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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 géom: Mang Neural tich chap (Convolutional Neural

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

0 Kién triic — C4c thuat ngit xoay quanh kién tric clia mang neural dugc mé ta nhu hinh phia
dudi:
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Béng viéc ki hiéu 4 13 tang thit i clia mang, j 14 hidden unit (don vi 4n) thit j clia tang, ta c6:
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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 phiic tap phi tuyén tinh (non-linear) cho mé hinh (model). P4y 1 nhiing
trudng hop phd bién nhat:
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0 L&i (loss) Cross-entropy — Trong bbi canh ciia mang neural, ham 18i cross-entropy L(z,y)
thuong dudce st dung va dinh nghia nhu sau:

Lizw) = — [y log(2) + (1 — ) log(1 — 2)

0 Téc do6 hoc (Learning rate) — Téc d6 hoc, thudng dugc ki hiéu béi a hosic doéi khi 1a n, chi
ra téc d6 ma trong sb dugc cadp nhit. Thong sb nay cé thé 14 cb dinh hodic dugc thay ddi tuy
bién. Phuong thitc (method) phd bién nhat hién tai 13 Adam, d6 14 phuong thitc thay déi tdc
d6 hoc mot cach phit hop nhat c6 thé.

0 Backpropagation (Lan truyén ngugc) — Backpropagation 13 phuong thtic dung 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:
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Nhu két qud, trong sé dudc cap nhat nhu sau:
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0 Cap nhét trong sb — Trong mang neural, trong sé duge 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 ngudc 16i dé lay dugc gradients (d6 déc).
o Budc 4: St dung gradients dé cip nhat trong sé cia mang (network).
) DroHout — Dropout la thuat ngit ki thuat dung trong viéc trén}l overfitting tap dit liéu huin
luyén béng viéc b6 di cdc don vi trong mang neural. Trong thuc te, cadc neurals hoac la bi bé di
bdi xac suat p hoac duge gitt lai véi xac suat 1 — p
Mang neural tich chdp (Convolutional Neural Networks)
0 Yéu cau ctia tang tich chap (Convolutional layer) — Bing viéc ghi chi W 14 kich ¢ cta

volume dau vao, F 14 kich ¢3 ciia neurals thudc convolutional layer, P 1a s6 lugng zero padding,
khi dé s6 lugng neurals N phit hgp véi volume cho trudc sé nhu sau:

W —F+2P
S

N = +1

0 Batch normalization (chudn hod) — D4y 1a buéc ma cic hyperparameter v, 8 chuan hoé
batch {z;}. Bing viéc ki hiéu pp,0% la gid tri trung binh, phuong sai ma ta mudén gén cho
batch, né6 dugc thuc hién nhu sau:
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N6 thudng dudc tinh sau fully connected/convolutional layer va trudc non-linearity layer va muc — Chi : ta quy wdc optimal policy ©* déi vdi state s cho trude nhu sau:
tiéu 14 cho phép téc d6 hoc cao hon ciing nhu gidm di sy phu thudéc manh mé vao viéc khai tao.

7*(s) = argmax Z Psqo (s V*(s)
x acA
Mang neural héi quy (Recurrent Neural Networks) s'es

0 Céc loai cdng — Pay la cic loai céng (gate) khac nhau ma ching ta sé gip ¢ mot mang 7 Giai thuat duyét gia tri (Value iteration) —

N 2 Giai thuat duyét gia tri gdbm 2 budc:
neural hoi quy dién hinh: 8 yet g 1 8

e 1) Ta khdi tao gid tri:

Céng dau vao cbéng quén céng diu ra céng
Vo(s) =0

Ghi vao cell hay khéng? | Xod cell hay khéng? Can tiet 1 bao | Ghi bao nhiéu

nhiéu vé cell? vao cell? e 2) Ta duyét qua gid tri dya theo gi4 tri phia trudc:
O LSTM - Mang b6 nhé dai-ngdn (LSTM) 14 1 loai RNN model tranh van dé vanishing gradient Vit1(s) = R(s) + max Z YPsa (s)Vi(s")
(gradient bién mét dot ngot) bang cach thém vio cdng 'quén’ (“forget’ gates). acA Jes

Hoc ting cudng (Reinforcement Learning) va diéu khién . .
0 Udc lugng kha ning téi da (Maximum likelihood estimate) — Udc lugng kha ning t6i

Muc tiéu ctia hoc ting cudng dé 1a cho tac tir (agent) hoc cach lam sao dé téi uu hod trong mot ~ da cho xéc sudt chuyén tiép trang thai (state) s& nhu sau:
moi trudng.

O Tién trinh quyét dinh Markov (Markov decision processes) — Tién trinh quyét dinh , #thoi gian hanh dong a tiéu tén cho state s va bién déi né thanh s’
Markov (MDP) 14 mét dang 5-tuple (S, A,{Psa},7,R) ma & dé: Psa(s') =

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

o S 1a tdp hop cac trang théi (states)

0 Q-learning — @Q-learning la 1 dang phédn dodn phi mé hinh (model-free) clia @, dugc thuc

e A la tap hgp cédc hanh dong (actions) hitm nhit sau:

e {Psq} 14 x4c sudt chuyén tiép trang thai cho s € Sva a € A

Q(Sva) — Q(Sva) + |:R(87a75,) + ’Yn’f}XQ(Slval) - Q(sva)i|

~ € [0,1] 1& discount factor

e R:SxA— Rhoiic R:S — R la reward function (ham dinh nghia phan thuéng) ma
gidi thuat mubn téi da hod

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

Chit j: Ta quy wdc rang ta thuc thi policy 7 cho trude néu cho trude state s ta cé action a = m(s).

0 Ham gia tri (Value function) — Véi policy cho trudéc m va state s, ta dinh nghia value
function V™ nhu sau:

V7™(s) = E[R(so) + vR(s1) + '72R(52) + ..|so = s,

O Phuong trinh Bellman — Phuong trinh téi uu Bellman dic trung hod value function v*
ctia policy téi wu (optimal policy) 7*:

* _ Ny TS o
VT () = R(s) + maxy D Paa(sHVT ()
s'es
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