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VE PHUONG PHAP GRADIENT DESCENT GIAI BAI TOAN TOI UU
TRONG HQOC MAY
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TOM TAT

Trong hoc may, khi dua v& m hinh todn hoc, rét nhidu bai todn duoc dwa v& dusi dang mot bai
ton t6i wu Phuc tap. Do do doi hoi phal ©6 phirong phép higu qua & giai chung, Ly thuyet 61 wu
d@ dua ra rit nhiu phuong phép gidi, tuy nhién voi mi phuong phap doi hoi qué nhidu rang budc
va diéu kién, hon nita chua tinh dén cic thuat todn phai dam bao higu qua v6i dir ligu lon.
Phuong phap gradient descent 1a mét phuong phép dii don gian va higu qua aé giai mot sb bai toan
t6i uu xut hién trong hoc may. Khic phuc han ché ciia phuong phép gradient descent cb dién,
phirong phép Stochastic Gradient Descent chi cin t¢i dao ham bac nhét két hop véi vige 1y miu
ngau nhién da lam ting hiéu qua va dé tin cdy cia thuat toan so véi céc cich tiép cin trude khi
phai d6i mit véi dir 1iéu 16n.

Tir khéa: hoc mdy, phuong phdp giim gradient ngdu nhién, phwong phip do déc lén nhdt,
phuong phdp giam gradient, t6i wu, 16i wu phi tuyén

TONG QUAN

Trong hoc may (Machme Learning — ML) dé
cdp dén rét nhidu mé hinh may hoc voi cic
thuat toan hudn luyén dugc phat bidu hinh
thirc dudi dang mot bai toén t8i wu tosn hoc,
vi du nhr cic mé hinh linear/logistic
regression, ANN, SVM, K-means... Y tudng
chung cia cac bai todn nay 13 méi mé hinh
déu ¢6 mot tap tham sb O nao dé cn phai
duge xdc dinh gia trj thong qua qua trinh hudn
luyén véi dir liéu. Trude diy khi nganh hoc
méy chira phat trién, trong finh vuc nghién
clu théng ké goi qué trinh nay 1a udc luong
tham so (Parameter Estimation) trong d6 gia
ri cua céac tham sé duge chon sao cho bai
toan t8i wu theo mét tidu chudn nao d6 do
nguti xdy dung mé hinh quyét dinh. Céc tiéu
chuan thudng duge dung 14 phan phdi xdc
sudt likelihood, posterior hay 13 Mean Square
Error...twong img v&i cac phuong phap 12
Maximum - Likelihood Estimation (MLE),
MAP/EAP va Minimum Mean Square Error
(MMSE). Y tuéng @& gidi cdc bai todn 16i wu
& déy la ta can chon ra mét tiéu chuan di
chon gid trj cia tham sb sao cho tcl wu tidu
chudn d6. TSi wu 12 nganh cung cip co s& li
thuyét cho bai todn ndy mét cach vilng vang
nhét, do dé ap dung t5i wu d& hoc cic md hinh
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théng ké tré thanh tu tuéng hét strc ty nhién
(12),3D.

Hién nay trong hoc may ngoai viéc nghén
ciru cic md hinh tham sé (parametric model)
con nghién ctu cic md hinh phi tham sb
(nonparametnc model) Tuy nhién cic moé
hinh tham sb vin déng vai tro hét sic quan
trong, nén tim hiéu nguyén i chung cia cic
mb hinh nay | hitu ich. Bai bao nay trinh bay
vé cac phuong phap u6e lugng tham sb sir
dung ki thut t8i wu dia trén k¥ thuat giam
gradient. Cu thé trong bai béo nay s& trinh bay
vé cic phuong phip Gradient Descent,
Minibatch Gradient Descent, Stochastic
Gradient Descent cing ki thuét higu chinh
(21,3

M§t cach tdng quat, théng thuong muén cuc
tiéu mdt hamchi phi (cost function)
C(6) anh xa vector tham sé & thanh mot gid
trj v6 huéng. Ham nay dugce tinh trén toan tap
huén luyén. Trong hoc méy, ham chi phi (cost
function) thudng duoe biéu didn thanh trung
binh céng hoic ki vong cia mét ham 13i (loss
function) nao d6 4p dung cho m&i miu trong
tap huén luyén:

1
C(0)=;2L(fn,z,) m
=1
(goi 1a training loss) hodc
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c®)= jL( for2) P2}z ®

(goi 14 generalization loss)

trong d6 & 1 véc to tham sb cia md
hinh, z, 14 mét miu (sample) trong tap hufn
luyén va fg la déu ra (output) cia md hinh,
{rmg véi tham sé €. Y trdng chung 12 muén tim
tham s & sao cho ewc tiéu ham chi phi nay.

Trong ngit canh hoc c6 gidm sat (supervised
learning) z, =(x,,y,) voi x, 13 sample du
v&o vi y, 12 nhan tuong tmg, con fo(x,) 1a
két qua dy dodn ¥, do mé hinh dwara. Cy thé

frong mdt bai todn phén 16p (classification),
mudn xay dung ham du doan

£:0" > {01, L-1}

vai gia sir ¢6 L 16p trong bai toan dang xét.
Mot trong céc ham cost function ¢ thé diing
14 ham zero-one loss:

12}
c@y=1, =21(fu(x,)¢y,)
trong 46 D=D,,,
hodc DN D,

tram

la tép hudn luyén
= dé dam bio tinh cong
bing khi danh gia thuat toan trén tap
validation hogc tap test va J(A4) 1 ham
indicating function: 7(4) =1 néu va chi
néu A ding. Tuy nhién mét khé khan ciia
ham zero-one loss 14 khong kha vi nén khéng
thé 4p dung cac thudt todn tdi wu. Khi do ta
s& cyc dai ham log-likelihood trén toan tip
huan luyén:

o
L(6.D)=log[ [ P(¥ = ,|x..6)
+=l

2]
=HlogP(Y =y, |x,,r9)
=l

Ham zero-one loss va log-likelihood 1a hai
tiéu chudn khac nhau, cling nhur ta c6 thé dinh
nghia céc tidu chuin khac nhu x4c suit hau
nghiém (posterior) hodc Mean Squared
Error... Thong thuong zero-one loss va log-
likelihood 1a twong quan (correlated) trén tip
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kiém tra (validation), tuy nhién diéu ndy
khong phai lic ndo ciing ding. Do ching ta
dang mubn cuc tidu héa mot ham cost
function, nén ta s& cyc tidu ham negative log-
likelihood (NLL):

C(6)=NLL(6, D) §

] 3
=—HlogP(Y=y, 'x,,ﬂ) ©
1=l

Yéu chu dat ra 13 im @ dé cuc tidu héa ham
gla tri C(e) Mac du trong li thuyét t6i wu c6
toan ndy, tuy nhién trong hoc may doi hdi cac
phuong phap phai higu qua khi lam viéc véi
dir liéu 16n, phirc tap thi cac phuong phap
giam gradient t6 ia hidu qua, dic biét i
Stochastic GD.
PHUONG PHAP PO DOC LON NHAT -
GRADIENT DESCENT (GD) 4
Theo 1y thuyel tdi wu, dé tim cwc uj
cia C(@) ta cé thé giai phuong trinh:
aC(®) -0

06 R
Nghiém cia phuong trinh cho gia tri toi wu
ciia @. Céch nay chi lam duoc khi ta c6 thé
tinh toan chinh xéc dao ham bac nhit
cia C(O) ([11.141.(5D).
Trong hoc may, bing céch sit dung ham
likelihood, 14y dao ham d‘e c6 cong thic
twdng minh ciia cac tham s6 rbi sit dung thudt
toan EM (Expectation Maximization) Ia cach
Iam to ra thanh céng véi cac md hinh nhu K-
means, GMM (phuong phép moment ting
quit- Generalized Least Square) hay HMM
(m6 hinh Markov 4n - Hidden Marko?
Model). Tuy nhién viée liy dao ham va gifi
phuong trinh trén khéng phai lic nao ciing
thuc hién dugc, do d6 chn si dung céc
phuong phap toi uu.
Mot phuong phap di don gian ma trong hot
may c¢6 st dung chinh 1a phuong phap
gradient descent (trong tSi wu con goi b
Steepest descent — phuo‘ng phap do dée 1on
nhdt). Cach don gian nhit dé hidu gradlent
descent 1a tir vi tri hién tai, ta di theo chiéu
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giam ciia dao ham bdc nhit cho dén khi
khdng thé giam duge nita. Khi d6 ta da & mét
diém 8 vu cyc bd ([2)[4](5]). Cong thirc cip
nhit cho gradient descent 13;

c(8,) @

la tham s6 tai lan lip thir k

6
G =6~ ak
trong d6 &,
va @, goi 1a téc d6 hoc (learning rate), c6 thé
dugc ¢b dinh hoic thay dbi thich nghi trong
sudt qué trinh huén luyén.
% Gradient Descent
while True:
loss = fitheta)
d_loss_theta=...%tinh gradient
theta- = learning_rate* d_loss_theta
if <stopping condition is met>:
return theta
PHUGONG PHAP MINIBATCH
GRADIENT DESCENT (MGD)
Khiéc phuc han ché cia phirong phép gradient
descent 13 ding toan bd tip hudn luyén cho
mdi bude, ta c6 phuong phip Minibatch
gradient descent, trong d6 sir dung B sample
cho mi bude cap nhat cia & ([2], [3]).
% Minibatch Gradient Descent
For (x_batchy_barch) in tram_batches-
= fltheta, x_batch, y_batch)
d_loss_theta= ...

loss
% tinh gradient

theta - = learning_rate* d_loss_theta

if <stopping condition is met>:

return theta

Phuong phép Minibatch ¢6 lgi thé 13 c6 thé
gitp thudt toan hdi tu nhanh hon vi thay vi
tinh B phép nhn vector v ma trn, ta chi ¢in
tinh mét phép nhan ma trdn véi ma tran, trong
d6 ma tran thir nht c6 B hang, Phép nhén nay
¢6 thé duge cai dit rét hidu qua trong Matlab
hay céc thu vién tinh toan khac. Tuy nhién
néuB 6n thi thudt toan s& tén chi phi cho
viéc tinh hudng gidm tai mdi buée. Do
d6 B thyc sy Ia tham s trade-off v& mit hiéu
qua tinh toan. Gia tri t3i wu cho B khéng chi
phuy thudc vao m6 hinh ma con phu thude vao

dataset va kién tric may tinh. Néu diéu kién
dimg cita thudt todn 12 s8 1n lap (epoch) thi B
tro nén v cing quan trong vi né quyét dinh
s6 1n cap nhét ctia tham s6. Huén luyen md
hinh véi s6 epoch = 10 vA B = 1 ¢6 thé cho
két qua hoan toan khéc véi epoch =10 vA B =
20. Do d6 khi si dung minibatch gradient
descent nén than trong khi thay dbi B, vi ¢6
thé ta s& phai tune lai toan bd cdc tham s
khéc véi mbi gid tri méi cha B.

PHUONG PHAP MOMENTUM

Twong tr nhu Minibatch GD nhung y tudng
cia phuong phép momentum 1a tinh toan mirc
d6 thay dbi cia tham s6 tai m3i budc dwa vao
bude trude dé. Nhu vy tai mdi budc tham sé
s& thay ddi mét cach “thich nghi” dén dan véi
cac lan 1ap truée. Cu thé:

AHk+,=gA9k+(l—g)%L(5k,z) )

v6i £ 1a hyper-parameter didu khidn mic
do anh hudng cia gradient vao mic giam
tai m3i bude.

PHUONG PHAP STOCHASTIC
GRADIENT DESCENT (SGD)

Nhén thiy him chi phi C(8) la trung binh
cong, va thong thuomg tap huin luyén 14 doc
lap va c6 cing phan phéi (id -
independently and identically distributed) nén
tai mdi bude ta co thé cap nh4t tham s6 véi
méi sample trong tap hudn luyén:

b, =6, -2, —L(Bk,z) (6

voi z 1& sample tlep theo trong tAp hun luyén,
ho#c trong c4c ngir canh online khi dir lidu
huén luyén duge dira dén tirng miu mot (c6
thé v8 han) va ta khéng c6 tron ven ca tip
hufn luyén ngay tir dhu. Mot cach dé hiéu vé
SGD 1a huong cap nhét cho tham s8 1a mot
bién nghu nhién ma ki vong cia né 14 huéng
cép nhét tinh boi Gradient descent,

SGD théng thuéng nhanh hon gradient
descent vi ta cép nhat cic tham sé nhidu hon
hin ([3]). Pidu nay dic bidt dang khi c6 tap
hudn luyén Ién hosc khéng co6 toan bd tap
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huén luyén ngay tir ddu. Trong hoc may chi
dimg GD khi ham chi phi (cost function)
Kkhong thé viét dudi dang trung binh nhr trén.
% Stochastic Gradient Descent
Jor (x_iy i) in training_set:

loss = fltheta, x_i, y_i)

d_loss_theta =...% tinh gradient

theta - =learning_rate* d_loss_theta

if <stopping condition is met>:
return theta

CACH CHON LEARNING RATE
Néu learning rate qua 1én, ching han 16n gip
d6i trj riéng 1én nhét cia ma trin Hessian
cia C (9) thi cée bude s€ di 1én (ascent) thay
vi di xuong (descent). Nguoc lai néu learning
rate qud nho thi thuat todn s& hoi tu chdm. Ly
thuyét t8i wu da gial quyét vin d8 nay bing
thugt toan line search ([4], [5]), tuy nhién
trong hoc mdy thi thuong chon a* theo cac
cach sau:
+ Hing sé o, =a,: diy 1a hra chon phé bién
nhit vi phi hop khi phin phbi
cia C(6) khéng cb dinh. Day la cach lam
robust nhung gi4 tri cua C(B) 6 thé khong
gidm nita sau mot s6 1an 13p, trong k}n’ néu
ding learning rate nho hon thi ¢6 thé giam
ti€p (tién gan hon 1 chut dén diém toi wu).
+  Phu  thude

vio sb budc lap

T 1
k: @, =0, ——. Chién hrgc ndy dam bao
T+k
dén duge diém t6i wu khi k£ — o vi n6 théa
Say=ovi > af<w ((3)). Pidu niy
k=1 k=1

ding véi moi t nhung &, phai di nho ¢é
trénh di [&n t}nay vi di xubng. Tuy nhién cin
phai cidn nhac vi‘khi 46 lai c¢6 thém mot
hyper—pa’rameter can phai tune. Chon gid trj
khéng 5t cho 1 ¢ thé 1am chim qué trinh
hdi tu cha thudt toan.

HIEU CHINH

Day 1 vén dé cita hoc may khong phai clia ly
thuyét t5i wu. Khi i wu C (0) chung ta
khdng mudn “téi uu qua”, vi nhur thé md hinh
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s& bj qua khép (overfit) vao dir lidu huhn|
luyén va s& khong di tdng quat dé mo hmhk
héa ci dir ligu moi Hiéu chmhl
(regularization) 1a cach dé can bang hlen‘
twgng nay ([2],[3]). C6 nhiéu cich & ity

chinh mé hinh hoc may, & day ching ta s¢

xem xét dén L1/1.2 regularization:

Thém vao sau C(#) mét ham cia 6 d
trdnh hién tugng overfitting. Cu thé him
regularized loss function s§ cé dang: ¢

E(0,D)=C(8)+AR(9)

véi R(@) 12 ham regularization. Trong
trudng hop L1/L2 regularization thi:

E@.D)=C(8)+ 2|6

o v
vii Jelp=|2l6[" | tachuin L cia
4=l

vector 8, p co thé bing 1 hogc 2, do & goi
tén Ja L1/L2 regularization. A 1& hyper -
parameter thé hién muc do trade-off
gitta C(#) va R(6). Tic 1a, c6 C(6) thé
hién mirc 46 phi hop (khép- fit) ciia mé hinh
vao ditr ligu (nhat 14 khi si dung xdc sust
likelihood) con R(&) thé hién mic @
regularization ma ta muén thye hign. Téi wu
dong thoi ca 2 yéu t& nay, ta hi vong dat dugc
tinh hubng nio dé can bing ca hai. Mic d§
trade-off giita hai bén dugc thé hién bing A.
Trong hudn luyén ANN hay SVM, LI/L2
regularization giip cin bing chc trong s,
tranh hién tuong chénh 1éch gia tri gifra cic
tham sé va lam cho mo hinh “don gian” hon,
két qua téi wu s& gitp chang ta c6 két qua don
gian nhét c6 thé (theo tiéu chi dd chon) mi
van phil hop duge dit ligu. T4t nhién decision
boundary “mucgt” khéng nht thiét dbng nghia
v6i kha nang tong quat hoa tt hon.

KET LUAN

Bai bdo ndy trinh bay v& cac chién lute
gradient descent thudng ding trong céc bii
todn t&i vu trong hoc may, ddc bist [a phuong,
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‘ phéap SGD véi cich chon tée d6 hoc (learning 2. Mark Schmidt, Convex Optimization for Big

:1 rate) va ki thuat hiéu chinh (regularization). ﬁam, .:sia;m(';‘onference on Machine Leamning,
PO S ia ovember X
Da?' a mqt h‘{mg ?l.ep c@? du. do;rf gl‘jn nhu‘n % 3, Leon Bottou, Online Algorithms and Stochastic
khéng giam tinh higu qua khi d6i mét véi dit Approximations, Online Leamning and Neural
liéu 16 - kho khiin cia céc bai todn hoc may Networks, Cambridge University Press, 1998.

* va khai pha dit liéu hién nay dang giai quyet. 4. Nguyén Thj Bach Kim, Cdc phuong phdp 1i
v Ly thuyét v thugt todn, Nxb Bach Khoa Ha
i TAI LIEU THAM KHAO Nei, 2014. )
1. S. Boyd and L.Vandenberghe, Convex 5. Bai M"Eh Tri, Quy hogch todn hoc, Nxb Khoa
Optunization, Cambridge University Press, 2004. hoc kg thuét, 2001.

SUMMARY

GRADIENT DESCENT METHOD SOLVING OPTIMIZATION PROBLEM

IN MACHINE LEARNING

Bui Thi Thanh Xuan Duong Thi Nhung, Ha Thi Thanh
College of Information & Ci —TNU

The gradient descent method was originally consider to be direct method for linear equations, but
its favorable properties as an iterative method was soon realized, and it was later generalized to

i more general optimization problems. It provides a very effective way to optimize large,
deterministic systems by gradient descent. Stochastic gradient descent (SGD) is a gradient descent
" imization method for minimizing an objective function that is written as a sum of differentiable

) functmns The convergence of stochastic gradient descent has been analyzed using the theories
¥ of convex minimization and of stochastic approximation. Briefly, when the learning rates decrease
-3 with an appropriate rate, and subject to relatively mild assumptions, stochastic gradient descent
| converges almost surely to a global minimum when the objective function
is convex or pseudoconvex, and otherwise converges almost surely to a local minimum. Stochastic
gradient descent is a popular algorithm for training a wide range of models in machine learning,

L including (linear) support vector machines, logistic ion and graphical models.
M Keywords: machine Iearmng, stochastic gradmnt descent, gradient descent, minibatch gradient
descent, / P P
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