boosting truyén théng.

tree1 tree2

s @ ==
e alen 062 (&

+2 +0.1 <1 - +0.9

f g )=2+09=29 @ )=-1-09=-19

Hinh 1: M6 hinh Tree Ensemble: Du doan cudi ciing cho mdt mau 1 tong du doan tit cic cy con.
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Giai thich
Trong XGBoost, ham mat mat dude viét dudi dang:
L(6) =D UGiyi) + > Qf),
i k
trong do:
Qf) =T + 3Al|lw]*.
« Thanh phan I(7;,y;) do ludng sai s6 dut doan so véi gid tri that.
o Thanh phan 3, Q(fi) 1& didu chudn, gitip phat m6 hinh qué phiic tap:
— ~T': phat theo s 14 T trong cdy, han ché cAy qud nhiéu l4.
- %/\HwHQ: phat binh phuong trong s6 14, ngin gié tri du dodn cuc doan.

Nho vy, XGBoost can bang gitta dd chinh xac huin luyén va khi ning tdng quét, tranh
overfitting.

Vi du minh hoa

Bai toan: du doan diém thi tir sé gic hoc. Dit liéu: 8 diém co ban + 60 diém nhiéu dé kiém tra kha ning
téng quat hoéa.

Code thyc nghiém

Bai toan du doan diém s6 theo gid hoc clia cac hoc sinh, dua trén dit liéu thuc té va sau dé tao thém
60 diém dit liéu gay nhiéu cho mé hinh

Béang 1: Dit liéu diém thi theo s6 gio hoc

S6 git hoc () Diém thi (y)

1 95
60
62
70
75
78
85
90

CO N O U i W N

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import xgboost as xgb

from sklearn.model_selection import train_test_split

from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score

# Dataframe and data noise

rng = np.random.RandomState (42)

X_base = np.array([1,2,3,4,5,6,7,8]) .reshape(-1,1)
y_base = np.array([55,60,62,70,75,78,85,90])
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12

13 X_extra = rng.uniform(0.5, 9.5, size=60) .reshape(-1,1)
14 y_extra = 48 + 5.2xX_extra.squeeze() + \

15 4*np.tanh ((X_extra.squeeze()-6)/1.2) + \

16 rng.normal (0, 3.5, size=X_extra.shape[0])

17 X = np.vstack([X_base, X_extral)

18y = np.hstack([y_base, y_extral)
X_train, X_test, y_train, y_test = train_test_split(
20 X, y, test_size=0.28, random_state=0

23 # Model with regularization

24 model_reg = xgb.XGBRegressor(

25 n_estimators=250, max_depth=3, learning_rate=0.08,
26 subsample=0.85, colsample_bytree=0.9,

27 reg_lambda=5.0, gamma=1.0, min_child_weight=5,

28 random_state=0, tree_method="hist"

29 )

30 model _reg.fit(X_train, y_train)

32 # Model without regularization

33 model_no = xgb.XGBRegressor(

1 n_estimators=500, max_depth=6, learning_rate=0.1,
35 subsample=1.0, colsample_bytree=1.0,

36 reg_lambda=0.0, gamma=0.0, min_child_weight=1,

37 random_state=0, tree_method="hist"

38 )

30 model_no.fit(X_train, y_train)

11 # Evaluation

42 def eval_model(model, X_tr, y_tr, X_te, y_te):

13 yhat_tr model .predict (X_tr)

14 yhat_te = model.predict(X_te)

15 return {

16 "RMSE_train": np.sqrt(mean_squared_error(y_tr, yhat_tr)),
47 "RMSE_test": np.sqrt(mean_squared_error(y_te, yhat_te)),
48 "R2_train": r2_score(y_tr, yhat_tr),

19 "R2_test": r2_score(y_te, yhat_te),

50 T

52 print (eval_model (model_reg, X_train, y_train, X_test, y_test))
53 print (eval_model (model_no, X_train, y_train, X_test, y_test))

Két qua truc quan
Hinh 2, Hinh 3, Hinh 4 va Hinh 5 so sanh du doan ctia hai m6 hinh:
Model RMSE_train RMSE_test MAE_train MAE_test R2_train R2_test
Regularized  2.854401 2.956352 1.557721 2.169023 ©.034700 6.963500
Mo Regularization  ©.881254 3.802145 0.801820 3.115111 1.860000 0.947397

Avg leaves per tree — Regularized: 3.77 | No-Reg: 7.63

Hinh 2: So sdnh RSME, MAE gitta tdp train va test, gitta hai m6 hinh ¢6 regualization va khong co
regulization



AI VIETNAM

aivietnam.edu.vn

Exam score

Regularized model — Test predictions vs truth
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Hinh 3: M6 hinh ¢6 regularization — du dodn test khép mugt véi dit liéu that.

Exam score

No-regularization model — Test predictions vs truth
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Hinh 4: M6 hinh khéng regularization — c6 xu huéng overfit, dudng du doan gap khic hon.
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Function fits: regularized vs no-regularization

Train points
100 ~ Test points L
—— Regularized fit |J
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Hinh 5: So sanh truc tiép dudng fit: mo6 hinh khong regularization phitc tap hon, trong khi regularization
cho dudéng mugt hon.

Két luan
Phan Q(f) trong ham mat mét gitip XGBoost khéng ché s6 14 va gid tri tai 14. Két qua cho thay:
e Mo hinh khéng regulization: huan luyén rat sit, nhung test kém hon, c6 xu huéng overfit.

« M5 hinh c¢6 regulization: du dodn mugt, sai sb test nhé hon, khé ning tong quat t6t hon.

2.2 Gradient Tree Boosting

Mo hinh tap hgp ciy trong Céong thiic (2) cé cidc ham nhu la tham sb, nén khong thé tdi uu bang cac
phuong phap tdi wu truyén théng trong khong gian Euclid. Thay vao d6, mé hinh dude hun luyén theo
cich cong dén timg budc (additive training).

Ky hiéu 1}1@ 13 duir doan ctia mau 4 tai vong lip t. Ta can tim mot ham f; méi dé cuc tiéu hod ham
muc tiéu:

£O =3 "1y 50 + filwi) + Q).
=1

Diéu ndy c6 nghia 1a ta tham lam chon f; sao cho cai thién nhiéu nhat moé hinh theo Cong thtic (2).
Dé gidi nhanh, ta sit dung khai trién xap xi bac hai cho ham mat mat [?]:

£0 % 3 [y, 810) + gifulw) + $hifP ()| +9(f0).
i=1
trong do:

= 0 Wy, 9@V, k= o Uy, 9 Y)
g’L 82)071) ylay 9 (2 8(:13(2571))2 y’tay .
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Instanceindex  gradent statistics

1 @ g1 i N
y . I; = {2,3,5}
‘ @ g2, hz L Gas=g2+ g3+ g5
= fl :{1} I2= {1} H:;=Jrl‘g—|—lri'.;{+lr15
3 @ g3, h3 G =m G2 = gy
H1=Jr}|l IIT.L=.|I!:|
<
: G
@ Obj =—3_; s T 35
5 g5, hs

The smaller the score is, the betterthe structure is

Hinh 6: Tinh diém ciu tric - Cong céc gia tri gradient va théng ké dao ham béac hai trén mdi 14, sau
dé 4p dung cong thirc tinh diém dé thu duge diém chat lugng.

B6 di cdc hang sb6 khéng anh hudng, ta ¢ ham muc tiéu rit gon:

D=7 gifilw) + ShifP )] + Q(h). (3)

=1

Tinh toan theo 14. Ky hiéu I; = {i | ¢(x;) = j} 1 t4p cdc mau rai vao 14 j. Khi khai trién Q(f), ta
dugc:

T
LO=N"1D g wj+ 3 [ D hi+A|wl| +9T. (4

j=1 icl; icl;

~—

V6i mot cau tric cay g(r) cb dinh, nghiém t6i wu cho trong s6 14 5 1a:

Wt — Zielj 9i (5)
! Dier, i+ A

Khi thay ngugc lai, gi tri t6i tu ctia hAm muc tiéu la:

2

T
9:)
LO(g) =1 Ll T. 6
; Sy bt A +7 (6)

Cong thiic (6) duge ding nhu mét ham chdm diém (scoring function) dé danh gid chit luong
cau tric cdy ¢. N6 tuong tu nhu thue do do thuan khiét (impurity) trong cdy quyét dinh, nhung téng
quat hon cho nhiéu ham mat mat.
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Tim diém tach (Split finding). Trong thuc té, khong thé liét ké tat ca cdc ciu tric cay. Do d6, ta
dung thuit todn tham lam: bat dau tit mot 14 duy nhat va 1an lugt thém nhanh dé tach l4.

Gia st sau khi téch, ta ¢6 hai nit con véi tap mau I, va Iy, trong khi tap cha la I = I, U Ix. Khi
dé, do gidm mat mat do tach duge tinh bang:

1 (ZieIL g¢)2 n (ZieIR gi)2 (Ziel gi)2

Lot = L - -
split = 3 Sier, it A e it A e hi+ A

Cong thitc (7) thuong dugc st dung trong thuc té dé danh gid va chon diém téch t6t nhat.

5. (7)

Giai thich cic thanh phan trong Gradient Tree Boosting

Mot trong nhitng cai tién quan trong ctia XGBoost so véi boosting truyén théng 1a viée sit dung dao
ham béc hai va ham diéu chuan Q(f).

Vi sao diing dao ham béc hai? Trong boosting truyén thong, cAp nhat thudng chi dua vao gradient
bac nhit g;. XGBoost b sung thém Hessian h; (dao ham bac hai), cho phép udc lugng dé cong ciia
ham mat mat. Diéu nay tuong tu nhu phuong phap Newton-Raphson trong tdi wu: vita xét huéng, vira
xét d6 doc, nén cadp nhat nhanh hon va chinh x4c hon.

Vi sao c6 coéng thitc trong s 14 w;? V6 mot cAu tric cay c6 dinh, gid tri du dodn tai 14 j duge
tim bang cach cuc tiéu héa muc tiéu rat gon:

ﬁ(t)zz (Zgi>wj+%(2hi+)\>w]2 +~T.
7j=1 iEIj ’ielj
Day 1& mot ham bac hai theo w;. Lay dao ham va cho bang 0, ta cé nghiém:

. Zielj gi
J ZiEIj h; + A

Nhu vy, mdi 14 khong chi don thuan liy trung binh nhan, ma gi4 tri du dodn dudc tinh todn tdi wu
nho gradient va Hessian.

¥

Vi sao Q(f) chi con 4#T'? Ham phat ban dau:
Qf) =T + 3Al|lw]*.
Khi thay w} vao, phan %)\HwH2 da duge gop vao cong thite (6) trong mau s6 > h; + X. Do dé, sau khi
it gon, Q(f) chi con lai thanh phan yT, déng vai trd nhu mét chi phi ¢6 dinh cho méi 14.
Lién hé véi thyce nghiém. Trong vi du du dodn diém thi tw s6 gic hoc, ta quan sét:

o« Khong regularization (7 = 0, A\ = 0): cAy tao nhiéu 14, trong s6 cuc tri, huan luyén sat nhung test
kém = overfitting.

« C6 regularization (7 = 1, A = 5): s6 14 it hon, trong s6 nhd va mugt, sai sb test gidm, tong quat
t6t hon.
Nhu véy, viéc ding dao ham bac hai, cong thic w}, va Q(f) chinh 1a co ché gitip XGBoost manh
mé hon so v6i boosting truyén thong.
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(A) Khong regularization: v =0, A =0 (B) C6 regularization: v >0, A >0

(9)
@=12D ()

[wg :—1—1.(@13 = —1.9]

[ui4:+10.(w5 i_gll] ) i wi = 2% = 1t 14, w mugt, téng
Pic trung: Nhieu 14 (T 16n), w; 16n = S hi+ A
overfit. quat tot.

Hinh 7: Regularization kiém soét s6 14 (yT') va bién do trong sb (A|jw||?).

2.3 Shrinkage va Column Subsampling trong XGBoost

Bén canh ham muc tiéu diéu chuan da trinh bay trong Muc 2.1, hai ky thuét bé sung dude st dung dé
ngan ngua overfitting.

2.3.1 Shrinkage (1) trong coéng thirc

K7 thuat tht nhat 1a shrinkage, dugce giéi thiéu béi Friedman. Shrinkage thuc hién viéc nhan céc trong
s6 méi thém vao sau mdi budc boosting ciia cdy vdi mot hé sé6 . Tuong tu nhu learning rate trong toi
uu ngau nhién, shrinkage gitp gidm anh hudng ctia timg ciy riéng 1é va dé danh “khong gian” cho céc
cy tiép theo cai thién mo hinh.

Shrinkage khong xuat hién truc tiép trong ham muc tiéu, ma nam & budc cip nhat mé hinh
sau khi da hudn luyén xong cdy thit ¢:

§(z) = 9" V(@) + nfil).

0 day fi(x) 1a cay mdi, dudc t6i wu theo muc tiéu xap xi bac hai:

£0 = 37 {gift(xi)—i—%hiff(xi) + Q(fy).

7

Sau khi tim cau triic ciy va trong sb 14 tbi uu w; (Cong thitc (5) trong bai gbc), ta nhan thém 7 trude
khi cong vao du doén tich luy. Vai trd ctia n tuong tu learning rate: moi cay chi déng gép mot bude
nhé, chia khong gian cho cac cly sau, nhé d6 gidm overfitting.

2.3.2 Column Subsampling trong cong thiic

K7 thuat thit hai 1a iy mau cot (feature subsampling). Ky thuat nay von duge st dung trong RandomForest,
va ciing da duge trién khai trong phan mém thuong mai TreeNet cho gradient boosting, nhung chua c¢é
mit trong cdc géi ma nguon md. Viée lay mau theo cot con gitip ngin ngita overfitting hiéu qua hon ca
viéc iy mau theo hang (row subsampling, von ciing dudc hd trg). Ngoai ra, viéc iy mau cot con gitip
tang téc do tinh toan cho thuit todn song song dudc mo ta & cac phan sau.

Column subsampling tac dong vao b6 dac trung duge xét khi tim split. Trong gid ma tim split
(Algorithm 1/2), vong

for k=1tom

10
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dugce thay béi
for ke Sy C {1,...,m},

v6i S; 14 tAdp con dic trung dugc chon ngau nhién cho mdi ciy (bytree) hodc cho ting node
(bynode). Céc cong thitc chAm diém split (vi du do gidm loss, Eq. (7)) khong doi; chi 13 ta chi xét trén
cdc cot da duoc lay mau. He qua: cdy 6 moi vong “nhin” cdc chiéu khic nhau, gidm tuong quan giita
ciy, da dang hoé ensemble, gidm overfitting va ting toc (it cot can quét).
Trinh ty mot vong ldp boosting (t6m tit)

1. Tinh g;, h; tit loss tai §0¢—1),

2. (Tuy ciu hinh) LAy mau c6t tao S; va/hodc ldy mau hang.

3. Tim cdy f; bang cach t6i da hoa gidm loss (Eq. (7)) chi trén cac cét trong S;.

4. Véi cau tric cay da cé, tinh trong sb 14 t6i vu

w* _ Z’ielj Gi

’ Zielj hi+ A

ot

. Shrinkage: cip nhat g)(t) = z](tfl) + nfi(z).

6. Lap lai cho dén khi di sb vong hodc dat tiéu chi ding.

2.3.3 Code thyc nghiém Shrinkage va Column Sampling

Bbi canh. Ta xét bai todn hoi quy du dodn diém thi tit cdc dic trung nhu: sb6 gi¢ hoc, s6 lan lam
bai tap, diém ky trude, v.v. Muc tiéu 14 minh hoa tac dong ciia (i) shrinkage (hé s6 hoc/learning rate
n) va (ii) column subsampling (14y mau ngau nhién t4p con dic trung) t6i hién tugng overfitting va
kha ning téng quéat hoa.

Ky vong.

« Shrinkage:  nho hon = méi cAy déng gép nhé hon, mo6 hinh hoc dan dan, it overfit hon, thudng
RMSE_test giam so véi n 16n.

« Column subsampling: cic tham s6 nhu colsample_bytree, colsample_bynode, subsample
< 1.0 gitp tang da dang cdy, gidm tuong quan gitta cdy, tit d6 gidm overfitting va tang tdc tinh
toan.

Thiét 1ap thyc nghiém. Ta so sénh ba ciu hinh:

1. No_Reg (tham chiéu x4u): = 0.3, colsample_bytree = 1.0, subsample = 1.0, max_depth
16n hon (dé overfit).

2. Shrinkage: giam 7 (0.08), giit nguyén sé vong lip dé xem tdc dong hoc chdm hon = thuong
RMSE_test t6t hon.

3. Shrinkage 4+ Column Subsampling: nhu (2) nhung thém colsample_bytree < 1.0, subsample
< 1.0.

11
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import numpy as np

from sklearn.model_selection import train_test_split

from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score
import xgboost as xgb

import matplotlib.pyplot as plt

# ====== 1) Generate data: "hours -> exam score" + noise and extra features ======
rng = np.random.RandomState (42)

n = 400

hours = rng.uniform(0.5, 9.5, size=n) # strong feature

homework = rng.randint(0, 12, size=n) # number of assignments

last_score = rng.normal(70, 8, size=n) # previous exam score

sleep = rng.normal(7, 1.2, size=n) # hours slept

social = rng.uniform(0, 3, size=n) # social media hours

X = np.vstack([hours, homework, last_score, sleep, sociall).T

# Label generation: mainly from hours + last_score + small effects + noise
y = (48 + 5.2xhours + 0.4*last_score

+ 0.8%*np.tanh((hours-6)/1.2)

- 0.6*social + 0.3*homework

+ rng.normal (0, 3.5, size=n))

X_train, X_test, y_train, y_test = train_test_split(
X, y, test_size=0.28, random_state=0

def evaluate (model, name):
yhat_tr = model.predict(xgb.DMatrix(X_train))
yhat_te = model.predict (xgb.DMatrix(X_test))

metrics = {
"model": name,
"RMSE_train": float(np.sqrt(mean_squared_error(y_train, yhat_tr))),
"RMSE_test": float(np.sqrt(mean_squared_error(y_test, yhat_te))),
"MAE_train": float(mean_absolute_error(y_train, yhat_tr)),
"MAE_test": float (mean_absolute_error(y_test, yhat_te)),
"R2_train": float (r2_score(y_train, yhat_tr)),
"R2_test": float(r2_score(y_test, yhat_te)),
}
return metrics
# ====== 2) Common params ======
params_base = dict(

objective="reg:squarederror",
tree_method="hist",
random_state=0

)

# ====== 3) Three baseline configs ======

# 3a) No_Reg (likely to overfit): larger eta, deeper trees, no subsampling
params_no_reg = dict(params_base)

params_no_reg.update(
dict(eta=0.30, max_depth=6, min_child_weight=1,
colsample_bytree=1.0, colsample_bynode=1.0, subsample=1.0,
reg_lambda=0.0, reg_alpha=0.0, gamma=0.0)
)
model_no_reg = xgb.train(
params=params_no_reg,
dtrain=xgb.DMatrix (X_train, label=y_train),

12
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# 3b) Shrinkage:
5 params_shrink = dict(params_base)

num_boost_round=500

params_shrink.update(

)

model_shrink = xgb.train(
params=params_shrink,
dtrain=xgb.DMatrix (X_train, label=y_train),
num_boost_round=300

)

# 3c) Shrinkage + Column Subsampling:
params_shrink_col = dict(params_base)

dict (eta=0.08, max_depth=3
colsample_bytree=1.0,

params_shrink_col.update(

3 )

model_shrink_col = xgb.train(
params=params_shrink_col,
dtrain=xgb.DMatrix (X_train, label=y_train),
num_boost_round=300
)
# ====== 4) Evaluate the 3 baseline configs
for name, model in [
("No_Reg", model_no_reg),
("Shrinkage", model_shrink),
("Shrinkage+ColSub", model_shrink_col)
13
print (evaluate (model, name))
# =

dict (eta=0.08, max_depth=3
colsample_bytree=0.75

# 5a) Sweep eta (shrinkage)

, min_child_weight=5,
colsample_bynode=1.0,
reg_lambda=5.0, reg_alpha=0.0, gamma=1.0)

, min_child_weight=5,
, colsample_bynode=0.8,
reg_lambda=5.0, reg_alpha=0.0, gamma=1.0)

etas = [0.03, 0.06, 0.08, 0.1, 0.2
rmse_eta = []
for eta in etas:

params = dict(params_shrink)

plt
plt
plt
plt

params ["eta"] = eta

# simple rule: smaller eta -> more boosting rounds
num_boost_round = 450 if eta <= 0.06 else 320 if eta <= 0.1 else 220

model = xgb.train(
params=params,

dtrain=xgb.DMatrix(X_train, label=y_train),
num_boost_round=num_boost_round

)

smaller eta and depth,

>

# regularized base

mild regularization

===== 5) EXTRA: sweep shrinkage (eta) and colsample_bytree + plots

yhat = model.predict(xgb.DMatrix(X_test))

rmse_eta.append(float(np.sqrt (mean_squared_error(y_test, yhat))))

.figure ()
.plot(etas, rmse_eta, marke

r="o

n)

.xlabel("eta (shrinkage / learning rate)")

.ylabel("Test RMSE")
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plt
plt
plt

.title("Effect of Shrinkage (eta) on Test RMSE")
.grid(True, linestyle="--", linewidth=0.5)
.show ()

# 5b) Sweep colsample_bytree (fix eta)
col_fracs = [0.4, 0.6, 0.75, 0.9, 1.0]
rmse_col = []

for ¢ in col_fracs:

params = dict(params_shrink) # same shrinkage config
params ["colsample_bytree"] = c
params ["subsample"] = 0.9 # mild row subsampling

model = xgb.train(
params=params,
dtrain=xgb.DMatrix (X_train, label=y_train),
num_boost_round=300

)

yhat = model.predict(xgb.DMatrix(X_test))

rmse_col.append(float (np.sqrt(mean_squared_error(y_test, yhat))))

plt.figure()

plt.plot(col_fracs, rmse_col, marker="o")
plt.xlabel("colsample_bytree (feature fraction per tree)")
plt.ylabel("Test RMSE")

plt.title("Effect of Column Subsampling on Test RMSE (fixed eta)")
plt.grid(True, linestyle="--", linewidth=0.5)

plt.show ()

print ("RMSE vs eta:", list(zip(etas, rmse_eta)))

print ("RMSE vs colsample_bytree:", list(zip(col_fracs, rmse_col)))

Két qua thuc té. Doc két qua thuc nghi¢m:

o Shrinkage (eta): dudng cong khéng don diéu;  16n (~ 0.30) cho RMSE cao nhit = dé

overfit/dao dong. Ving t6t nam quanh n € [0.03, 0.10]; trong lan chay nay gid tri t6i wu gan

n =~ 0.03 (RMSE =~ 4.27) va n >~ 0.08 ciing t6t (RMSE = 4.32).

Column subsampling: t6t nhat khi colsample_bytree € [0.6, 0.7] (RMSE ~ 4.28). Chon 1.0
(dung tat ci cot) kém hon chit (RMSE ~ 4.32); qua thap nhu 0.4 lam thiéu tin hiéu (RMSE

~ 4.42).

14
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Anh hudng cla Shrinkage (eta) 1én Test RMSE

Anh hudng clia Column Subsampling 1én Test RMSE (eta cé dinh)
4.55 4.42 1
.40 1
450 -
4.38 1
4.45
w
2 Y 4.36
o =
1 4.40 b
& g a3s
4.35 4.32
4304 430
4.28 -
0.05 0.10 015 0.20 0.25 030 04 05 0.6 0.7 08 0.9 10
eta (shrinkage / learning rate) colsample_bytree (ti 1& cot sir dung méi cay)
(a) Anh huéng cia Shrinkage 1én Test RMSE (b) Anh huéng ctia Column Subsampling 1én Test
RMSE

Hinh 8: So sdnh anh hudng ctia Shrinkage va Column Subsampling 1én Test RMSE.
2.4 Tim DPiém Chia (Split) trong XGBoost: Tir Tryc Gidc P&i Thudng dén Thuat
Toan

Trong XGBoost, mbi ntit ciy can chon mot vach cdt (split) sao cho chit lugng du doan ting nhieu nhat.
Hai tinh huéng thuec té khién bai todn tht vi (va khé) hon:

1. Ditliéu can dugc uwu tién khac nhau theo trong s6 (Hessian) = ding Weighted Quantile Sketch
dé chon wvdi vach cit théng minh.

2. Dit liéu bi thua/thiéu gid tri (missing, nhiéu 0, one-hot) = diing Sparsity-aware Split dé vita
nhanh vita xtt I thiéu hop 1.

2.4.1 Phién ban doi thudng
Split 1a gi?
Hinh dung ban c¢é cot dit liéu “gid hoc” va muén du doan “diém thi”. CAy quyét dinh sé dat mot vach
cat (vi du: gio hoc < 5 hay > 5) dé chia dit liéu thanh hai nhém sao cho du dodn t6t nhat. Bai todn
cbt 161 1a: dit vach cit & dau thi ngon nhit?
Céch 1: Thit hét moi chd cit (exact greedy)

o Miy sé thir tit ca vi tri cé thé trén moi cot, chon chd cho diém tbt nhat.

« D& lam nhanh, can sip xé&p cic gid tri theo ting cot roi ra theo thit tu.

« Uu: chinh xac. Nhugc: tén thdi gian va RAM. Hop vé6i dit liéu vira va nho.

Cach 2: Thit theo “danh sich rut gon” (approximate)
Khi dit liéu qua 16n, thit hét sé rat ning. Ta lam gon:
1. Chon sin vai mbc cho mdi cot (theo phdn vi nhu 25%, 50%, 75%).

2. Gop gié tri vio cac 26 (bucket) gifta nhitng méc nay, tinh diém téng hgp.

15
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3. Chi thit cit tai cic mbc da chon, ldy mbc tot nhat.

Uu: nhanh hon, it tén bé nhd. Néu chon dit mbc, dd chinh xac gan nhu thit hét.

Global vs. Local

« Global: chon danh séch mbc mot lan ti dau, ding cho moi ting. It khau chuin bi, nhung thudng
can nhiéu méc vi khong tinh chinh theo timg lan cit.

« Local: cit zong mdi chon lgi méc cho phan dit liéu con lai. Tinh chinh dan, nén can it méc hon;
hop véi cay sau. Ddi lai, phai dé xudt mbc nhiéu lan.
Vi du (truc gidc theo khoang gia tri).

Gia st tai gbc, mot diic trung lién tuc z c6 dai gid tri [0, 10]. Ta chon mttc xap xi diing 3 phan vi (25%,
50%, 75%), tuong tmg cdc moc: {2.5, 5.0, 7.5}.

« Buéc 1 (split tai gdc): thuit toan chon cat tai 2 = 5.0 (mot trong céc moc), sinh ra hai niit
con: Left = [0, 5] va Right = [5, 10].

« Global (toan cuc): & cdc miic sdu hon, bo mbéc van 1a {2.5,5.0,7.5}. Tai ntt [0,5] chi con
{2.5,5.0} hitu ich (7.5 nam ngoai khoang); nhung {2.5,5.0} tuong déi thua so véi dai [0, 5].

« Local (cuc bd): dé zudt lai mbc theo phan vi trén chinh dit liéu ctia ntt [0, 5], vi du {1.25, 2.5, 3.75}.
Céac mbc dugc tinh chinh va phi déu dai nho, gitp tim split tét hon & mitc sau.
Vi du ddi thuong
o Exact = ban can nhic ting milimet trén thuéc dé cit banh chuin nhét.
« Approx = ban ké vdi vach (1/4, 1/2, 3/4) rdi chi thit cit & cac vach d6. Nhanh hon nhiéu, va
thudng van ngon.
Duing ltc nao?
+ Dit liéu nhé, can chinh xéc tbi da: ding exact.
« Dit ligu 16n/khéng vita RAM /phéan tdn/can téc do: dung approx (hist/quantile).

« Cay sau: uu tién local; cAy néng/nhanh: global ciing 6n néu chon di mbc.

2.4.2 Thuit toan tham lam chinh xic (Exact Greedy)

Bai todn then chét 1a tim diém chia t6t nhat nhu Cong thitc (7). Thuit todn ezact greedy sé liét ké
tit ca cac diém chia c6 thé trén mei dic trung, tinh diém va chon tét nhat. Véi dic trung lien
tuc, dé hiéu qua:

o Sip xép dit liéu theo gid tri ting diic trung;
« Duyét theo thit ty dé cong don cic théng ké gradient cho cong thitc cham diém.
D6 gidm mat mat khi chia mot ntt (viét gon G =>_g, H =Y h) la:

IS A S
2|H,+X Hp+X H4+X

['split = -

Thuat todn nay duge hod trg trong cdc thu vién may don nhu scikit-learn, R gbm va XGBoost.
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2.4.3 Thuat toan xip xi (Approximate)

Khi dit liéu khong vita bé nhé hodc trong méi trudng phan tén, exact greedy khong con thuc té. Khung
xap xi thudng gom:

1. Pé xuét diém chia tng vién theo phdin vi (percentile) ctia ting dic trung;
2. Lugng hoa diic trung lién tuc thanh cic bucket béi nhitng mbc nay, gop thong ké (G, H);
3. Chon diém chia t6t nhat trong tdp wng vién.
C6 hai bién thé:
« Global: dé xuat mot lan, ding lai cho moi mtc; can nhiéu moc hon.
e Local: dé zudt lai sau moi split; thudng can it moc hon, phit hgp cay sau.

Nhiéu thuit todn phan tan ciing theo khung nay; c6 thé dung histogram xap xi (G, H) hodc chién luge
binning khac ngoai quantile. Thuc nghiém 16n (vi du Higgs 10M) cho thdy, néu miic xap xi di min
(tham s6 € nhé = s6 x6 ~ 1/¢ dii nhiéu), d6 chinh xic xap xi tiém cin exact.

Vi duy tinh tay: Split x4p xi bing “quantile buckets” (1 vong lip, loss binh phuong
; y

Thiét lap. Xét mot dic trung lién tuc z va nhan y gdm 9 diém (da sip theo x). O vong lip dau tién,
gi sit du dodn ban dau §©) = 0. V4i ham mat mét binh phuong I(y,9) = 3(y — §) ta cé

ol 0%

= | =—y hi = —— = 1.
8@ QZO y’LJ 7 ag2

9i

Bang 2: Dit liéu va dao ham tai §(© = 0.

Chis6i 1 2 3 4 5 6 7 8 9

Tong toan cuc:

Budc 1: Chia “x6” theo phan vi (quantile buckets). Chon 3 x6 theo phan vi 33% va 66%:
x0 1: {x =1,2,3}, x0 2: {x =4,5,6}, x6 3: {x =7,8,9}.

Téng theo x6 (cong gradient va dém sb diém):

Bucket 1: (Gl,Hl)
Bucket 2: (GQ,HQ)
Bucket 3: (G3, Hs3)

(=12,3) (tit —3—4—5)
(=21, 3) (tdt —6—7—8)
(—35,3) (tir —10 — 11 — 14)

17
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Budc 2: Chi thit cit & ranh gidi ©6. V6i A =~ =0, do 1oi khi chia tai mot vi tri 13

. 1/G:  GhL OGP
Gam_Q(H,;—i_HR_H>

Diém “trudc khi cat” (diing cho so sanh):

G?  (-68)% 4624
— = = —— =~ 513.78.
H 9 9

(A) CAt sau x6 1 (giita z = 3 va 2 = 4): trdi ¢6 3 diém, phéi c¢6 6 diém.

G2 G% 3136
Gr=-12, H, =3 = —L£ =48, Gr=G—Gp=-56, Hp =6= —f = " x 522.67.
Hp Hp 6
1
Gaina = <48 +522.67 — 513.78) ~[28.44).
(B) Cit sau x6 2 (gitta z = 6 va x = 7): trai c6 6 diém, phai c6 3 diém.
G? 1089 G2 1225
Gp=—-12+(-21)= -33, H =6 = —£ = ——= = 181.5, Gr=-35, Hp =3 = -8 = 2= ~ 408.33.
Hp, 6 Hp 3

1
Gaing = 5 (181.5 4 408.33 — 513.78) ~[38.03].

Két luan (xAp xi): chon cit giita x = 6 vi 7 vi Gaing > Gainy.
Budc 3 (tuy chon): Trong sb hai 14 sau khi cit. Véi loss binh phuong va A = 0, trong s6 14 t6i
uu w* = —G/H. Do dé:

R

O vong dau (néu n = 1 dé minh hoa), cAy méi du doén 5.5 cho nhém z < 6 va 11.67 cho nhém = > 7.
Néu dung shrinkage 1 < 1, gid tri cong thém s& dudgc nhan véi 1.
Vi sao goi 1a “xap xi”?
« Exact (chinh xéc): thit moi vi trf cit (& day 1a 8 vi tri giita cdc cap lién tiép).
« Approx (xap xi): chi thit vdi ranh gidi 1a ranh x6 (& day chi 2 vi tri).
S6 x0 cang nhiéu = do min cang cao = két qua thudng cang gan exact, nhung chi phi tinh toén ciing

tang.

2.4.4 Phéc thio phan vi cé trong sé6 (Weighted Quantile Sketch)
Truc giac

Thay vi thit moi ngudng cit, ta chi thit & mét s6 vach trén “thuée” gia tri dic trung. Céc vach dudce
dit sao cho moi khodng gitta hai vach mang tong trong sé6 (Hessian) ~ nhau. Nh& vy:

 s6 ngudng thit it hon = nhanh, it RAM,;

o van dai dién tot cdc ving dit liéu quan trong = gan nhu chinh x4c néu sé vach di (d6 min cao).
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Vi du (chi tiét): Weighted Quantile Sketch va chon split trén ranh giéi “x6”

Budc 1: Xac dinh cac vach (quantile cé trong s6). Gid sit mot dic trung = (da sip ting) va
trong s6 h (Hessian) nhu sau:

Gia tri x 2 3 8 9 12
Trongsdbh 1 2 3 3 3

Tong trong s6 H = Y. h = 12. Ta muén 3 vach tai cdc phdn vi theo trong s6 25%, 50%, 75% = mbc
cong don {3,6,9}. Cong don h theo thit tur x:

Saux=2:1, Saux=3:3(=25%), Sauz=8: 6(=50%), Sauz=9:9(=75%), Sauzx=12:
Véay cac vach tng vién la {3, 8, 9}. Tu d9, ta lugng hod = thanh céc khodng (x0):

(—o0,3], (3,8], (8,9], (9,+00).

Budc 2: Gop thdéng ké theo “x6” dé chim diém split. Dé minh hoa, gii sit tai mot vong boosting,
ta c6 gradient ¢ (tinh tit loss) cho timg diém

g(z=2) = =2, g(3) = -1, g(8) = +1, g(9) = +2, g(12) = +3.

Khi can chdm diém split & ranh gidi gitia cdc w6, ta chi can > g va S_h & vé trdi (L) va vé phdi (R)
clia ranh gigi d6. Ddt A = v = 0 cho gon (c6 thé thém lai sau):

1/G2 G% @2
3 _— —_— —_— e — — H_ .
Gain 2<H[ Hg H> G=20 2

2 G? 9

a =—-2—-14+1+2 = H =12 == =0.75.
O day G 114+2+3=3, - — =15 =075
(A) CA&t sau x6 1: ranh (—o0, 3] | (3,8] U (8,9] U (9, +00).

GrL=(-2)+(-1)=-3, H,=14+2=3; Gr=3—(-3)=6, Hp=12—-3=09,

1/(-3)2 62 1
GainA:2<( 3) +9—0.75>=2(3+4—0.75): 3.125|.

(B) Cit sau x6 2: ranh (—o0,8] | (8,9] U (9, +00).

Gr=-24(-1)+(+1)=-2, HL=1+4+24+3=6; Gr=3—(-2)=5, Hp=12—6=06.

1/(-2)? 2 1
Gaing = 3 <(6) + % — 0.75> =3 (0.6667 + 4.1667 — 0.75) = |2.0417 |.

(C) Cét sau x6 3: ranh (—00,9] | (9, +00).

Gr=—-24+(-1)+(+1)+(+2)=0, H,=142+4+3+3=9; Gr=3-0=3, Hp=12-9=3.

1/0* 32 1
Két luan: Gainy > Gaing > Gaine nén chon cit tai 3 (ranh gidi sau x6 1). Diém mau chét: ta khong

can thit moi ngudng, chi thit & ranh gidi v6 do quantile c6 trong s sinh ra; van cham diém bang (G, H)
nhu thuong.
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Ghi cht thém.

e Néu ding A > 0 (L2) va v > 0 (phat tach), thay H — H + X trong cdc phan s6 va trit thém
vao Gain.

e VGi exact greedy, ban sé thit moi ngudng gitta cac gia tri x; v6i approx, ban chi thit cac ranh gidi

x6 (it hon rat nhiéu). Khi s6 x6 di min, két qua thudng tiém cin exact.

Ghi chi. Néu tat ca h; = 1 (khéng trong s6), phan vi sé theo s6 diém; khi c6 trong sb, vi tri vach
dich chuyén vé ndi c6 tong h 16n hon (ving “quan trong”).

2.4.5 Sparsity-aware Split: xt ly d@ liéu thua/missing thong minh

Truc giac

o Thiéu gid tri 6 mot diic trung khong bi bd qua; tai mdi split, ta hoc huéng mic dinh cho
missing (ré trai hay ré phai) bang cdch chon phuong an cho dé lgi (gain) cao hon.

« Khi tinh to4n, ta chi duyét cic ban ghi khong thiéu & cot d6 = thdi gian ti 1& v6i s6 phan ti
khong thiéu. Rt nhanh khi di ligu thua (nhiéu 0, one-hot).
Vi du tinh tay

Xét mot cot x ¢6 8 mau (da sort theo x; “?” 1a missing). Duing loss binh phuong, dit h; = 1 cho dé tinh.
Gié st gradient g; 6 vong hién tai la:

Chisbi 1 2 3 4 ) 6 7 8

@ ? 2 3 ? 6 8 ? 10
gi —2 -2 -1 -2 +1 +2 -1 +3

Phan khéng thiéu trén cot x: {2,3,6,8,10}. Phan thidu c6 3 diém: gpiss = —2 + (—2) + (—1) = —5.
Tong toan cuc: G =Y g; = —2, H = 8.
Gia st thit ngudng gitta 3 va 6.

e Chi trén dir liéu khéng thiéu:

Trdi (<3): GL=-2+4(-1)=-3, H, =2 Phai(>6): Gr=+1+2+3=6, Hp =3.
» Kich ban A (missing—phai): thém (G, H) = (—5,3) vao phdi = Gr =1, Hr =6.
« Kich ban B (missing—trai): thém (G, H) = (—5,3) vao trai = G = -8, Hy = 5.

Dung thuée do split chuan (bé hang s vi so sanh tuong d6i 1a du):

G? G2
Score oc —L 4 —1t.
Hp  Hp
Tinh nhanh:
-3 2 12 -8 2 62
A: ( 2) + 3 = 4.5+ 0.1667 = 4.6667, B: ( 5) + 3 =128 +12 =24.8.

K&t luan: chon missing—trai (kich ban B) vi diém cao hon nhiéu.
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Piém mAu chbt. Ta chi sort & quét 5 phan tit khong thiéu; phan thiéu chi can gdp vao trai hoic
phéi (hai kich ban) dé so sanh. Nhd vay, do phitc tap tinh toan tuyén tinh theo sé phan ti khong thiéu.
Cong thiic gain

0 mot split, do 1gi chuan (), v 1a diéu chuan L2 va phat téch) 1a

1/ &2 G2 G2
< L i >_7_

Gain = = -
M=ol H N T Het N H+a

Trong céc vi du tinh tay trén, ta dit A = v = 0 va tap trung so sanh tuong ddi.

2.4.6 Tém tit toan bd thuit toian tim diém chia trong XGBoost
1) Exact Greedy
Nguyén ly. Liét ké moi ngudng hgp 1& trén moi ddc trung tai moi nit, tinh Gain

1 G2L G% G2
Gain = §<HL+A t o T ') )

chon ngudng cho Gain 16n nhat (tham lam “day da”). Can sdp xép cdt va quét theo thit tu.

Khi nao diung. Dit liéu nhé—vira, vita RAM, méi trudng may don, can dd chinh xéc cao nhat
cho tirng split.

Trong XGBoost. H5 trg & ché do méay don (lua chon lich st). Hién thuc tiém cdn mac dinh 1a
tree_method=hist (nhanh hon & tiét kiém bo nhé); exact cé thé cham/hao RAM véi dit liéu 16n.

2) Approximate Split Finding

Nguyén ly. Khong thit moi ngudng, ma: (i) sinh @ng vién (cut points) theo quantile/histogram, (ii)
ligng hod ddc trung vao céc x6 (bins), (iii) gop théng ké (G, H) theo x6, (iv) chi chdm diém tai ranh
gidi 6. C6 hai bién thé dé xuat ngudng: global (mot lan tit gbc) va local (dé xudt lai sau méi split).
Khi nao dung. Dit liéu 16n, out-of-core hoic phan tan, khi exact khong kha thi. Do min (s6
x6) dii 16n = chat lugng tiém cin exact.
Trong XGBoost. tree_method=hist (CPU) hoic gpu_hist (GPU). Tham s hitu ich: max_bin
(56 x0), gamma, reg_lambda, subsample, colsample_bytree.

3) Weighted Quantile Sketch (WQS)

Nguyén ly. La kj thudt sinh ngudng ting vién dua trén phdn vi cé trong sé (trong sé6 thuong 1a
Hessian h;): tim cdc mbc {s;} sao cho chénh léch hang cd trong sé ri(-) gitta méc lién tiép < e. Hd trg
merge/prune v4i bdo ddm sai s6 — phu hgp phan tan.

Khi nao dung. Khi ban can dit “vach thong minh” phan dnh do quan trong (qua h;), nhat 1a trén
dw liéu 16n/phén tan.

Trong XGBoost. Dugc ding bén trong Approximate/Histogram dé dung cac cut points. Dic¢u chinh
gian tiép qua max_bin (va mot s6 cau hinh sketch ndi bo tuy build).

4) Sparsity-aware Split

Nguyén ly. Dit liéu thua/missing: chi quét phan ti khong thiéu trén cot, va hoc hudng mdc dinh cho
missing (th@ missing— trdi/phdi, chon huéng cho Gain cao hon). D9 phtic tap tuyén tinh theo #phan
t khong thiéu.

Khi ndo dung. Dit liéu nhiéu gia tri thiéu, one-hot, cao chiéu (CTR, text, tabular 16n).
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Trong XGBoost. Truyén missing (mic dinh NaN) vao DMatrix; XGBoost tit hoc huwéng mic dinh
tai timg split. Khong can dién gié tri thiéu thi cong.

2.4.7 Vidu:
Bai toan va cong thitc chdm diém split
Xét mot niat véi tap chi s6 1. Ky hiéu thong ké dao ham bac nhat/bac hai theo loss tai vong hién tai:
G=2 9 H=) h
icl iel
Néu tach thanh nhanh tl‘éi/phéi co téng (GL, HL) va, (GR,HR> (V@i G=GL+Ggr, H=Hj —I-HR), do
lgi cta split 1a

L a2 2 @ )=n

Gain = = -
M=o\ H, 2 T Hp+ A H+

Trong cac vi du tinh tay bén duéi, trit khi néi ro, ta dat A =~ = 0 cho gon.

Dit ligu dung chung (1 dic trung, vong dau, khong thiéu)

Diing loss binh phuong, tai vong dau (gia st (0 = 0) ¢6 g; = —s, hi = 1.

i 1 2 3 4 ) 6 7
zi 1 2 3 6 8 9 12
Yi 2 2 1 -1 -2 -2 -3
gi = —Y; -2 -2 —1 +1 +2 +2 +3
h; 1 1 1 1 1 1 1
- G? 9
Taigoc: G=>¢9; =3, H=> h; =T, T~ 1.2857.

(1) Exact Greedy: thit moi ngudng

Céc ngudng gitta cac gia tri khac nhau: t € {1.5, 2.5, 4.5, 7, 8.5, 10.5}. Tinh G, Hy,Gr, Hg 16i thay
vao cong thitc Gain (v6i A = v = 0), cho két qua:

Nguong t (Gr,Hr) (Gr,Hg) Gain

1.5 (—2,1) (5,6) 33+ % — 2) =3.4405

2.5 (—4,2) (7,5) (¥ + §9 — 2) = 8.2571
4.5 (—5,3) (8,4) %(% + 8 — 2) =11.5238
7.0 (—4,4) (7,3) %(gﬁ + 4—%9 —9) =9.5238
8.5 (—2,5) (5,2) 3(s+% —2) =6.0071

10.5 (0,6) (3,1) 5(0+5—2)=38571

Két luan (Exact): chon ¢ = (gita x = 3 va x = 6).

Anh huéng cia didu chudn \,~v tai t =4.5 Liy A=1, v = 0.5:
25 n 64 B 9
341 441 7+1
Nhan zét: X phat bién do (vao mau s6), v phat hanh vi tach (trit trye tiép). Néu Gain< 0, niit khong

dugce tach.

1
Gain = 5( ) — 0.5 = 3(6.25+ 12.8 — 1.125) — 0.5 = 8.4625.
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(2) Sparsity-aware: cé thiéu gia tri (hoc huéng mic dinh cho missing)
Gia stt 1 bi thiéu (NaN). 0 ngudng ¢t = 4.5, ta chi quét phan khong thiéu:
Tréi (<3): (Gp,Hr) =(-3,2), Phai(>3): (Ggr,Hg) = (8,4), (Gmiss) Hmiss) = (—2,1).
Tht hai kich ban va chon huéng cho Gain 16n hon:
missing — tréi : (G, H}) = (=5,3), (G, Hy) = (8,4)
= Gain = §(¥ + % - §) = 11.5238,
missing — phai: (G, Hy) = (-3,2), (G, Hg) = (6,5)
= Gain = §(§ +% - 2) = 5.2071.

Chon: missing—trai. Trong cdy, huéng mac dinh nay duge luu tai node (“missing = left”).

(3) Approximate (hist/quantile): chi thit 6 ranh giéi “x6”
Gia sit lu6i tho c6 ranh gidi tai 3 va 9 = chi xét ¢t € {3,9} (x 1y missing nhu trén néu co).
t=3: (Gr,Hp)=(-4,2), (Gr,Hr)=(7,5)
= Gain = L(16 4 99 _ %) — 8.2571.
t=9: (Gr,Hp)=1(0,6), (Ggr,Hr)=(3,1)
= Gain = 3(0+ % - 2) = 3.8571

Két luan (Approx/lugi thé): chon t = |3 | (kém hon Exact do ludi khoéng dit min). Tang s6 “x6” =
ngudng tiém can 4.5.

(4) Weighted Quantile Sketch (WQS): vi sao “wu tién” vung z > 87

WQS dit vach theo phdn vi ¢é trong sé h; = wgsample)

c6 thiéu (1 missing) nén tap khong-thiéu 1a {2,3,6,8,9,12}. Dat trong s6 madu:

- hi. Pé minh hoa 16 rang, xét luén tinh huéng

3, x;>8 - . 3
wi:{’ T=% o h=1{1,1,1,3,3,3), téng Yy h=12.

Tich luy theo x cho ta cdc mbc 25%,50%, 75% lan lugt rai tai x = {6,8,9} (so véi khong trong sb 1a
{3,6,9}), titc cdc vach bi kéo vé phia dudi phdi (ving duge uwu tién).
Gid chi thit tach & cac vach WQS {6,8,9}. Véi tong c6 trong s6 trén toan nit:

N . G?> 289
G=) higi=17, H=)Y h;=13, =3 222308,

Tai t = 6 (missing—tréi 1a t6t hon trong cdu hinh nay):

(Gp,Hy) = (—4,4), (Gp.Hp)=(21,9) = Gain= 5(% +u_ %) ~[15.385 |

Céc ngudong 8 hodc 9 cho Gain thap hon 6 trong cau hinh trong sé nay.

Két luan (WQS+Approx): do vach ing vién 1a {6,8,9} (khong cé 3), thuat todn chon t = @ So
v6i Approx-uniform (3) hay Exact (4.5), ngudng thay doi vi lu6i ting vién bj chi phdi bdi trong so.
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3 Ping sau hoat ddng mé hinh XGBoost
Xét mo hinh 1a téng K cay:

K
ji=dxi) = fulm:),  fueF.
k=1

Moi cdy f 1 ban do 14: f(z) = wyq voi ¢ : R™ = {1,..., T} va w = (wi,...,wr). Him muc tiéu c6
diéu chuan
n K A T
_ N _ 2
£(9) = 2; (@G y) + ; Afi), AN =T+5 Zl wf, (1)
1= = 1=

Vi £ 167 theo § (vi thé h; > 0 & dudi).

Tai vong t, ta thém cay f; vao du doan hién co g)(t_l).

3.1 XA&p xi bac hai va quy vé bai toian binh phuong c6 trong sb
Dt

gi = 0yL(, yi)\g:glgt—l), hi = 03(, yz)\g:ggt—n (>0).
(t=1)

Khai trién Taylor bic hai quanh g va bo hing s6 (khong phu thude f;):

n
LOf) = 3 [gs fuw) + 3 b fuw)?] + Q(f0). (2)
i=1
[Dién giai WLS] Viét lai Y-, 2hi(fi(z;) — %)2 + Q(f;) (cong/ trit hang sd), suy ra bdi todn tai vong
t chinh 13 hoi quy binh phuong cé trong s6 vdi “nhan” g;/h; va trong s6 h;.
3.2 Phan ra theo 14 va nghiém t6i vu w,

Ky hi¢u Ij = {Z : Q(xl) = ]}a Gj = Eielj Gi, Hj = Zielj hi. Vi ft(l') = Wgq(x)»

T T
20 =3 (Gpuy + bHu?) + 33wl 4 4T 3)
j=1 j=1
T
:Z<ijj+%(Hj+)\)w]2) + ~T. (4)
j=1

[Bai todn 161 tach theo 1a] £ 14 téng ctia T ham béc hai 16i (vi H; + X > 0), do d6 t6i uu ting w;
déc lap.
[Nghiém t6i uu tai 14] Cho cdu tric cdy ¢ ¢ dinh, nghiém t6i wu 1a

(duy nhat vi H; + A > 0 khi A > 0 hodc H; > 0).

Chiing minh. Lay dao ham theo w;: Gj+ (Hj+A\)w; = 0 = wj:_Gj/(HjJ”\). Dao ham béc hai: H;+\ > 0
= nghiém duy nhét téi tiéu toan cuc. O
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[Diém cAu tric ciia cdy] Thé w vao L®) duge

T
H]+>\ L
7j=1

l\D\P—‘

G2
Chiing minh. V6i ting 14: min,; Gjw; + %(Hj + )\)w]z = —% ﬁ Cong theo j va thém ~T. O

[D0 1gi (gain) ctia mot split] Gia st mot nit c6 tong (G, H) tach thanh trai/ phdi (G, Hy), (Ggr, Hr).
Do gidm muc tiéu (improvement) khi tach 1a

1< G2 G2, G2 )_7

Gain — = _
M=o\ H, 2 T Hap+ A H+A

+ 7. Sau tach
O

Chitng minh. Déng gbp ctia nit cha trude khi tdch (theo Equation 3.2 véi T=1): % Y
) -

2
thanh hai 14: _iHGi,\ %HG 5 +27. Do gidm muc tiéu 1a (cha) trir (con) = 3(--

4 Vi du tinh tay 1: Regression (MSE)

Dit liéu (1 chiéu, vong dau)

i 1 2 3 4 5 6 7T
x; 1 2 3 6 8 9 12
yi 2 2 1 -1 -2 -2 -3
gi=—yi -2 -2 —1 +1 +2 +2 +3
h; 1 1 1 1 1 1 1

Tai gbc: G=>.9; =3, H=>_h; =1.

Budc 1: duyét moi ngudng (Exact Greedy)
Céc nglrfjng gitta cdc gia tri x: t € {1.5,2.5,4.5,7,8.5,10.5}. Tinh (Gr,Hr), (Gr,HR) v4 Gain =

1 G @2
2 Hy ~ H )

t (Gr,Hy) | (Gr, Hg) Gain

15 | (=2,1) | (56) | t(3+ % — 9) = 3.4405

25 | (—4,2) (7.5) | 5(%+ §9 — 2) =8.2571

45 | (-5,3) 8,4) |3(B+ % —2) =11.5238 (5)
70 | (—4,4) (7.3) | 5(F+ §9 —2) =9.5238

85 | (—2,5) (5,2) | 3(3+ Zg —9) =6.0071

105 |  (0,6) (3,1) 5 (0+3—2)=385T1

Chon split gbc: t = .

25



Al VIETNAM aivietnam.edu.vn

Budc 2: tinh w! cho hai la (lAy A = 0)

Phai (> 4.5): (G, Hi) = (8,4) = wh — —Z S (1)

Cép nhat dy doan: gV = 9O + i (z). Néu n = 1: diém s6 14 1a {3, —2}.

(Tuy chon) Buéc 3: split thém mbi nhanh (d6 sau 2)

Nhdnh trdi (x < 4.5): chi ¢6 {1,2,3}. Thit t = 1.5,2.5, tinh Gain so véi tong ciia nit trai (G, H) =
(—5,3):

t=15: (Gr,Hy)=(-2,1), (Gr,Hg)=(-3,2) (8)
1/4 9 25
= Gain = 5 (1 +3- 3) = 0.0833 9)
t=25: (Gp,Hp)=(-4,2), (Ggr,Hgr)=(-1,1) (10)
. 1/16 1 25\
:>Ga1n—2<2—|—1—3>—0.3333 (11)

Nhdnh phdi (x > 4.5): {4,5,6,7}. Thit t = 7,8.5,10.5 va tinh tuong tu (ngudng t6t nhat: t = 7).

Anh huéng diéu chuan. Néu A > 0, thay Hy — He + \ = |w*| nhé hon; néu v > 0, Gain bi trit
— split yéu c6 thé bi loai.

5 Vi du tinh tay 2: Classification (logistic)

Dit liéu (1 chiéu, vong dau)

i 1 2 3 4 5 6
z; 1 2 3 6 8 10
Yi 0 0 1 1 1 0
S 0 0 0 0 0 0
pi = o(y©) 05 05 05 05 05 05

gi=pi—y 405 405 —05 —05 —05 +0.5
hi=pi(1—p;) 025 025 025 025 025 025

Tai gbc: G=59;,=0, H=> h; =6 x 0.25 = 1.5.

Budc 1: duyét moi ngudng (Exact Greedy)

Ngung t € {1.5,2.5,4.5,7,9}. Gain = 1 (fl—% + G - &) (e y G =0).
t (Gr,Hi) | (Gr,Hg) Gain
1.5 | (+0.5,0.25) | (=0.5,1.25) | 3 (% +2Z —0) =0.6
25| (+1.0,05) | (-1.0,1.0) | 3 (g +1-0)=15 (12)
4.5 | (+0.5,0.75) | (—0.5,0.75) | 3 (322 + 52) = 0.3333
70| (0.0,1.0) | (0.0,0.5) 0
9.0 | (—0.5,1.25) | (+0.5,0.25) 0.6
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Chon split gbc: t = .

Budc 2: tinh w! (lay A = 0)

1.0
Trai (<2.5): (Gr,Hp)=(+1.0,0.5) = w} = 55 = 9
—1.0
Phii (>25): (G Hp) = (~1.0,1.0) = wh = == = +1

Cap nhit logit: g)(l) = Q(O) +nfi(z). Néun = 1:

X -2, z <25,
g () =
+1, x> 2.5,

o(=2)~0.119, z < 2.5,

MW (1) = o (1D (1)) =
p(x) = o(5(x)) {0(1)z0,731, T > 2.5.

(15)

(16)

Céc x4c suat sau cAp nhat phan 4nh ding phan b6 nhan: viing nhé da sé y = 0, viung 16n da s6 y = 1.
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