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Bai 6:
Mot s6 phwong phap huan
luyén mang




Muc tieu

= Bai 5:
¢ Da hoc céc giai thuat dé toi wu hoa ham muc tiéu
+ Da dwa ra mét s giadi phap dé nang cao chat
lwong hoc
= Muc tieu

+ Dua trén céc giai thuat hoc dé huan luyén mang
neuron mot I&p va nhiéu |&p (MLP)

o Thwc hanh v&i mot trong sb cac thuat toan trén

Source: Steve Renals and Pavlos Andreadis,
Machine Learning Practical — MLP




Cac mang co mot lop

= Muyc tiéu: Hoc phép anh xa mét vector dau vao
xdédwaradauray

= Qua trinh hoc: tdi wu cac tham so6 cla hé thong

= Khai quat héa: tinh d6 chinh xac clia dau ra
vO'i cac mau chwa biét

= Mang mét I&p: st dung mét I&p dé anh xa dau
vao vara



Mang mot 1ép
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Mang mot 1ép

Input vector x = (x1,x1,...,%4)"

Output vector y = (y1,...,yk)"

Weight matrix W: wy; is the weight from input x; to output yy
Bias by is the bias for output k

d
Yk =Y wiixi+be ; y=Wx+b
i=1




Mang mot 1ép

3 Outputs U1 Yo Y3
Input-to-output
weights w35
W11
5 Inputs
L1 L9 I3 L4 Iy
d
y =Wx+Db Yk = Wiiz; + bx




Huan luyén mang mét 1&p

Training set N input/output pairs {(x",t"): 1 < n < N}
Target vector t" = (t0,...,t})T — the target output for input x”

Output vector y” = y"(x"; W, b) — the output computed by the
network for input x”

Trainable parameters weight matrix W, bias vector b

Training problem Set the values of the weight matrix W and bias
vector b such that each input x” is mapped to its
target t”

Error function Define the training problem in terms of an error
function E; training corresponds to setting the
weights so as to minimise the error

Supervised learning There is a target output for each input




@ Error function should measure how far an output vector is
from its target — e.g. (squared) Euclidean distance — sum
square error.

E" is the error per example:

1 1o
(EY) = Sly" =12 = 5 > vk — 4)?

E is the total error averaged over the training set:
N N
1 1 1
El—= — E" — — - n__ gn 2
P> Nﬂ}ﬂj(zny ||)

@ Training process: set W and b to minimise E given the
training set




Khdéng gian trong s6 va dao ham

@ Weight space: A K x d dimension space — each possible
weight matrix corresponds to a point in weight space. E(W)
is the value of the error at a specific point in weight space
(given the training data).

o Gradient of E(W) given W is VwE, the matrix of partial
derivatives of E with respect to the elements of W:

@ Gradient Descent Training: adjust the weight matrix by

moving a small direction down the gradient, which is the
direction along which E decreases most rapidly.

e update each weight wy; by adding a factor —n - 9E /dwy;
e 11 Is a small constant called the step size or learning rate.

@ Adjust bias vector similarly

10




Giai thuat hoc

Q@ Initialise weights and biases with small random numbers
@ For each epoch (complete pass through the training data)
© Initialise total gradients: Awy; =0, Ab, =0
@ For each training example n:
©® Compute the error E"
@ For all k,i: Compute the gradients JE" /dwy;, IE" /Dby
© Update the total gradients by accumulating the gradients for

example n
ﬂwk.- — ﬂwk.- + oF 1"Eu"r.ff._, ]
Owii
JE"
Ab, +— Ab, + Yk

© Update weights:
ﬂwk,- — ﬂ.wk,-/N; Wi — Wy — nﬂwk; "'i"rk,f
ﬂbk — .ﬁbk,‘!N, bk — b_k - Hﬂbk vk

Terminate either after a fixed number of epochs, or when the error
stops decreasing by more than a threshold.
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Giai thuat hoc

@ Error function:
1< 1
E=~> E° =52 i — 1)
n=1 k=1
@ Gradients:
3Eﬂ aEH 3 r n n n
) — Y — (yr T rr) Xs
output error input
9E | 1 MLoEr 1 d
e |2 2SO _ Ly
awrs N —1 an N n—1

@ Weight update

1
Wps < Wps — 1] - EZ(Y;]_r;])X:
n=1




Stochastic Gradient Descent

= Viéc huan luyén mang str dung ca tap mau
la rat cham (batch gradient descent):
+ Khi cap nhat ma trén trong so ta phai s&v dung tat
ca cac diém dir liéu
¢ Cach lam nay han ché khi di liéu I&n (>1 ty
ngwoi dung facebook)
+ Viéc tinh toan dao ham cla tat ca cac diém nay
trd nén cong kénh va khdong hiéu qua
¢ Thuat toan nay khéng hiéu qua v&i online
learning
= Giai phap: Stochastic Gradient Descent
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Stochastic Gradient Descent

= Tai moét thoi diém ta chi tinh dao ham trén mot mau va
cap nhat ma tran trong so
= MGi l1an duyét qua tat ca cac diém trén toan bd dir liéu ta
goi la epoch
¢ VOi GD: mbi lan cap nhat ma tran trong so goi la mét
epoch
¢ Voi SGD: M6i epoch twong rng v&i N lan cap nhat trong
sb
= Viéc cap nhat tirng diém cé thé giam téc dd thwc hién 1
epoch
= Tuy nhién SGD chi yéu cau mét lwong epoch nhd va
thwong phu hop véi bai toan co dir lieu I&én (deep
learning)
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Stochastic Gradient Descent

=« Th& tw chon diém dir liéu: sau méi epoch ta
can tron th& tw cla cac diém div lieu dé dam
bao tinh ngau nhién

= Giai thuat SGD hdéi tu nhanh hon GD
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Giai thuat SGD

1: procedure SGDTRAINING(X, T, W)
2: initialize W to small random numbers
3 randomize order of training examples in X
4 while not converged do
5: for n+— 1. N do N- s8 mau hoc
o for k"{_ l,PEdu . K: s neuron cla
T Vi & E;‘:l WiiX; + by mang
8: 8k < Yk —tg d: sbd chiéu cua
9: for i+ 1.d do vector dau vao
10: Wii ¢ Wi — 11 g - X
11: end for
12: bk*‘.—bk—'r}‘gf
13: end for
14: end for

15: end while

16: end procedure
16




Minibatches

= Minibatch: mini-batch s&* dung mét s lwong n>1
(nhwng n << N 1a tbng sb di liéu)
= Mini-batch Gradient Descent:
o Bat dau mdi epoch bang viéc xao trén ngau nhién dir liéu
o Salu do, chia toan b(? di¢¥ liéu thanh cac mini-bgtch,
m(:)i mini-batch c6 n diem d lieu (trlr mini-batch cudi co
thé co it hon néu N khéng chia hét cho n)
o Mbi Ian cap nhat, thuat toan nay lay ra mét mini-batch
dé tinh toan dao ham rdi cap nhat.
= Mini-batch GD:

¢ Puwoc sl dung trong hau hét cac thuat todn Machine
Learning, dac biét la trong Deep Learning.

¢ Gia tri n thwdng dwoc chon Ia khodng ttr 50 dén 100.
17
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MNIST dataset: 18

http://yann.lecun.com/exdb/mnist/




Gi&i thiéu

= Regression (hoi quy): dw bao gia tri ciia dau
ra tr dau vao cho trwéc
¢ Dv bao lwvong mwa trong ngay mai
o Du bao s lwong nguwdi dirng lai @ mot clra hang
o Du bao so lan truy cap vao mot trang web nao dé
m Classific‘ation (phan Ié&p): dw bao I1&p (loai)
tir mot dau vao cho trwéc
¢ Ngay mai co mwa khong (yes or no)
¢ Dau ra cta bo du bao:
x Binary: 1 (yes) or 0 (no)
» Probability: p or 1-p (for a 2-class problem)
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Bai toan phan I1&p

@ Output: y

Activation: a

Single-layer network, binary/sigmoid output

1

Binary (step function): f(a) = {0

if a>0.5
if a<0.5

Probabilistic (sigmoid function): {f(a)

1

T 1+ exp(—a)

|
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Bai toan phan I1&p

= Néu cé bai toan phan loai da Iop (K), st
dung one-from-K output coding:
o Dau ra cla I&dp dung co gia tri = 1
o Dau ra ctia nhirng 1&p con lai co gia tri =0

class 1 class 2 class 3

21



One hot code

= Néu ta c6 K I&p, ta sé xay dwng K bé phan

16p = {C., C,, ..

«C,:cC
«C,:cC

ass 1 & not-c
ass 2 & not-c

.» Ck}

ass 1 (P, and 1-P,)
ass 2 (P, and 1-P,)

e Cy:cC

ass K & not-c

ass K (P and 1-Py)

= Nhw vay két luan cudi cung: xac dinh class
ma diem roi vao v@i xac suat cao nhat, cu

thé 1a

argmax

ke 11,k (P

22



Minh hoa mang phan loai da I&p

a; = Sigmﬂid{}jf] — blgﬂ]fﬁ]lﬂiwf}[]




Ham Softmax

= Ta can mot ham sao cho mdi gia tri dau vao x,
a; thé hién xac suat ma no roi vao class thi i
voi diéu kién:  k

Z P(k|x) = 1
k=1

= Ta thay néu z, = wT, x cang I&n thi xac suat roi
vao |&p thir i cang cao, nghia la can mot ham
dong bién

= Ngoai ra, do z c6 thé nhan gia tri dwong hodc
am, vi thé dé ddm bao z dwong va ddng bién ta
cho exp(z')=ez
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Ham softmax

= Néu ta str dung nhiéu ham sigmoid cho bai toan
phan loai da I&p, nhw vay Y&_, P(k|x) # 1

= Néu chung ta mudn dau ra ciia mang nhu 1a
xac suat dé dau ra la cua mét 1op, ta str dung
mot ham kich hoat sum-to-one: softmax

25



Ham softmax




Phién ban 6n dinh hon cua softmax

= Khi z, qua I&n, viéc tinh exp,(zi) thwong gap hién
twong tran sb. Ta co thé khac phuc nhw sau:

exp(z) _ exp(—c)exp(z)
> exp(z;)  exp(—c) X5, exp(z))
exp(zi — ﬂ]

C
> j-1€Xp(z; —¢)

= VOi ¢ 1a mét hang sO bat ky, théng thwong ¢ =
max(z,)
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ReLU (rectified linear unit)

= La ham s dung réng rai trong thoi glan gan
day do tinh don gian

= Dang toan hoc: f(s) = max (0, s)
= Cac wu diém chinh:

¢ Hoi tu nhanh hon nhiéu so v&i cac ham kich hoat
(tanh) do viéc tinh toan cua ham clng nhw
gradient rat nhanh (gradient =1 néus >0 va =0
trong trweong hop con lai

. |V|~éC du Re,LU khong co dao ham tai s=0 nhwng
van gia thiét la dao ham tai day =0 k

. 28




Tong ket

= Giai thuat hoc mang v&i Gradient Descent
= Giai thuat Stochastic Gradient Descent
= Minibatches, Softmax, ReLU
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Tai liéu tham khao

= Neural network design

= Slide mén hoc Machine Learning Pratical
(MLP)
https://www.inf.ed.ac.uk/teaching/courses/ml

p/lectures.htmi
= Website: https://machinelearningcoban.com/
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