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AIRCHARIRIZ

ZA A RTICEEAR, LDAEM— L RGICHEARTE
T EISHERERAFICHEIKANREK, LFF
P AR LR 1K
® XX L iX (clustering assumption) :
BIX BT EREN, Fl—HRNFELRETE KA,
® i 61X (manifold assumption) :
BRXFE,IAE—ANRPEL L, AFANEREFAUN L E.

IARE IR AR S ERIR AU
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ERIVEA

B AR BARAEE AR, HENE I —
IN TN TS

p(x) = Z a; - p(a | pi, 3)
i=1

fd, ;>0 a; =1

' ) = 1 —3(@—p) "B (2—p)
ple|pi; 2i) e i
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= =) B WAl
o AN T IR Z N A

f() = axgmax p(y = jle)
JEY

k
= argmax y_ p(y = J,0 = i|x) p(y = j|© =1)

J1EY 1=1 /

k
= argmax ) |p(y = j|© =i, z)|- p(© = i|z)
1€Y i=1

:Ef_‘_ _ _ ozip(w“lm;azi)
A t:]j p((-) Zl.’I;) ;f::l Oé,p(ﬂ3|llzz,2L)

http://cs.nju.edu.cn



http://lamda.nju.edu.cn

= =) B WAl
c BIXEFEARMIE 2, BEHE—1MEENRGER E R
PSP G AR

k
Inp(D;UD,) = Z (Zaz p(xj | pi, i) - ply; | © = i.%’))

(xj J])EDI =1
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= =33 W B

B 2R AN S 21T A LUK FIEME i ok i, =R E 3T

AT

>E¥: MFELUWEE SR ITEARTILFEAYETE 5
H I B A 0 FN R

_ app(my e, X5)
Vi = e BB LR
Zq;=1 0% p(wj““l’?,a i
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IV E
O\NF.: ETvi EFMHEA KK

1

1
i = s T (Qeaen, V(@ ) (@5~

)T
+Z(fﬂi,yi)€l7z/\yj:i(wj B “i)(wj B ui>T)

0 = (X, e, Vi T i)
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ERIVEA

» K LI T E AR e R A B R o T SR AL,
AP F DUe T AT AR AL < Bl 48 5 1 D B9 AR S e
S N

s WRFTEEE., HTEA, EAMICHER D WE
VT AEAE H B At 77 % 15 RE E 4T

o N, MERFER—ARE: BEABBLTUEH,
BB ey 2 s B R S5 RS RFE LT 055 &
U ARARIC BRI KT & 3 &Rz i fE
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=SVM

SVM%| /A2 - @
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FIEESVM

F BT FEENF HE LN 2TSIM(Transductive
Support Vector Machine)

min
w,b,y.§

S.t.

m

_Hw”) +Clz£z + Cu Z 51

1=l+1
z/.lj(wTa:.z; +b)>1-&, i=1,..., [
1/.1:(me2- +b)>1-¢&, i=1+1,..., m
>0, 1=1,..., m
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FIESVM

o TSVMK F a7 80 #% & ok 3 Xt F- 3 U LR

Y%

r\ W
=l
z

Ui ‘K

TEcED
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=SVM

i

'

%

FEIRA]FELSEATF A
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HUTESVM

B GIRICFEALE Dy = {(x1.11), (22, y2), - . .. (1, 1)}
AFridFE 4\'9‘ D ={xir1. 140, Ty}
i ZE ),
J_J i
1 J1l Dy %/ SVMy:
. 2: H SVl\f"Il A Dy WFEASTEAT M, 253 9 = (G141, D142, - - - Yl+u);
FITIHFERE] (—s—st] C,, < Ci;
IIBTICAEDR | 4: while Cy < C; do
5: Y1 Dy Doy, Cy. Cy SKIH A(13.9), 153 (w.b), &
6: | while 3{i,j | (7:7; <0)A (& >0)A(§ > 0)A (& +& >2)) do
7 Ui = —1is
8: Ui = —Uj;
o | T Dy, Du. g, Cr, C THRIR(13.9), 155 (w,b), €
10: | end while
11: ', = min{2C,,C}}

12: end while
s ARPFICFEARRI MG 9 = (J1e1. D142, - - . Jitu)

& 13.4 TSVM H ik
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FIEESVM

» RAIDH AIATI I IR A EN TR T, B
AR A AT AL B R RN ARLZ T 7 — K

o N T BIEE KA E B e R AT e, A

U RACE AR R C TR CF 5 Cp B,

WAL 4 )
Co =—0Cy

U
U4
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FEESVM

o B, EIFAIDIE IR RE W 4 BV B — X R AT IO R,
=AW KB AT E T B AR AL A F] A

e FHM, FBWESWH RN —NEE-ZWEAEITHE
F A AL KRR 3R B

o flanE T B % (graph kernel) of %80 B T [ Y
Laplacian SVM[Chapelle and Zien, 2005]. # T #r

1038 1t BmeanS3VM[Li et al., 2009]%¢.
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FINEFS

o B —NEESE, RN FEES N —ANEH, ZESETEN
AN TEY —ANE R, ZHWAEARZE AN ERS (3
ﬁ%ﬂ@@@ WX R B 28 B Z (Al P/ — 453, W “TEE
7 (strength) IE H T8 ARz 8] g9 48 0L (B AH R M) o

o RATFTHATICHEAT N NS R BE A RTE, AR

BB R R4 R A, TR, EBEE R T
“Bie” £E TR g,

. EJEJ? MEX R Y —/MEEE, ZpER RIS TEMRZH

RHAATHHEFIFEZNESTH 2.
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Ad |

B S)

%amé% T DiuD, WE—NHEH G=(V.B), HF

/l:[ I

‘.f'r — {,’1}1, very D]y Ty vens w['l'(l }

« WEE T RN —NEMBEM (affinity matrix),
FETEIREE XN

exp ( I o 3“2) C ifi# g

0 . otherwise |,
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B NEFS

CBENE G = VE)BEB— A TEEHR VR,

o WL AR By R A ELF A LV AR 1T, BR AR B AL
ZRTEAEXKTI W “GB2 X" (energy
function) [Zhu et al., 2003]:

E(f) = i g:l Wi (f(x) — f(z5))?

DO | —

=3 (il d; f*(z;) + i::l djf*(z;) — 2 i > Wijf(wz')f(wj))

= fT(D-W)f
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¥ NEFS

o« KR 03RRI AR T 5N

B

Dy 0y,
Ou.l Duu

E(f)=(fi' £)) (

W, Wy, fi
Wul Wuu. fu
= £, (Du—Wu)fi — 2f, Waufi+ £, (Duw — W) fu -

- B G =0 HiE

f'u. — (Duu — Wu.u)_lwul .f [
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T
%
1%
\Y

-1
D 1l Olu
Oul D,.

uu

W, Wy
Wu‘l W'uu

P=D'W-=

D, ! Wul D, ! Wuu

uu uu

D;,'Wl DHlWlu]

Puu — D_lwum Pul — D_lwul

uu uu

fu — (Duu<I — Dq;q}Wuu))_lwulfl
— (I - D;JWUU)_ID&}Wule

— <I - Puu)_IPul.fl
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=2

Sy
——

M

Annnl

<3

%5

TEERE—NEA

(label propagation) ﬁx%, T@%ﬂl]%%

AL “ B H 7 e

AT 5 4%

B ALY “HE RN AFICE R E[Zhou et al., 2004].

MET DivD.HE—NE G = (V,E)

E X —A (1+u)><|y| B AE AR EE [ F =
Fy) AP @i BIARIC H &, ffEU’EJ’J 5'7:5%)“075

TLERF =

Yi = argmax; <<y i

FFEA 26 -

if (1<i<i)A

otherwise .

..... 147

(vi = 7) :
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¥ NEFS

« ETWHE— M riCEHEEMES = D2wDr
He pi- (f\/—> TR ERITEX:

F(t+1)=aSF(t)+(1—-a)Y

C ETFHRREUSTE

F*=lim Ft)= (1—a)(I—-aS)"'Y

t—00
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e EL b, ZEEMNMTIENMAEZE [Zhou et al.,

[+u [
1 N 1 o1 112 V12
5 (%;1 sz”\/d_in \FdJFJH > "‘Ni; |F; — Y|

L=l R, RO N R SRR UCSR P
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/¢7.'t

BN GARICFEAE Dy = {(z1, 1), (22, 12), . . .. (x

‘900\'@“*‘-‘“““-’*—‘[\“_

[R S —
O

LF

/I\TTLLx'\ 4-\9* Du — {ll—*—l LIy s Il—*—u}:

ey P 2% (o
i 25 o

=N
I

3T &(13 11)FIZE o 153 W
BT W ORISR IO LS S = D2 WD 2;
HAhi 28 (13.18) W) EhAk. F(0);
t =0;
repeat
F(t+1)=aSF(t)+ (1 —-a)Y;
t=t+1
until EYE 2 F
fori=1+11+2..... [+ u do

Y; = arg 111&X1Sj§|y| (F*)Z]

- end for

Ail‘ﬂ‘ /I\ T’]V ic H 4-\ BLJ J{%I)“J ’bli; B ’g = (Ll,7l+1~ !7[.*_2. R

y -l)l—}—u )

& 13.5 #HAARAARieEGH &
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SRS

B

o BB F ] m AR LAELEN, B TR TP E
(35 N AT R IR R AR E T

« ERERHEENRGUHALHAE. BEEEFETHS.

o F— A E, HTHEITBRNES R EGFARK, LA FH

HEAEEHTWAE, FHit, ERRIAFFAR, SoRHm
NEBEEXEHATERFEFRHATRILEE, HeFIlA
AN e T AL
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T IREITEE

o HET B89 A ik (disagreement—based methods) £ A % % 3]
&, MEIHZEB “H57 (disagreement) X K AF1C 2K 15
AR E K EE,

e WEIZ (co-training) [Blum and Mitchell, 1998]& % T
DE T ENEENREK, emlasx “ZAE7 (multi-
view) B ITRHY, FHbt H/E “ZHEF I (multi-

view learning) B9 1X k.
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N

P IRENTTE

]
J

&g

P EH Brief CV

Zhi-Hua Zhou

can be pronounced simply as [Jihua Joe]

Professor,

ACM D

Department of Computer Science & Technolo,

. Nanjing University, China

Scientist, [EEE Fellow, IAPR Fellow, CCF Fellow

‘Correspondence

] TR

[Mail:  [ZhiHua Zhou [office:  [Rm 920, Computer Science Building, Nanjing University Xianlin Campus
[ [National Key Laboratory for Novel Software Technology [Ten: [+86-25-3068-6268

[ [Nanjing University, Xiantin Campus Mailbox 603 [Fax:  [+8625-3968-6268

[ [163 Xiantin Avenve, Qixia District [URL:  [nttpoics.nju edu cn/zhouzhy

’ ’Nanjmg 210023, China

‘Emnil:

Interest] [Career] {Education} [Award] [Activity] {Publ.

} [Course] {Student and Postdoc} {LAMDA Group}

Research Interest

tudi

hiy and

artificial
hines to handle "

T have wide research interests, mainly

learning, data mining, pattern i ionary comp

problem of how to enable computing
Currently I am interested in the following ML/DM topics:

© Multi-label learning

® Multi-instance learning

® Semi-supervised and active learning

® Cost-sensitive and class-imbalance learning

XFHE

Ensemble Methods
Foundatiam ami Mgorithm
v

® Metric learning. d 1y d and feature sel,
® Ensemble learning
® Structure learning and clustering

L L 1 1 Linghe £011

Z.-H. Zhov. Ensemble Methods and Algorithms, Boca

® Image retrieval

Raton, FL: Chapman & HallCRC, 2012. (ISBN

T 5 e S K]

78-1-439-830031)

ia retrieval, among which machine learning and data mini

http://cs.nju.edu.cn



http://lamda.nju.edu.cn

HEToIERG%

« MEVNEAEZBRTFHANRT ZAEN “HEEAME” . BX
BEFAEGHN “Han” (sufficient) B “HHMr” HHE,

H
@ \J Eif;éﬂz
_
| |
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P IRENTTE

T ’7{"—[1‘1')“: - B bRckEAS D= {((=h 2. n), ..., ((x} J‘;')>.y[)}'.
(;’,’ ;1) t]'-\(;‘l_rl) i = /?'\h .L” ‘I*‘JA_ D, ={(=} ., 2} )...., (], 2P 0 )
ltﬂ"J A5 p s
Spn s, RN A B m s
- 1534 2 -
FoIRCELT .
ji’—‘l:".:
1: A Dy, PEIHLIEAL s A FE AR RZMPE D.;
2: D,=D,\D,;
LB b6y Ay 3: for j=1,2 do
¢ D} ={(,w) | (&, @] 7). ) € Di};
5. end f01
6: fort=1,2,...,T do
T for j=1.2 do
LAL B § kA A AL 8: h; + £(D});
|95 hy. o: V%2 hy /X DI = {a! | ( rf.;r.? ) E D.} iy ar A5, ki p A~ 14
HLAG i R4 D, C D, A9 AT I i A D, € Dy
10: 1 DI ERRpbRIE R D3I = { 39, 41) | f € D}k
11: H DI Ak fhbrid i D37 = {(x; 7, 1) | =] € Di};
12: D,=D.\ (D, D5):
3. end 1or
14:  if hy, he BN 400 then
15: break
16: else
17: for j =1,2 do
¥ RARTA B, 18: DI =Di| (DiUDf;)i
19: end for
20 M b BB 9n 2 9 A-FEASTn A D
21: end if

22: end for

&80

"* 1. /'f }’:[n“i hl, }12

[# 13.6

b ) ] 0 o
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T IREITEE

s MEIVGIERHE, EASAARTWNE, ERIEATTH,
= WAWE 7 B dmar, WA R AR D A 1 9 6
WK T KR E=w e A 21F & & [Blum and
Mitchell, 1998].

o T, WL A PR m o P AR 3 SEAT 55 o 3B R AR KR R, B A
REfe TBEAN A AN, B %R, BIEAEFHNSHET,
7 -7 ] A R MR T8 e R A e RE LR R 4, 20131,
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T IREITEE

» MEINSGEEATZ A ZAEKEM T, ElEEHAT

—LatE A E SR L EANEERE

o U1 AER A FE = >] B [Goldman and Zhou, 2000] . =X

# B 1~ [E B9 2038 % 4£ [Zhou and Li, 2005b]. EZEF F 1A
1% %1% & [Zhou and Li, 2005alk =4 TR &, &
A6 8 2 A ] R AR 20 4E K f' M EE

X

« BEERFRRI, WA ZZFX L TFRERE 2 AE,

TX%%%?%%%@W%%E%%%&(&%%) BU] # I AH
8 (kP ATIT R R 7 R AR B0 b B LA 4, 2013]
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EToIRGE

C ETHMMTARERALEMESE, RERDSZIE
R . K S O A SR AL B B, % ] i
WEAK. BhEMAAES, B AR

c NTERMER R, FREKEFRESE., EREHTHNES
MFE S, BEIEARLEARD. LERHETAR S UNE
i, EREARX—RmANLEZ
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E'ﬁjl:k =X HX >

@ XA Z—MHEANWNLREFIMES, AMAEIALRRMESF
KN EERERF LN EERFEE, TETHET “FhHE
F K7 (semi—-supervised clustering) & #| F 5 &1z & UL 3%
FEHFNERRIEK,

@ XRITHFHRFNWEEREEABHFMELE:

@ F—fRAEZ “ Nt (must-link) 5§ “Z7%” (cannot-
link) 9%, W& =8 RO E TE —Nik, EENEFFEKR
$o A& T/l — % 5

® ¥ i RAIEEEENZEDEWNE FILHE A,
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M2 AERBX K
:':J:lﬁ ZF<¥

® 7% k¥]1H (Constrained k—means) & 7% [Wagstaff et al.,
200l] BEFF F — R BEBEERENREK.

@ ZHERINERZNT K, CEREATEFTEHK “ Lt
KEEEE “1E7 RARSFWAREURLE, TUKE

Bl 45 1% 32 71 o
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i

R\/
R

BN FEAYE D ={xy,20,..., T };
NEAH S M ;
MELREE C;

WRERE .

While — is_merged do
P KR S A @y B BOL K. r = argmin e dij
\"7 Jl xi MINERE Cr 2 RIEH M5 CHIAH;

if - 1s_v011ated then

C, = Cp U{wi}; FIpgs, SRR

is_merEedztrue

else

K=K\ {r};

if =@ then JBZS, Sy R

break J{-i% [u ]} 1342 7N
end if
end if
end while

24:  end for
25: until ) S AT
it #ERIr {Cy, Oy, ..., Ck}

& 13.7 #%& kA0 k
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0.8 T T T T T T T 0.8
0.7 0.7
0.6f 0.6¢
0.5 0.5

0.2 0.2
0.1¢ 0.1
0
0.1 0.9 b

(a) % 184K

(c) % 3 foik K5

0.8 0.8
0.7 0.7
0.6f 0.6f
0.5 0.5

0.3

0.2 0.2

0.1 0.1
3.1 09 8.1 0.2

(b) % 2 #% K G

03 04 0s
EE
(d) % 4 %K E
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M2 AERBX K
:*:Lﬁi 2$Z§i§

- FMEEEEESEAMILHER, BRSO EFFICHEAL
B ThMERE®.

 XHEHNEBEREAARKRREZ: EEKCNMER “T7
R eI E WA EEFNANREFO, FHERRZELER
FHABFARE M THEANEFTRERR. IHERGEET Y
¥ A F k%18 (Constrained Seed k—means) & £ [Basu et
al., 2002],
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H
\\iim
AX
A

N FEARYE D = {z1, 2o,

s Em )
Lo

|
(-
E\')
o~
o,
o

1: for j

Y. . 1 -
K= 5] 2 zes; T
3: end for

6:

o)
& _*-
»
od
l
( -
"
™
-4k
r
ol
-
-
’

-
(a
T

-~J

8:
0:

for 7=1.2,....k do
for all z € S; do
C; = CjU{=}

end for

13: Pl SFEA @ BB RO IR r = argming g0 gy dij ;

14: PR @ IR Cr = Cr U{@:}

15: end for
16: forj=1,2,..., k do

B A4k ¥ 7. 1
EFADR 17: 1 =15 Zme(‘) x;

18: end for

19: until 28 0] 55 A 6

e #ERI4r {C, Cy,...,Ck}

E 13.9 #R#F k#HEH ik
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T
i
X

4

K

04

03
FE
(a) # 14K )G

0.9
OERESZY

0.8

0.7}

0.6

J— o

oo AR
£03 FO— e..

0.2 3; ®e o ‘

(b) # 2 ## K G

0.9 0.9

(d) % 4 ##EK )G
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FIREREFRS

REF, FEHEREWNEAICHE, BIEEALKE
R, THEANETICRELE T Z B

TFER, FEFIE5FEEFIREMEE LG, FENF
WBRE I ERANRESF S G 7 M,

A FEMIT. Stanford. Google Brain. FacebookZs 2z K FL
fon TV A, ¥ EERES M T A= ITIE,
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M ER TR RS T
#ﬁﬁ REZRS]

FHHrEEREFIEE, LB AWER:

1) TAREHFE G W &, N5H AR BB AT H0R (Fine-

tune)

AFWER SRR, —MFOMBT RS RERR, ®R

REE D

X RE ik E B R FEWA AT SR WS — A A
o

RAESE: T UE I
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M2 AERICR A
:':Llﬁ REZRS]

B RRE STk, EEHHFE:
2) I P 4418 B 0 0 B A AR WO M B8
> R AIRARE NGRS QLB S — B e, )

> IR R R BURAL, DL SR AR SR XA o 25 B i X AT
SR HIEHEAT A R

> Pe I\ oy o2k I B Y AT B SE A B S

> EH FRiT&
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FINEREFS

ui%ﬁﬁ%%‘%mfﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ,@ﬁ
AW RGN EME, LA ZZTE—MHAE EEN
77 3, b

MITFARNFEEREFIHRRERRE, WHILEE
X BIE Y R A —Fb o B A,

R, o B Sm Y I SR o e BRI AR A
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)<1¢f

FINEREFS

ui%ﬁﬁ%%‘%mfﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ,@ﬁ
AW RGN EME, LA ZZTE—MHAE EEN
77 3, b

MITFARNFEEREFIHRRERRE, WHILEE
X BIE Y R A —Fb o B A,

R, o B Sm Y I SR o e BRI AR A

http://cs.nju.edu.cn



http://lamda.nju.edu.cn

INERTTIE

&

® —F M IFN (Consistency Regularization)

® %=/ (Entropy Minimization)
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— XU IEN

mATH S Z & d(fe(z) . f(2))3 77 1% = (Mean-Squared Error,
MSE), Kullback-Leiber#t & (KL Divergence) #7 Jensen-Shannon
# E (JS Divergence)

i i
duse(fo(z), fo(Z)) = = Z(f()(-")k — Jo(Z)k)"

c
k=1
e (o(®), fo@) = L 3 fo(z)x log 222
| v i Jo(Z)x
1 1

([.]S(f()(.l').f()(.i')) = 5(11\'[‘(f()(.1'). Ill) —+ 5(1[\'[‘(_]“()(.;'). III)
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— XU IEN

# T — 2% 1E | (Consistency Regularization) iy B A8, 74 H—
HEEFNEFIEE, W

[1-Model. Temporal Ensembling. Mean Teacher. VAT. UDAZ%F

BREF—ME%, 2OoRE2RAZm, Bs/ P MOARTICE
BEEXAAEZ BTN ERES, EEXAET:

1) HATHAER NN XA
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[1-Model

TEMPORAL ENSEMBLING FOR SEMI-SUPERVISED

LEARNING
Samuli Laine Timo Aila
NVIDIA NVIDIA
slaine@nvidia.com taila@nvidia.com
X

https://openreview. net/forum?id=BJ600fqgge&noteld=BJ600f
gg¢e

R

https://github. com/smlaine?2/tempens
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[1-Model

X I AR, KRS, SEPRXMNER, H
e el /N PO TIIN 2 TR R, SR TR TEAEAN R DBl T I — 2

(/~ ..... " ——
Y1 | Entropy | L.

1 : ﬁ . .
xr Augmentations Network fo : ——— ‘ wl,, 4 C,]—‘Loss
| with dropout :

8
dyvse
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[1-Model

B aC: FEVLRELE . P, BY YIS

I

MBS PRI s FE 45 R K TT 12 % (MSE)

MEE— NS HINGRIREAR, ENZHB, Pi-Model FHE
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Temporal Ensembling

TEMPORAL ENSEMBLING FOR SEMI-SUPERVISED

LEARNING
Samuli Laine Timo Aila
NVIDIA NVIDIA
slaine@nvidia.com taila@nvidia.com
1N )
W EEEE .

https://openreview. net/forum?id=BJ600fqgee&noteld=BJ600f
gge

R

https://egithub. com/smlaine?2/tempens
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Temporal Ensembling

> II-Model: /MNP K AL T E 8934 77 1% =

» Temporal Ensembling : /MY RHEBTMER 5 £ 4%
A IR &5 R oy FHE Z 5 W 7 %

Temporal ensembling

w(t)
B ¢ R A R AT » cross- J
. - entro > .
X. stochastic | network =i Py weighted Toss
l . . ’
augmentation with dropout squared |— sum
3,- \ »| difference

Zi = oz + (1 — Oz)f,'

http://cs.nju.edu.cn



http://lamda.nju.edu.cn

Temporal Ensembling

BB AN LRI A AR TNE AR 2 B A Ty % 30 4k b o T
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T B HA: PRI E #3477 1% £ (MSE)
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Mean Teacher

Mean teachers are better role models:
Weight-averaged consistency targets improve
semi-supervised deep learning results

Antti Tarvainen Harri Valpola
The Curious AI Company The Curious AI Company
and Aalto University

antti.tarvainen@aalto.fi harri@cai.fi
1N A
WX
https://arxiv. org/abs/1703. 01780
KA e

https://egithub. com/CuriousAl/mean—teacher
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Mean Teacher

» Temporal Ensembling : & 1% A % # A 0y 700 (&
» Mean Teacher: EERFERWRE

p prediction

gy PEETT SRR L e
sificaton @ o ® _® = = consistency
cost

P

exponential
moving
average
label input student model teacher model
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Mean Teacher

WA 3 SRR R 2 A OB A 7 s 3 4 b AR A ey
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Virtual Adversarial Training (VAT)

Virtual Adversarial Training:
A Regularization Method for Supervised and
Semi-Supervised Learning

Takeru Miyato* ¥, Shin-ichi Maeda*', Masanori Koyama® and Shin Ishiif-

WX
https://arxiv. org/abs/1704. 03976
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+ .007 x

o - SR xTr +
| T sign(V,J(0,x,y)) esign(VoJ (6, 2, 1))
“panda” “nematode™ “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

FEAER VST %W EREA B R M, 1ERMm N
woha, BARLL. 3NN EFEZ AN G E 2 KE R

NFFEAT DL SR F 2 AW S TR K, KW
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Virtual Adversarial Training (VAT)

VATS ik 3 H XA AR an X L 7, 48 Ja b A B 3 R A9 A A
PR A B T B R FT e my I

KA -

Fadv(x) = arg max D|[py(y|x), po(y|x + )]

Ir|[2<e
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Virtual Adversarial Training (VAT)

T b B R

55 /N R J8 B A TN AEL Ao 3 o A TR 4B 2 [8] YKL

Divergence

> Dlpo(y|x), po(y[x + raav)]

v MIERN T %, =T RE ] B A AR X LA
IR

http://cs.nju.edu.cn



http://lamda.nju.edu.cn

Unsupervised Data Augmentation

Unsupervised Data Augmentation
for Consistency Training

Qizhe Xie'?, Zihang Dai'?, Eduard Hovy?, Minh-Thang Luong’, Quoc V. Le'
! Google Brain, ? Carnegie Mellon University
{qizhex, dzihang, hovy}@cs.cmu.edu, {thangluong, qvl}@google.com

WX R
https://arxiv.org/pdf/1904.12848v2.pdf

A 2 -
https://qgithub.com/google-research/uda
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Unsupervised Data Augmentation

ZITAER Y, MEEHATHE WAL ZE - RAEH, F
EXEPERIE 2 A, F U K YR IE R TR 7 X

[ Final Loss j 2
pe(¥ %) | ] .
_J} Back translation
Supervised Unsupervised R N B AutoAugment
Cross-entropy Loss Consistency Loss Augmentations
1 TF-IDF word

replacement
po(y | x) par12) (2 /
. .

y X

( Labeled Data J [l'lllulu']ml l)utu)
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Unsupervised Data Augmentation

7 b B R

55 /N AR AR IC ZR B A0 38 52 R AT 1C 28 T 2 A 2 [A] B KL

Divergence

1110i11 Jupa(f) = E E ['DKL (p(;(y | &) || po(y | -i')))]

relU i~q(z|x)

v UDAE T 41t b 4 B8 3R MR B 00 0 SRt b 0
3
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INERTTIE

&

® —F M IFN (Consistency Regularization)

® %=/ (Entropy Minimization)
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*—:‘r =

Hix//MA(Entropy Minimization)

B/ Mb: SRR ot p TR0 B 05 AT R
xu ‘ n’ yu EC;;SSZEOJO}:: c:oncentrate

the distribution y* is

Distribution

yl J Good! E(y¥) =0

As small as possible
y" Good! l E(y*) =0
1. 2 3 & 5 - + ~r | labelled
L—ZC(y J7)
Bad! E(y") xT

Y : B 1
mammm --i(3) 23 ) unabeld
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Self-Training

B )% (self-training)

A REFENG — N K2, ARRAXAN9KEXN T EHRE
AT 2R, KRS EWEE (pseudo label) BELANARA
(soft label) , #HEIIANA G RIEFAN TR EFEAR (SN IZ
BN END) , 8% R AR AR R 40K 5
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labeled data 1. train the model

Self-Tralnlng ecee with labeled data,
——————————— O ® @
0000 ‘(‘ Al
,c.
unlabeled data
g% (self-training eee
000 2. use the trained model
000 to predict labels for the
unlabeled data
A B HEINE— N2 X HE
# AP S : L A _
{Tﬁ 7 # ?jt F% pseudo-labeled data labeled data . ..
A kgD , ik eo0o 0000
000 XL X X
000 0000
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model with the
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Self-Training

W IR E: mXRAE A E4 N (sharpening) 7%
A Argmax 7 ik

L Sharpening

Sharpen(p, T %/Z pJ

Image Model Prediction

‘@ E] \ Pseudo label
Argmax
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Self-Training

W AR A : X R A Z 8 (sharpening) 77 %
1 Argmax H ik

B 2 TE PR 3 TOUI A 40- A 69 (5] B 162 - A 7 A% 3
J5 2 AAE AT TN B A A e R B PR & #EAT AR T

HATLL T DLX AR & BB AT U8, o RN EE R A T
FEME T, BHEAMIET,
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Self-Training

Stepl: HJo, H/DERITREEIE L lgriEiy,
Step2: )5, i HUIZR)A B4 KA iC A xeU 73 ic

Pseudo-label (fHFRZE)

Setp3: LA R I T SR T TN AN Dy A 5 B K o

Stepd: ¥ FHYIZRig i U 1)

LR FR 0 2 R 25

Algorithm 1 Self-training

1: repeat

2: m + train_model(L)

3: for x € U do

4: if maxm(z) > 7 then

5: L+ LU{(z,p(z))}

6: until no more predictions are confident
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Holistic Methods

— B I WA e MU AR LS
RE A B[R] B 8 7 A IE U 7 = R

Google Brainiz 1 MixMatch. FixMatch® %, #¢ 4 Holistic Method,

Bl E— MERFE S LR SSLIWEE 7k, AWM RkEERF
HY M RE
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MixMatch

MixMatch: A Holistic Approach to
Semi-Supervised Learning

David Berthelot Nicholas Carlini Ian Goodfellow
Google Research Google Research Work done at Google
dberth@google.com ncarlini@google.com ian-academic@mailfence.com
Avital Oliver Nicolas Papernot Colin Raffel
Google Research Google Research Google Research
avitalo@google.com papernot@google.com craffel@google.com

WX e
https://arxiv.org/pdf/1905.02249.pdf

KRG

https://github.com/google-research/mixmatch
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MixMatch

X 17
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I 1

I I
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\ Average & Sharpen P
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FixMatch

FixMatch: Simplifying Semi-Supervised Learning
with Consistency and Confidence

Kihyuk Sohn® David Berthelot® Chun-Liang Li Zizhao Zhang Nicholas Carlini
Ekin D. Cubuk Alex Kurakin Han Zhang Colin Raffel
Google Research
{kihyuks,dberth,chunliang,zizhaoz,ncarlini,
cubuk,kurakin,zhanghan,craffel}@google.com

WX e
https://arxiv.org/ftp/arxiv/papers/2001/2001.07685.pdf

KRG

https://github.com/google-research/fixmatch
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FixMatch

> MixMatch X 00U B 25 4T 91 AL 2R AF

> FixMatch F| i Argmaxty 7 X 45 294710, # H R R HUNE
AATHWEBAE v, THZEARBANINE

Weakly-
augmented

Unlabeled
example

Prediction

N I

Pseudo-label

Prediction

l
/[ H(p.q) |
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FixMatch

PP ol 4 i
> S5t 5m:  FHARE RIS FI-T-A2 S0
> omIE .y H MR RN R

To i B R
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FixMatch

Algorithm 1 FixMatch algorithm.

1: Input: Labeled batch X = {(xs,pp) : b € (1,...,B)}, unlabeled batch U = {up : b€ (1,...,uB)},

confidence threshold 7, unlabeled data ratio ., unlabeled loss weight A,,.
ls = & Zle H(py, a(xy)) {Cross-entropy loss for labeled data}
for b =1to B do
g = pm(y | a(up); 0) { Compute prediction after applying weak data augmentation of uy }
end for
Cu #LB S#B 1{max(g») > 7} H(arg max(qs), pm(y | A(us)) {Cross-entropy loss with pseudo-label
and confidence for unlabeled data}

7: return /s + A\ lu

AR AN R b
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W /N B 77 vk B 38 3T R R AT 1 BRIE il 1 m O i/
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MRZFTiEF, BahExIE T RFOERE, Ikt
IR o
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Mk RAFE, AT RN RERRE R TR, BIE
(o 4 T R R R

X B SVM, —ANFREEY R RIS RE P A E 2 IR
BEX a7, WA HEA TR A 2

Cuﬁl

Z A
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+
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TSRS

tam, xFF 2 W ESVM, Liand Zhou 12 HS4VME 34,

TATINEL T RE R R AR R 2 MR B X4, &ﬁ?
R AR A

B2, ¥z e(safe)t B F IRz — I &TMARE
HY 5] 2L

[1] Yu-Feng Li, Zhi-Hua Zhou. Towards making unlabeled data never hurt[J]. IEEE
transactions on pattern analysis and machine intelligence, 2015, 37(1): 175-188.
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KRR IU B B RS
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[1] Oliver, Avital, et al. "Realistic evaluation of deep semi-supervised learning
algorithms." Advances in neural information processing systems 31 (2018): 3235-3246.
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KRR CEHFREREFS

WHRERAFEEREFIERANp A AN L 2E, BE
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[1]Yanbei Chen, Xiatian Zhu, Wei Li, and Shaogang Gong. Semi-supervised learning under
class distribution mismatch. In AAAI 2020.

[2]Guo, Lan-Zhe, et al. "Safe deep semi-supervised learning for unseen-class unlabeled
data." International Conference on Machine Learning. PMLR, 2020.
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