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Muc tieu

= Cac mang neuron truyén thang
¢ Dau ra ctia mang chi phu thudc vao dau vao cua
mang
¢ Han ché trong mét s trwdng hop
= Mang hoi quy
+ Dau ra clia mang khong nhitng phu thudc vao dau
vao ma con phu thudc vao dau ra trwdc do
¢ Nhiéu rng dung trong thuc té
» Cac hé thong diéu khién
* Tiéng noi
« Chudi ky tu
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Gi&i thiéu

= Vanilla neural network

one to one

\ Vanilla Neural Networks




Gi&i thiéu

one to one one to many many to one many fo many many to many
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\ e.g. Image Captioning
image -> sequence of words




Image Captioning

"man in black shirt is playing ‘construction worker in orange "two young girls are playing with
guitar.” safety vest is working on road.” lego toy.

“straw” “hat” END

START “straw” “hat”
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one to one one to many many to one many to many many to many
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\ e.g. Sentiment Classification
sequence of words -> sentiment




Sentiment classification

+ activation function

convolution 1-max softmax function
\ poolin regularization
v P 9 y A inthis layer
3 region sizes: (2,3,4) 2 feature \J
Sentence matrix 2 filters for each region maps for 6 univariate 2 classes
7x5 size each vectors |:|
totally 6 filters region size concatenated

together to form a
single feature
vector

like
this
movie

very
much




Gi&i thiéu

one to one one to many many to one many to many many to many
i Ll t _ b0 0 ol
i t oo o O o EE G s

\ e.g. Machine Translation
seq of words -> seq of words




Neural machine translation
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Gi&i thiéu

one to one one to many Gany to one many to many many to mQ
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e.g. Video classification on frame level
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Mang neuron hoi quy




Ham truyén dat
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some function
with parameters W

d state input vector at

some time step
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Mang neuron hoi quy
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Mang neuron hoi quy
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Mang neuron hoi quy
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Mang neuron hoi quy

Re-use the same weight matrix at every time-step

ho—hfw —-h_l—--fw —-hz—-fw —-ha—--
W x1 )(2 )(3
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Mang neuron hoi quy

RNN: Computational Graph: Many to Many
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Mang neuron hoi quy
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Mang neuron hoi quy

RNN: Computational Graph: Many to Many |
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Mang neuron hoi quy

RNN: Computational Graph: Many to One
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Mang neuron hoi quy

RNN: Computational Graph: One to Many
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Mang neuron hoi quy

= Mang neuron hoi quy c6 thé coi nhw Ia

copie lién tiep modt mang
L i
[—> A A A— A
© b &
= Rat nhiéu wrng dung
+ Nhan dang tiéng néi
¢ MO hinh héa ngdn nglr

¢ Dich
¢ Nhan dang anh

4
i
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Long-term dependencies

= Yéu cau ctua mang RNN: cac théng tin trwdc
do gép phan vao dap ng hién tai cia mang

= Vi du: video thi frames trwd'c dé sé cho hiéu ré
hon vé frames hién tai
Néu RNN lam dwoc viéc dé thi thwe sw hiru

ich, nhweng RNN c6 thé lam dwoc hay khong ?
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Mang neuron hoi quy

= Gia slr can duw bao cau “the clouds are in the sky’, ta
khéng can thdng tin nglr canh

= Trong trwwdng hop nay mang RNN doi hoi théng tin
trwée do la nho

= Gia sir can dw bao tir cudi cia cau: “I grew up in
France... | speak fluent French’

= Trong trwdng hop nay, cac thdng tin trwdec dd goi y rang
tlr tiép theo co thé lién quan dén tén ctia modt ngdn ngiy

= Néu ta Iui vé phia trwdc ta co thé dw doan do 1a ngdn
nglr cua nwéc phap. Trong trwdng hop nay, khoang
cach la lon
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Mang neuron hoi quy

Khi khodng céach nay tang 1én, rat khé cé thé hoc dé
két nOi cac thong tin

Vé mat ly thuyét, RNN cé kha nang lwu gitr sy phu
thudc dai han, trén thwc té thi khéng

Ly do: viéc tinh toan gradient rat kho khi sw phu
thuéc la I&n
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Mang neuron hoi quy

= M6t dang dac biét cia mang neuron hoi quy:
¢ LSTM (Long Short Term Memory)
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LSTM

= La mét dang dac biét cua RNN
= LSTM: long short term memory [ Hochreiter &

Schmidhuber (1997)]

= Day la mét dang thiét ke RNN dé tranh van
dé phu thuoc lau dai
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http://www.bioinf.jku.at/publications/older/2604.pdf
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Y twéng co ban ctia LSTM

= Thanh phan chinh ctia LSTM Ia cell state, dwéng
nam ngang C., dén C, né nhw mot dang bang
truyén.

= N6 di thang tir dau dén cudi mang

= LSTM c6 kha nang bé bét hoac thém vao cac théng
tin vao cell state thdng qua cau tric céng (gates)
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Gates

= Cong 1a mot cach dé cho théng tin
di qua

= N6 gom 1 |&p mang sigmoid va mét
toan tir nhan

= Sigmoid c6 daura la 0 va 1, thé
hién bao nhiéu thong tin sé duoc
dwa qua cong

= M6t LSTM ¢6 3 cdng nhw vay dé
bdo vé va diéu khién cell state.

_®_
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Gates

= Bwdc dau tién 1a quyét dinh théng tin nao sé dwoc dwa dén cell state
thOng qua cong

= Quyét dinh nay duwoc thue hién bdi I6p sigmoid véi hai dau vao la h,,
va x, va cho dau ra la 0 hoac 1 cho méi dau vao C, ,

¢ 0: khéng tinh dén théng tin trwée dé C, ,
¢ 1:¢6 tinh dén théng tin trwée dé C, ,

= L4y vi du trwdng hop mé hinh ngdn ngl» dé dw bao t tiép theo dua
trén cac tw trwdc do

= Trong trwdng hop nay, cell state phai chiva thong tin vé gidi tinh (
gender) cua chu thé (subject) hién tai dé cac dai tir sé dwoc st dung
mot cach phu hop

= Khi c6 mdt subject (chd thé méi), gender cta chd thé ci khéng can
phai ghi nh¢ nira.

f: fe=0(W;s-lht—1,2:] + bf)

hi—q

Tt



Gates

= Bwérc tiep theo la xac dinh loai théng tin méi nao sé dwoc lwu
triv trong cell state. C6 hai thanh phan
+ A sigmoid layer (goi la input gate layer) quyét dinh gié tri nao can
update

¢ A tanh layer tao ra vector v&i cac gia tri m&i co thé dwa vao cell
state

= Trong trwéng hop ctiia mé hinh ngdn ngiv, gender ctia chu thé
m¢é&i sé dwoc dwa vao de cap nhat cell state

t=0 (Wi'[ht—lamt] + bi)

C, =tanh(We-[hi—1,2¢] + bo)
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Cap nhat

= Bwérc tiép theo 1a cip nhat cellstate cii C,
vao cell state méi C,
= Cac bwéc trvde d6 da quyét dinh phai lam
gi nén bwéc nay chi can thwe hién né
o Nhan trang thai cii v&i f, (dé can nhé hodc quén
trang thai cl trwdc do hay khéng)
+ BO sung i*C~: scale béi i; dé thé hién bao nhiéu
lw 7 " b
® >

X
f:T itr-%t Cy = fix o1 + iy x C
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Cap nhat

= Tiép theo la quyét dinh nén dwa dau ra la gi ?

o Dau ra sé dua trén trang thai cla cell state nhwng sé
la gia tri dwoc loc bd mot s6 thong tin (filtered
version)

o Ta chay mét sigmoid layer dé quyét dinh phan t& nao
sé tac dong dén dau ra

o Sail A6 dira cellstate di a1ia mat tanh fiinction

1

CGanh> Ot =0 (Wo [ht_l,ilit] + bo)
ht = Ot *¥ tanh (Ct)
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hi A\
]
= T fi = o (Wi |[Ce—1yhe—1,2:] + by)
it = 0 (W;-[Ci—1,hit—1,2¢] + b;)
il L J ‘h’i Or =0 (WO'[Cta ht_l,-’L't] + bO)
‘l"th\»
Ci1 | &

Cac bién thé ctia LSTM

P@-’ Ct:ft*ct—1+(1—ft)*ét
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Cac bién thé ctia LSTM

2t = O (Wz . [ht—lawt])
Tt =0 (W'r . [ht—laxt])
h: = tanh (W - [rg * hy—1, 7))

ht:(l—zt)*ht_l—l—zt*ibt
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Mo hinh LSTM

=« Co thé coi hidden state nhw la bd nhé cla
mang. S; lwu théng tin cua xay ra ¢ cac buwdc
tredc d6. Tat nhién S, khong thé lwu théng tin
cda rat nhiéu trwdc do

= Khéng gidbng mang neuron truyén thong, cac
tham s6 & cac layer khac nhau thi khac nhau, &
RNN, cac tham so 1a gidbng nhau vi thé ma so
lwong parameters cua mang RNN giam di
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Mot s6 trng dung

= S& dworc trinh bay trong bubi sau
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Tai lieu tham khao

Giao trinh Mang Neuron — PGS.TSKH Tran Hoai Linh
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

http://www.wildml.com/2015/09/recurrent-neural-networks-
tutorial-part-1-introduction-to-rnns/

http://lwww.deeplearningbook.org/contents/rnn.html
http://introtodeeplearning.com/

http://introtodeeplearning.com/materials/2018 6S191 Lecture1

pdf
Neural Machine Translation,
omid.Kashefi@pitt.edu

https://deeplearning4dj.org/neuralnet-overview
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http://www.deeplearningbook.org/contents/rnn.html
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http://introtodeeplearning.com/materials/2018_6S191_Lecture1.pdf
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Sigmoid function

E$

g9(z)

tanh(z) = 2g(2x) — 1

- 14+ e®

tanh(x) =

eT_e T

eft+e T

The two functions are plotted below. Blue is the logistic function, and red is tanh.
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