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TOM TAT

Trong hoc may vi phan (differential machine learning), phurong phap lubng gradient ngéu nhién thuong
duoc str dung dé tim diém "gan nhuw cuc tiéu" cia ham thét thoét (loss function), diéu nay tuong ung voi
viéc tbi tru héa thuét toan phén loai. Méc du ham that thoat déng vai tro rat quan trong trong qua trinh nay,
nhung cho dén nay, co sé Ii thuyét cho cac ham thét thoat van chuwa duoc phét trién day du. Bai bao nay
nham déng gép vao viéc xay dung co sé li thuyét cho ham thét thoat, cung cdp mét khung li thuyét chi
tiét va c6 hé théng hon dé hé tro viéc phat trién cac phuong phap toi uu hba va phén loai hiéu qué hon.
Téc gid ciing trinh bay céc phan tich vé cach ham thét thoat anh huéng dén hiéu suét cua mé hinh va dé
xuét mét sé cai tién trong viéc thiét ké va st dung ham théat thoat sao cho dat duoc hiéu suét tbi uu. Nhiing
nghién ctru nay khéng chi giup hiéu ré hon vé ban chét cta ham that thoét ma con mé ra huéng di méi
cho viéc tmg dung hoc may vi phan trong céc bai toén thuc tién. Qua do, bai bao mong mudn gép phéan

néng cao chét long va hiéu qué cta cac mé hinh hoc may hién nay.

Tw khoa: ham thét thoat, hoc may vi phan, ludng gradient.

1. DAT VAN BE

Trong bai bao nay, dé cho viéc trinh bay dwoc
rd rang va dé hiéu, ching ta sé chi yéu xét bai
toan phan loai nhj phan, hau hét cac bai toan
phan loai tdng quéat khac déu cé thé dwoc xi li
mot cach twong tw. Ham that thoat doéng moét vai
trd vO cung quan trong trong hoc may. Tuy nhién
trwdc nam 2000, viéc nghién ctru ham that thoat
it dwoc dé tam vi cac nha khoa hoc cho rang day
chi la van dé tinh toan va khéng anh huéng dén
két qua cubi cung ctia md hinh hoc may (xem [1,
2, 3]). Hién nay cac nha khoa hoc da chu y nhiéu
hon dén cac tinh chat ctia ham thét thoat va anh
hwéng cla ching dén sy hoi tu clia cac théng sb
trong phwong phap luéng gradient ngau nhién
(stochastic gradient flow) [4, 5, 6, 7, 8, 9, 10, 11,
12]. Muc dich ctia bai bao la gép phan phat trién
mot |i thuyét vé ham that thoat. Sau khi dé cap
dén nhirng kién thirc chung vé hoc may vi phan,
tac gia sé& chirng minh mot sb két qua |i thuyét va
thwe nghiém sau day:

- M hinh tdng quan ctia hoc may vi phan

- D6 nhiéu ngau nhién ngan can sw hoi tu cla
phwong phap gradient dén diém cuc tiéu.

- Cac ham thét thoat khong dbi xing tét hon
cac ham thét thoat déi xtng, dic biét 1a dbi voi
cac van dé co6 sy méat can bang nghiém trong vé
di¥ liéu gilrka cac lop khac nhau, [&p nay cé qua it
di¥ liéu so voi I&p kia.

2. PHUONG PHAP NGHIEN cUrU
2.1. Mo hinh téng quan vé hoc may vi phan

Ta str dung cac ky hiéu sau: Q la khong gian
dau vao, bao gdm tat ca cac tinh huéng cé thé
xuét hién trong bai toan, cung v&i dd do xac suéat
P (phu thudc vao tirng bdi canh, tinh huéng). Vi
du Q la tap cac anh trong bai toan phan loai nhj
phan phat hién con hé: anh cé con hd va anh
khéng c6 con hé trong dé.

Ve : @ —{0,1} 12 ground truth (gia trj that) cta

ham phan loai nhi phan. Vidu y,.. (x)=1 néuva
chi néu &nh |a anh c6 con hé trong do.
M6t mé hinh hoc may la mot anh xa:
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M:Qx@—){O,l}, (1)

trong d6 @ biéu thi khéng gian cac tham sb cé
thé hoc ctia md hinh hoc may nay. Déi véi méi
lwa chon cac tham sé @ € ® thi moé hinh M cho
ta dau ra la mot ham dy doan:

Y predic =M : 2 —>{0,1}, 2)

Trong qua trinh hoc vi phan, ngudi ta thuwdng
thay thé ham co giatriroirac Y predict b&i mot ham

tron lién tuc hau khap:
y=DM,:Q—[0,1] (3)

c6 thé dwoc hiéu la “xac suét”, “kha nang” hoac
“murc do tin cay” trong mét dy doan nhi phan: ta
dat vy, =1 khi y>0.5 (hodgc mot nguwdng
khac nao dd), va y cang gan 1 thi ta cang tin
twdng vao dy doan nay.

Vi dy, trong bai toan phat hién con hé, néu

Y predice = 0.99 thi may néi rang anh cé con hd véi

do tin twdng réat cao, néu y, ., =0.65 thi may

coi 1a anh c6 vé& c6 hd nhung khdng chéc chan
Idm, con néu ..., = 0.03 thi co thé coi la may

khéng nhan ra cé hé trong anh.

Sé chiéu ctia khong gian © chinh la sb cac
tham s ma mé hinh may c6 thé hoc. Sé chiéu
nay cé thé la nhd (vai don vi hodc vai chuc, vai
tram, vai nghin) trong cac mé hinh hoc may don
gian (vi du nhw trong mdt md sé bai toan héi quy
woc lwong gia tri), va ciing co thé rat Ion, dén
hang chuc triéu hoac hang tram triéu, dac biét la
trong cac mé hinh hoc sau (deep learning) st
dung CNN (convolutional neural network — mang
than kinh dung tich chap trén cac tensor).

Qua trinh hoc trén mé hinh M |a mét hé dong lwc
(ngau nhién, roi rac, thoi gian hiru han) trén
khong gian tham s6 O :

O—=01-0,—..—>0 .. (4)

sao cho voi 1 nao do thi ta dat dwoc M, 1a mot
xap xi tot nhat co thé cta y, . (hi vong nhw vay).

Ham do dé chinh xac nhi phén (binary
accuracy function):

S(Mg,ylme) =P{x eQ|M, (x) =Y (x)} (5)

va cac ham twong tw, nhw la sensitivity (ti 1é
duwong dung (true positive): tdng sé cac trudng
hop thyc sy dwong tinh dwgc may xac dinh la
dwong tinh chia cho tdng sb cac truéng hop thuc
s dwong tinh) va ham specificity (ti 16 am dung
(true nagative): téng sb cac trwérng hop that sw
am tinh ma dwoc may xac dinh la am tinh chia
cho téng sb cac trwdng hop that sw am tinh),
duwoc str dung dé do dd chinh xac ctia mé hinh.

Trong thwc hanh, S(M,,y,,) dwoc tinh
bang thwc nghiém, dwa trén viéc kiém tra két qua
trén mot tap ngdu nhién N trwdng hop
x, €Q,i=1,..,N khéong dwoc s&r dung trong

qua trinh hoc (diéu nay ciing twong tw nhw 13 viéc
ra dé bai kiém tra dbi v&i hoc sinh: cac bai kiém
tra phai co nét twong tw nhwng khac so voi cac
bai da dwoc chiva trén I&p, dé kiém tra xem hoc
sinh c6 kha nang ap dung kién thirc khéng hay
chi hoc vet thoi):

{k:l,....,N;Mg (xk):ytrue (xk)} (6)
N

S(Mé’ytme)z

Tap cac x khéng dung d& hoc ma dung dé
kiém tra nhw vay dwoc goi la tdp xac nhan
(validation set) hodc tap kiém tra (test set) (tuy
theo ai l1a nguwoi thywc hién viéc kiém tra nay:
ngw&i tao ra md hinh hoc may, hay la nguwdi st
dung mé hinh hoc may).

Trong qua trinh hoc vi phan (differential
learning), nguoi ta thay thé i 1& 16
1-S(M,,»,, ) bdi mot ham goi 1a ham that

thoat (loss function)

L:®->R (7)
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c6 tinh kha vi lién tuc hau khap. Néi mot cach truc
giac, ham that thoat L phai dwoc chon sao cho
gia tri chia L cang thap thi (rng v&i dd chinh xac
clia may cang cao.

Ham thét thoat L duwoc tinh bdi cong thirc
tich phan (lay trung binh):

L(0)=| __t(DM,(x), Y, (x))dPn,  (8)

trong doé ( 1a mdt ham thét thoat tinh cho tirng
diém, va cé tinh chat kha vi lién tuc hau khap.

Khi c6 ham théat thoat L, ngudi ta st dung
phwong phap gidm gia tri theo lubng gradient
(gradient descent) dé tim gia tri cac tham sb 6,
c6 tinh chat “hau nhw l1am cuc tiéu héa (almost
minimizes)” ham L .

Mot cach don gian, qua trinh hoc vi phan
duwoc xac dinh nhw sau. Bat dau véi mét bd tham
s6 6, €© (hoac la mot gia tri ngdu nhién, hoac
mot gia tri “da dwoc hoc tir trede, bay gio sé hoc
tiép”). O bwdc i trong qua trinh hoc, ta dat:

60

i+l

~0-avL(0)+m(6-6,)  ©

trong d6 o >0 dwoc chon 1a sé dwong nhd, goi
la ti Ié hoc (learning rate), V ki hiéu cho gradient,
va m(6,—6,_,) 1a mot “momemtum” nhd (dw am
tr bwdc trvdc) dwgre thém vao céng thire.

N6i chung khong thé tinh chinh xac gia tri ctia
gradient VL(&). Ngui ta chi c6 thé tinh toan né

theo phuong phap théng ké 14y trung binh, st
dung mét mau dir liéu twong déi nhé (dd nhé dé
c6 thé cho vao bd nhé hoat ddong cutia bd vi xi |i
cGa may tinh) goi la batch & méi budc, va do dé
ludng gradient dwoc goi 1a luéng gradient ngau
nhién.

Ludng gradient thwc sw cia mot ham s thi
khéng nhét thiét tién t&i diém cuc tiéu toan cuc,
ma hay bi méc ket tai nhirng diém cuc tiéu dia
phuwong (co6 gia tri cao hon so véi cuc tiéu toan
cuc) va tai nhirng diém “yén ngua” (khéng phai

cwe tidu nhung c6 dao ham toan phan bang 0).
Dé tranh céc tinh hudng nhuw vay va dé cho qua
trinh hoc cé nhiéu kha nang tién dén nhirng diém
gan dat gia tri cuc tidu toan cuc hon, nguoi ta
thém vao cac thanh phan “momentum” kiéu nhw
m(6,—6,_,) dwocviét& phia trén vao cong thire.
Nhw vay, trén thuc té, ngudi ta st dung lubng
gradient c6 tinh ngdu nhién va c6 mommentum,
thay vi ludng gradient thuan tay. Trén thuc té,
ngudi ta cé thé dung nhiéu lwa chon cong thirc
khac nhau cuing c6 dang diéu chung kiéu gradient
cho qua trinh hoc, khéng nhét thiét phai la cong
thirc dang nhuw trén.
2.2. Hién twong méat can bang div liéu

Mé ta mé hinh: Trong mé hinh nay, khéng
gian dau vao Q chi la mét khodng. Ham phan
loai nhi phan l1a moét ham hang sé theo tirng khuc:

Q=u, [ai aam[ (10)

VOi a=a,<a <..<a,, =b va sy that la:
Ve =1 trén Q= u[azwazm[ va Y, =-1
trén Q_=Ula,,,,a,,,[ . (Thay vi ly gia tri 0 va

1 cho phan loai nhj phan, & day ta 14y 1 va -1 dé
dac trwng cho dwong tinh va am tinh).

Mbi bo tham sb trong mé hinh nay gdm n
tham s6 6=(6,....0,) . M,(x)=-1 néu

X € U]a2i+1’a2i+2[ .
da 100% khi

6,) trung khép v&i cac hé sb

R& rang, md hinh dat do
chinh xac tbi cac tham sb
(9:(491,..

- U,

a= (al,....,an) cla ham sw théat.

Vi y, khéng kha vi nén trong mé hinh hoc
may vi phan nay ta chon mét ham kha vi g dai
dién cho né va phu thuéc vao n tham sé

(6,.....,0,), c6 dang nhu sau:

g(0,.0,.x)=][(-4(x-0))

i

(11)
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tong d6 ¢#(x) la mot ham 1é
(¢(—x)=-¢(x)) don diéu téng trén R, va Iom
(c6 dao ham bac 2 1a ham &m)trén R, , théa méan

#(0)=0 va }Lriqwgé(x) =+,

Vi du, ta lay ¢(x):£arctan(x), hoac
Vs

X < A
$(x)= voi € 1a mot sb thwe dwong bat
Jx? +e
ki. Chung ta s& khéng ban khoan nhiéu vé cong
thirc chinh xac ctia ham ¢(x).

Ham s6 g(,......0,,x) cb gia tri ndm trong

khoang ]-1,1[ ; dwong hodc béng 0 trén tap
u[azi,azm] va am trén tap u]azm,aw[. Boi

vay, ham dw doan ctia mo hinh la:

M,(@)=1 néu g(0,0)=0 (12)

va

M,(®)=0 néu g(6,0)<0 (13)

Chung ta khéng biét cac gia tri cua
(a,,....,a,), va mudn tim ching béng céach st
dung ludng gradient ngdu nhién cta ham that
thoat sau:

L(H) = TE(Q,x)dx,

a

(14)

trong do

0(0,x)=1-y,,.(x)g(6.x)

Y nghia cla ham that thoat theo diém

(15)

((6,x) dinh nghia phia trén nhw sau: gia tri cia
that thoat tai méi diém nam trong khoang tir 0 dén
2; néu doan dung 16p, tirc la g(6,x) va
Ve (X) €6 cung dAu, thi that thoat nhd hon 1,

con néu doan sai I&'p thi that thoat Ién hon 1. That

thoat tai diém x € Q =[a,b] ma cang nhé (cang
9an 0) thi c6 nghta la g (@, x) phai cang gan £1
va c6 déu trung véi v, (x), tic 1a may doan
dung mot cach “cang chéc chan” vé gia tri cia
y(x) cho diém x.

Thay vi xét ham that thoat, ta c6 thé xét ham
thu thap (gain function):

G(0)=[ 1 ()2 (O1)dr  (16)

Ham thu thap G (@) khong dat cuc dai tai
diém 6 =(q,,....,a, ) trong khong gian tham sb,

la tham sé cho phép may M , dw doan chinh xac

hoan toan, ma Ia tai mot diém tham sb khac. Noi
cach khac, néi chung, phwong phap hoc vi phan
véi ham that thoat nhuw trén (hodc véi bat ki ham
that thoat nao khac cho van dé dy doan nhj phan
& day) sé khong cho ching ta mé hinh dy doan
v@i d6 chinh xac 100% , ngay ca khi mé hinh dé
tén tai. Thwe té nay co thé thay rd trong trwong

hop chi mot tham sé c6 thé hoc (n=1).

3. KET QUA VA THAO LUAN
3.1. Trwéng hop véi mét tham sé

Ménh dé: Vi cac ky hiéu trén, trong truwdng
hop n=1, g(@,x) = —¢(x—¢9) , ta co:

1 - Trwdong hop can bang. Néu b—a, =a, —a
tocla a, =(a+b)/2,thi a ladiém cyc dai cia
ham thu thap G ().

2 - Néu
b—a, >a,—a nhung |b+a—2a,] 40 nhé thi G

Trwdng hop chénh Iéch.
dat cuc dai khéng phai tai diém 6 = g, ma tai mot
diém lan can trong khoang [a,a,] .

3 - Truong hop qua chénh léch. Néu

a,—a<b-aq va nhéd dén  moc
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¢(b—a,)>3¢(a,—a), thi khi 6 dao ham cia
G la ham am trén doan [a,b] va diém cyc dai
cia G trén doan [a,b] 1a diém a.

Trong ménh dé trén, a, —a hiéula doI&n cia
tap dwong tinh trong mé hinh, con b—a, la do
I&n clia tap am tinh. Trwdng hop 1) la trwdng hop
can bang, khi hai d 1&n nay bang nhau; trwéng
hop 2) 1a trwéng hop cé nhiéu div liéu am tinh
hon duwong tinh, con trwong hop 3) la tredng hop
c6 qua it di¥ liéu dwong tinh so voi di liéu am
tinh.

Chitrng minh. Trong trwong hop n=1 thi
g(@,x) = —¢(x— 6?) va y,. (x) = sign (a1 —x) ,
do do:

G(0)=—[#(x—0)dx+[ (0
’ ; (17)

a—0 b

= I ¢(x)dx+a

a—0

i ¢(x)dx

DPao ham ctia G bang:

_dG(0)

do (18)
——¢(a-0)—¢(b-0)+24(a, -0)

G'(9):

Do ¢(x) dwoc chon la ham 1& va dwong khi

X dwong nén cong thirc trén con co thé viét nhw
sau:

G'(0)=¢(0-a)-¢(b-0)-24(0—a,)
=§(0-a)+2¢(a,~0)-p(b—0)

trong d6 ¢(0—a),p(b—6)=0, con dau cla

(19)

¢(0—a,) trung voi déu clia 6—a,.

Trong trwong hop 3) thi dao ham G'(&) ludn

am véi moi 0 €[a,b]. That vay, néu a<60<aq,

p(0-a)+2¢(a,-0)<3p(a,—a)
thi , tr do
<¢(b—a1)s¢(b—6’)
suy ra G'(60)<0. Néu a, <0<(a+b)/2 thi
¢(6’—a)<¢(b—6?) va ¢(0—a1)>0, vay ta
ciing c6 G'(0)<0. Néu 6> (a+b)/2 thi do
tinh 18m cia ham ¢ trén tap sb dwong va do

$(0)=0 nén ta co:

¢(0-a)+d(a,—a)<p(0-a)+¢(b-a)
<p(0-a)+4(b-0)+¢(0-a,)

suy ra G'(H) < 0. Nhuw vay, trong trwong hop 3)
ham G'(0) la ham am trén [a,b], suy ra diém

cwc dai cia ham G chinh 1a diém «a trong
tredng hop nay.

Trong trwdng hop 1) khi @, =(a+5b)/2 n&m
giva a va b, dé& thay G'(0)=0 tai chinh diém
O=a,.

Tai cac diém 6 > q, thi:
0—a=(b-0)+2[0—(a+b)/2]
=(b-0)+2(0-a,) ’

Suy ra ¢(6—a)<¢p(b—8)+2¢(0—a,) do
tinh chét Im cia ¢ trén R, va do ¢(0)=0,
suy ra G'(0)<0. Twong tw nhw vay, voi moi
a<@<a, tacingcoé G'(0)<0, vado ds cuc
dai cia G dat tai chinh diém a, trong truwong
hop doi xirng nay.

Trong trwong hop 2), li luan twong ty nhw
trong trwong hop 3), ta cling c6 véi moi 82 q,.

Mat khac, G'(a):2¢(a1 —a)—¢(b—a)>0
néu a, di gan (a+b)/2, bdi nhu luc truéce ta
da thay 2¢((b+a)/2—a)—¢(b—a)>0 do

tinh 16m cla ¢ trén tap R, . Do vay, diém cuwc
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dai cia G ném trong doan [a,q,| trong trudng
hop nay, va do tinh lién tuc nén khi g, cang gan
(a+b)/2 (trwong hop can bang) thi diém cuc
dai nay ciing sé cang gan a, .

3.2. Cac két luan suy ra tir ménh dé

Ménh dé trén cho ta thay:

Sw can bang dir liéu 1a can thiét d& co sw
trung khép gitra cac diém cuc tiéu cliia ham théat
thoat va diém tét nhat cia md hinh hoc may. Khi
khéng c6 can bang di liéu thi ké ca néu luéng
gradient ngau nhién hoi tu dwoc vé diém cuc tiéu
clia ham thét thoat, ta cling khéng chac sé tim
dwoc diém tét nhat cho mé hinh hoc may.

Khi c6 chénh léch vé di¥ liéu gitra cac 16p, thi
I&p c6 cang nhiéu di liéu lai cang dé dwoc may
hoc kiéu vi phan thién vi, l&p c6 cang it di¥ liéu lai
cang dé bi ki thi. Khi ma mét I&p qua nhé so voi
I&p khac, thi cé nguy co la may hoc kiéu vi phan
sé bd qua I&p dd, coi nhw né khéng tén tai, trong
qua trinh lam téi thiéu hoa that thoat.

O day tuy khong di vao chi tiét trueng hop
nhiéu tham s nhwng vé mat truc giac ta thay, khi
¢6 nhiéu tham sé, viéc mat can bang di liéu ciing
khién cho diém cuwc tiéu ctia ham that thoat co thé
khac xa diém t6i wu cia may, va diéu nay anh
hwéng xau dén két qua cla viéc hoc may vi phan.

Khac phuc anh huéng ctia bat can déi dir liéu:

Dé cai thién kha nang hoc cia cac mé hinh
hoc may vi phan trong trwéng hop di liéu méat
can déi, ta cé thé ap dung mét sd phwong phap
khac nhau va két hop chung véi nhau, nhu:

Can bang lai di¥ liéu (data rebalancing):

Ta khuéch dai mét cach nhan tao 16p thiéu sb
trong qua trinh cho di¥ liéu vao may hoc, dé sao
cho lwong dir liéu cta I&p thiéu sb dwa vao may
cling twong dwong véi lwong div liéu cla lop da
s6. V& mat xac suét, viéc do cé nghia la ta thay
déi phan bb xac suét trén khéng gian cac di liéu,
tao ra mot phan bé xac suat méi st dung cho viéc
hoc may, ma trong dé I&p thiéu sé va da sbé co
xac suat ngang nhau.

Co6 nhiéu cach khuéch dai di¥ liéu khac nhau.
Vi du, ta c6 thé lam cac phép bién ddi bao toan

¥,.. » khéng chi riéng cho 1&p thiéu s6, ma cho ca

|&p da sb, dé tap hop cac di liéu ding cho may
hoc dwgc phong phi va bao phi ddy du cac tinh
hudng hon. Chang han, dbi véi mét anh con hd,
ta c6 thé 1am cac phép bién déi nhw cat bét né,
viét d& I&én no, xoay nghiéng né, v.v..., ma van
nhan dwoc 1a ¢ con hé trong d6. Cac phép bién
déi nhw vay thuwdng dwoc goi la phép tang cwong
d liéu (data augmentation). Ngoai tang cudng
div liéu, ta ciing c6 thé tao ra di¥ liéu tbng hop
nhan tao (synthetic data) tir nhirng di liéu thyc
té ban dau.

Ham that thoat khéng déi
(asymmetric loss functions):

xteng

HAu hét cac ham that thoat thdng dung cé sdn
la ham dbi xtrng theo cac Iép, tirc 1a gia tri ctia né
khéng thay ddi néu ta hoan vi gia tri ctia cac 16p
v&i nhau, cac |&p déu quan trong nhw nhau trong
cong thirc clia ham that thoat.

Tuy nhién, ta c6 thé xay dwng cac ham that
thoat khong dbi xirng (asymmetric loss
functions), ma & d6 cac I¢p khac nhau dwgc tinh
theo céac trong sd khac nhau. D&c biét, cac 16p
thiéu s6 thi dwoc tinh theo trong s cao hon trong
ham that thoat, dé cho vi thé clia chung trong qua
trinh hoc dwoc tdng cudng Ién ngang bang véi vi
thé clia I16p da sb.

Ham that thodt c6 dé sac cao (sharp loss
functions):

Trong mé hinh & trén, ho cac ham sb:

(20)

dung dé xay dwng ham that thoat c6 chra mot
tham sb e . Tham sb nay phdn anh dd sac
(sharpness) ctia ham that thoat: € cang nhd thi
ham cang sac, theo nghia la lwgng diém cé mirc
that thoat lwng chirng cang it di, va do that thoat
clia cac diém doan dung (doan sai) cang gan
mtrc nhd nhét (cao nhat). Khi may M, cb dinh va
6 tién t&i 0 thi do that thoat ctia cac diém doan
dung tién t6i 0 va cla cac diém doan sai tién t&i
mot trong hai trong mé hinh noi trén.
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Khi e tién t&i 0 thi “do ki thi” ddi véi 1&p thiéu
s trong trudng hop 2) ctia Ménh dé (& day 1a do
chénh léch gitra diém cuwc tiéu ctia ham that thoat
va diém t6i wu @ =a, ctia mé hinh) ciing tién t&i
0. Nhw vay, ham that thoat cang séc thi diém cuc
tiéu cGia n6 cang gan tham sb téi wu thye sy cla
mé hinh hon va cang bét ki thi 1&p thiéu sé hon.
Vi li do nay, ta c6 thé muén tang d6 séc ctiia ham
that thoat diing trong qué trinh hoc may vi phan.

Tuy nhién, c6 mét gia phai trd cho do sac cla
ham that thoat, khién cho ta khéng thé dung ham
that thoat sdc qua mot mirc nao dé. Cu thé 13, khi
ham that thoat cang sac, thi anh hwéng cua tinh
bat dinh tao b&i cac yéu tb ngau nhién trong qua
trinh hoc cang cao, khién cho luéng gradient
ngdu nhién cang kho tién t&i diém cuc tidu ma
trai lai cang giao dong & “mic nang lwong” cao
hon. N6i cach khac, khi diém cuc tiéu ctia ham
that thoat cang gan diém tham sbé téi wu thuc sw
clia may (do ham that thoat cang sac) thi nhirng
diém ma ta tim ra dwgc bang phwong phép ludng
gradient lai cang xa diém cwc tiéu cla ham that
thoat, va nhw vay ching van xa diém tham sb tbi
wu cla may du ham that thoat co sc dén may.
Va tat nhién, khi do séc tién t&i vo cung, thi ham
that thoat tré thanh ham nhay gitra mot sé gia tri
r&i rac, mat tinh kha vi va khéng con dung dwoc
trong hoc may vi phan nira.

Trong méi van dé hoc may vi phan can cé mét
d6 sac tdi wu cho ham théat thoat, dé trung hoa tét
nhét gitra d6 |&n ctia hai sai s6 (dé cho ca hai déu
nhd): sai s6 gitra diém tdi wu cla may va diém
cwe tiéu clia ham that thoat; sai s6 gitra diém cuc
tiéu ctia ham théat thoat va diém tim dwoc bang
phwong phap ludng gradient ngau nhién.

4. KET LUAN VA KIEN NGH|
4.1. Két luan

Bai bao nay da nhan manh tdm quan trong
cla viéc can bang di¥ liéu va xay dwng ham thét
thoat phu hop trong hoc may vi phan dé dam béo
suw trung khép gitra cac diém cwc tiéu cla ham
that thoat va diém tbi wu ca mé hinh. Cac phat
hién chinh bao gdm:

1) Can bang dir liéu 1a yéu t6 then chbt dé
dam bao rang diém cuc tiéu clia ham théat thoat
twong ng véi diém téi wu ctia md hinh hoc may.
Thiéu can bang di lieu cé thé khién mo hinh
khong dat dwoc hiéu suét tét nhat, ngay ca khi
lubng gradient ngau nhién hdi tu.

2) Chénh léch di¥ liéu gitra cac I16p c6 thé dan
dén s thién vi cia mé hinh dbi véi Iép cé nhiéu
div liéu hon va s ki thj déi véi 16p co it div liéu
hon. Néu mét I&p qua nhd so vé&i 16p khéac, ¢co
nguy co mo hinh sé bd qua I&p nhd nay trong qua
trinh t6i wu hoa.

3) M4t can bang div liéu va nhiéu tham sb
ciing c6 thé dan dén diém cuc tiéu ctia ham thét
thoat khac xa diém tdi wu cGa mé hinh, anh
hwéng xau dén két qua ctia hoc may vi phan.

4) Xay dwng ham that thoat phu hop 1a mot
yéu t6 quan trong dé nang cao hiéu suét ctia mé
hinh. M&t ham that thoat dworc thiét ké tét sé giup
mé hinh dat dwoc hiéu suat cao hon va giam
thiéu sai sb, dac biét trong cac tinh huéng di¥ liéu
khéng déng déu.

4.2. Kién nghi

DBé khac phuc nhirng anh huédng ctia méat can
bang di liéu va cai thién kha ndng hoc cla cac
mo hinh hoc may vi phan, cac chién lwoc sau day
nén dwoc xem xét m& réng, nghién clru va rng
dung:

1) Nghién cru sau hon vé can bang di liéu
(Data Rebalancing):

Nghién ctru va phat trién cac phwong phap
khuéch dai dir liéu thiéu sb (Data Augmentation)
m&i, ddm béo rang cac phép bién ddi khong chi
bao toan dac tinh ma con tang cwdng kha nang
bao phu cua tap di liéu.

Phat trién cac ky thuat tao di liéu tbng hop
(Synthetic Data) tién tién hon, dac biét la st dung
mdé hinh Generative Adversarial Networks
(GANs) dé tao ra di¥ liéu da dang va thuc té hon.

2) Xay dwng va th® nghiém cac ham that
thoat khong ddi xng (Asymmetric Loss
Functions):

Tién hanh cac nghién ctru thwc nghiém dé
xac dinh céac trong sb t6i wu cho cac 16p thiéu sb
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trong ham that thoat, nham dam béo can bang
gilra cac Iop trong qua trinh hoc.

Phat trién cac ham that thoat déong (Dynamic
Loss Functions) c6 kha ndng diéu chinh trong sb
dwa trén sy thay dbi ctia phan bb div liéu trong
qua trinh huén luyén.

3) Phat trién ham thét thoat c6 dd sac cao

Phat trién cac thuat toan hoc may méi dé
giam thiéu anh hwéng cla tinh béat dinh do cac
yéu t6 ngau nhién trong qua trinh hoc khi st dung
cac ham thét thoat séc.

4) Png dung trong céc linh vuc cu thé:

Ap dung cac phwong phap trén vao cac linh
viwe nhw nhan dang hinh anh, xt li ngén ngly tw

nhién, va phat hién gian lan dé kiém ching tinh
hiéu qua va thuc tién.

(Sharp Loss Functions):

Nghién ctru méi quan hé gitra d6 séc ctia ham
that thoat va hiéu suat cia md hinh dé xac dinh
murc do s3c tdi wu.

Phat trién cac hé théng hoc may vi phan chuyén
dung cho cac tng dung doi hdi d6 chinh xac cao
va s cong bang gitra cac 16p dir liéu.
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ABSTRACT:

In differential machine learning, the stochastic gradient flow method is often used to find the "near-
minimum" point of the loss function, which corresponds to optimizing the classification algorithm.
Despite the crucial role of the loss function in this process, its theoretical foundation has not been fully
developed. This paper aims to contribute to the theoretical foundation of loss functions, providing a
more detailed and systematic framework to support the development of more effective optimization
and classification methods. We also present analyses on how the loss function impacts model
performance and propose several improvements in the design and use of loss functions to achieve
optimal performance. These studies not only help to better understand the nature of loss functions but
also pave the way for new applications of differential machine learning in practical problems. Through
this, the paper hopes to enhance the quality and efficiency of current machine learning models.
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