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Phan I: Ly Thuyét

1 Machine Learning: Review

Machine Learning (ML) la linh vuc nghién cttu gitp may tinh hoc tir dit lieu va tu dong céi thién hiéu
suat ctia minh theo thoi gian. Cac giai thuat ML c6 thé duge phan thanh ba nhém chinh:

e Supervised Learning (Hoc c6 giam sat): Supervised Learning hoat dong trén nguyén tic: c6
Input va biét truée Output. Muc tieu 1a tim mdi lien hé gitta Input va Output dya trén dit lieu
huan luyén. Khi mo6 hinh dwa ra dy doan, ta c6 thé danh gia do chinh x4c va diéu chinh tham sb
dé t6i uu héa két qua.

Vi du:

— Dy doan bénh ung thu tit 4&nh chup X-quang: Dit lieu hudn luyén bao gom hang nghin anh
X-quang c¢6 nhan (bénh hodc khong bénh). Mo hinh hoc cidch nhan dién cdc dau hiéu ung
thu dé du doén chinh xac trén Anh méi.

Gia stt v6i Supervised Learning, ta da c6 ngam dinh ring ton tai "True underlying relationship"gitta
Y (Output) va X (Input). C6 mot sd cach tiép can pho bién:

— Parametric Approach: M6 hinh héa méi quan hé giita Input va Output thanh cac tham
s6 cu thé, biéu dién dusi dang cong thitc toan hoc.

— Eager Learning: Qua trinh hoc dién ra rat 1au nhung khi test thi rat nhanh. Vi du nhu bai
toan dy dodn gia nha, gia vang: "It takes long time learning and less time classifying data".
Giéng nhu viéc danh nhiéu thsi gian dé 6n thi nhung khi thi thi lam bai nhanh chéng.

— Model-based Learning Approach: Tiép can dya trén mo hinh da duge xay dung sin dé
dua ra du doan.

e Unsupervised Learning (Hoc khong giam sat): 0 Unsupervised Learning, ta chi c6 dit liéu
dau vao ma khong c¢6 nhan Output. Muc tiéu chinh 13 phan nhém dit lieu duya trén cac diac diém
chung. Vi du:

— Phan nhém bénh nhan theo triéu ching: Bénh nhan c6 thé c6 nhitng dac diém tuong dong
chua duge nhan biét ré rang. Thuat toan nhu K-Means sé gitip nhém bénh nhan cé trieu
chiing tuong ty ma khong can biét truée ho mac bénh gi.

¢ Reinforcement Learning (Hoc tang cudng): Reinforcement Learning (RL) dugc st dung khi
mo hinh phai dua ra quyét dinh trong moi truong thay ddi. He théng hoc bang cach thit nghiem
(trial & error), nhan thuéng khi hanh dong ding va bi phat khi hanh dong sai. Vi du:

— Diéu khién robot phau thuat: RL gitip robot hoc cach thao tac chinh xac dya trén phan hoi
tit moi trudng thyc té, t6i wu héa chuyén dong dé gidm rii ro trong qua trinh mo.

e Semi-supervised Learning (Hoc ban giam sat): Semi-supervised Learning la sy két hgp gitta
Supervised va Unsupervised Learning. Khi d@ liéu ¢6 nhan qua it nhung di lieu chua nhan lai
nhiéu, ta diing Unsupervised Learning dé nhom dit liéu trudc, sau dé diing mot phan dit lieu c6
nhan dé huén luyén mo6 hinh Supervised Learning. Vi du:

— Chan doan bénh duya trén anh y té: Chi mot phan nhé anh chup MRI dugc béc si gan nhéan,
phan con lai duge mo hinh Unsupervised hoc dé nhom cac dic diém giéng nhau, sau dé tinh
chinh bang dit liéu c6 nhan.
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Al dang céch mang héa linh vigc hinh dnh y té bang cach hd trg chan doan nhanh va chinh x4c hon.
Céc thuat toan ML gitip nhan dién tén thuong, du doan nguy co bénh va hd trg bac si dua ra quyét
dinh.

Mot trong nhitng thuat toan don gian nhung hiéu qua trong chan doan y té 1a K-Nearest Neighbors
(KNN). KNN hoat dong dya trén nguyén tic so sanh diém dit lisu méi v6i cac diem dit lieu da biét
dé tim ra nhan phit hgp nhat. Chéng han, néu mot bénh nhan c¢é hinh 4nh MRI tuong dong véi mot
nhém bénh nhan ung thu truée do6, thuat todn sé gan nhin tuong tu.

KNN la mot dang Lazy Learning, tic 1a khong thyc hién qué trinh hoc trudc ma chi luu trit di
lisu va dua ra quyét dinh khi c6 yeu cau. Diéu nay khién né dé trién khai nhung c6 thé cham khi s6
lugng dit lieu 16n.

O phan tiép theo, chiing ta sé di sau vao KNN Motivation, tai sao KNN lai 13 mot phuong phap
phtt hop vé6i bai toan phan loai trong y té va cach thitc hoat dong ctia né.

2 KNN Motivation

Hién nay, cdc nha nghién cttu dit ra mot gia thuyét nhu sau: Liéu cé gidi phdp nao khong can
phdi train moé hinh trudc, chi can luwu tri dit liéu va khi can s dung, ta chi can truy van
dit lieu va dua ra két qud ngay lap tic?

2.1 Lazy Learning vs. Eager Learning

Ban dau, hau hét cac phuong phap hoc may (Machine Learning) déu ngam dinh rang ¢6 mot moi quan
heé gitta dau vao X va dau ra Y, tit d6 tién hanh huan luyén mo hinh dé tim ra quy luat nay. Tuy nhien,
mot hudng tiép can khac dat ra cau héi: Cé cach nao ma khong can quan tam dén ban chat cia
di@ lieu (linear hay nonlinear)? Thay vao do, ta chi can c6 dit lieu, roi khi ¢6 input méi, ta thiét ké
thuat toan dé truy van va du doan két qua ngay lap tic ma khong mat nhiéu thai gian huén luyen.

Cach tiép can trén dugce goi 1a Lazy Learning.

Dé dé hinh dung, gia sit ta c¢6 mot kho dit lieu gdbm 10.000 biic dnh can phan loai. Céch tiép can
truyen thong sé la:

e Thiét ké thuat toan va huan luyén mo hinh (mat khoang 10 tiéng).

e Sau khi huan luyén xong, viéc dif doan cho mot bitc &nh méi chi mat 30ms.

Cach nay dugc goi 1a Eager Learning: mo hinh sé hoc ky tit trude, mat nhiéu thoi gian train

nhung khi test lai rat nhanh.

Ngudc lai, c6 mot cach tiép can khac: Liéu cé6 phuwong phap nao gitp ta khong can hoc truéce
nhung van cho ra két qua chinh xac? Tic 1a chi can c¢6 dit lieu, khi c6 input méi, ta sé truy van
truc tiép vao dit lieu dé dua ra dy doan. Day chinh 1a ¥ tudng ding sau KNN, con duge goi 1la Lazy
Motivation: khéng can hoc trudc nhung van cé6 thé du doan chinh xac.

2.2 Vi du Minh Hoa: Sinh Vién Thi Cudi K¥

Hay lay mot vi du don gidn vé sinh vién thi cudi ki mon Toan:

e Eager Learning (Hoc nhiéu, thi nhanh):Mot nhém sinh vién cham chi hoc k§ toan bo noi
dung trong sach trude ki thi. Khi vao phong thi, ho khong can tham khéo tai lidu, ctt thé viét bai
nho vao kién thitc da ghi nhé. Day giong nhu cach tiép can truyén thong trong Machine Learning:
ton thoi gian huan luyén nhung khi st dung thi rat nhanh.
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e Lazy Learning (Khéng hoc trudc, tim kiém nhanh trong lic thi):MMot nhém sinh vién
khac lusi hoc nhung dude phép mang sach vao phong thi. Gid st thay gido st dung 10 cudn sach
dé ra dé, nhém nay sé khong hoc trude ma chi tap trung vao ky nang tim kiém nhanh trong tai
licu. Khi gip mot cau hoi, ho tra ngay vao cudn sach nao chita noi dung lien quan va tim dap an.

KNN hoat dong theo cich ctia nhém sinh vién lusi: khong hoc trudc, nhung cé ky nang tim
kiém va d6i chiéu nhanh. Néu sach qua nhiéu va khong biét cach td chictdt, sé khong thé tim duge
dap an kip thoi. Tuong tu, KNN can mot chién luge hieu qua dé tim kiém trong dit lieu mot cach t6i
uu.

2.3 KNN - M6t Phuong Phap Instance-based Learning

KNN thuoc nhom Lazy Learning, nghia la khong can train truéc nhung van cé thé dua ra dy doan
chinh x4c. N6 con dude goi la Instancebased Learning c6 thé duge vi nhu mot sinh vien mang toan
bo tai lieu vao phong thi va tra ctu dé tra 1oi thay vi ghi nhé kién thic trude do.

Cach tiép can nay rat hitu ich trong nhiéu bai toan, dic biét 14 khi mo hinh huan luyén mat qua
nhiéu thoi gian. KNN gitp danh gia nhanh xem dit liéu ¢6 phit hgp véi mot thuat toan Machine Learning
hodc Deep Learning khic hay khong, trude khi quyét dinh lya chon phuong phap phit hop.

2.4 KNN: Cach Hoat Dong

Vi du 1: Gid st ta ¢6 mot tap dit lieu gom hinh 4nh ché vih méo. Khi nhan mot bic d&nh mdi, cau hoi
dit ra la: N6 gibng ché hay méo hon?

e Néu biic 4&nh mdi gidng meéo hon, ta phan loai né 14 meo.

e D& lam diéu nay, ta can mot phép do cu thé, vi du dé tuong déng cosine (cosine similarity)
hoac khoang cach Euclide.

e Gia st &nh mdi c¢6 do tuong dong véi meo 1a 0.6, véi ché 1a 0.2. Vi 0.6 > 0.2, nén anh mdi dugc
phan loai 14 meéo ma khong can train mo hinh truée.

Vi du 2: Gia sii tap dit lieu gom céc loai ong, sau, chudon chuodn, ga, meo. Khi c6 mot anh mdi, ta
mudn biét né thuodc loai ndo. KNN sé do khoang cach tit &nh méi dén cac anh trong tap dit lieu va
tim nhom gan nhat.

e Néu dit tham s6 k = 5, ta tim 5 4nh gan nhat vdi anh dau vao.
e Néu 3 anh trong s6 d6 14 meo, 2 dnh con lai 1a chuon chuon, ta phan loai &nh mdi 14 meo.
e Néu tang k = 7, va ¢6 4 anh chuon chuodn, 3 &nh meo, ta sé phan loai 4&nh mdi 14 chudn chuon.

Nhu vay, d6 chinh xac cia KNN phu thudc rat nhiéu vao gia tri k.

2.5 Két luan

KNN la mot phuong phap Lazy Learning, khong can huan luyén trude ma chi dya vao viéc tim kiém
trong tap dit licu. Phuong phap nay rat hitu ich trong nhitng bai toan ma viéc huan luyén qua tén kém
hodc khi muén danh gia nhanh dit liéu truée khi chon mo hinh Machine Learning phit hgp. Tuy nhién,
hiéu suat cia KNN phu thuoc nhiéu vao cach do khoang cach va gia tri k dugce chon
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3 KNN for Classification

Gia st ching ta c6 mot tap dit lieu gom hai nhém hinh thoi:
e Nhom hinh thoi xanh la
e Nhém hinh thoi xanh duong

'\

* e
** 0
.

* L 4
\ Category B

New Data
point

Category A

Khi xuat hién mét hinh thoi méi, cau hoi dat ra la:
Hinh thoi méi nay thuéc nhém nao?

Gia st dit lieu duge biéu dién trén hé toa do Oxy, mdi hinh thoi trong dataset c6 mot toa do
riéng (c6 thé hinh dung bang cach tric quan héa dit ligu - Visualization). Khi d6, dé phan loai hinh
thoi méi, ta sé so sAnh do tuong dong (similarity) gitta né va cac hinh thoi trong tap dit liéu bing
cach tinh khoang cach Euclidean (cach don gian nhat).

Vi dy, néu chon k = 5, ta sé tim 5 hinh thoi c6 khoang cach Euclidean nhé nhét so véi hinh
thoi méi. Dyra trén s6 lugng cAc nhém hinh thoi trong k hang x6m gan nhat, ta quyét dinh hinh thoi
méi thude vé nhém nao.

Bai toan nay c6 thé duge mo hinh héa thanh cac bude sau:

Bué6c 1: Chon sb lugng hang xé6m k (Select K-Nearest Neighbors)
e Chon mot s6 nguyen duong k (vi du: k = 5).
e k quyét dinh s6 lugng diém gan nhat ma ta sé xét dé phan loai diém dit liu méi.

= Muc tiéu: Xac dinh gia tri k£ phu hgp.

Budc 2: Dinh nghia phuong phap do dé tuong dong (similarity measure)

Dé so sanh do tuong dong giita diém méi va cac diém trong dataset, ta can mot ham do khoang cach.
Cau héi dit ra la:

Lam thé nao dé do do tuong dong gitta hai diém A va B?
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Mot trong nhitng cach phd bién nhéat la st dung khoang cach Euclidean:

d(A,B) =
LY I
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Euclidean Distance between Arand B2 = _ /(X2-X1)2+(Y2-Y1)2

Y nghia:
¢ Khoang cach Euclidean nhé = Hai diém dit liéu tuong dong cao.
e Khoang cich Euclidean 16n = Hai diém dit lieu khéac biét nhiéu.
Ngoai Euclidean distance, c¢6 cac phuong phap khac dé do khoang céch:

e Manhattan Distance: Tinh khoang cich theo tiung truc toa do.

e Chebyshev Distance: Chi quan tam dén khoang cach 16n nhat trén mot chiéu toa do.

e Hamming Distance: Thudng diing cho di liéu roi rac, nhu chudi nhi phan.

Cosine Similarity: Do goc gitta hai vector dé danh gia sy tuong dong.

Minkowski Distance (tong quat nhét):

d(A, B) = (Z A4, — Bz-lp) 5
i=1

— Khi p = 2 = Euclidean distance.
— Khi p =1 = Manhattan distance.

= Muc tiéu: Xac dinh phuong phap do do tuong dong phu hgp.

Buéc 3: Tim k hang x6m gan nhat

Sau khi tinh toan khoang cach giita diém mdi va toan bo tap dit lieu, ta chon k diém cé khoang cach

nhé nhat véi diédm mdi.

Vi duy, néu k = 5, ta chon 5 hinh thoi gan nhat véi hinh thoi méi dira trén khoang cach Euclidean.

= Muc tiéu: X4c dinh nhém hang xém gan nhat.
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Budc 4: Voting dé du doan nhan cta diém méi
e Kiém tra nhan ctia k diém gan nhét.

e Nhom nao xuat hién nhiéu hon sé quyét dinh nhan ciia diém méi.

A
* e
@ L4 r's Category A:3 neighbors|

@ L 4 . Category B:2 neighbors|
Category B
®@®
¢ New Data
MO,

¢ ¢ point
¢
\ 4

Category A

»
(X1
Vi du:
e Trong 5 hang x6m gan nhét, c6 3 hinh thoi xanh 14 va 2 hinh thoi xanh duong.
e Hinh thoi mdi sé dude phan vao nhém hinh thoi xanh 14 vi nhém nay chiém da sé.
= Muc tiéu: Dy doan nhan clia diém méi dua trén tan suit xuat hien.
KNN I3 mot phuong phap don gian nhung hiéu qua trong phan loai. Véi bai toan nay, ching ta c6 thé
dé dang du doan nhom ciia hinh thoi méi bing cach do khoang céch va st dung voting dé xac dinh
nhan phu hgp.
Vi du: Bai toan phan loai hoa Iris
Gia st ching ta c6 mot dataset chita thong tin vé loai hoa Iris, bao gom:
e 4 thudc tinh dac trung:

1. Sepal Length (Cm)
2. Sepal Width (Cm)
3. Petal Length (Cm)
4. Petal Width (Cm)

e 1 nhan (label): Species, chi ra loai hoa Iris tuong tng.
Muc tiéu:

Khi ¢c6 mot bong hoa mdi véi 4 thong tin trén, ta can du doan xem né thudoc loai ndo
trong ba loai Iris Setosa, Iris Versicolor hoac Iris Virginica.
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Phuong phap giai quyét bai toan

Thong thuong, cac thuat toan hoc may nhu:
e Support Vector Machine (SVM)
e Logistic Regression
e Decision Trees

sé dugc st dung dé huan luyén md hinh. Qua trinh nay doi hoi viec train d& liéu, tim mdi lien he
gitta Input (4 thudc tinh) va Output (loai hoa Iris tuwong ng).

Tuy nhién, v6i K-Nearest Neighbors (KNN), ta khéng can buéc huian luyén md hinh. KNN
hoat dong hoan toan theo nguyén tic tim hang xé6m gan nhét.

Ciach sit dung KNN dé phan loai hoa Iris
KNN hoat dong tuong tu nhu bai toan phan loai hinh thoi truéc d6. Cac budce thuc hién nhu sau:
1. Buéc 1: Chon sb lugng hang xé6m k
e Quyét dinh s6 Iugng hang xém k can xét, vi du k = 5.
2. Buéc 2: Tinh khoang cach giita bong hoa méi v cac mau trong dataset
e Stt dung Euclidean Distance hodic mot phuong phap do do tuong dong khac.
3. Budc 3: Chon k diém gan nhét
e Liy k diém c6 khoang cach nhd nhat véi bong hoa mdi.
4. Buéc 4: Voting dé xac dinh nhan ciia hoa méi
e Xac dinh loai hoa phd bién nhét trong k hang xém gan nhit — gan nhan cho bong hoa
mdi.

Code: Iris Classification
Két qua: Bong hoa méi sé duge phan loai thanh Setosa, Versicolor hoac Virginica dya trén dit
litu gan nhat.

4 How to Select K in KNN

Tam quan trong cua k trong k-NN

e k 13 mot hyperparameter (siéu tham s6), chi can thay déi gid tri clia n6 c6 thé anh hudng rat
16n dén hieu suat (performance) ctia mo hinh.

e C6 hai phuong phéap phd bién dé chon k:

1. Thi¥ nghiém trén nhiéu gia tri ctia k, sau dé6 chon gia tri tot nhat.

2. St dung Cross-Validation dé tim & t6i wu. Ngoai ra, ching ta ciing c¢6 thé dung Grid
Search Cross Validation dé tu dong hoa qué trinh tim kiém nay.
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DPanh gia do chinh xac ctia mo6 hinh trudc khi chon &

Trude khi xéc dinh gia tri k, ta can c6 phuong phap dé danh gia xem thuat toan cé hoat dong chinh
xac hay khong. Gia stt da c6 nhiéu gia tri k, lam sao biét gia tri nao 1a t6t nhat?

Can c6 thudée do dé chinh xdc!

Cach do luong do chinh xac

e Ta c6 thé st dung cac ham c6 sin trong thu vién sklearn:

— Accuracy Score

— Classification Report

Vi du st dung Accuracy Score:

1 from sklearn.metrics import accuracy_score
2 print (round (accuracy_score(y_test, y_pred), 2))

e Vi du st dung Classification Report:

1 from sklearn.metrics import classification_report
2 print (classification_report(y_test, y_pred))

Han ché ciia Accuracy - Vi du bai toan chan doan ung thu

Xét mot bai toan Cancer Classification, dy doan bénh nhan c6 bi ung thu hay khong.
Trudng hgp 1: Danh gia dya trén Accuracy Gia st ta huan luyén mo hinh Logistic Regression
va du doan trén mot tap kiém tra gdbm 1000 bénh nhan:

e Du doan chinh xac 99%, ttc la chi c6 10 bénh nhan bi chan doén sai.
e Ta c6 thé két luan do chinh xac 14 99%? Cé dang tin cay khong?

Truong hgp 2: Dataset mét can bang Gia sit trong 1000 bénh nhan, chi c6 5 ngudi thyc sy bi
ung thu. Bay gic xét hai thuat toan:
Giai thuat 1 (Sai nhung c6 Accuracy cao)

I def predictCancer(x):
2 return O

Giai thuat 2 (Dung Logistic Regression)
e Gia st mo6 hinh hoc may huan luyén trén dit lieu that, nhung van c6 accuracy = 99%.
e Néu chi danh gia bing accuracy, ta c6 thé két luan giai thuat 1 t6t hon giai thuat 2, trong
khi thyc té khong phai vay.
Precision, Recall va Fl-score - Giai phap thay thé Accuracy

e Precision
Trong sb6 tat cA bénh nhan ma mé hinh dy doan bi ung thu, c6 bao nhiéu bénh nhan
thuc su bi ung thu?

True Positives
True Positives + False Positives

Precision =

9
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e Recall
Trong sd tit cid bénh nhan thuc su bi ung thuw, mé hinh du doan ding bao nhiéu
truong hgp?

True Positives
Recall =

True Positives + False Negatives

e Vi du so sanh Precision va Recall

k  Algorithm  Precision (P) Recall (R)
1 Algorithm 1 0.5 0.4
2 Algorithm 2 0.7 0.1
3 Algorithm 3 0.02 1.0

Bang 1: So sanh Precision va Recall gitta cac thuat toan

Fl-score - Giai phap can biang Precision va Recall

Fl-score la trung binh diéu hoa gitta Precision va Recall, gitiip danh gia mo hinh mot cach cong bang

hon:
Precision x Recall

Fl1=2
% Precision + Recall

Tai sao dung F1l-score?
e Néu chi dua vao Accuracy, ta c6 thé mac sai Jam nghiém trong.

e Fl-score gitip can bang giita Precision va Recall, diac biét quan trong trong cac bai toan méat can
bang dit lieu (imbalanced dataset).

e Khi stt dung Fl-score, ta c6 thé Iya chon Algorithm 1 (k = 1) vi n6 dat can bing tot nhat giita
Precision va Recall.

Do dé6, khi danh gia m6 hinh k-ININ, thay vi chi nhin vao Accuracy, ta nén st dung Precision,
Recall va Fl-score dé c6 cai nhin chinh xdc hon vé hiéu suit ctia mé hinh!

4.1 Lua chon k trong k-INN

Mot trong nhitng phuong phap phd bién dé chon k trong k-NN 1a thit nghiém trén nhiéu gia tri khac nhau
ctia k, sau d6 chon gia tri t6i wvu. Chang han, néu ta quan tam dén do chinh xé4c (accuracy), ta c6 thé st
dung né lam thudec do dé danh gia va lyga chon k. Viéc truc quan héa qua biéu do gitp ta xac dinh k phu
hgp hon. Ngoai ra, ky thuat Cross Validation (nhu k-fold validation hodc grid cross validation) cting
13 mot cach hitu ich dé tim k t6i wu. Dac biét, grid cross validation thuong phit hgp vé6i dit lieu time series.

Vi du vé lua chon k bing thit nghiém:

I error = []

2 # Tinh accuracy cho cac gia tri k tu 1 den 30

3 for i in range (1, 30):

! knn = KNeighborsClassifier (n_neighbors=i)
5 knn.fit(X_train, y_train)

6 pred_i = knn.predict(X_test)

10
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error.append (accuracy_score(y_test, pred_i))

plt.figure(figsize=(12,5))

plt.plot(range(1l, 30), error, color=’blue’, marker=’o0’, markerfacecolor=’yellow’,
markersize=10)

plt.title(’Accuracy vs K Value’)

plt.xlabel (’K Value’)

3 plt.ylabel(’Accuracy’)

plt.show ()

Duta vao biéu do trén, ta co thé chon k t6i wu bang cach tim gia tri k cho do chinh xac cao nhat. Néu
diing F1-score thay vi accuracy, ta sé chon k c6 Fl-score cao nhét.

Cau héi: KNN c6 "train"khong?

Trong doan code trén, c¢6 hai dong quan trong:

knn.fit (X_train, y_train)

pred_i = knn.predict(X_test)

Du KNN 134 mot thuat toan khong can huén luyén mo hinh (non-parametric), nhung tai sao van c6 ham
fit()? Thuyc chat, fit() khéng huin luyén mé hinh nhu cic thuat toan khiac ma chi luu
tri dit liéu huan luyén dé sit dung trong qua trinh du doan. KNN chi thic sy tinh toan khi c6
dit lieu méi can dy doan (predict()).

4.2 Anh huéng cua k trong KNN (Brute-force)

Trong phuong phap Brute-force KNN, khi thit nghiem véi cac gia tri k khéc nhau, ta c6 thé nhan
thiy su dao dong trong do chinh xac giita cac lan chay chuong trinh. Diéu nay dic biét 16
rang véi cac gia tri k chén.

KMNN KNN
0.80 0.80 4
0.79
0.79
0.78
& o 0.78
e 077 g
g g
0.75 { 0.76 A
N
0.74
0.75
0.73
2 3 B B 10 2 3 3 B 10
Mumber of Neighbors K Number of Neighbors K

Hinh 1: Biéu dd accuracy khi chay KNN 2 lan khac nhau

e Vi du vé su khac biét khi k 1a sb chin:

— Gi4 st v6i k = 4, lan chay thi nhat c6 accuracy = 0.745, nhung lan chay thit hai lai c6
accuracy = 0.79.

— Trong khi dé, véi k 18, do chinh xéc én dinh hon.
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e Tai sao k chin anh huéng dén dé chinh xac?
Dé hiéu diéu nay, ta xem lai cac budc ciia KNN:
1. Chon s6 lugng hang xém k.
2. Dinh nghia phuong phap do do tuong dong (thuong la Euclidean distance).
3. Tim k hang xém gan nhét.

4. Voting dé du doan nhan ctia diém méi.

O buéc 4 (Voting), néu k 1a s6 chén, ¢6 thé x4y ra trudng hop sb luwgng nhan bi chia déu gitta
hai 16p. Vi du: - Véi k = 4, néu 2 diém thuoc loai A va 2 diém thuoc loai B, thuat toan sé khong biét
chon loai ndo, dan dén sy bat én dinh trong du doan. - Tuong tu, trong bai toan phan loai nhiéu 16p
nhu Iris dataset, gi4 tri k khong phit hgp c¢6 thé lam giam hiéu sudt mo hinh.

4.3 Cach giai quyét van dé khi k 1a sé chan?

Néu chi stt dung voting, viéc chon loai A hay B déu hgp 1y, nhung diéu nay khong t6i wu. Thay vao do,
ta c6 thé danh trong sb (weighting) dé wu tién cdc diém gan hon trong khong gian dic trung.
Ba phuong phap danh trong sb trong KNN:

1. Uniform weights (Mac dinh trong KNN)
e Moi diém trong k hang x6m gan nhat déu c6 trong s6 bing nhau.
e Khong quan tam dén khoang cach.
e Khong thé gidi quyét van deé khi k 1a s6 chén.

2. Distance weights (Trong s6 theo khoang céch)

e Trong sb dugc tinh theo 1/khoéng cach, nghia la cic diém gan hon sé c6 trong sb 16n
hon.

e Phan loai diém mdéi bing cach cong trong sb ctia cac diém thuoc timg 16p.
3. User-defined weights (Trong s6 do ngudi dung xac dinh)
e (C6 thé ty dat trong s6 theo quy tic rieng dya trén kién thitc chuyén mon hodc dic diém dit
lieu.

e Dung khi cA hai cach trén khéong phu hgp véi bai toan.

4.4 Néu k qua 16n hoic k qua bé thi xay ra hién tugng gi?
Viéc chon k khong phit hgp c6 thé gay ra hai van dé chinh:
e Néu k qua bé (vi du k =1 hoic k = 3)
— Dé bi overfitting: M6 hinh c6 thé nhay cdm véi nhiéu trong dit licu. Néu mot diém dit licu
bi gan nhén sai, né c6 thé anh hudng lén dén két qua du doan.
— Quyét dinh bi chi phdi bdi diém lan can gan nhét, khong phan anh téng thé xu huéng
du liéu.
— Du doan c6 thé khong 6n dinh: Néu c6 mot chat thay déi trong dit lieu, nhan cia diém
can du doan c6 thé thay déi manh.

12
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4.5

Vi du: Gia sii ta c¢6 dit lieu phan loai meo va ché. Néu k = 1, chi mot diém gan nhat quyét dinh
nhan. Néu diém gan nhat d6 14 nhidu (vi du mot con meo bi gan nham la ché), thi mo hinh c6
thé du doan sai.
Néu k qua 16n (vi du k= N, véi N la toan bd di liéu)
— Dé bi underfitting: Néu chon k qua 16n, mo hinh sé chi don gidn chon nhém c6 s6 lugng
16n hon, mat di kha nang nhan dién mau cuc bo.
— Giam do6 chinh xac: Cac diém xa hon, khong lién quan ciing dudce tinh vao quyét dinh
phan loai, khién mo hinh kém hiéu qua.
— Thoi gian tinh toan tang lén: Khi k 16n, can tinh khodng céch va sidp xép nhiéu diém
hon, lam gidm toc do dy doan.
Vi du: Néu dung k = 1000 trén dit lieu c6 1100 meo va 900 ché, thi tat cad di doan sé nghiéng vé
meo, bat ké diém gan nhat c6 1a ché hay khong.

Két luan

Viéc chon k trong KNN rat quan trong, cé thé thic hién bing thit nghiem, Cross Validation,
hoac cac phuong phap tdi wu khac.

KNN khéng thuc sy "huan luyén"mé hinh, ma chi lvu trit dit licu va st dung trong qua
trinh dy doan.

k chin c6 thé gay ra van dé khi voting, c6 thé khic phuc bing cach danh trong sé theo
khoang cach thay vi sit dung voting thong thuong.

Chon phuong phap danh trong sé phit hop sé gitp KNN hoat dong hiéu qua hon, dic biét
la trong céc bai toan phan loai phtc tap.

k qua bé cé thé gay overfitting cuc b, trong khi k qua 16n cé thé gay underfitting
toan cuc.

5 KNN for Regression

Néu bai toan ctia ching ta 13 KNN cho Regression thi sao? Trudc hét, can hiéu ring bai toan
Regression khac véi Classification ¢ chd dau ra (output) ctia mé hinh 1la mét gia tri sé lién
tuc, thay vi mot 16p (category) cu thé.

Vi dy, trong bai toan phan loai hoa Iris, dau ra 14 mot trong ba loai hoa: Iris Setosa, Iris

Versicolor, Iris Virginica (céc gia tri r6i rac). Nhung néu bai todn nay chuyén sang dang hdi quy,
thi dau ra c6 thé 1a gia ctia mot bong hoa, mot gia tri s6 lién tuc, khong gisi han trong mot tap
hgp hitu han.

Cach ap dung KNN vao bai toan Regression

KNN cho bai toan hoi quy van tuan theo quy trinh co ban gidéng véi Classification, véi mot diém
khéc biét quan trong:

e Trong Classification, ta tim k diém gan nhat vi chon 16p c6é tan sudt cao nhat dé gan

nhan.

e Trong Regression, ta cing tim k diém gan nhéit, nhung thay vi voting, ta tinh toan gia

tri trung binh (ho#c trung vi,...) clia cac gia tri dau ra ciia k diém nay va sit dung n6 lam
du doan.
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Tém tiat quy trinh KNN Regression qua 4 buéc
1. Chon sé lugng hang xém k
2. Dinh nghia phuong phap do d6 tuong dong (vi du: khoang cach Euclid)
3. Tim k hang xém gan nhét

4. Tinh toan gia tri trung binh (hoic trung vi,...) ctia k diém gan nhat va du doan gia
tri dau ra

So sanh KNN Regression vdi cac phuong phap khac

e KNN khéng yéu cau bat ky gia dinh nao vé dit liéu. Diéu nay khac véi Linear Regression,
SVM, hay cic mé6 hinh khéc, vi ching thuong gia dinh mét s6 tinh chat nhat dinh cta di
lidu (vi du: Linear Regression gia dinh dit lieu ¢6 mdi quan he tuyén tinh).

e KNN khéng quan tam dén viéc dit liéu cé6 tuyén tinh (linear) hay phi tuyén tinh
(non-linear), ma chi don gidn 14 tim nhitng diém gan nhat dé dua ra dy doan.

Ij'ng dung va danh gia KNN Regression

e KNN thudong dude sit dung khi chua cé théng tin ré rang vé ban chat ctia di liéu, vi né
khong yéu cau gia dinh vé phan phdi dit lieu.

e Do chinh x4c cia KNN ¢6 thé khong cao, nhung né la mot phuong phap don gian va hiéu
qua dé danh gia sd bo tap dw liéu.

e Néu KNN cho két qua qua thap, ta c6 thé phan tich nguyén nhan (vi du: dit lieu c6 nhiéu,
phan bé khong dong déu, gia tri ngoai lai,...) dé hiéu ré hon vé dataset. Sau do, ta c6 thé chon
mot phuong phap khac phu hop hon.

Tém lai: KNN Regression 1a mot cach tiép can don gidn, khong doi héi gid dinh vé dit lieu, va gitp
danh gia tong quan vé dataset. Tuy nhién, néu KNN khong hoat dong t6t, ta can kiém tra lai dit lieu
va can nhic phuong phap khéc.

6 Tang téoc KNN bang KD-Tree
Giai thich vé ham fit() trong KNN

Khi st dung KNN, ta c6 doan code:

knn.fit (X_train, y_train)
pred_i = knn.predict(X_test)

Ta biét ring KNN khong thuyc sy c6 giai doan "train"giong nhu cac mo hinh hoc méay khac (nhu
Linear Regression hay Neural Networks). Vay tai sao van ¢6 ham fit (), va né cé thuc sy "train"mo
hinh khong?

Thuc té, ham fit () trong KNN khéng thirc hién qué trinh hoc (training) ma chi luu trit dit lieu
huan luyen va xay dung mot ciu tric dit liéu hd trg dé tang tdc qua trinh tim kiém hang xém
gan nhat.
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Nhugc diém chinh ciia KNN: Téc d6 xit ly
Nhuge diém 16n nhat ciia KNN la téc do xit Iy cham khi dataset c6 kich thudc 16n.

e Gia st ta ¢6 1 triéu sample, khi mot sample méi xuat hién, thuat toan phai tinh khoang cach
tit sample d6 dén toan bd 1 triéu diém, sau d6 sip xép va chon k diém gan nhét.

e Néu thyc hién theo céch brute-force (vét can), mdi lan dit doan sé tén rat nhiéu thsi gian do
phai thye hien phép tinh khoang céch cho tat ci diém dit lieu.
Vay ham fit() cé vai tro gi?

e Khi goi fit(), KNN c6 thé xay dung mot cau tric dit lieu hé tr¢ (nhu KD-Tree hoic
Ball-Tree) gitip ting téc dé tim kiém hang xé6m gan nhét.

e Nh3 d6, thay vi phai tinh khodng cach dén toan bd dataset, thuat toan c6 thé loai bét rat
nhidu diém khong can thiét, giam dang ké s6 phép tinh toan khi dy doan.
Van dé ctia KNN khi s6 lugng features 16n
Ngoai van dé vé toc do, KNN con gap khé khan khi dit lieu c6 s6 lugng features 16n:

e Néu s6 lugng features rat 16n (high-dimensional data), chi mot sai léch nhé trong céch tinh
khoang cach ciing c6 thé gay anh huéng 16n dén do chinh xac cia mo6 hinh.

e Vi duy: Khi xit Iy dit lieu 4nh c6 hang ngan pixel lam feature, KNN c6 thé gip van dé do khoang
cach Euclidean khoéng con chinh xac.

e Gidi phap: Giam sb lugng features (dimensionality reduction) bing cac phuong phap nhu
PCA (Principal Component Analysis) hoiic feature selection dé chi giit lai nhitng feature
quan trong nhat.

6.1 KNN vdi Brute-Force

e Thong thuong, KNN st dung Brute-Force Search: Khi ¢c6 moét sample méi, thuat toan phai
tinh khoang cach dén tat ca cic diém trong dataset, sau d6 sidp xép va chon k diém gan
nhét.

e V6i dataset nhd, cach nay khong phai van dé 16n. Nhung v6i dataset 16n, cich nay sé rat
cham.

e Giai p%lép: ThaX vi kiém tra tat ca cac diém, ta c6 thé st dung KD-Tree hoic Ball-Tree dé
tang toc tim kiem.
6.2 KD-Tree: Cau tric di liéu gitp tang toc KNN
Gia s ta c6 dataset véi 2 features (X, Y), cach xay dung KD-Tree nhu sau:
1. Chon mot feature lam truc phan tach (vi du: chon feature X).
2. Tim trung vi (median) ciia feature dé dé chia dataset thanh hai nita gan bing nhau.
3. Chia dataset thanh 2 nhém:

e Nhém bén trai cé gid tri nhé hon trung vi.
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e Nhém bén phai c6 gia tri 16n hon trung vi.
4. Chuyén sang feature tiép theo (vi du: Y) va lap lai buéc 2, 3.
5. Tiép tuc qua trinh nay cho dén khi tat ca cac diém dit lieu dugc phan viing.
Vi du: Véi 7 diém dit liu trong khong gian 2D:
A(2,3),B(5,4),C(9,6),D(4,7), E(8,1), F(7,2),G(1,5)
e Budc 1 — Céap 0 (chia theo x):

Danh séach theo x tang dan:

1 P7 (1,5), P1 (2,3), P4 (4,7), *xP2 (5,4)**, P6 (7,2), P5 (8,1), P3 (9,6)

= Median = P2 (5,4) — day la root
e Bu6c 2 — Cap 1:

— Tréai cua P2: [P7, P1, P4]
x Chia theo y
* Sap theo y:
1 P1 (2,3), P7 (1,5), P4 (4,7)

2

* Median = P7 (1,5) — node con tréi clia P2
— Phai cia P2: [P6, P5, P3|
x Chia theo y
* Sap theo y:
1 P5 (8,1), P6 (7,2), P3 (9,6)
* Median = P6 (7,2) — node con phai cia P2
e Bu6ec 3 — Cap 2:

— Tréi clia P7: [P1]

* Chia theo x

% 1 diém duy nhat — lam node la
— Phai clia P7: [P4]

* Ciing chi ¢6 1 diém — node la
— Tréi cua P6: [P5]

* Node la
— Phai cia P6: [P3]

* Node l&

o Két qua KD-Tree:

P2 (5,4) « chia theo x
/ \
P7 (1,5) P6 (7,2) + chia theo y
/ \ / \
P1 (2,3) P4 (4,7) P5 (8,1) P3 (9,6)
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6.3 Tim kiém KNN biang KD-Tree

Sau khi KD-Tree dugc xay dung, thuat toan tim KNN hoat dong nhu sau:

1. Bat dau tir root

2. Di xubng (dé quy) dén 14 theo nhanh phit hgp nhat véi vi tri ctia A
3. Cap nhat "best-so-far"list (heap gom k diém gan nhat hien tai)

4. Quay lui (backtrack) va kiém tra nhanh bén kia néu can

5. Két thiic khi duyét xong cac nhanh cé thé chia diém gan hon

Giai thich chi tiét titng bude:

e 1. Xubng cay theo vi tri ciia A

— Tai mdi node, kiém tra truc chia (x hogc y).
— Néu A nho hon node — di vé bén trai; 16n hon — di bén phai.

— Tiép tuc di xudng cho dén node IA.
e 2. Gap node 14 — thém diém vao danh sach "k gan nhit"

— Bat dau cap nhat heap/priority queue luu céc diém gan nhat (max-heap néu ding
Python).

— Néu chua du k diédm — theém thodi mai.

— Néu da di — chi thay thé néu diém mdéi gan hon.

e 3. Backtrack (quay lui) va kiém tra nhanh con lai
Tai mdi node khi quay ngudc trd 1én:
So sanh:

— So khoang cach tit A dén mit phing chia tai node hién tai.

— Néu khoang céch nay < khoang cach xa nhét trong heap — c6 thé c6 diém gan hon
bén nhanh kia — phai kiém tra nhanh kia.

Ngudgc lai:
— Néu mat phang chia qua xa — bd qua luon nhanh dé — tiét kiem thoi gian.
e 4. Tiép tuc qua trinh duyét nhw trén, cap nhat heap méi khi gip diém gan hon.
e 5. Két thic

— Khi da duyét xong tat ci cac nhanh c6 kha ning chita diém gan hon — heap chita ding k
diém gan nhét.

Vi du: Tim diém gan nhit véi ctia A(6,5):
e Bugc 1: Tai root = P2 (5,4), chia theo x

— Ax =6 > P2x =5 — di nhanh phai — P6 (7,2)
— Giit best = P2, khodng cich = /(6 —5)2 + (5 — 4)2 = V2 ~ 1.41
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Buéc 2: Tai P6 (7,2), chia theo y
— Ay =5 > P6.y = 2 — di nhanh phai — P3 (9,6)
— So khoang cach:

* A - P6=/(6-T7)2+(5-2)2=110~3.16
* best van la P2 (1.41 < 3.16)

Buéc 3: Tai P3 (9,6) (14)

—A—-P3=.(6-92+(5-6)2=+10~3.16
— Khong t6t hon best, bé qua

Backtrack 1én P6

- K\hoéng cach tit A dén mit phing chia y=2 = |5 —2| =3 — 3 > 1.41 — c6 thé c6 diém
gan hon & nhanh con lai
— = Duyét nhanh trai cia P6 — P5 (8,1)
* A — P5=/(6-8)2+(5—1)2 =20 ~ 447
* Khong gan hon — bo

e Backtrack len P2 (root)
— Khoang céach tit A dén mit phing chia x=5 = |6 — 5| = 1
— 1 < 1.41 — phai duyét nhanh trai!
— = Sang trai — P7 (1,5)

Tai P7 (1,5), chia theo y
— Ay =5=P7.y — di phai —» P4 (4,7)
— A—Pi=/(6-4)2+(5-7)2=+8=~2.83 — van thua P2
— = Duyét nét P1 (2,3) — khoang cach v/20 ~ 4.47 — thua

Diém gan nhat v6i A(6,5) 1a P2(5,4), v6i khoang cach /2 ~ 1.41

6.4 Uu diém ciia KD-Tree trong KNN
e Giam s6 phép tinh khoang cach
— Brute-force KNN: Dé tim k diém gan nhat ctia diém Q, ta phai tinh khodng céach tit Q
dén tat ca diém trong tap dit licu (ton O(n) phép toan).

— KD-Tree KNN: Thay vi xét toan bo tap di lieu, KD-Tree gitp loai bé cac vung khéng
lién quan, giam s6 phép tinh khoang céch xudéng con khodng O(logn) trong truong hop ly
tudng.

Vi du minh hoa:
— Gia sit ta ¢6 10.000 diém dit lieu trong khong gian 2D.

— V6i Brute-force, ta phai tinh 10.000 khoang cach.

— V6i KD-Tree, chi can tinh khodng cach dén mot phan nhé trong sé d6, vi du 300-500 diém
(tuy cau tric cay).
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6.5

Két qua: Thoi gian chay nhanh hon dang ké khi di lieu 16n.
Phi1 hgp khi sé6 chiéu nhé (low-dimensional space)

— KD-Tree hoat dong hiéu qua nhat khi sé chiéu d nhé (thusng d < 10).
— Trong khong gian thap, viéc chia ving (hyperplane) gitip loai bé nhiéu diém khong can thiét.

Vi du:

— Néu ta c6 dit lieu 2D (x, y), mdi lan chia khong gian sé loai bé khodng 50% dit lieu khoi
viéc xét KINN.

— Khi d tang, hiéu suat gidm do cac viing phan tach tré nén kém hiéu qua hon.
T6i wu cho dit liéu phan bd déu

— Néu dit lieu phan bé dong déu, cac ving dugc chia sé can bang va thuat toan c6 thé truy
van nhanh.

— Ngudc lai, néu dit lieu c6 sy tap trung cao tai mot viing nhd, cay cé thé bi mat can bing,
lam gidm hiéu suat.

C6 thé sit dung trong bai toan tim kiém gan ding (approximate nearest neighbor)
— Néu khong can két qua chinh xac tuyét doi, ta c6 thé dimg sém qua trinh truy van va
chap nhan mot s6 16i nhé dé tang téc do.
Han ché cia KD-Tree trong KNN
Khéng higéu qua khi s6 chiéu cao (curse of dimensionality)

— Khi s6 chiéu d tang, hiéu qua ciia KD-Tree gidm manh.

— Trong khong gian cao, hau nhu moi diém déu gan nhu cich déu nhau, khién viéc chia
ving khong con gitp ich nhiéu.

Giai phap: St dung Ball Tree hoic Annoy (Approximate Nearest Neighbor) cho d ligu
c6 nhiéu chiéu.

Cay c6 thé mat can bang, lam giam hiéu suat

— Néu dit lieu khong duge phan bd déu, KD-Tree ¢6 thé tré nén méat can bang va cé chidu
cao 16n hon mic 1y tudng.

— Khi d6, viéc tim kiém sé khong con nhanh hon so véi brute-force nhiéu.

Giai phap:
— Chon median lam nit gdc thay vi chon diém bat ky dé dam bio cay can bing.
— Diing random projection dé cai thién phan bo dit lieu.

Mot s6 trudng hop van phai xét toan bo dataset

— Néu KD-Tree chia viing khong hiéu qua, hoiic néu k qué 16n, c¢6 thé xay ra trudng hop moi
diém déu can dugc xét, gibng nhu Brute-force.

Giai phap:
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— Giadm sb6 k can tim néu co6 thé.

— St dung heuristic dé gidi han viéc xét nhanh déi dién.
e Khong phit hop khi dit liéu thay déi lién tuc

— Néu dataset thudng xuyén thay ddi (thém/x6a diém), KD-Tree phai dugc xay dung lai tir
dau dé ddm bao hidu suét.

Giai phap: Néu dit licu dong, thay vi ding KD-Tree, c6 thé xem xét LSH (Locality-Sensitive
Hashing) hoiac Annoy (Approximate Nearest Neighbor).
6.6 Két luan

e KD-Tree 1a mot cong cu manh giip ting téc tim kiém KNN, diic biét hieu qua khi s6 chiéu
nho.

e Tuy nhién, véi dit liéu c6 nhiéu chiéu (high-dimensional data), hicu qua ctia KD-Tree giam
dang ké, va lic nay ta can xem xét cac phuong phap khac nhu Ball Tree hoic Annoy.

e Viéc lya chon phuong phéap phit hgp phuy thudc vao kich thudc va diac diém cta dit lieu dau
vao.

7 Feature Engineering and Feature Selection trong KNN
7.1 Dit liéu nhiéu chiéu

7.1.1 Anh huéng dit liéu nhidu chidu trong moé hinh KNN

10000 points from a normal distrib
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5
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Sit .2 it AR E oo At arest neighbor |
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Hinh 2: Khoang cach khi dit liéu nhiéu chiéu
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Loi nguyéen ctia chiéu dit lieu xay ra khi s6 chiéu (dimensions) qua 16n. Khi s6 chiéu tang len, khodng
cach giita bat ky hai diém nao ciing c6 xu huéng trd nén gan nhu bing nhau (vi khi cong don khoang
cach & tat ca cac chiéu, gia tri thuong ting dén mot mitc rat 16n va tuong ty nhau). Diéu nay khién
khai niém “gan nhau” gan nhu mat ¥ nghia, vA moi khodng cach déu xap xif bang nhau. Vi KNN I3
mot phuong phap dia trén khodng cach, nén né chiu Anh hudng trire tiép tir dit lieu c¢6 chiéu cao. Khi
khoéng cach riéng 1é giita cac diém tré nén kém quan trong hon trong khong gian c6 chiéu cao, thi
khong gian chiéu cao dé tré nén dong nhat hon. Mot sé anh huéng cu thé nhu sau:

e Chi phi tinh toan tang: S6 luong phép tinh khodng cach tang lén theo s6 chiéu ctia dit lieu.

e Khoang cich dong nhét: Trong khong gian cé chiéu cao, khoang cach gitta cac diém c6 xu
hudéng tré nén tuong tu nhau. Sy dong nhéat nay lam cho viéc phan biét diém gan va diém xa trd
nén khoé khan.

e Qua khép (Overfitting): Khong gian chiéu cao c6 thé dan dén hien tugng qua khép, titc 1a mo
hinh hoc c& nhiéu trong dit lieu huan luyén thay vi cAc mau thue sy.
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Hinh 3: Loi nguyén ctia chiéu dit lieu

Thuat toan phan loai kNN gia dinh ring céc diém tuong tit nhau sé c6 nhan giéng nhau. Tuy nhién,
trong khong gian nhiéu chiéu, cac diém duge 1y ngau nhién tit mot phan phdi xéc suit thuong khong
bao gid that sy gan nhau. Chung ta c6 thé minh hoa diéu nay bing mot vi du don gidn: vé ngu
nhién céc diém trong hinh 1ap phuong don vi (unit cube) v xem xét lugng khong gian ma k hang
x6m gan nhat ctia mot diém kiém tra sé chiém.

Cu thé, xét hinh lap phuong don vi [0, 1]%. Tat ca dit lieu huan luyén duge 14y phan phdi déu trong
hinh lap phuong nay, titc 1a Vi, z; € [0,1]¢, va ta xét k& = 10 hang xém gan nhét ctia diém kiém tra. Goi
¢ 14 do dai canh ctia siéu lap phuong nhé nhat chia tat ca k hang xém gan nhat. Khi dé:

1/d
Ed%ﬁ = (= E /
n n

Néu n = 1000, ta co:
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d | ¢
2 0.1
10 | 0.63
100 | 0.955
1000 | 0.9954

Khi d > 0, gan nhu toan bo khéng gian 13 can thiét dé tim 10-NN. Diéu nay phé vé gia dinh ctia
kNN vi cac diém hang xém gan nhit khéng thuc su gan (va khong thue sy giong) diém kiém tra.

Mot ¥ tudng khic phuc c¢6 thé 1a tang sé lugng mau huan luyén n cho dén khi hang x6m gan
nhat thic sy gan. Gia st muén £ = 55 = 0.1, ta co:

n==k-10%

Diéu nay ting theo ham mi! Véi d > 100, s6 diém can thiét con nhiéu hon s6 electron trong vii tru.
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7.1.2 Khoang cach téi siéu phang (Hyperplane)

b ' P
1 1 prad
§ . L
Yiay - y -
| .
z Az
A - 7 -
X 1 - X 1 "

Khoang cach gitta hai diém ngiu nhién ting manh khi s6 chiéu ting. Nhung khoang cach t6i siéu phang
thi sao?
Xét hinh: c6 hai diém mau xanh va mot siéu phéang mau do.

e V6i d = 2, khodng cach gitta hai diém 13 \/Ax2 + Ay?2.

e Khi thém chiéu thit 3 (d = 3), khoang cach trd thanh \/Az2 + Ay? + Az2 — chic chin khong
nhé hon va thuong 16n hon.

Ngugc lai, khodng cach téi siéu phing khong d6i khi thém mot chiéu méi néu chidu méi nay
vuong géc véi vector phap tuyén ciia sieu phang. Trong khong gian d chiéu, c6 d — 1 chiéu vudng goc
v6i phap tuyén nay, nén di chuyén trong cac chiéu dé khong thay doi khoang cach téi sieu phing.

Két qua la: khi khoang céch giita cac diém trd nén rat 16n trong khong gian nhiéu chiéu, khoang
cach téi siéu phiang lai tuong déi rat nhé.

Diéu nay quan trong cho cac thuat toan hoc may, vi nhiéu mo hinh (Perceptron, SVM) dit siéu
phéng giita cac cum dit lieu. Mot hé qua clia 15 nguyén chiéu di lieu 1a hau hét cac diém di liéu
nim rat gan cac siéu phing phan loai — chi can nhiéu nhé (thuong khé nhan ra) 1a c6 thé déi
nhan phan loai. Hién tugng nay chinh 1a mau déi khdng (adversarial samples).

7.1.3 X1t Iy Dit liéu nhiéu chiéu

Xt 1y dit liéu c6 kich thuée cao khong phai 1a mot nhiém vu dé dang. Kich thuée cao ¢6 nghia la ching
ta can Iuu trit cdc vecto hodc mang véi s6 lugng phan tit/sd lugng 16n, diéu nay tieu tén mot lugng 16n
bo nhé luu trit. Khong chi bo nhé luu trit, ma cic thao tac tim kiém trong khong gian kich thuée cao
ciing 13 mot nit thit c¢d chai, vi thoi gian va tinh toan ting theo cap s6 nhan. Do dé, viec gidm kich
thude dit lieu 13 rat quan trong, nhung khi gidm kich thudc, ching ta ciing can gitt lai duge phan bo
hoiic cac mau biéu hién trong khong gian kich thuéc cao.

7.1.4 Giam Kich Thuéc: PCA, LDA, t-SNE

Céc k¥ thuat gidm kich thudc bién doi dit lieu c6 chiéu cao thanh khong gian c6 chiéu thap hon, dong
thoi bao ton cac cau tric quan trong.
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PCA (Phan tich Thanh phan Chinh)

PCA gidm chiéu bang cach chiéu dit liéu lén cac thanh phan chinh, nhitng thanh phan nay nam bt
duge phuong sai 16n nhat. Vé mit toan hoc, PCA tim cac vector rieng (thanh phan chinh) cia ma tran
hiép phuong sai ctia dit liéu va chiéu dit liéu lén cac thanh phan nay.

Vi du ma Python:

import numpy as np

import matplotlib.pyplot as plt

from sklearn.datasets import make_classification
from sklearn.decomposition import PCA

# Budc 1: Tao bd di 1liéu téng hop
X_train, y_train = make_classification(n_samples=1000, n_features=768, n_informative=10,
n_redundant=0, n_classes=7, random_state=42)

# Buéc 2: Ap dung PCA gidm chidu xubng 2
pca = PCA(n_components=2)
X_train_pca = pca.fit_transform(X_train)

# Bu6c 3: Hién thi dit 1idu sau khi gidm chidu
plt.figure(figsize=(10, 6))

colors = [’b’, :g;’ 'y, ’¢’, 'm’, :y;’ k]

markers = [70)’ ’S’, )DJ, )fw, ’V’, ;*), )+;]

for i, color, marker in zip(range(7), colors, markers):
plt.scatter(X_train_pcaly_train == i, 0], X_train_pcaly_train == i, 1],
c=color, marker=marker, label=f’Lép {i}’)

plt.title(’PCA 2 chidu cta D& 1lidu Kich thuéc Cao’)
plt.xlabel(’Thanh phan Chinh 1°)

plt.ylabel (’Thanh phén Chinh 27)

plt.legend()

plt.show()
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2D PCA of High-Dimensional Data
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LDA (Phan tich Phan biét Tuyén tinh)

LDA giam chiéu bang céach t6i da héa sy phan tach gitta cac 16p khac nhau. LDA tim céc t6 hgp tuyén
tinh clia cic dac trung gitp phan tach tot nhat cac 16p.

Vi du ma Python:

import numpy as np

import matplotlib.pyplot as plt

from sklearn.datasets import make_classification

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis as LDA

# Tao bd dit 1idu tdng hop
X_train, y_train = make_classification(n_samples=1000, n_features=768, n_informative=10,
n_redundant=0, n_classes=7, random_state=42)

# Ap dung LDA gidm chidu xudng 2
lda = LDA(n_components=2)
X_train_lda = 1lda.fit_transform(X_train, y_train)

# Hién thi di 1iéu sau khi giém chidu
plt.figure(figsize=(10, 6))

colors = [’b’, ;g)’ ’I", ’C’, Jm7’ >yz’ ’k’]
markers = [702, ’S’, ;D;, )A;, ,V’, )*;’ )+;]

for i, color, marker in zip(range(7), colors, markers):
plt.scatter(X_train_ldaly_train == i, 0], X_train_ldaly_train == i, 1],
c=color, marker=marker, label=f’Lép {i}’)

plt.title(’LDA 2 chidu cta Dit 1idu Kich thudc Cao’)
plt.xlabel(’Bién Ph&n biét Tuyén tinh 1°)
plt.ylabel(’Bién Pha&n bi&t Tuyén tinh 2’)
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plt.legend()
plt.show()

2D LDA of High-Dimensional Data
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t-SNE (t-Phan phéi Hang x6ém Ngau nhién)

t-SNE dugc st dung dé tryc quan héa dit lieu cé chiéu cao bing cach gidm chiéu sao cho giit lai thong
tin vé viing lan can. t-SNE t6i thiéu héa do lech Kullback-Leibler gitta xac suat két hop ciia biéu dién
thap chiéu va dit lieu gdc, nham giit cho phan bé trong khong gian thap chiéu va cao chiéu tuong ti
nhau.

Vi du ma Python:

import numpy as np

import matplotlib.pyplot as plt

from sklearn.datasets import make_classification
from sklearn.manifold import TSNE

# Tao bd dit 1idu tdng hop
X_train, y_train = make_classification(n_samples=1000, n_features=768, n_informative=10,
n_redundant=0, n_classes=7, random_state=42)

# Ap dung t-SNE gidm chidu xubng 2
tsne = TSNE(n_components=2, random_state=42)
X_train_tsne = tsne.fit_transform(X_train)

# Hidn thi dit 1iéu sau khi gidm chidu
plt.figure(figsize=(10, 6))

COlOI‘S = [’b’, )g;’ ;ra, ’C’, ’m’, )y;’ )k)]
markers = [70), ’S’, ’D’, :A)’ ’V’, 7*), )+7]

for i, color, marker in zip(range(7), colors, markers):
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plt.scatter(X_train_tsnel[y_train == i, 0], X_train_tsnel[y_train == i, 1],
c=color, marker=marker, label=f’Ldp {i}’)
plt.title(’t-SNE 2 chidu cfia Dt 1idu Kich thudc Cao’)
plt.xlabel(’Thanh phan t-SNE 1°)
plt.ylabel(’Thanh phan t-SNE 2°)
plt.legend()
plt.show()
2D t-SNE of High-Dimensional Data
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t-SNE Component 1

Hinh 4: Enter Caption

7.1.4 Phuong phap Lua chon Dac trung

Lita chon dic trung lién quan dén viéc chon ra cac dic trung quan trong nhat, gidm chiéu bang cach
loai bé cac dic trung khong lien quan hodc du thita. Vi du dudi day tao mot bo dit lieu téng hop véi
1000 mau, 768 diic trung, va 7 16p, sau d6 chia thanh tap huin luyen va tap kiém tra. Phuong phap
‘SelectKBest* v6i chi s6 ANOVA F-value dudc st dung dé chon ra 2 dic trung quan trong nhat. Sau
d6, c6 thé dung dit lieu nay dé huan luyén bo phan 16p K-Nearest Neighbors (KNN).

Vi du ma Python:

import numpy

from
from
from
from
from

sklearn.
sklearn.
sklearn.
sklearn.
sklearn.

as np
datasets import make_classification
model_selection import train_test_split
feature_selection import SelectKBest, f_classif
neighbors import KNeighborsClassifier

metrics import accuracy_score

# Tao bo dit 1iéu tdng hop
X, y = make_classification(n_samples=1000, n_features=768, n_informative=10,
n_redundant=0, n_classes=7, random_state=42)
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# Chia bd di 1liéu thanh tdp huin luyén va tép kidm tra
X_train, X_test, y_train, y_test = train_test_split (X, y, test_size=0.3, random_state=42)

# Lua chon dac trung
selector = SelectKBest(score_func=f_classif, k=2)
X_train_selected = selector.fit_transform(X_train, y_train)

# Hién thi di liéu sau khi lva chon dac trung
plt.figure(figsize=(10, 6))

colors = [’b’, ;g), ’I", ’C’, ;m7’ )y)’ :k)]

markers = [707’ ’S,, )D)’ )"), ’V,, J*), )+J]

for i, color, marker in zip(range(7), colors, markers):
plt.scatter (X_train_selected[y_train == i, 0], X_train_selected[y_train == i, 1],
c=color, marker=marker, label=f’Lép {i}’)

plt.title(’2D Cac Dic trung Dugc Chon cla Di 1idu Kich thudc Cao’)
plt.xlabel(’Thanh phan 1°)

plt.ylabel(’Thanh phin 2’)

plt.legend()

plt.show()

2D Selected Features of High-Dimensional Data
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—4 4
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7.2 Dit liéu mat can bang vé 16p class

Bo phan loai k-Nearest Neighbors (kNN) dit doan nhan ctia mot diém truy van bing cach bd phiéu da
s6 gitta k hang xém gan nhat ctia n6. Trong hinh minh hoa, mot diém mdi (& trung tam) nhin vao cac
hang xém c6 mau dé bd phiéu cho 16p. Tuy nhién, khi mot 16p hiém, hau hét cic hang xém dé cé thé
dén ti 16p chiém wu thé - tao ra sy thién vi trong két qua.
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Trén thuc té, kNN ¢4 dién 1a "lusi biéng"va tén kém tai thoi diém du doan, va hieu sudt ciia né suy
gidm trén dit lieu mat can bing/nhidu chidu. N6 c6 xu huéng dé 16p da s6 chiém wu thé trong tat ca
cac viung lan can, dan dén dy doan thién vi vé 16p thuong xuyén.

Nhiéu nghién cttu xac nhan réng trong khi kNN hoat dong tot trén cac tap can bang, do chinh xac
clia n6 giam manh khi cac 16p bi léch. Trong thyec té, diéu nay c6 nghia 14 kNN nguyén ban sé thuong
bé 16 hoan toan 16p thiéu s6, mang lai do chinh xac tong thé cao nhung kha nang thu hoi kém trén 16p
hiém. Két qua c6 thé gay anh hudng nghiém trong trong céc bdi cAnh nhu phat hién gian lan hodic chan
doéan y té, noi 16p thiéu s6 1a quan trong.

Cac Chién lugc Giai quyét
7.2.1 Bé phiéu kNN c6 trong s6 Khoang cach

Mot cach don gidn dé tang cudng 4nh hudng ctia thiéu s 1a can bang céc hang x6m theo khoang cach.
Theo mic dinh, kNN bé phiéu "ddng nhat mdéi hang x6m trong k hang xém c6 mot phiéu bau. Thay
vao d6, dat weights=’distance’ trong scikit-learn: diéu nay lam cho phiéu bau ctia méi hang x6m ty

R - s 1
16 thuan véi

from sklearn.neighbors import KNeighborsClassifier
knn = KNeighborsClassifier (n_neighbors=5, weights=’distance’)
knn.fit (X_train, y_train)

Vé6i weights=’distance’, "cac hang x6m gan hon... ¢6 4nh hudng 16n hon". Trong noéi bo, bo phan
loai tinh toan mot mode c6 trong s6 clia caAc nhan hang xém (téng trong s6 cho méi 16p) thay vi mot
dém don gian.

Ban ciing c¢6 thé dinh nghia mot ham can bing tity chinh. Vi dy, dé can bang theo d% hodc mot
ham Gaussian:

import numpy as np
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def gaussian_weights(distances):
sigma = 1.0
return np.exp(- (distances**2) / (2*sigmax**2))

knn_custom = KNeighborsClassifier (n_neighbors=5, weights=gaussian_weights)

7.2.2 Diéu chinh S6 lugng Hang xém (k)

Vige Iya chon k 14 quan trong, dac biét v6i sy mat can bang. Mot k nho (nhu 1 hodc 3) ¢6 nghia 1a méi
truy van nhay cam chi v6i cdc hang x6m rat gan nhat - c6 kha nang nidm bit cac hang x6m thiéu sb
néu c6 bat ky ai rat gan. Mot k 16n hon (nhu 10+) tinh trung binh trén nhiéu diém, c6 thé lam mugt
nhiéu nhung cling ¢6 xu huéng bao gom nhiéu diém da s6 hon, lam loang tin hiéu thiéu sb.

Trong cac cai dit mat can bang, mot phuong phap thuong dung 1a thit nghiém véi cac gia tri k nhé
hon, cho céc truong hgp thiéu s it éi co hoi tot hon dé dnh hudng dén phiéu bau.

Khi nao st dung: k nhé hon c6 xu huéng lam ndi bat ciu tric thiéu sé cuc bo, c6 thé tang kha
nang thu hoi tren 16p hiém, véi rii ro phuong sai cao hon. k 16n hon ¢é thé 6n dinh chéng nhiéu nhung
c6 thé uu ai da sb.

7.2.3 Tao mau téng hop qua miic (SMOTE)

Mot ki thuat manh mé & cap do dit lieu 1a tao ra nhiéu vi du thiéu s6 hon. SMOTE (Synthetic Minority
Over-sampling Technique) tao ra cac diém thicu s6 tong hgp méi bing cach noi suy gitta cac diem hien
co.

Y tudng co ban: déi véi mdi mau thiéu sd, chon mot trong k hang x6m thiéu sé gan nhéit cia né va
tao mot diém & giita.
from imblearn.over_sampling import SMOTE
sm = SMOTE (random_state=42)

X_res, y_res = sm.fit_resample(X_train, y_train)
print ("Before: ", sorted(Counter(y_train).items()))
print ("After: ", sorted(Counter(y_res).items()))

Khi nao st dung: SMOTE phit hgp khi ban c6 dit mau thiéu sé goéc dé noi suy cé y nghia la c6
thé. N6 gia dinh 16p thiéu s6 c6 phan nao lién tuc trong khong gian dic trung.
Meo trién khai: St dung imblearn trong mot pipeline dé tranh ro i di lieu:
from imblearn.pipeline import Pipeline
pipe = Pipeline ([
(’smote’, SMOTE(random_state=42)),
(’knn’, KNeighborsClassifier (n_neighbors=5))

D
pipe.fit(X_train, y_train)

7.2.4 Giam mau Lép da sb

Doi khi viec loai bo cac vi du da sé c¢6 thé gitip can bang dit lieu ma khong can thém cac diém tong
hgp. Céac phuong phap gidm méiu (ngdu nhién hodc c6 thong tin) bé mot s6 mau da s6, lam cho cac 16p
can béang hon.

from imblearn.under_sampling import RandomUnderSampler

rus = RandomUnderSampler (sampling_strategy=’auto’, random_state=42)

X_under , y_under = rus.fit_resample(X_train, y_train)

knn = KNeighborsClassifier (n_neighbors=5).fit(X_under, y_under)

Danh d6i: Giam mau tranh di lieu téng hop, nhung véi chi phi loai bé dit ligu ¢6 thé hitu ich. Néu
16p da s6 ctia ban cyc ky 16n, gidm mau ngdu nhién c6 thé hiéu qua va nhanh.
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7.2.5 Diéu chinh Ngudng Quyét dinh

kNN c6 thé tao ra dau ra xac suat (vi du: sit dung predict_proba, cho tj 1&¢ hang x6m bé phiéu cho
mbi 16p). Thay vi sit dung nguéng mic dinh 0.5 dé gan nhan duong (thiéu s6), ban c¢6 thé dich chuyén
ngudng dé wu ai thiéu so.

probs = knn.predict_proba(X_val)[:, 1]

for thr in np.linspace(0,1,101):

preds = (probs > thr).astype(int)
f1 = f1_score(y_val, preds)

Khi nao si¥ dung: Diéu chinh ngudng 13 mot buéc hau xit 1y tréen kNN da duge huan luyén. N6
dac biet hitu ich trong cidc van dé nhi phan noi false negative ton kém.

7.2.6 Phuong phap Ensemble v6i kNN

Ensembling c¢6 thé gidm thiéu mét can bang 16p bang cach két hop nhiéu mo hinh. Hai cach tiép can
phd bién: bagging va boosting.

Bagging KNN: Huéan luyén nhiéu kNN trén cac tap con khac nhau ciia dit lieu (véi thay thé). Trong
cac bién thé bagging can bing, mdi mau bootstrap dugc can bang bang cach sit dung over /undersampling.

#BalancedBaggingClassifier
from imblearn.ensemble import BalancedBaggingClassifier

3 balanced_bagging = BalancedBaggingClassifier (

base_estimator=KNeighborsClassifier (),
n_estimators=10,
random_state=42

7.3 Dt liéu c6 su khac biét vé thang do
KNN dimng khoang cach giita diém can di doan va cac diém trong tap huan luyén. Néu mot dac trung
¢6 thang do 16n (vi du: thu nhap 0-100,000) va mot dic trung khac c6 thang do nhé (vi du: tudi
0-100), thi thang do 16n sé chi phdi cac tri tuyét ddi ctia hiéu s6 va do d6 chi phdi toan bo khoang
cach. Két qua: kNN "quan tam"nhiéu dén dic trung 16n va hau nhu bé qua dic trung nhé — diéu nay
thuong 1a khong mong mudn.
7.3.1 Vi sao lai chi phéi? (céng thitc + minh hoa s6)
Cong thic khoang cach Euclidean
Khoang cach Euclidean gitta hai vecto x va y la:
d(x,y) =  [> (@i —y)? (1)
i

Néu v6i mot chi s6 j ta c6 x; & thang do 16n, thi (z; —y;)? ¢6 thé 16n gip hang trigu 1an cac (z; —y;)?
khéc — nén tong vi can bac hai bi chi phéi béi thanh phan dé.
Vi du sé (tinh ré ting budc)

Gié st chi ¢6 2 dac trung: Income (don vi VND), Age (nam).

e Diém can dy dodn: x = [50000, 30] (income = 50,000; age = 30)
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e Neighbor A: a = [60000, 31]

e Neighbor B: b = [40000, 35]

Tinh khoang cach dén Neighbor A

Hiéu income:

Binh phuong:
Hiéu age:

Binh phuong:
Téng binh phuong:
Khoang cach:

Tinh khoang cach dén Neighbor B

Hiéu income:

Binh phuong:

Hiéu age:

Binh phuong;:
Téng binh phuong:
Khoang cach:

60000 — 50000 = 10000

100002 = 100, 000, 000
31-30=1

12=1

100, 000, 000 + 1 = 100, 000, 001

4/ 100, 000,001 ~ 10, 000.00005

40000 — 50000 = —10000

10000% = 100,000, 000
35-30=5

52 =25

100, 000, 000 + 25 = 100, 000, 025

100, 000, 025 =~ 10, 000.00125

Két qua: Khoang cach chii yéu do income quyét dinh; hiéu s6 tudi (1 vs 5) chi thay ddi khoang
cach & phan thap phan rat nhd — tic tudi gan nhu khéng anh hudéng t6i quyét dinh chon neighbor.

Sau khi chuan héa vé [0,1]

Bay gio chuan héa vé [0,1] (vi du Min-Max: income / 100,000; age / 100):

e x' =[0.5,0.30]
e a' =[0.6,0.31]

o b/ =[0.4,0.35]

Khoang cach dén A sau chuan héa

Diff income: 0.6 —

0.5=0.1—0.12=0.01

Diff age: 0.31 — 0.30 = 0.01 — 0.01% = 0.0001
Sum: 0.01 +0.0001 = 0.0101

d =~ +0.0101 =~ 0.1005
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Khoang cach dén B sau chuan héa

Diff income: 0.4 —0.5=—-0.1 — 0.01
Diff age: 0.35 — 0.30 = 0.05 — 0.0025
Sum: 0.01 4+ 0.0025 = 0.0125

d =~+v0.0125 ~ 0.1118

Sau khi chuan héa, thanh phan tudi déng gép ré rét vao khoang cach — titc kNN gid can bing
hon gitta hai déc trung.
7.3.2 Hau qua thuc té trén kNN
Lua chon hang x6m sai

Nhitng diém gidéng vé dic tinh quan trong nhung khac vé thang do 16n sé bi bd qua.

Quyét dinh phan 16p bi léch

Ranh phan 16p phan anh dic trung 16n, dan t6i gidm hiéu qua (dac biet néu dic trung nho la quan
trong cho phan biét 16p).

D6 nhay véi nhiéu va outlier

Néu thang do 16n c6 outlier, cac khodng cach sé bi méo manh.

Anh huéng dén cac metric xac suat

predict_proba (ti l¢ phiéu lang giéng) bi chi phdi bdi neighbors theo thang do 16n.

7.3.3 Chuéan héa va Scaling

Chuan héa la bude quan trong nhat trong Feature Engineering cho KNN vi thuat toan dua vao khoidng
cach Euclidean.

7.3.3.1 Min-Max Scaling
Chuyén ddi dit lieu vé khoang [0, 1]:

- X — Xmin
Xscaled = m (22)

I from sklearn.preprocessing import MinMaxScaler
2 import numpy as np

i X = np.array([[1, 2000], [2, 3000], [3, 100011)

6 # Min-Max Scaling

7 scaler = MinMaxScaler ()
s X_scaled = scaler.fit_transform(X)
9 print(" D liu g ¢ :\n", X)

0 print ("Sau Min-Max Scaling:\n", X_scaled)
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7.3.3.2 Standard Scaling (Z-score Normalization)
Chuyén déi dit licu vé phan phdi chuan véi mean=0 va std=1:

X—p

Xscaled = (23)
from sklearn.preprocessing import StandardScaler
# Standard Scaling
standard_scaler = StandardScaler ()
X_standard = standard_scaler.fit_transform(X)
print ("Sau Standard Scaling:\n", X_standard)
7.3.3.3 Robust Scaling
St dung median va IQR, it bi &nh huéng bdi ngoai lai:
X — median(X)
X = 24
scaled IQR(X) ( )
from sklearn.preprocessing import RobustScaler
3 # Robust Scaling
robust_scaler = RobustScaler ()
X_robust = robust_scaler.fit_transform(X)
print ("Sau Robust Scaling:\n", X_robust)
7.3.3.4 So sanh cac phuong phap scaling
Truong hgp di liéu Phuong phap scaling | Giai thich
nén dung
C6 nhiéu outlier RobustScaler Dung median va IQR thay vi mean va std,
nén it bi anh huéng béi gia tri cyc doan.
Mudn dua gia tri vé mot | MinMaxScaler Bao toan hinh dang phan phdi nhung thay
khoang cu thé (vi du [0,1]) ddi bien, hitu ich cho céc thuat todn yeu
cau pham vi ¢6 dinh (nhu mang no-ron,
KNN).
Phan phéi gan chuan | StandardScaler Dua dit lieu vé mean = 0, std = 1, phu
(Gaussian) hop cho mo hinh giad dinh dit lieu chuan
hoa (nhu Logistic Regression, SVM).
Phan phéi khong chuan, | MaxAbsScaler Chia cho gia tri tuyét d6i 16n nhat, phu
mudn giam tac doéng cha hgp d liéu thua (sparse).
outlier nhe
Khéng chic phan phdi thé | Thit cd | Vi anh hudng cta scaling phu thuéc mo
nao StandardScaler va | hinh va dic diém di lieu.
RobustScaler roi danh
gia trén cross-validation

Bang 2: Lya chon phuong phéap scaling phtt hgp véi dit lieu
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7.4 Outliers va Noise

Outliers (gid tri ngoai lai) va noise (nhiéu, bao gom 16i trong features hosic label) 1a hai dang sai lech
dit lieu thuong gap. V6i K-Nearest Neighbors (kNN), vi thuat toan quyét dinh duya trén khodng cdch t6i
cac lang giéng cuc bo, nén nhimg diém bat thuong hodc nhan sai ¢6 thé gay anh huéng manh dén két
qué phan loai/udc lugng.

kNN thudng dung khoang cach Euclid (hodc cac metric khac). Véi hai vector mau x,y € RP:

p

da,y) = | S (@ — ).

=1

Néu mot chidu j ¢6 thang do lon (hodc c6 outlier cyc 16n), thi thanh phan (x; — y;)? sé chiém ap ddo
téng trén, lam cho cac chiéu khac khong con anh hudéng dang ké len d(z,y). Két qua 1a kNN “quan tam”
chii yéu dén chiéu c6 gia tri 16n hoac outlier, dan tdi lya chon lang giéng sai.

7.4.1 Vi du
Gia st chi ¢6 hai dac trung: Income (don vi VND) va Age (ndm). Diém can phan loai:
2 = [50000, 30).

Hai lang giéng:
a = [60000, 31], b= [40000, 35].
Tinh khoang cach Euclid (khong chuan hod):
d(z,a)* = (60000 — 50000)% 4 (31 — 30)% = 100002 + 12 = 100000000 + 1 = 100000001,
d(z,a) = v/100000001 ~ 10000.00005.
d(x,b)? = (40000 — 50000)2 + (35 — 30)? = (—10000)? 4+ 52 = 100000000 + 25 = 100000025,
d(z,b) = v/100000025 ~ 10000.00125.

Nhu vay, su khac bigt vé tudi (1 vs 5) gan nhu khong 4nh huéng vi Income (thang 16n) chi phéi.
Néu chuan hoa Min-Max (Income chia cho 100000, Age chia cho 100):

2’ =105, 0.30], o =106, 0.31], b =][0.4, 0.35].
Tinh lai:
d(z',a')* = (0.6 — 0.5)% + (0.31 — 0.30)> = 0.1% + 0.01% = 0.01 + 0.0001 = 0.0101,
d(z',a’) = v/0.0101 ~ 0.1005.
d(z',b')? = (0.4 — 0.5)? + (0.35 — 0.30)> = 0.12 + 0.05% = 0.01 + 0.0025 = 0.0125,
d(z',b") = +/0.0125 ~ 0.1118.
Sau khi chuan ho4, thanh phan tudi c6 déng goép ré rét hon va quyét dinh lang giéng gan nhat tré nén
hop 1y hon.
7.4.2 Ngudn gbc va kiéu noise
e Noise trong features: 15i do ludng, gia tri bi nhap sai, hoisic dit lieu thiéu chuyén déi don vi.
e Outliers: sy khac biét thuc su (rare event) hodc dit liéu sai (erroneous entry).

e Noise trong labels: nhin bi gan sai (label flip), do 16i con ngudi hodc nhan mo ho.
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7.4.3 Hé qua cu thé cho kNN
e Chon sai lang giéng: Mot outlier c6 khoang cach nhd t6i mau mdéi cé thé chi phdi phiéu bau.

e Bién phan I6p bi méo: Ranh gi6i quyét dinh trd nén phitc tap/khong chinh xac do vai diém
nhiéu.

e Gidm do tin cay ctia xac suéat: predict_proba (ti 1¢ phiéu) bi 4nh hudéng manh khi trong
neighborhood cé nhiéu nhiéu.

e Déi véi regression: outliers lam ting MSE do anh huéng binh phuong trén sai sb.
e Trong khong gian nhiéu chiéu: outliers con nguy hiém hon vi curse of dimensionality khién
moi diém déu tuong ddi xa — outlier cang dé chi phdi.
7.4.4 Cac phuong phap xit ly va khuyén nghi
7.4.4.1 Tién x1t ly (preprocessing)

e Phat hién va loai outlier: dung IQR rule, z-score, hodc phuong phéap dua trén mat do (DBSCAN,
Isolation Forest). Néu outlier 1a 18i, loai bo; néu 1a sy kién hgp lé, can nhic giit nhung xit 1y dic
bict.

e Scaling robust: diing RobustScaler (median + IQR) néu c6 nhiéu outlier; hoic StandardScaler
/ MinMaxScaler néu khong c6 outlier.

7.4.4.2 Lam sach nhan (label cleaning)

e Edited Nearest Neighbours (ENN): loai b6 mau ma nhéan ctia né khac v6i nhan da s6 ctia k
lang gieng — thuong gitp loai label noise.

e Tomek Links: cip hai miu thudc 2 16p khéc nhau ma 1a nearest neighbor ctia nhau; xo4 méau
clia class da s6 dé lam bién ré hon.

7.4.4.3 Thay dbi cach tinh khoang cich / bé anh huéng outlier

e Mahalanobis distance:

dur(e.y) = /(@ ) TS 1z — ),

trong d6 S 14 ma tran hiép phuong sai. Mahalanobis chuan hoa theo phuong sai va loai bo tuong
quan gitta cac chiéu.

e Ham trong sé tir khoing cach: ding weights=’distance’ hoic ham Gaussian dé gidm anh
hudng clia cac lang gieng xa/khong lién quan.
7.4.4.4 Thay déi ciu triic mau / mé hinh

e Ting k dudc chon can trong: k 16n lam mudt bién v gidm &dnh hudng ciia mot vai outlier,
nhung k qua 16n c¢6 thé lam mat chi tiét.

e Ensemble / bagging véi resampling: mdi bag can bing hosic lam sach dit lieu sé gidm thiéu
tdc dong clia nhiéu.

e Chuyén qua mé hinh it nhay dén scaling /outlier: vi du Random Forest, c6 thé chiu outlier
t6t hon.
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7.4.4.5 Vi du pipeline (Python, scikit-learn 4+ imbalanced-learn)

from
from

3 from

from

pipe

5 pipe.

sklearn.pipeline import make_pipeline

sklearn.preprocessing import RobustScaler

sklearn.neighbors import KNeighborsClassifier

imblearn.under_sampling import EditedNearestNeighbours

= make_pipeline(
RobustScaler (), # reduce impact of outliers on features
EditedNearestNeighbours (), # Edit noise labels

KNeighborsClassifier (

n_neighbors=5,
weights=’distance’ # weight voting

fit(X_train, y_train)

y_pred = pipe.predict(X_test)

7.4.4.6 Cht y thuc nghiém va danh gia

e Cross-validation stratified: diing StratifiedKFold dé giit ti lé 16p khi danh gia.

e Metrics phu hgp: v6i imbalance hodc khi minority quan trong, dung Precision/Recall /F1, AUC-

PR, hoac Balanced Accuracy thay vi chi dung accuracy.

e Khong ro ri dit liéu: fit tat cd bo loc/Scaler chi trén train trong mdi split CV (dung pipeline

dé tranh leakage).
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7.5 Feature Correlation
7.5.1 Tac dong ciia Feature Correlation 1én KNN

Trong nhiéu tap dit lieu, dic trung (features) thudng c6 tuong quan cao véi nhau. Vi dy, trong dit ligu
vé nha dat, Dien tich va S6 phong ngii c6 thé cling ting khi nha lén hon.
Khi tuong quan qua cao, ta gap hién tugng multicollinearity (da cong tuyén), dan dén:

e Méo khoang cach: Véi cac thuat toan dya trén khodng cach (KNN, K-Means...), hai dac trung
gidbng nhau khién mot huéng trong khong gian bi “kéo” manh, lam két qua do khoang cach mét
can bang.

e Ting dimensionality khong can thiét: Cac feature gan nhu triing lip khong cung cap them
thong tin nhung van tang s6 chiéu, lam mo6 hinh phiic tap hon (curse of dimensionality).

e Gay instability: Trong cdc mo hinh tuyén tinh (Linear Regression, Logistic Regression), hé s6
udc lugng (coefficients) c6 thé thay ddi 16n khi di liéu bién dong nhe.

¢ Redundant Information Amplification:

— Features tuong quan cao cung cap thong tin trung lap
— Trong vi du: area_m2, area_ ft, area_double vé co ban 1a cuing 1 thong tin

— Ching chiém 40% trong s6 trong distance calculation
e Dilution of Important Signals:

— Features thiyc sy quan trong (rooms, age, distance cbd) bi "pha loang"

— KNN kho phan biét gita nhitng diém thuyc su khéc biét vé business logic
e Computational Inefficiency:
— Tinh toan khodng cach trén nhiéu features redundant
— Increased memory usage va training time
7.5.2 Tinh hudng: Dy doan Gia Nha
Gia sit ching ta c6 dataset vé gia nha véi cac features sau:
e Area (m?): Dién tich nha
e Area_ft: Dien tich nha (feet?) = Area x 10.764
e Rooms: S6 phong
e Age: Tudi nha
e Distance CBD: Khoang cach dén trung tam (km)

Van dé: Area vi Area_ft c6 correlation = 1.0 (perfect correlation)
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Tao Dit lieu Mau

import numpy as np

import pandas as pd

from sklearn.neighbors import KNeighborsClassifier

from sklearn.model_selection import train_test_split, cross_val_score
from sklearn.preprocessing import StandardScaler

from sklearn.metrics import accuracy_score, classification_report
import matplotlib.pyplot as plt

import seaborn as sns

# Set random seed cho reproducibility
np.random. seed (42)

n_samples = 1000

5 # Feature

area_m2 = np.random.normal (150, 50, n_samples) # 100-200 m

7 rooms = np.random.randint(l, 6, n_samples) # 1-5 rooms

age = np.random.randint (0, 50, n_samples) # 0-50 years old
distance_cbd = np.random.normal(lo, 5, n_samples) # 5-15 km

# Features have high correlation with area_m2
area_ft = area_m2 *x 10.764 # Perfect correlation (r
area_double = area_m2 * 2 # Perfect correlation (r

1.0)
1.0)

# Logic business
price_score = (

area_m2 * 0.01 +

rooms * 10 +

(50 - age) * 0.5 +

(20 - distance_cbd) * 2

s # 3 Class: Low, Medium, High price

price_class = pd.cut(price_score, bins=3, labels=[’Low’, ’Medium’, ’High’])

# Create DataFrame

7 df = pd.DataFrame ({

’area_m2’: area_m2,

area_ft’: area_ft, # Highly correlated v i area_m2
’area_double’: area_double, # Highly correlated v i area_m2
’rooms’: rooms,

’age’: age,

’distance_cbd’: distance_cbd,

’price_class’: price_class

b

7 print ("Dataset shape:", df.shape)

print ("\nFirst 5 rows:")
print (df .head ())

Phan tich Correlation

# Correlation matrix
correlation_matrix = df.drop(’price_class’, axis=1).corr ()

print ("Correlation Matrix:")
print (correlation_matrix.round(3))
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# Visualize correlation

;. plt.figure(figsize=(10, 8))

sns.heatmap (correlation_matrix, annot=True, cmap=’RdBu’, center=0,
square=True, fmt=’.3f’)

plt.title(’Feature Correlation Matrix’)

plt.tight_layout ()

plt.show ()

# High correlation pairs
def find_high_correlation_pairs(corr_matrix, threshold=0.8):
high_corr_pairs = []
for i in range(len(corr_matrix.columns)):
for j in range(i+l, len(corr_matrix.columns)):
corr_val = abs(corr_matrix.iloc[i, jl)
if corr_val > threshold:
high_corr_pairs.append(
(corr_matrix.columns[i],
corr_matrix.columns[j],
corr_val)
)

return high_corr_pairs

high_corr = find_high_correlation_pairs(correlation_matrix, 0.9)
print ("\nHigh correlation pairs (>0.9):")
for pair in high_corr:

print (f"{pair [0]} - {pair[1]}: {pair[2]:.3f}")

Két qua mong ddi:
High correlation pairs (>0.9):
area_m2 - area_ft: 1.000

area_m2 - area_double: 1.000
area_ft - area_double: 1.000

Test KNN véi Original Data (c6 correlation)

X
y

df .drop(’price_class’, axis=1)
df [’ price_class ’]

# Encode target labels

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()

y_encoded = le.fit_transform(y)

# Split data
X_train, X_test, y_train, y_test = train_test_split(
X, y_encoded, test_size=0.2, random_state=42, stratify=y_encoded

)
# Scale data
scaler = StandardScaler ()
X_train_scaled = scaler.fit_transform(X_train)
7 X_test_scaled = scaler.transform(X_test)
print ("Used features:", X.columns.tolist())
print ("Training set shape:", X_train_scaled.shape)

# Test KNN with original data
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knn_original = KNeighborsClassifier(n_neighbors=5, weights=’distance’)
knn_original.fit(X_train_scaled, y_train)

# Cross-validation score
cv_scores_original = cross_val_score(
knn_original, X_train_scaled, y_train, cv=5, scoring=’accuracy’

)

# Test set performance

y_pred_original = knn_original.predict(X_test_scaled)

test_accuracy_original = accuracy_score(y_test, y_pred_original)

print (f"\n=== KNN with High Correlation Data ==="

print (£"CV Accuracy: {cv_scores_original .mean():.4f} (+/- {cv_scores_original.std()
x2:.4f3)")

print (f"Test Accuracy: {test_accuracy_original:.4f}")

Minh hoa Tac dong ctia Correlation

# Calculate distance to see the impact of correlation

pointl = np.array([100, 1076.4, 200, 3, 10, 5]) # area_m2=100, area_ft=1076.4,
area_double=200

point2 = np.array([101, 1087.2, 202, 3, 10, 5]) # area_m2=101, area_ft=1087.2,
area_double=202

pointl_scaled = scaler.transform([point1]) [0]
point2_scaled scaler.transform([point2]) [0]

# Euclidean distance
distance = np.sqrt(np.sum((pointl_scaled - point2_scaled) ** 2))

print(£f"\n=== PH N T CH KHONG C CH ===")
print (f"Point 1 (scaled): {pointl_scaled}")

3 print (£"Point 2 (scaled): {point2_scaledl}")

print (f"Euclidean distance: {distance:.4f}")

# Ph n t ch contribution <c¢ a t ng feature

feature_names = X.columns

diff_squared = (pointl_scaled - point2_scaled) *x 2

for i, feature in enumerate (feature_names):
contribution = diff_squared[il]
percentage = (contribution / diff_squared.sum()) * 100
print (f"{feature}: {contribution:.6f} ({percentage:.1f}%)")

print (£"\ n T ng ¢ ng : {diff_squared.sum():.6f}")

5 print (f"Distance: {np.sqrt(diff_squared.sum()):.6f}")

Két qua du kién:

=== PHAN TICH KHOANG CACH ===
area_m2: 0.000400 (13.3%)
area_ft: 0.000400 (13.3%)
area_double: 0.000400 (13.3%)
rooms: 0.000000 (0.0%)

age: 0.000000 (0.0%)
distance_cbd: 0.000000 (0.0%)

Van deé: 3 features vé dién tich (area m2, area_ft, area double) cung cip thong tin gidng hét

nhau nhung chiém 40% trong s6 trong khodng cach!
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Remove Correlated Features

# L oi b features c correlation cao
def remove_highly_correlated_features(df, threshold=0.9):
corr_matrix = df.corr().abs()

# T m upper triangle <c a correlation matrix
upper_triangle = corr_matrix.where(
np.triu(np.ones (corr_matrix.shape), k=1).astype (bool)

)

# T m features <c¢ n drop
to_drop = [column for column in upper_triangle.columns
if any(upper_triangle[column] > threshold)]

return df.drop(columns=to_drop), to_drop

# Remove correlated features
X_reduced, dropped_features = remove_highly_correlated_features(
X, threshold=0.9

print (f"Dropped features: {dropped_features}")
print (f"Remaining features: {X_reduced.columns.tolist()1}")
print (f"Original features: {X.shape[1]} -> Reduced: {X_reduced.shape[1]3}")

# Re-split v i reduced features
X_train_red, X_test_red, y_train_red, y_test_red = train_test_split(
X_reduced, y_encoded, test_size=0.2, random_state=42, stratify=y_encoded

)

# Re-scale

scaler_red = StandardScaler ()

X_train_red_scaled = scaler_red.fit_transform(X_train_red)
; X_test_red_scaled = scaler_red.transform(X_test_red)

Phan tich Detailed vé Distance Impact

print ("\n=== CASE STUDY: DISTANCE IMPACT ===")

# Case 1: Same business logic but different correlated features
house_A = {

’area_m2’: 120,

’area_ft’: 120 * 10.764,

’area_double’: 120 * 2,

rooms’: 3,

’age’: b,

’distance_cbd’: 8

house_B = {
’area_m2’: 121,
’area_ft’: 121 *x 10.764,
’area_double’: 121 * 2,
rooms’: 3,
’age’: b,
’distance_cbd’: 8
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# Case 2: Different business logic
house_C = {
’area_m2’: 120,
area_ft’: 120 *x 10.764,
’area_double’: 120 * 2,
’rooms’: 2,
’age’: 20,
’distance_cbd’: 15

# Convert to arrays

; houses_original = np.array ([

list (house_A.values()),
list (house_B.values()),
list (house_C.values ())

iD)

houses_reduced = np.array([
[house_A[’area_m2’], house_A[’rooms’], house_A[’age’], house_A[’distance_cbd’]],
[house_B[’area_m2’], house_B[’rooms’], house_B[’age’], house_B[’distance_cbd’]],
[house_C[’area_m2’], house_C[’rooms’], house_C[’age’], house_C[’distance_cbd’]]

iD)

5 # Scale houses
houses_original_scaled = scaler.transform(houses_original)
houses_reduced_scaled = scaler_red.transform(houses_reduced)

# Calculate distances
from scipy.spatial.distance import euclidean

# Distance A-B vs A-C with original features
dist_AB_orig euclidean (houses_original_scaled[0], houses_original_scaled[1])
dist_AC_orig = euclidean(houses_original_scaled[0], houses_original_scaled[2])

# Distance A-B vs A-C with reduced features
dist_AB_red = euclidean(houses_reduced_scaled[0], houses_reduced_scaled[1])
dist_AC_red = euclidean(houses_reduced_scaled[0], houses_reduced_scaled [2])

print (f"ORIGINAL FEATURES:")
print (f"Distance A-B ( g i ng v business): {dist_AB_orig:.4f}")
print (f"Distance A-C (kh ¢ v business): {dist_AC_orig:.4f}")

3 print (f"Ratio (A-C / A-B): {dist_AC_orig / dist_AB_orig:.2f}")

5 print (£"\nREDUCED FEATURES:")

print (f"Distance A-B ( g i ng v business): {dist_AB_red:.4f}")

7 print (f"Distance A-C (kh ¢ v business) : {dist_AC_red:.4f}")

print (f"Ratio (A-C / A-B): {dist_AC_red / dist_AB_red:.2f}")

print(f"\n=== PH N T CH ===")

if dist_AC_orig / dist_AB_orig < dist_AC_red / dist_AB_red:
print (" Sau khi remove correlation: KNN ph n bit tt hn gia™)
print (" nh g ing vs kh c v m t business logic!")

Visualize Impact

# T o visualization cho impact
fig, axes = plt.subplots(2, 2, figsize=(15, 10))

# 1. Correlation heatmap ¢t r c v sau
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sns.heatmap(correlation_matrix,

axes [0,0].

corr_reduc

sns .heatmap (corr_reduced,

axes [0,1].

# 2. Accur
methods
cv_scores

7 test_score

annot=True, cmap=’RdBu’, center=0,
ax=axes [0,0], square=True, fmt=’.2f’)

set_title(’0Original Features Correlation’)

ed = X_reduced.corr ()
annot=True, cmap=’RdBu’, center=0,
ax=axes [0,1], square=True, fmt=’.2f’)

set_title(’After Removing Correlated Features’)

acy comparison

[’0riginal\n(with correlation)’, ’Reduced\n(no correlation) ’]
[cv_scores_original .mean(), cv_scores_reduced.mean ()]
[test_accuracy_original, test_accuracy_reduced]

s =

x = np.arange (len(methods))

width = 0.35

axes [1,0] .bar(x - width/2, cv_scores, width, label=’CV Accuracy’, alpha=0.8)
axes [1,0].bar(x + width/2, test_scores, width, label=’Test Accuracy’, alpha=0.8)
axes [1,0].set_ylabel(’Accuracy’)

axes [1,0].set_title(’KNN Performance Comparison’)

axes[1,0].set_xticks (x)

axes[1,0].set_xticklabels (methods)

axes [1,0].1legend ()

axes [1,0].grid(True, alpha=0.3)

# 3. Distance comparison

distance_types
orig_distances

red_distan

X
axes [1,1]

=0.8)
axes[1,1]
axes[1,1].
axes[1,1].
axes[1,1].
axes[1,1].
axes[1,1].
axes[1,1].

plt.tight_
plt.show ()

.bar(x + width/2,

[’A-B\n(Similar houses)’, ’A-C\n(Different houses) ’]
[dist_AB_orig, dist_AC_origl]

[dist_AB_red, dist_AC_red]

ces

np.arange (len(distance_types))
.bar(x - width/2,

orig_distances, width, label=’0Original features’, alpha
red_distances,
set_ylabel (’Euclidean Distance’)
set_title(’Distance Comparison’)
set_xticks (x)

set_xticklabels (distance_types)
legend ()

grid (True,

width, label=’Reduced features’, alpha=0.8)

alpha=0.3)

layout ()
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ORIGINAL FEATURES:

Distance A-B (gidng vé business): 3.6742
Distance A-C (khdc vé business): 3.6742
Ratio (A-C [ A-B): 1.8

REDUCED FEATURES:

Distance A-8 (gidng v& business): 2.1213
Distance A-C (khdc vé business): 3.6742
Ratio (A-C [ A-B): 1.73

Original Features Correlation After Removing Correlated Features
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Hinh 5: Anh huéng feature correlation dén performance cia KNN

7.5.3 Cach x1it ly Feature Correlation

Khi phét hién cac features c6 correlation cao, chiing ta c6 nhiéu cach tiép can dé xit 1y van dé nay. Duéi
day la cac phuong phap chinh dudc st dung trong thuc té.

7.5.3.1 Loai bo Feature du thira

Phuong phép don gidn va hiéu qua nhat 1a loai bd cac features cé correlation cao véi nhau. Thong
thuong, chiing ta gitt lai feature c6 tuong quan manh nhat véi target variable hodc feature c6 y nghia
business quan trong hon.

1 import numpy as np

2 import pandas as pd

3

1 def remove_correlated_features(X, threshold=0.8):

5 nun

6 Remove features with high correlation
7

8 Parameters:

9 o ————-----

10 X : array-like
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Feature matrix
threshold : float
Correlation threshold for removal (default: 0.8)

Returns:
X_reduced : array

Feature matrix after removal
dropped_features : list

List of indices of dropped features
nnn
corr_matrix = np.corrcoef (X.T)
corr_df = pd.DataFrame (corr_matrix)

# Create upper triangle to avoid duplicate comparisons
upper_tri = corr_df .where (

np.triu(np.ones(corr_df.shape), k=1).astype(bool)
)

# Find features with correlation > threshold
to_drop = [column for column in upper_tri.columns

if any(abs(upper_tril[column]) > threshold)]

# Remove features
X_reduced = np.delete(X, to_drop, axis=1)

return X_reduced, to_drop

# Use the function

10 X_reduced, dropped_features = remove_correlated_features(X, threshold=0.8)
2 print ("Dropped features:", dropped_features)

3 print ("Original shape:", X.shape)

44 print ("Shape after removal:", X_reduced.shape)

7.5.3.2 S& dung VIF (Variance Inflation Factor)

VIF do mitc do mot feature bi dif doan béi cac features khac. VIF > 10 thuong 14 dau hiéu ctia da cong
tuyén manh (multicollinearity), trong khi VIF > 5 c6 thé dugc coi 1a ¢6 van dé vé correlation.

Cong thic VIF

VIF cho feature i duge tinh bang:
VIF = (25)
trong d6 R? 1a he s xéc dinh khi hdi quy feature i v6i tat ci céc features khac.
Trién khai VIF

1 from statsmodels.stats.outliers_influence import variance_inflation_factor
2 import pandas as pd

i def calculate_vif (X, feature_names=None):

6 Calculate VIF for all features
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Parameters:
X : array-like

Feature matrix
feature_names : list, optional

T n ¢ c¢c features

Returns:
vif_df : DataFrame
DataFrame ¢ h a VIF scores

if feature_names is None:

feature_names = [f"Feature_{i}" for i in range(X.shape[1l])]

vif_df = pd.DataFrame ()

vif_df ["Feature"] = feature_names

vif_df ["VIF"] = [variance_inflation_factor (X,
for i in range (X.shape[1])]

i)

return vif_df.sort_values(’VIF’, ascending=False)

# VIF scores

vif_scores = calculate_vif (X, feature_names=[’Featurel’, ’Feature2’

print ("VIF Scores:")

; print (vif_scores)

# Features with VIF cao

high_vif_features = vif_scores[vif_scores["VIF"] > 10]

7 print (f"\nFeatures ¢ VIF > 10:")

print (high_vif_features)

# Remove iteratively features with high VIF

def remove_high_vif_features(X, feature_names, threshold=10):

Loi b features c VIF cao theo ¢ ch iterative

X_temp = X.copy()
remaining_features = feature_names.copy()
removed_features = []

while True:

vif_df = calculate_vif (X_temp, remaining_features)

max_vif = vif_df [’VIF’].max()

if max_vif <= threshold:
break

feature_to_remove = vif_df.loc[vif_df[’VIF’].idxmax(),

feature_index = remaining_features.index(feature_to_remove)

X_temp = np.delete(X_temp, feature_index,

axis=1)

remaining_features.remove (feature_to_remove)

removed_features.append(feature_to_remove)

print (f"Removed {feature_to_remove} (VIF:

{max_vif:.2f})")

return X_temp, remaining_features, removed_features

B

’Feature3’])

’>Feature ’]
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7 # Apply VIF-based removal

X_vif_reduced, remaining_features,
X, [’Featurel’, ’Feature2’, ’Fe

removed_vif =

ature3’],

remove_high_vif_features(

threshold=10

7.5.3.3 Gidm chiéu (Dimensionality Reduction)

Thay vi loai b features, chiing ta c6 thé sit dung cac ky thuat giam chieu dé két hop thong tin tit cac

features tuong quan cao.

Principal Component Analysis (PCA)

PCA két hop céc features tuong quan thanh cac truc méi khong tuong quan (principal components).

from sklearn.decomposition import PCA

from sklearn.preprocessing import StandardScaler

import matplotlib.pyplot as plt

def apply_pca_for_correlation (X,

Apply PCA for correlation

Parameters:
X : array-1like
Feature matrix

variance_threshold float

Variance want to keep (default:

Returns:

X_pca array

Data sau PCA transformation
PCA object

Fitted PCA object

pca

# Standardiztion before PCA
scaler = StandardScaler ()

X_scaled = scaler.fit_transform
# PCA
pca =
X_pca =

print (f"Original features:
print (£f"PCA components:

return X_pca, pca, scaler
# PCA
X_pca, pca_model, scaler =

# Visualize explained variance
plt.figure(figsize=(10, 6))
plt.subplot (1, 2, 1)

plt.plot (range (1,

0.95)

(XD

{X.shape [1]}")
{X_pca.shape[1]}")
print (f"Explained variance ratio:

pca_model.explained_variance_ratio_,

plt.xlabel (’Principal Component ’)

PCA(n_components=variance_threshold)
pca.fit_transform(X_scaled)

apply_pca_for_correlation (X,

)bo_))

variance_threshold=0.95) :

{pca.explained_variance_ratio_.sum():.3f}")

variance_threshold=0.95)

len(pca_model.explained_variance_ratio_) + 1),
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plt.ylabel (’Explained Variance Ratio’)

7 plt.title(’Scree Plot’)

plt.grid(True)

plt.subplot (1, 2, 2)

cumsum = np.cumsum(pca_model.explained_variance_ratio_)
plt.plot (range(1, len(cumsum) + 1), cumsum, ’ro-’)
plt.axhline(y=0.95, color=’k’, linestyle=’--’, alpha=0.7)

plt.xlabel (’Number of Components’)
plt.ylabel (’Cumulative Explained Variance’)
plt.title(’Cumulative Explained Variance’)
plt.grid(True)

plt.tight_layout ()

) plt.show ()

2 # Print component weights to view feature contribution
; print ("\nPCA Component Analysis:")

feature_names = [f"Feature_{il}" for i in range(X.shapel[1])]
components_df = pd.DataFrame (
pca_model.components_[:3].T, # Ch 1l y 3 components u

columns=[f’PC{i+1}’ for i in range(3)],
index=feature_names

)
print (components_df.round (3))

Autoencoder

Autoencoders ¢6 thé hoc representations nén di lieu, dic biét hitu ich cho non-linear correlations.

import tensorflow as tf

from tensorflow.keras.models import Model

from tensorflow.keras.layers import Input, Dense
from tensorflow.keras.optimizers import Adam

def create_autoencoder (input_dim, encoding_dim):
nnn

T o autoencoder gim chiu d linu
Parameters:
input_dim : int
S features ban u
encoding_dim : int
S chiu sau khi encode
Returns:
autoencoder : Model
Full autoencoder model
encoder : Model

Encoder part only

# Input layer
input_layer = Input(shape=(input_dim,))

# Encoder

encoded = Dense (64, activation=’relu’) (input_layer)
encoded = Dense (32, activation=’relu’) (encoded)
encoded = Dense(encoding_dim, activation=’relu’) (encoded)
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32 # Decoder

33 decoded = Dense (32, activation=’relu’) (encoded)

34 decoded = Dense (64, activation=’relu’) (decoded)

35 decoded = Dense(input_dim, activation=’linear’) (decoded)
36

37 # Models

38 autoencoder = Model (input_layer, decoded)

39 encoder = Model(input_layer, encoded)

10

11 # Compile

12 autoencoder.compile(optimizer=Adam(learning_rate=0.001),
13 loss=’mse’,
14 metrics=[’mae’])

16 return autoencoder, encoder

s # Autoencoder
19 input_dim = X.shape [1]
50 encoding_dim = max(2, input_dim // 3) # Gim xung 1/3 s features

52 autoencoder, encoder = create_autoencoder(input_dim, encoding_dim)

54 # Standardization
55 scaler_ae = StandardScaler ()
56 X_scaled = scaler_ae.fit_transform(X)

58 # Train autoencoder

50 history = autoencoder.fit(X_scaled, X_scaled,
60 epochs=100,

61 batch_size=32,

62 validation_split=0.2,
63 verbose=0)

65 # Encode
66 X_encoded = encoder.predict(X_scaled)

68 print (f"Original shape: {X.shapel}l")
6o print (f"Encoded shape: {X_encoded.shapel}")
70 print (f"Compression ratio: {X_encoded.shape[1] / X.shape[1]:.2f}")

72 # Visualize training history

73 plt.figure(figsize=(12, 4))

74 plt.subplot (1, 2, 1)

75 plt.plot(history.history[’loss’], label=’Training Loss’)

76 plt.plot (history.history[’val_loss’], label=’Validation Loss’)
77 plt.title(’Autoencoder Training Loss’)

78 plt.xlabel (’Epoch’)

79 plt.ylabel(’Loss’)

g0 plt.legend ()

s1 plt.grid(True)

83 plt.subplot(l, 2, 2)

g4 plt.plot (history.history[’mae’], label=’Training MAE’)

85 plt.plot(history.history[’val_mae’], label=’Validation MAE’)
86 plt.title(’Autoencoder Training MAE’)

87 plt.xlabel (’Epoch’)

88 plt.ylabel (’MAE’)

20 plt.legend ()

90 plt.grid(True)
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91

92 plt.tight_layout ()

93 plt.show ()

7.5.3.4 So sanh cac Phuong phap

Bang 3: So sanh cac phuong phap xit Iy Feature Correlation

complex patterns

Phuong phap Uu diém Nhugc diém Khi nao st dung
Loai b6 Features Khi ¢6 features rd rang
. . ~ . redundant
e Don gian e Mat thong tin
o Git nguyén e Can domain knowledge
interpretability
e Nhanh
VIF-based Khi can approach c6
Removal . statistical backin
o Co statistical e Computational &
foundation expensive
e Iterative removal . Cé\ thé remove qua
nhieu
e Objective
threshold
PCA Khi correlation pattern
o . L . linear
e Git lai most e Mat interpretability
variance ) )
e Linear assumptions
e Linear
combinations
e Orthogonal
components
Autoencoder Khi ¢6  non-linear
e Handle non-linear e Complex to implement correlations
e Flexible e Need tuning
architecture
e Black box
e Can capture

o1




	Phần I: Lý Thuyết
	Machine Learning: Review
	KNN Motivation
	Lazy Learning vs. Eager Learning
	Ví dụ Minh Họa: Sinh Viên Thi Cuối Kỳ
	KNN - Một Phương Pháp Instance-based Learning
	KNN: Cách Hoạt Động
	Kết luận

	KNN for Classification
	How to Select K in KNN
	Lựa chọn k trong k-NN
	Ảnh hưởng của k trong KNN (Brute-force)
	Cách giải quyết vấn đề khi k là số chẵn?
	Nếu k quá lớn hoặc k quá bé thì xảy ra hiện tượng gì?
	Kết luận

	KNN for Regression
	Tăng tốc KNN bằng KD-Tree
	KNN với Brute-Force
	KD-Tree: Cấu trúc dữ liệu giúp tăng tốc KNN
	Tìm kiếm KNN bằng KD-Tree
	Ưu điểm của KD-Tree trong KNN
	Hạn chế của KD-Tree trong KNN
	Kết luận

	Feature Engineering and Feature Selection trong KNN
	Dữ liệu nhiều chiều
	Dữ liệu mất cân bằng về lớp class
	Dữ liệu có sự khác biệt về thang đo
	Outliers và Noise
	Feature Correlation 



