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1 Hoc c6 giam sat

Dich bdi Tran Tudn Anh, Pam Minh Tién, Hung Nguyén va Nguyén Tri Minh

1.1 Gié6i thiéu vé hoc ¢ gidm sat

Cho mét tap hop céc diém dit lieu {z(), ..., (™)} tuong ting véi d6 1a tap cc dau ra {yV, ...,y ("™},
chting ta muén xay dung mot bé phan loai hoc duge cach du dodn y tit .

O Loai dy doan — Céc loai mé hinh du doan dugc téng két trong bang bén duéi:

Hbi quy Phan loai

DPiu ra Lién tuc Lép

Céc vi du | Hbéi quy tuyén tinh | Hdi quy Logistic, SVM, Naive Bayes

O Loai m6 hinh — Cic m6 hinh khic nhau duge téng két trong bang bén dusi:

M6 hinh phan biét M6 hinh sinh

Uéc lugng P(z|y) dé tiép

Uéc lugng tryc tiép P(y|z
ong try p P(y|z) tuc suy luan P(y|x)

Muc tiéu

Nhitng gi hoc dugc Bién quyét dinh Phan b xéc suat cta dit liéu

Vi ) = O
/ ('\/6 5\ =
h minh h ’ /CQ : o
Hinh minh hoa / R 9/ ic}

GDA, Naive Bayes

Céc vi du Hbi quy, SVMs

1.2 Céc ki hiéu va khai niém téng quat
0O Hypothesis — Hypothesis dugc ki hi¢u la hg, 14 mét mo6 hinh ma ching ta chon. Véi dit lieu

dau vao cho trude (9, mé hinh dy doan dau ra 1a hg(z(®).

0 Ham méit mét — Him mat mat 13 mét ham s6 dang: L : (z,y) ER x Y — L(z,9) € R lay
dau vao 13 gid tri du doan dudc z tuong tGng véi dau ra thuc té 13 y, ham cé dau ra la sy khéac
biét gifta hai gid tri ndy. Cdc ham mét mat phd bién dudc tdng két & bang dudi day:

Least squared error

MAt mat Logistic

MAt mat Hinge

Cross-entropy

log(1 + exp(—yz))

max (0,1 — yz)

~[vlog(2) + (1 = ) log(1 — 2)]

yeR

Hbi quy tuyén tinh

Hdi quy Logistic

Mang neural

0 Ham gia tri (Cost function) — Cost function J thudng dugc st dung dé danh gid hic¢u
ning ctia mo6 hinh va duge dinh nghia véi ham méit mat L nhu sau:

1=1

JO) = Lihe(@?),y")

0 Gradient descent — Bing viéc ki hiéu a € R 14 téc d6 hoc, viéc cap nhat quy tic/ luat cho

gradient descent dugc mé ta véi téc do hoc va cost function J nhu sau:

0+— 60— aVv.J(0)

Chai oj: Stochastic gradient descent (SGD) la viéc cdp nhdat tham sé duwa theo moi vi du hudn
luyén, va batch gradient descent la dua trén mot 16 (batch) cdc vi du hudn luyén.

0 Likelihood — Likelihood ctia mét mé hinh L(6) v&i tham s 6 duge sit dung dé tim tham s
t6i wu O théng qua viéc cuc dai hoa likelihood. Trong thuc té, ching ta sit dung log-likelihood
£(0) = log(L(#)) dé dé dang hon trong viéc t6i wu hoa. Ta cé:

6°P* = arg max L(0)
0

0 Giai thuat Newton — Gidi thuat Newton 1a mét phuong thitc s6 tim 6 thod man diéu kién
£'(0) = 0. Quy tac cap nhat ctia né 1a nhu sau:
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(9)

0« 6—
A 27(6)

Chii yj: Tong qudt hod da chiéu, con duoc biét dén nhu la phuong thic Newton-Raphson, cé quy
tde cdp nhdt nhu sau:

00— (V20(0)) " Vok(6)

1.3 Céc md hinh tuyén tinh
1.3.1 Hbi quy tuyén tinh

Ching ta gid sit § day ring y|z; 0 ~ N (u,0?)

O Phuong trinh chudn — Bang viéc ki hiéu X 13 ma tran thiét ké, gid tri cha 6 lam cuc tiéu
hod cost function 1a mét phuong phap dang déng nhu sau:

0= (XTx)"1xTy

0 Giai thuat LMS — Bing viéc ki hiéu a 13 tdc d6 hoc, quy tic cap nhat cha giai thuat Least
Mean Squares (LMS) cho tap huin luyén ctia m diém dit liéu, con duge biét nhu 1a quy tic hoc
Widrow-Hoff, 1& nhu sau:

Vi, 0« 0; +az [y — ho(a)] 2’

Chi y: Ludt cdp nhat la mot truong hop ddac biét cia gradient ascent.

O LWR. — Hbi quy trong sb cuc bd, con dudce biét véi cai tén LWR, 1a bién thé ctia héi quy
tuyén tinh, né sé danh trong s6 cho mdi vi du huin luyén trong cost function ctia né bai w® (z),
dugce dinh nghia véi tham s6 7 € R nhu sau:

) 20 — 2)2
w® (z) = exp <_(27—2))

1.3.2 Phan loai va logistic hdi quy

O Ham Sigmoid — Ham sigmoid g, con dugc biét dén nhu 1a ham logistic, dugc dinh nghia nhu
sau:

1

VzeR, |g(z)= — €]0,1]

0 Hbi quy logistic — Chiing ta gid sit § day rang y|x; 0 ~ Bernoulli(¢). Ta c6 céng thiic nhu
sau:

1

I ——
1+ exp(—60Tx) 9(6"2)

¢ =ply = 1z;0) =

Chii 1j: khéng cé gidi phdp dang déng cho trudng hop cilia hoi quy logistic.

0 Hbi quy Softmax — Hdi quy softmax, con dudc goi 1a héi quy logistic da 16p, duge sit dung
dé téng quat hod hoi quy logistic khi ¢é nhiéu hon 2 16p dau ra. Theo quy uée, ching ta thiét
lap 65 = 0, lam cho tham s6 Bernoulii ¢; ctia mdi 16p i bing véi:

eXP(GT )

Z exp(0

¢ =

1.3.3 M5 hinh tuyén tinh téng quat

O Ho sb mit — Mot 16p ctia phan phdi dude cho ring thudc vé ho sé mii néu né cé thé duge viét
dudi dang mot thuat ngit ctia tham sb tu nhién, ciing duge goi 14 tham sb kinh dién (canonical
parameter) hofic ham két ndi, n, mot sé litu théng ké day di T(y) vd ham phan viung log
(log-partition function) a(n) sé ¢6 dang nhu sau:

p(y;n) = b(y) exp(nT'(y) — a(n))

Chi 4: ching ta thudng co T(y) = y. Pong thdi, exp(—a(n)) cé thé dugec zem nhu la tham sé

chudn hod sé ddm bdo rdang tong cdc zdc sudt la mot.

o} day 1a cic phan phdi mil phd bién nhit dugc tdng két & bang bén dudi:

Phan phéi n T(y) a(n) b(y)
Bernoulli log (%) Y log(1 + exp(n)) 1
2 2

Gaussian o Y % Van P (* %)
) 1
Poisson log(A) y e’ =
!
Geometric log(1 — ¢) Y log (%) 1

0 Gia thuyét GLMs — M6 hinh tuyén tinh téng quit (GLM) véi muc dich 1a du dodn mét
bién ngau nhién y nhu 1a ham cho bién z € R**! va dua trén 3 gia thuyét sau:

ho(z) = Ely|z; 0] ®3)

(1) | y|z; 0 ~ ExpFamily(n) ‘ (2) n= 0Tz

Cha §: Binh phuong nho 'thaft thong thuong va hoi quy logistic déu la cdc truong hop ddac biét
ctia cdc mé hinh tuyén tinh tong qudt.

1.4 MaAay vector hd trg

Muc tiéu ctia méy vector hd trg 13 tim ra dong t6i da hod khodng cich nhé nhat téi dong.

O Optimal margin classifier — Optimal margin classifier h 1a nhu sau:

h(z) = sign(w

Tz —b)

véi (w,b) € R™ x R 14 gidi phap cho vAn d& t6i wu hod sau day:
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nhula: | y@@Tz® —p) > 1 ‘

vector hé trg

Chii j: dudng thdng c¢é phuong trinh ld

0 MAat mat Hinge — Mat mat Hinge duge st dung trong thiét 1ap clia SVMs va né dude dinh
nghia nhu sau:

| L(z9) = [1 - y2l+ = max(0,1 - y2) |

0 Kernel (nhan) — Cho trudc feature mapping ¢, ching ta dinh nghia kernel K nhu sau:
| K@2) = o) 6(2) |

2
_l=—=]|

Trong thuc té, kernel K dugc dinh nghia bdi K(z,2) = exp ( 503

) dugce goi 1a Gaussian

kernal va thudng dugc st dung.

6] o
e} % o (¢} o o
¢ o
o [6) o
© % o X o%) © %% \o
o 0® © 9 ° oD o
) @0 o © ) @0
oo ° ® o0 q % oo °
e) ¢} o o °) o
© o Qo0 oOOOOO ©o 9 o0
[6) o o [6)

Viéc str dung mét kernel
mapping ¢

Chii j: ching ta ndi rang ching ta st dung "kernel trick"dé tinh todn cost function st dung

kernel bdi vi chiing ta thuc su khong can biét dén dnh za tudng minh ¢, né thudng khd phic

tap. Thay vao dé, chi can biét gid tri K(x,z).

Phan tach phi tuyén s> ===p Bién quyét dinh trong khong gian géc

0 Lagrangian — Ching ta dinh nghia Lagrangian £(w,b) nhu sau:

l
L(wb) = f(w) + Y Bihi(w)
=1

Chii 4j: hé s6 B; dudc goi la boi sé6 Lagrange.

1.5 Generative Learning

Mbét mo hinh sinh dau tién c¢b ging hoc cach dit liéu dudce sinh ra théng qua viéc udc luong
P(x|y), sau d6 chiing ta c6 thé sit dung P(z|y) dé wéc lugng P(y|x) bing cich sit dung ludt
Bayes.

1.5.1 Gaussian Discriminant Analysis

0 Thiét 1ap — Gaussian Discriminant Analysis gid stt r&ng y va z|y = 0 v& x|y = 1 1a nhu sau:

y ~ Bernoulli(¢)

aly =0~ N(uo®) | va [aly=1~N(uY)

0 Su wéc lugng — Bang sau day téng két cdc udc luong ma ching ta tim thiy khi téi da hod
likelihood:

o~

¢ g

1 — D e 1{y<i>:j}fc(i) 1o ) () T
- Z Leyr=1y — Z(w =ty () (@ = (1))
i=1

(=001 )

™ol
Zz‘:l {y(D=j5} m

i=1

1.5.2 Naive Bayes

0 Gia thiét — M6 hinh Naive Bayes gid sit ring céc features ciia céc diém dit lieu déu doc lap
v6i nhau:

n

P(zly) = P(z1,22,..|y) = P(z1]y) P(z2ly)... = HP(iny)
i=1

0 Giai phap — Tbi da hod log-likelihood dua ra nhitng 15i giai sau day, véi k € {0,1},0 € [1,L]

#0lyD =k va 2 =1
Plas =1y =) = DI —R R —)
#{jlyV) =k}

and

1 .
Py =k) = — x #{jly") = k}

Chi y: Naive Bayes dugc st dung rong rai cho bai toan phdan logi van ban va phdt hién spam.

1.6 Cac phuong thitc Tree-based va ensemble

Céc phuong thitc nay cé thé dugc sit dung cho c& bai todn hdi quy 1&n bai todn phan loai.

0 CART - Cay phan loai va hdi quy (CART), thudng dugce biét dén 1a cay quyét dinh, cé thé
dugc biéu dién dudi dang cAy nhi phan. Ching cé cic uwu diém cé thé duge dién gidi mot cach
dé dang.
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O Rirng ngau nhién — La mot ki thudt dua trén ciy (tree-based), sit dung s lugng 16n cac
cdy quyét dinh dé lua chon ngiu nhién céc tadp thudc tinh. Ngudc lai véi mot cAy quyét dinh
don, ki thuat nay khé khé dién gidi nhung do c¢é hiéu ning tét nén da tré thanh mot gidi thuat
kha phd bién hién nay.

Chai 9J: rimg ngdu nhién la mot loai gidi thudt ensemble.
0 Boosting — Y tudng ciia cic phuong thiic boosting 14 két hop cic phuong phap hoc yéu hon

dé tao nén phuong phap hoc manh hon. Nhitng phuong thitc chinh dudce téng két & bang dudsi
day:

Adaptive boosting Gradient boosting

- Céc trong sb c6 gia tri 16n dugc dit
vao cac phan 16i dé cdi thign & budc
boosting tiep theo

- "Adaboost"

- C4c phuong phap hoc R
yeu huan luyén trén cidc phan
16i con lai

1.7 Céc céach tiép cén phi-tham sé khic

O k-nearest neighbors — Giai thuit k-nearest neighbors, thudng dugc biét dén 13 k-NN, 1a
cach tiép can phi-tham sb, & phuong phap nay phan 16p ctia mét diém dit liéu duge dinh nghia
béi k diém dit liéu gan né nhat trong tap hudn luyén. Phuong phép nay cé thé dudc sit dung
trong qué trinh thiét 1ap cho bai toan phan loai ciing nhu bai todn hdi quy.

Chai §: Tham s6 k cao hon, dé chéch (bias) cao hon, tham sé k thdp hon, phuong sai cao hon.

€} €6} €6}
© © ©
o (9033 © o o (902) © o o (9023 © o
@ cgoOO § %%%o § O@%OOO §
o Q Oo o Q Oo o ® Op
o) Oo%o o%joﬁg%o) e %o o%)o@%@ e %o 0%30@%03
o0 8 OQ) o O 8 OQ-) o O 8 OQ-)
Po© & Po© & ®o° &
o (go ° cgo ° (‘80
k=1 k=3 k=11

1.8 Ly thuyét hoc

0 Union bound — Cho k sy kién 1a Ay, ..., Ax. Ta cé:

P(A1U...U Ag) < P(A1) + ... + P(Ag)

@ ©@9

Ay UA U Az Ay
0 Bat ding thitc Hoeffding — Cho Z1, .., Zm 1a m bién iid dugc dua ra tit phan phdi Bernoulli
ctia tham s6 ¢. Cho ¢ 1a trung binh mau cta chiing va v > 0 ¢b dinh. Ta c6:

P(l¢ — ¢ > ) < 2exp(—27%m)

Chi - bat ding thite nay con duge biét dén nhu la rang bude Chernoff.

O L3i huén luyén (Training error) — Cho trudc classifier h, ta dinh nghia training error ?(h),
con duge biét dén 13 empirical risk hodic empirical error, nhu sau:

m

—~ 1

)= — > L)z
=1

0 Probably Approximately Correct (PAC) — PAC 1a mot framework véi nhidu két qua vé
li thuyét hoc da dugc chitng minh, va c6 tip hop cac gid thiét nhu sau:

o tap huan luyén va test c6 cing phan phdi

e céc vi du huén luyén dudc tao ra doc lap

0 Shattering (Chia nhé) — Cho mét tdp hgp S = {x(l),...,az(d>}, va mot tap hop céc classifiers
#, ta néi rdng H chia nhé S néu véi bat ki tap céc nhan {y(), ... y(D} nao, ta co:

‘ JheH, Vie[ld], h®)=qy®

O DPinh 1i gidi han trén — Cho H la mot finite hypothesis class ma
1a ¢ dinh. Khi d6, v8i xdc suat nhoé nhat 1a 1 — 6, ta co:

H| = k véi 6, kich ¢ m

E(/]';) < <}rlré17r_1£ 6(h)> + 2

0 VC dimension — Vapnik-Chervonenkis (VC) dimension cta class infinite hypothesis H cho
trude, ki higu 14 VC(H) 13 kich thude ctia tap 16n nhat duge chia nhd bai H.

Chii §: VC dimension ciia H = {tdp hop cdc linear classifiers trong 2 chiéu} la 3.

o o ® o o o ° °
\ \
05 9% O\o O\o 6g 06 © o‘ ° o
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O Pinh li (Vapnik) — Cho H véi VC(H) = d va m 14 sb lugng céc vi du huan luyén. Véi xac
suadt nhd nhat 1a 1 — 4§, ta cé:

@< (o) vo (e (5) 5 ()

2 Hoc khong cé giam sat

Dich bdi Tran Tudn Anh va Dam Minh Tién

2.1 Gidi thiéu vé hoc khéng gidm sat

0 Poéng lyc — Muc tiéu ctia hoc khéng gidm sét 1a tim dude quy luat an (hidden pattern) trong
tap dit lieu khéng dugc gdn nhan {x(l),...7x(m>}.

0 Bat déng thitc Jensen — Cho f 13 mét ham 18i va X 14 mét bién ngdu nhién. Ching ta c6
bat ddng thic sau:

E[f(X)] = f(E[X])

2.2 Phan cum
2.2.1 Tbi da hoa ki vong
(0 Céc bién Latent — Cac bién Latent 13 cic bién 4n/ khong thiy dugc khién cho viéc du dodn

tré nén khé khin, va thudng duge ki hiéu 13 z. DAy 1a céc thiét 14p phd bién ma cic bién latent
thudng c6:

Thiét lap Bién Latent z x|z Céc binh luan
Su két hop ctia k Gaussians | Multinomial(¢) N(pji,%5) pj ER™ ¢ € RF
Phan tich hé s N(0,I) N(p+ Az) i € R™

0 Thuét todn — Thuit todn téi da hod ki vong (EM) mang lai mét phuong thitc c6 hiéu qua
trong viéc wdc lugng tham sb 6 thong qua téi da hoé gid tri udc luong likelihood bang céch 13p
lai viéc tao nén mét can dudi cho likelihood (E-step) va t6i wu hoéd can dusi (M-step) nhu sau:

o E-step: Panh gid xédc sudt hau nghiém Q;(z()) cho mdi diém dit liéu (9 dén tir mét cum

2(® cu thé nhu sau:

Qi) = P2 0:0)

o M-step: St dung xac sudt hau nghiém Q;(2(*)) nhu céc trong sé cu thé clia cum trén céc

diém dit lieu z(*) dé u6c lugng lai mot cach riéng biét cho mdi moé hinh cum nhu sau:

) Pz z(1); 9) )
C_ E (D) LS (©)
0, = aI‘gI;laX . /z(i> Qi(2() 1og < RXE0)) dzt
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Buéc ki vong m—p Buéc t6i da hod

Khé&i tao Gaussians === —

2.2.2 Phan cum k-means

Chiing ta kf higu ¢() 13 cum ctia diém di ligu i va p; 13 diém trung tdm ctia cum j.

0 Thuat toan — Sau khi khdi tao ngdu nhién cdc tAm cum (centroids) p1,u2,...,ux € R™, thuat
toan k-means lip lai buéc sau cho dén khi hoi tu:

m
D oy
¢® = arg min|ja™ — ;|2 va |p; = A=l

- m
J
D et
=1
® ° O ®
® © / ® o o

/ °)
o °) ®
00 o / G o o0 o
+o o/ oo oo
0@ o ,7,(')OO+ o0 © OOO o0 o OOO
) )
0.0 © ‘ ©,0 © Qe o.f © P
o %4 Q0 o & ) o © ° ©
) o ) ) <) )
Q ) )
Khéi tao gia tri trung binh sy Gancum  ==p Cap nhat gia tri trung binh  ==mp Héi tu

0 Ham Distortion — D& nhan biét khi nio thuit todn héi tu, ching ta sé xem xét ham
distortion dugc dinh nghia nhu sau:

Tem) =D Ne@ = oo |12
=1

2.2.3 Phéan cum phan cip

0 Thuat todn — La mot thudt todn phan cum véi céch tiép can phan cip két tap, cich tiép
can nay sé xay dung cic cum 16ng nhau theo mét quy tac ndi tiép.

0 Céc loai — Céc loai thuit todn hierarchical clustering khic nhau véi muc tiéu 13 t6i wu hod
c4dc ham d6i tuong khac nhau sé& dugc téng két trong bang dudi day:

Lién két Ward

Lién két trung binh

Lién két hoan chinh

Téi thiéu hod trong pham vi

khodng cach ctia mot cum

Téi thiéu hod khoang céch
trung binh gitta cic cdp cum

Tbi thiéu hod khoang céch
t6i da gitta cac cip cum

2.2.4 Céc sb liéu danh giid phan cum
Trong qué trinh thiét 1ap hoc khéng gidm sét, sé kha khé khin dé danh gid hiéu ning ctia mot
md hinh vi ching ta khong cé cdc nhan da tin cdy nhu trong truéng hgp cia hoc ¢6 gidm sat.
0 Hé sb Silhouette — Bing viéc ki hiéu a va b 13 khodng cach trung binh giita mét diém mau
véi céc diém khéc trong cling mét 16p, va gitta mot diém méiu véi cic diém khéc thude cum ké
can gan nhat, hé sb silhouette s dbi v6i mot diém mau don duge dinh nghia nhu sau:

b—a

" max(a,b)

0 Chi sé Calinski-Harabaz — Bang viéc ki hidu k 14 s6 cum, céc chi s6 By, va W}, vé d6 phan
tan gitta va trong moét cum lan lugt duge dinh nghia nhu la

m

k
By = chu) (et = (B =), Wi = Z(r(i) —pyi)) (@D = p )T
j=1 i=1
Chi s Calinski-Harabaz s(k) cho biét kha ning phan cum t6t dén dau ctia mét moé hinh phan
cum, vi du nhu véi score cao hon thi sé day dic hon va viéc phan cum t6t hon. N6 duge dinh
nghia nhu sau:

_ Tr(Byg)
s(k) = W X

N —k
k-1

2.3 Giam sb chiéu dit liéu
2.3.1 Phép phan tich thanh phin chinh

La mét ki thuat gidm sb chiéu dit liéu, ki thudt nay sé tim cic hudng téi da hod phuong sai dé
chiéu dit liéu lén trén dé.

O Gia tri riéng, vector riéng — Cho ma trdn A € R™X™, X 1a gi4 tri riéng ctia A néu ton tai
mot vector z € R™\{0}, goi 1 vector riéng, nhu vy ta cé:

O Pinh 1y Spectral — V4i A € R"X™. Néu A dbi xiing thi A cé thé chéo hod bdi moét ma tran
truc giao U € R™*™. Bang viéc ki hiéu A = diag(A1,...,An), ta cé:

\ JA dudng chéo, A =UAUT \

hich: vector riéng tuong ting vdi gid tri riéng ldn nhdt dude goi la vector riéng chinh cia
ma trgn A.

0 Thuat todn — Phép phan tich thanh phan chinh (Principal Component Analysis, PCA) 1
mot ki thuat gidm sb chiéu dit liéu, né sé chiéu dit liéu 1én k chiéu bing céch téi da hoa phucng
sai cia dit liéu nhu sau:
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« Budc 1: Chuan hoé dit liéu dé c6 gid tri trung binh bing 0 va d6 léch chudn bing 1.

(%) m

m
N 1 : 1 ;
xi.l) — ]07_3 where | p; = - E xy) \c 0‘? = E (:cgz) — uj)?
J ” ”
=1 =1

m

1 N4 <
e Bubc 2: Tinh & = — E Dz e R"¥" 13 déi xtmg vi céc gis tri riéng thuc.
m
i=1
e Bu6e 3: Tinh ug,...,ur € R™ la k vector riéng truc giao ciua X, tlc cic vector truc giao

riéng ciia k gia tri riéng 16n nhat.

o Budc 4: Chiéu dit lieu 1én spang (u1,...,ug)-

4 PC,

Q
)
OOOOOOOO

oY) %OOOFOOO e P,

© o0

Dir liéu trong khdng gian cac
thanh phan chinh

D{r liéu trong khdng gian
dac trung

m=p  Tim cac thanh phan chinh sy

2.3.2 Phan tich thanh phan doc lap (ICA)

La mot ki thudt tim cdc ngudn tao co ban.
0 Gia dinh — Ching ta gia st ring dit liéu ¢ dudc tao ra bdi vector ngudn n-chiéu s = (815+--,8n),
véi s; 1a cac bién ngau nhién doc lap, thong qua mot ma tran mixing va non-singular A nhu sau:

Muc tiéu 1a tim ma tran unmixing W = A~1.

0 Giai thuat Bell va Sejnowski ICA — Giai thuat niy tim ma tran unmixing W bing cic
bude dudi day:

o Ghi x4c suat cia = As = W~1s nhu la:

p(@) = [[ ps@T) - W]
i=1

« Chi log likelihood cho dit liéu hudn luyén {z(9) i € [1,m]} va ki hiéu g 1a ham sigmoid

nhu sau:
W) = Z Zlog <g’(ijx(i>)) + log |[W|
=1 \j=1

i

We+—W+a

1 —2g(w¥z®)
1-— 2g(w§x(i))

1 2g(wTa)

I(Z)T + (WT)—I

Vi thé, quy t&c hoc ciia stochastic gradient ascent 1a véi mdi vi du hudn luyén z(¥), ching ta s&
cap nhat W nhu sau:
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3 Hoc sau

Dich bdi Tran Tudn Anh, Pham Héng Vinh, Dam Minh Tién, Nguyén Khdnh Hung, Hoding Vi
Dat va Nguyén Tri Minh

3.1 Mang Neural
Mang Neural 14 1 16p ctia cdc m6 hinh (models) duge xay dung véi cac tang (layers). Céc loai
mang Neural thudng dugc sit dung bao gom: Mang Neural tich chap (Convolutional Neural

Networks) va Mang Neural hoi quy (Recurrent Neural Networks).

0 Kién triic — C4c thuit ngit xoay quanh kién tric clia mang neural dugc mé ta nhu hinh phia
dudi:

Tang an k Tang dau ra

Tang an 1

Tang diu vao

Bing viéc ki higu 4 14 tdng thit ¢ clia mang, j 14 hidden unit (don vi 4n) thit j clia tang, ta cé:

. AT .
z][.z] = w}z] T+ bg.z]

chiing ta ki hiéu w, b, z tuong ting véi trong sb (weights), bias va dau ra.

0 Ham kich hoat (Activation function) — Ham kich hoat dugc st dung & phan cubi clia
don vi an dé dua ra d6 phitc tap phi tuyén tinh (non-linear) cho mé hinh (model). P4y la nhiing
trudng hop phd bién nhét:

Sigmoid Tanh ReLU Leaky ReLU
1 e* —e™?
9(z) = Tre—: g(z) = perp— 9(z) = max(0,2) 9(2) = max(ez,z)

vii e K 1

0 L3i (loss) Cross-entropy — Trong béi canh ciia mang neural, ham 15i cross-entropy L(z,y)
thudng duge st dung va dinh nghia nhu sau:

L(z) = — [y log(2) + (1 — ) log(1 z)]

0 Téc d6 hoc (Learning rate) — Tc d6 hoc, thudng dugc ki hiéu bdi o hodic dbi khi 14 7, chi
ra tbéc d6 ma trong sé dudc cap nhat. Théng sb nay c6 thé 1a ¢b dinh hodic dudc thay déi tuy
bién. Phuong thitc (method) phd bién nhat hién tai 13 Adam, d6 14 phuong thitc thay di tdc
d6 hoc mot cach phit hop nhat c6 thé.

0 Backpropagation (Lan truyén ngugc) — Backpropagation 13 phuong thitc ding dé cap
nhat trong sb trong mang neural bing céch tinh todn dau ra thuec su va dau ra mong mubn. Pao
ham theo trong s6 w dugc tinh bang cach sit dung quy tac chudi (chain rule) theo nhu cach duéi
day:

OL(y) _OLGzw)  da 0=
dw  da 0z Ow

Nhu két qua, trong sb dugc cap nhat nhu sau:

OL(z,y)

wE— w—1n 3
w

0 Cap nhét trong sb — Trong mang neural, trong sé dugc cap nhat nhu sau:
e Buéc 1: LAy mot mé (batch) dit liéu huan luyén (training data).
o Budc 2: Thuc thi lan truyén tién (forward propagation) dé lay dugc 16i (loss) tuong ting.
o Budc 3: Lan truyén ngugc 16i dé 1y dugce gradients (dd dbc).
« Budc 4: Stt dung gradients dé cap nhat trong sé ctia mang (network).
) Drogout — Dropout 1a thuat ngit ki thuat dung trong viéc trén}h overfitting tap dit liéu huan
luyén béng viéc bé di cac don vi trong mang neural. Trong thuc te, cidc neurals hodc la bi bé di
bdi xac suat p hodc duge gitt lai véi xac suat 1 — p
3.2 Mang neural tich chiap (Convolutional Neural Networks)
O Yéu ciu ciia tang tich chap (Convolutional layer) — Bing viéc ghi chii W 14 kich ¢ ciia

volume dau vao, F' 14 kich ¢& clia neurals thudc convolutional layer, P 13 sb lugng zero padding,
khi d@6 s6 lugng neurals N phit hgp véi volume cho trudc sé nhu sau:

_ W-F+2P
o S

N +1

0 Batch normalization (chudn hod) — P4y 1a buéc ma cic hyperparameter v, 8 chuan hoé
batch {z;}. Bing viéc ki hiéu ;LB,U% 14 gid tri trung binh, phuong sai ma ta mudn gén cho
batch, né6 dugc thyc hién nhu sau:

Zi — KB
1/023-1—6

N6 thudng duge tinh sau fully connected/convolutional layer va truée non-linearity layer va muc
tiéu 1a cho phép téc dd hoc cao hon ciing nhu gidm di sy phu thuéc manh mé vao viéc khdi tao.

+ 8

Ti <7
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3.3 Mang neural hdi quy (Recurrent Neural Networks)

O Céc loai cdng — Pay 1a céc loai cong (gate) khdc nhau ma ching ta sé gip & mot mang

neural hdi quy dién hinh:

Cong dau vao cong quén cong dau ra

cong

Can tiét 16 bao

Ghi vao cell hay khong? | Xo& cell hay khong? .
nhiéu ve cell?

Ghi bao nhiéu
vao cell?

O LSTM — Mang b6 nhé dai-ngdn (LSTM) 14 1 loai RNN model tranh vin dé vanishing gradient

(gradient bién mat dot ngot) bang cdch thém vao cdng 'quén’ (“forget’ gates).

3.4 Hoc ting cudng (Reinforcement Learning) va diéu khién

Muc tiéu ctia hoc ting cudng dé 1a cho téc ti (agent) hoc cdch lam sao dé t6i wu hod trong mot

moi trudng.

O Tién trinh quyét dinh Markov (Markov decision processes) — Tién trinh quyét dinh

Markov (MDP) 14 mot dang 5-tuple (S,A,{Psq},v,R) ma & dé:
o S la tap hgp cic trang théi (states)
e A la tap hgp cdc hanh dong (actions)
e {Psq} 14 x4c sudt chuyén tiép trang thai cho s € S va a € A

e v €0,1] 1a discount factor

e R:SxA—Rhoic R:S — R la reward function (ham dinh nghia phan thudng) ma

gidi thuat mudbn téi da hod

O Policy — Policy 7 1a 1 ham 7 : S — A ¢6 nhiém vu anh xa states t6i actions.

Chii j: Ta quy wdc rdng ta thuc thi policy 7 cho trudc néu cho trudc state s ta cé action a = w(s).

0 Ham gia tri (Value function) — Véi policy cho trudc 7 va state s, ta dinh nghia value

function V™ nhu sau:

V7™(s) = E[R(so) +~R(s1) + v2R(s2) + ...|s0 = s,

0 Phuong trinh Bellman — Phuong trinh t6i uwu Bellman dic trung hod value function vT"

ctia policy téi wu (optimal policy) 7*:

¥ _ / T
V™ (s) = R(s) + géaj\c'y Z:S Py (s VT (")
s'e

Chii 1j: ta quy wdc optimal policy ©* doéi vdi state s cho trudec nhu sau:

7*(s) = argmax Z P (s V*(s)
acA s

0 Giai thuat duyét gia tri (Value iteration) — Giai thuat duyét gid tri gdm 2 buéc:
e 1) Ta khdi tao gid tri:

Vo(s

e 2) Ta duyét qua gid tri dua theo gid tri phia trudc:

Vigi(s) = R(s) +max | ) Psa(s)Vils")
s'eS

0 Udc lugng kha ning tbi da (Maximum likelihood estimate) — Udc lugng kha ning tbi
da cho xdc suit chuyén tiép trang théi (state) s& nhu sau:

Poa(s)) #thdi gian hanh déng a tiéu tén cho state s va bién déi né thanh s’
sals ) =

#thdi gian hanh ddéng a tiéu tén cho state (trang thai) s

0 Q-learning — Q-learning 1a 1 dang phdn dodn phi mé hinh (model-free) ctia @, duge thyc
hién nhu sau:

Q(s,a) + Q(s,a) + [R(s,a,s') + "/n}la;X Q(s',a') — Q(s,a)}
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4 Meo va tha thuat

Dich b6i Tran Tudn Anh, Nguyén Tri Minh, Vinh Pham va Dam Minh Tién

4.1 Do do phan loai
Déi v6i phéan loai nhi phan (binary classification) 1& cdc do do chinh, ching kha quan trong dé
theo doi (track), qua dé danh gid hiéu nang clla mé hinh (model).

0 Ma tran nham lan (Confusion matrix) — Confusion matrix dugc s dung dé c6 két qua
hoan chinh hon khi ddnh gid hiéu nang ctia model. N6 dugc dinh nghia nhu sau:

Lép dy doan
+ —

TP FN

+ False Negatives
True Positives
Type II error
16p thuc sy

FP
— | False Positives

TN

True Negatives

Type I error

0 D6 do chinh — Céc dd do sau thudng dudc sit dung dé ddnh gia hiéu ning ctia mé hinh phan
loai:

D6 do Céng thirc Dién giai
hinh x4 TP+ 1IN Hiéu ning téng thé ctia mé hinh
chinh xac
TP + TN 4 FP + FN iéu nang tong thé ctia moé hin
. TP . o ) o
Precision _ Do chinh xac cta cidc du dodn positive
TP + FP j ’
TP Bao pht cdc miu tht chinh xéc (positive)
Recall P —
TP + FN thuc sy
Sensitivity
- TN Bao pht cdc miu thit sai (negative)
Specificity _
TN + FP thuc sy
Diém F1 2TP D6 do Hybrid hitu ich cho cac 16p khong
e 2TP + FP + FN can bing (unbalanced classes)

0 ROC - Pudng cong thao tdc nhan, dugc ki hiéu 13 ROC, 1 minh hoa ctia TPR véi FPR bing
viéc thay ddi ngudng (threshold). Céc do do nay duge tdng két & bang bén dudi:

b6 do Céng thitc | Tudng duong
. TP e
True Positive Rate P — Recall, sensitivity
TP + FN
TPR
- FP o
False Positive Rate P — 1-specificity
TN + FP
FPR

0 AUC - Khu vuc phia duéi dudng cong thao téc nhan, con dudc goi tit 14 AUC hoiic AUROC,
14 khu vuc phia duéi ROC nhu hinh minh hoa phia duéi:

N

AUC

Thyc sy —

ROC

TPR

>
g

FPR

Du doan —

4.2 Db do hdi quy

O Pd do co ban — Cho truéc mé hinh hdi quy f, d6 do sau dudc st dung phé bién dé ddnh
gid hiéu nang cia md hinh:

Téng cua téng

Téng binh phuong duw
céc binh phuong & phueng

M6 hinh téng binh phuong

m m m

SStor = (Wi =9)” | SSweg =Y (F@)=9? | SSres= Y (vi—f(@)?

i=1 i=1 i=1

0 Hé sb quyét dinh — Hé s6 quyét dinh, thudng duge ki hiéu 1a R? hodc r2, cung cip do do

mitc do t6t clia két qua quan sit dau ra (duge nhan rong bsi mo6 hinh), va duge dinh nghia nhu
sau:

o SS!‘CS

RP=1- "=
SStot

0 D6 do chinh — D6 do sau day thudng dugc st dung dé dénh gid hiéu ning ctia mé hinh hdi
quy, bang cach tinh s6 lugng cac bién n ma do do doé sé can nhic:

Mallow’s Cp AIC BIC Adjusted R?

SSyes + 2(n + 1)a?
m

(- R)m-1)

2 [(n +2) — 1og(L)] log(m)(n +2) — 2log(L) | 1
m—-—n—1

trong dé L 1a kha ning va o2 14 gid tri u6c tinh ciia phuong sai tuong ting véi mdi response (hdi
dap).
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4.3 Luya chon model (md hinh)

O Vocabulary — Khi lya chon m6 hinh, ching ta chia tdp d liéu thanh 3 tdp con nhu sau:

Tap huin luyén Tap xéc thuc Tap kiém tra (testing)

- M6 hinh dugc huén luyén
- Thudng 1a 80 tap dir liéu

- m6 hinh dugc xéc thuc

- Thuong la 20% tap di liéu
- Ciing dugc goi 1a hold-out
hoac development set

- m6 hinh dua ra du dodn
- Dit liéu chua dudc biét

(tap phét trién)

Khi m6 hinh da dudc chon, né sé dugc hudn luyén trén tap dit liéu dau vao va dudc test trén
tap dit liéu test hoan toan khac. Tat cd dugc minh hoa & hinh bén dudi:

Tap dir liéu Dir liéu chuwa duoc biét

o

Kiém tra

C C

Xac thuc

Huén luyén

O Cross-validation — Cross-validation, con dugc goi 1a CV, mét phuong thic dude st dung dé
chon ra mo6t mé hinh khéng dua qua nhiéu vao tap dit liéu huin luyén ban dau. Céc loai khéac
nhau dugc téng két 3 bang bén dudi:

k-fold Leave-p-out

- Huén luyén trén k — 1 phan va | - Huln luyén trén n — p phan

danh gid trén 1 phan con lai va dadnh gi4 trén p phan con lai

- Thuong thi k = 5 hoac 10

- Trudng hgp p = 1 duge goi 1a leave-one-out

Phuong thitc hay dugc sit dung duge goi 14 k-fold cross-validation va chia dit liéu huin luyén
thanh k£ phan, ddnh gi4 mo hinh trén 1 phan trong khi huin luyén mé hinh trén k — 1 phan con

lai, tat ca k lan. Lai sau d6 dugce tinh trung binh trén k phan va dugc dit tén 1a cross-validation
error.

Phan Tap dir ligu L3i xac thue L3i cross-xac thue

D D @

2 C . CD D @ tote
k

P C D fk

Huén luyén Xéac thuc

O Chuén hoa — Muc dich ctia thii tuc chuan hoé 14 tranh cho m6 hinh bi overfit véi dit liéu, do
d6 gdp phai vin dé phuong sai 16n. Bang sau day sé téng két céc loai ki thuat chuan hod khac
nhau hay dugc st dung:

LASSO Ridge Elastic Net

" . . . PR Thay déi giita chon bién
- Gidm hé s6 xuong con 0 Lam cho hé so nhé hon

va hé s6 nhé hon

- Tét cho viéc lua chon bién

pi
€

)||0]]1 + al|6])3 < 1

SR
A€ER

SN
AER

A= a))10]1 +aH9H%}
)\ER, o€ [071]

4.4 Duy doan

O Bias — Bias ctia m6 hinh 13 sai sb giita du dodn mong dgi va dut dodn ctia mé hinh trén cic

diém dit liéu cho trudc.

O Phuong sai — Phuong sai ciia mét mé hinh 1a sy thay déi dy dodn ctia mé hinh trén céc
diém dit liéu cho trude.

O Sy danh ddi bias/phuong sai — M6 hinh cang don gian bias cang 16n, mé hinh cang phiic
tap phuong sai cang cao.

Underfitting Just right Overfitting

- L&éi hudn luyén rat
thap

- L3i huén luyén thap
hon mét chat so véi
16i test

- L&i hudn luyén cao

- Léi hudn luyén thip
hon 13i test rat nhiéu
- Phuong sai cao

- Ldi huén luyén tién
gan t6i 101 test

Symptoms

- Bias cao

Minh hoa hdi quy
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Minh hoa

phéan loai

Error Error Error Xac thue

Minh hoa

Xac thue

deep learnlng Hudn luyén Xéac thue

(hQC Sﬁll) Huan luyén ]
Huan luyén
Epochs Epochs Epochs
- M6 hinh phtic tap - Thuc hién chudn
héa
Bién phap

- Thém nhiéu dic
trung

- Lay nhiéu dit liéu
hon

kh&c phuc cé

thé diung

- Huén luyén lau hon

O Phan tich 18i — Phan tich 16i 1a phan tich nguyén nhan ca sy khac biét trong hiéu ning
gitta mo6 hinh hién tai va mé hinh I tudng.

0 Phan tich Ablative — Phan tich Ablative 1a phan tich nguyén nhan ciia su khéic biét gitta
hiéu nang ciia mo6 hinh hién tai v4 mo hinh co s6.

5 Refreshers

5.1 Xa&c suit va théng ké

Dich bdi Hoang Minh Tudn va Hung Nguyén

5.2 Gidi thiéu vé X4c suit va Té hgp

O Khéng gian mau — Mét tap hgp cic két cuc c6 thé xay ra ciia moét phép thit dude goi 1a
khong gian mau ctia phép thit va duge ki hiéu 1a S.

0 Sy kién (hay con goi 1a bién cd) — Bit ky mot tap hop con E nao ciia khéng gian mau
déu dudgc goi 1a mot sy kién. Mot su kién 14 mot tip cic két cuc c6 thé xay ra ctia phép thit.
Néu két qua ctia phép thit chita trong E, chiing ta néi su kién E da xay ra.

0 Tién dé ciia xac suit — Véi mdi su kién FE, ching ta ki hiéu P(E) 14 xéc sut su kién E
XAy ra.

W [o<pP@E<1] @ [PE)=1]| 3

i=1

P OEz =§n:P(Ei)
i=1

J Hoan vi — Hodn vi 13 mot céch s&p xép r phan tt tit mét nhém n phan &, theo mot thi tu
nhéat dinh. Sé lugng cich sip xép nhu vy la P(n,r), dugc dinh nghia nhu sau:

n!

P(n,r) = m

3 TS hgp — M6t t6 hgp 1a mot cach sip xép r phan ti tit n phan tit, khéng quan trong thit tu.
S6 lugng cach sdp xép nhu vay 1a C(n,r), duge dinh nghia nhu sau:

P(n,r) n!

rl rl(n —r)!

C(n,r) =

Ghi chi: Ching ta luu ¢ rang vdi 0 < r < n, ta cé P(n,r) = C(n,r)

5.3 XAc suit c6 diéu kién
0 Dinh li Bayes — Véi céc sy kién A va B sao cho P(B) > 0, ta cé:

P(BJA)P(A)
P(B)

P(A|B) =

Ghi chii: ta ¢6 P(AN B) = P(A)P(B|A) = P(A|B)P(B)

0 Phan viing — Cho {A;,i € [1,n]} sao cho v6i méi i, A; # @. Ching ta néi rang {A;} 1a mot
phéan ving néu cé:

n
Vi, AiNA;j=0 va UAZ-:S
i=1
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n
Ghi chii: vdi bat ci su kien B nao trong khong gian mau, ta c6 P(B) = E P(B|A;)P(A;).
=1

O Pinh ly Bayes m& rong — Cho {4;,i € [1,n]} 12 mot phan ving cta khéng gian mau. Ta
cé:

P(B|Ay)P(Ayg)

> P(BIA)P(A)
i=1

P(Ag|B) =

O Sy kién ddc lap — Hai sy kién A va B dudc coi 1a doc 1ap khi va chi khi ta cé:
\ P(AN B) = P(A)P(B)

5.4 Bién ngiu nhién

0 Bién ngiu nhién — Mt bién ngdu nhién, thudng duge ki hiéu 13 X, 14 moét ham ndi mbi
phén t trong mét khong gian mau thanh mét sé thue.

0 Ham phén phéi tich liily (CDF) — Ham phéan phdi tich liy F, 14 mot ham don diéu khong
gidm, sao cho lim F(z) =0va lim F(z) =1, dugc dinh nghia la:
T —>—00 T —>+00

‘F(x) = P(X < z) ‘

Ghi chi: ching ta ¢é P(a < X < B) = F(b) — F(a).

0 Ham méat d6 xic sudt (PDF) — Ham mat d6 xédc sudt f 1a xdc sudt ma X nhan céc gié
tri gitta hai gia tri thuc lién ké ctia bién ngau nhién.

0 Mbi quan hé lién quan giita PDF va CDF — Dudi day 13 cic thudc tinh quan trong can
biét trong trudng hgp r8i rac (D) va lién tuc (C).

Trudng

hop PDF f

Thudc tinh cia PDF

(D) Fla) = P(X =2;) | 0< f(z;) <1va > flay) =1
J

“+oo

©) flx)de =1

f(z) >0 vA /

oo dx _

0 Phuong sai — Phuong sai ciia mét bién ngdu nhién, thudng duge ki hiéu 14 Var(X) hodic o2,
13 mot @6 do mitc d6 phan tan clia ham phan phdi. N6 duge xac dinh nhu sau:

| Var(X) = B[(X ~ B[X])?] = B[X?] - BIX]? |

3 Do léch chuan — D6 léch chudn clia mét bién ngiu nhién, thudng dude ki hiéu o, 14 thudce
do mitc d6 phan tan ctia ham phan phdi clia né so véi cic don vi clia bién ngiu nhién thuc té.
N6 duge xac dinh nhu sau:

o =4/ Var(X)

0 Ky vong v moment ctia phan phdi — Duéi day 14 céc bidu thitc clia gid tri ki vong E[X],
gi4 tri ki vong téng quét E[g(X)], moment bac k E[X*] vd ham dic trung ¢ (w) cho cic trudng
hgp rdi rac va lién tuc:

Trudng hop E[X] E[g(X)] E[X*] o)
) Sat@) | Yeeif@) | St | Y o
i=1 im1 — g

© /mmf(x)dx /foog(“")f(x)dx /+oo$kf(ﬂc)d:c /+°°f(a;)ewdx

] — 00 —o0

0 Bién ddi cac bién ngiu nhién — Dit cic bién X va Y dudc lién két v6i nhau bdi mot ham.
Ki hidu fx va fy lan lugt 1a cdc phan phdi ciia X va Y, ta cé:
dx

dy

fy () = fx (x)

O Quy téc tich phan Leibniz — Goi g 1a ham ciia & va cé kha ning ¢, va a,b 13 cdc ranh gidi
c6 thé phu thuéc vao c. Chiing ta cé:

b
% (/a g(x)dz) = %

0 BAt diing thitc Chebyshev — Goi X 13 bién ngiu nhién c6 gia tri ky vong . Véi k,o > 0,
chiing ta c6 bat ding thic sau:

a b
90 - 52 g+ [ Ly

1
P(X ~ ul > ko) <

5.5 Phéan phbi ddng thdi bién ngiu nhién

0 Mat dd c6 diéu kién — Mat do c6 diéu kién ctia X véi Y, thudng duge ki hidu 1a Ixys
dugc dinh nghia nhu sau:

_ Ixy(zy)
Fxy @) = Ty (y)

O Tinh chit déc lap — Hai bién ngdu nhién X va Y doc 1ap néu ta cé:

fxv(zy) = fx(x)fy (y)

0 Mat d6 bién va phan phbdi tich liy — Tit ham phan phdi mat dé déng thsi fxy, ta cb
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Trudng hgp

D)

Mat do bién

fx(zq) = Z Ixvy (%i,y5)
J

Ham tich lay

Z Ixy (i,y5)

T; <TY; <Y

Fxy(z,y) =

—+o0
(©) fx () = / Py (@y)dy

— 00

@ y
Fxy(zy) = / / Ixy (&' y")de' dy'
—oo J—o0

0 Tinh chit doc lap — Hai bién ngdu nhién X va Y doc lap néu ta cé:

‘ Yx 1y (w) = ¥x (W) X Py (w) ‘

0 Hiép phuong sai — Chiing ta xéc dinh hiép phuong sai ctia hai bién ngdu nhién X va Y,
thuong duge ki hiéu ag(y hay Cov(X,Y), nhu sau:

Cov(X.Y) 2 0%y = B[(X — px)(Y — py)] = BIXY] — pxpy

0 Hé sb tuong quan — Ki hiéu ox,0y 13 d6 léch chudn cia X va Y, ching ta xéc dinh hé sb
tuwong quan gitta X va Y, ki hiéu pxy, nhu sau:

2
Xy

OX0Yy

PXY —

Ghi chai 1: chiing ta luu 4 rang vdi bat cii bién ngau nhién X,Y ndo, ta luén cé pxy € [—1,1].

Ghi chii 2: Néu X va Y déc lap vdi nhau thi pxy = 0.

O Cac phan phdi chinh — Dudi 1 cic phan phdi chinh can ghi nhé:

Loai | Phan phéi PDF (W) BlX] | Var(x)
n .
X ~ B(’I’L,p) P(X = g(;) = <x> pzqnfz (pew + q)n np npg
Binomial z € [0,n]
(D)
JJ .
X ~ PO(},L) P(X = CE) = %67!1’ e‘u<eww71) L i
Poisson z €N :
iwb _ ilwa b b— 2
X ~Ub) | fla) = —— et —cet | ash | (b-a)
b-a (b — a)iw 2 12
Uniform z € [a,b]
1 _1(==w)? .
©) | X ~N(uo0) | flx)= NGT e 2( v ) piwn—gwia? w o2
Gaussian z€eR
_ 1 1 1
X ~ Exp(\) flx) = e Az — ! 1
X
Exponential z €Ry

5.6 Uéc lugng tham sb

O MAu ngiu nhién — Miu ngiu nhién 13 tip hgp clia n bién ngiu nhién X1, ..., X,, doc lap va
dugce phan phéi gidng hét véi X.

0 Céng cu wéc tinh — Céng cu wéc tinh (estimator) 14 mét ham ctia dit liéu duge st dung dé
suy ra gia tri ctia mot tham sé chua biét trong mo hinh théng ké.

0 Thién vi — Thién vi (bias) cia Estimator 6 dugc dinh nghia 1a chénh léch gitta gia tri ki vong
ctia phan phéi 0 va gia tri thuc, tic 1a

Bias(f) = E[f] — 0

Ghi chi: mot cong cu ude tinh duge cho la khong thién vi (unbiased) khi ching ta c¢é E[é} =0.

O Gi4 tri trung binh mau — Gi4 tri trung binh miu ctia miu ngiu nhién duge sit dung aé
u6c tinh gid tri trung binh thuc u cia phan phdi, thudng duge ki higu X va duge dinh nghia
nhu sau:

Ghi chii: trung binh mau la khong thién vi (unbiased), nghia la E[X] = p.

O Phuong sai mau — Phuong sai mau ctia mau ngau nhién dudc sit dung dé wéc luong phucng
sai thuc su 02 clia phan phéi, thusng duge ki hiéu 1 s? hofic 62 va duge dinh nghia nhu sau:

n
1 —
2 _ 32
7n_IZ(Xz X)

=1

=6

Ghi chi: phuong sai mau khong thién vi (unbiased), nghia la E[s%] = 2.

0 Pinh ly giéi han trung tAm — Gi4 sit ching ta ¢6 mét mau ngau nhién Xy, ..., X, theo
mot phan phdi nhat dinh v6i trung binh g va phuong sai o2, sau d6 chiing ta cé:

— o
X o N(w ﬁ)

5.7 Pai sb va vi tich phan

Dich bdi Hoang Minh Tudn va Pham Héng Vinh

5.8 Ki hiéu chung

0 Vecto — Ching ta ki hiéu z € R™ 14 mdt vecto v8i n phan tit, véi 2; € R 1a phan ti thit :

X
5

€R™

T,

0 Ma tran — Ki hiéu A € R™*" la mdt ma tran v6i m hang va n cot, A; ; € R1a phan t& nim
8 hang thw 4, cot j:
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Aln

e Rmxn
Am 1 Amn

Ghi chii: vecto x dudc zdc dinh & trén cé thé coi nhu mot ma tran n x 1 va duge goi la vecto
cot.

0 Ma tran don vi — Ma tran don vi I € R"*" 1a mét ma tradn vudng véi cac phan tit trén
dudng chéo chinh bang 1 va cdc phan t con lai bang 0:

1 0 - 0
=] 0

P

0 -~ 0 1

Ghi chi: vdi moi ma trgn vuong A € R"*™ ta cd Ax I =1x A= A.

0 Ma tran dudng chéo — Ma tran dudng chéo D € R™*™ 13 mét ma tran vudng véi céc phan
t trén dudng chéo chinh khac 0 va cac phan tit con lai bang 0:

di 0 - 0
p=| 0

o o

0 - 0 dn

Ghi chii: ching ta ki hiéu D la diag(dy,...,dn).

5.9 Cac phép toan ma tran
5.9.1 Phép nhan
0 Vectd/vecto — C6 hai loai phép nhan vectd/vecto:

e phép nhéan inner: véi z,y € R", ta co:

n

Ty = E iy ER

i=1

e phép nhan outer: v6i z € R™,y € R", ta co:

Z1Y1
=

TmyY1

T1Yn

) c Rmxn

0 Ma tran/vectd — Phép nhéan gitta ma tran A € R™>™ va vecto = € R™ 1a mot vecto ¢ kich
thuéc R™:

TmYn

T
a; | n
Az = : = E acixi € R™
T i
ar,mm =1

véi azi 1 céc vecto hang va ac ; 1a cdc vectd cdt clia A, va z; 1a cAc phan ti clia z.
)

0 Ma tran/ma tran — Phép nhan gitta ma trdn A € R™*"™ va B € R"*P 13 mot ma tran kich
thuge R™*P;

T T
ar,lbcvl ar,le,P n
AB = : : = g ac,ibl; € R™XP
az—:mbcyl U a'r]‘—:mbcap i=1

v6i afi, b?i la cac vects hang va ac j, be,; lan lugt 1a céc vecto cot cia A va B.

5.9.2 Mot sd phép toan khic

0 Chuyén vi — Chuyén vi clia mét ma tran A € R™*" ki hiéu AT, khi cdc phan t& hang cot
hoén déi vi tri cho nhau:

Vi7j7

T _ 7. .
A=Ay

Ghi chi: vdi ma trin A,B, ta c6 (AB)T = BT AT

0 Nghich dao — Nghich dio clia ma tran vuong kha ddo A dudc ki hiéu 14 A — 1 va chi ton tai
duy nhét:

Aaal—ata=1]

Ghi chii: khéng phdi tdt cd cdc ma tran vuéng déu khd ddo. Ngodi ra, véi ma tran A,B, ta cé
(AB)"' =pB~1Aa-1

0 Truy vét — Truy vét clia ma tran vuong A, ki hiéu tr(A), 14 téng clia cdc phan tit trén dudng
chéo chinh cia né:
n
tr(A) = Z Aiﬂ‘
i=1

Ghi chi: vdi ma trin A,B, chiing ta cé tr(AT) = tr(A) va tr(AB) = tr(BA)

0 Dinh thitc — Pinh thitc clia mét ma tran vuong A € R™**"_ ki hiéu |A| hay det(A) dugc tinh
dé quy v6i Ay; \;, ma tran A x6a di hang tht i va cot thit j:

det(A) = [A] = Y (~1)" 7 Ai 5 Ay
j=1

Ghi chi: A khd ddo néu va chi néu |A| # 0. Ngodi ra, |AB| = |A||B| va |AT| = |A|.

5.10 Nhitng tinh chit ctia ma tran
5.10.1 Binh nghia

O Phan ra dbi xiting — M6t ma tran A da cho c6 thé dugc biéu dién dusi dang cic phan dbi
xtng va phan déi xting ctia né nhu sau:
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A+ AT A— AT
A= +2 2

~—— ~——

Déi xting Phén d6i xiing

O Chudn — M6t chuan (norm) 1 mot ham N : V — [0, 4 oo[ ma V' 1a mét khong gian vecto,
va vl moi z,y € V, ta cé:

* N(z+y) <N(z)+N(y)
e N(az) = |a|N(z) véi a 1 mot sb
e néu N(z)=0,thiz=0

Véi & € V, céc chuan thudng diing dudc téng hgp & bang dusi day:

Chuin Ki hiéu | Pinh nghia Trudng hop diung
n
Manhattan, L' [|z]]1 Z |2 LASSO chinh quy héa
i=1
Euclidean, L2 [|z]]2 Ridge chinh quy héa
1
n 2
p-norm, LP llz|lp Z P Holder bit ding thitc
i=1
Infinity, L°° [lz]| oo max ;] Uniform convergence
K3

0 Sy phu thudc tuyén tinh — - Mot tap hgp céc vectd duge cho 1 phu thudc tuyén tinh néu
mot trong cic vecto trong tadp hop cé thé dugce biéu dién béi mét t6 hgp tuyén tinh cia cic
vectd khéc. . )

Ghi chi: neu khong cé vecto ndao co thé duge viet theo cdch nay, thi cic vecto dugc cho la doc

lap tuyén tinh
0 Hang ma tran (rank) — Hang cia mét ma tran A ki hiéu rank(A) va 1a sb chiéu ctia khéng
gian vecto dugc tao bdi cdc cot ciia né. Piéu nay tuong ducng véi sb cdt doc 1ap tuyén tinh tbi

da cua A.

0 Ma tran ban xac dinh duong — Ma trdn A € R™*" 14 ban xdc dinh duong (PSD) ki hiéu

A > 0 néu ching ta cé:
va ‘VxER”, 2T Az >0

Ghi chii: tuong tw, mot ma tran A dudc cho la xdc dinh duong va dudc ki hiéu A = 0, néu do
la ma tran PSD théa mdn cho tat cd cdc vecto khdc khong =, 7 Az > 0.

0 Gia tri riéng, vectd riéng — Cho ma trén A € R™%" X duge goi 1a gid tri riéng cia A néu
ton tai mot vects z € R™\{0}, dugc goi 1a vecto riéng, sao cho:

Az =Xz

O Dinh 1y phé - Cho A € R™*". Néu A dbi xiing, thi A c6 thé chéo héa bdi mot ma tran tryc
giao thuc U € R™*™. Bang cach ki hiéu A = diag(A1,...,An), ching ta cé:

\ JA dudng chéo, A = UAUT \

0 Phan tich gia tri suy bién — Di v6i mot ma tran A c6 kich thuée m x n, Phan tich gi
tri suy bién (SVD) 1a mét ki thuat phan tich nhan t6 nham dadm bdo sy ton tai ctia don vi U
m X m, dudng chéo ¥mxn va don vi V n X n ma tran, sao cho:

A=UxvT

5.11 Giai tich ma tran

O Gradien — Cho f: R™X™ — R 14 moét ham va A € R™*"” 13 mot ma tran. Gradien ctia f d6i
v6i A 1a ma trdn m X n, duge ki hiéu 1a V 4 f(A), sao cho:

(var) =332

Ghi chi: gradien cia f chi dugc xdc dinh khi f la ham trd vé mot sé.

0 Hessian — Cho f : R® — R 13 mdét ham va 2 € R™ 1a mot vectd. Hessian ctia f dbi v6i = 1a
mét ma tran dbi xitng n x n, ghi chi V2 f(x), sao cho:

2 _ 82f(ﬂﬂ)
(vmﬂx))m = Smion

Ghi chi: hessian ctia f chi dugc xdc dinh khi f la ham trd vé mot so.

J Cac phép toan ctia gradien — Dbi véi ma tran A,B,C, cic thudc tinh gradien sau can dé
luu y:

\ Vatr(AB) = BT \ ’ Var f(A) = (Vaf(A)" ‘

\ V atr(ABATC) = CAB + CT ABT \ \ ValA| = |A(A~HT \
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