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e LT\ /54 (generative methods)
o MINETLIFMOIE N (semi-supervised SVM,S3VM)

o B¥ TS > (graph-based SSL)

o D[E1)l|ZxK(co-training)

« REE Y55 (deep SSL)
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o EXKIRIY (clustering assumption) :

ﬁﬁi

s RIFHIBEEEESD, Q—EIFEABTE—£5!
e SMIEERIZ (manifold assumptlon)
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7% (Self-Training)

o EANRIX:
- EEERSBITINSERZIEHEY

« BAME:
- BT ARG — s e
o AXMRENTTRTEIRIITOZE, FEINRE(pseudo label)
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75 (Self-Training)  '*bcleddata . train the model

with labeled data
N N
0000
0000
Al
unlabeled data
00
OB
000 2. use the trained model
000 to predict labels for the
X unlabeled data
pseudo-labeled data labeled data
000 ® 0
Y ) 0000
000 0000
000 0000
3. retrained the

model with the

pseudo and
labeled datasets "(‘ f‘- Al

together
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27k (Self-Training)
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- T\/0 )% (generative methods)
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f(z) = argmax p(y = j|z)
JEY

k
= argmax »_ p(y = 7,0 =i|x) ply =j|© =1i)

JEY  i=1 /’
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o HINEZIFO=ZN ] (semi-supervised SVM,S3VM)
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'3 (low-density separation)
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D2 B2 TSVM(Transductive Support

S BB

=
Vector Machine)

m

min —H’wH>+QZEz—I—0u Z &
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£ I EESVM

BIN: APRICFEASE Dy = {(z1,11), (2, 12), - . .. (z1,m)};
AFRICFEASE Dy = {141, 4o, - - .. Tyl

£
f
ffirh % O, C,.

fi

IJ % SVM;;

H] SVMZ X D REASIEAT B, 55 g = (J1+1. Y142, - - -, Yltu);
’I,/'Jlsz ik Cu < C‘l:
while (', < (; do

RANCHEARY
DIFRIC AR

y

K- Dy Dy y. Gy Cy KIEA(13.9), 155 (w. D), &;

while 3{7,j | (§:9; <0) A (& > 0)A(§ > 0)A (& + &5 >2)) do
Yi = —Yii
Ui = =5
K[ Dy, Dy, g, Cp, Cy SRR EA(13.9), 158 (w. ), &

end while

LIS HEPHYH

[N —
== O

C, = min{2C,,C;}
12: end while

s ABRICFEARTANET A 9 = (J1+1. Diso. - - - Yi+u)

& 13.4 TSVM H ik
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o PIYNEFEH(graph kernel)iEHHE MEFILaplacian SVM
[Chapelle and Zien, 2005]. EFHr1CIEIG1TEImeanS3VM [Li

et al., 2009])Z
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c REMNEPZE—TRERE 7:V R

e BN E, MBUBNEANESBLNE, TRYENKTS
VeSS R (energy function):

E(f szjljf: Wi;(f(=i) — f(x;))? Du=2j NG
— fT(D - W)f D — W AATEAIHTABMF
(Laplacian matrix)
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o D[E)l|ZxK(co-training)
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Bl
(

ET I8V 5 7A(disagreement-based methods)ff S Y38,
M3 M8s 288y “0152” (disagreement) YRR ICETEBIF B
PRER

tD[E11Zk(co-training)[Blum and Mitchell, 1998 2 E=F I8V
ENEBRNER, ERAZIHX “SUE” (multi-view)EHE1R 1T
By, AR EE “2ZUERIS>)” (multi-view learning) 89L&
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Brief CV

Zhi-Hua Zhou

can be pronounced simply as [Jihua Joe]

hnol

Professor, D of Computer Science & T

r. Nanjing University, China

ACMD Scientist, [EEE Fellow, IAPR Fellow, CCF Fellow
‘Correspondence ’ HEETRIBHEIE
[Mail:  [Zhi-Hua Zhou [Office:  [Rm 920, Computer Science Building, Nanjing University Xiantin Campus
[ National Key Laboratory for Novel Software Technology [Tet: [+86-25-8965-6268
[ [Nanjing University, Xiantin Campus Mailbox 603 [Fax:  [+86:25-5968-6268
[ [163 Xiantin Avense, Qixia District [URL:  [htp:/ics nju edu cr/zhouzh
Naning 210023, China [¢houzh at nju dot edu dot cn or zhouzh at lamda dot nju dot ed dot cn or zhouzh.gm at gmai

—

‘Emu’l:

| rou may want to contact me using my Gmail account as our university spam setting might be grim)

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

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

Research Interest

4—

luding artificial intelli;
hines to handle "ambiguity'|

I have wide research interests, mainly &

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

Metric learning. d ional di and feature

Ensemble learning
Structure learning and clustering

E 1o 1 L {0 4he £

® Image retrieval

learning, data mining, pattern r itic i V and

Ensemble Methods
Vot and e
« e G

i Has Zhoo

Z.-H. Zhou. Ensemble Methods: and Algorithms, Boca
Raton, FL: Chapman & Hall/CRC, 2012. (ISBN 978-1-439-830031)

5P EYXAN

//)G

lia retrieval, among which machine learning and data mini
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7% (co-training)
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o MENIGEEREZNZUVRBIEML LY, BILEHIN 5 —LLaefr Ll
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7% (co-training)

o P IEREAANTS > E A[Goldman and Zhou,2000]. SRR [E)YEN
HEXAE[Zhou and Li, 2005b]. ER{EAANEHNZSE1X & [Zhou and Li, 2005a]
XrEEANORS M8, tHeEBRUEABRIRC B RKIE RS

o EEIBCHA R, WEEEASXK FLEHIEHESUE, XNFEHF s
2 FEBEZENDE(EER), BB I8E IR INTMCHEANR S TUKR
S I EE[[E tR4e, 2013]




fhE

7% (co-training)

» BT DIRNDERFTXRATENES g, BB/ D ENR
ARIR. #ARX "‘QﬂE&'I‘%D"‘ﬂE% VR, 527574
BEREW. FICEMBRT RS SCERANZ

\@1

« NIBRIEDE FEIMESTEDER. MREaIND
TS, BIBInoEARD, THREBRAESUE
N, 2RI —RFHAEH
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o —HMEIEN (Consistency Regularization)

e IBE//\t,(Entropy Minimization)
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© —BUMEIEN:

© WERN—DTAREFEARNOE, FONNARG —2X

-« BIXKiR, B —THRIRCEEBIFANENNIEL ,

Tine R/ /R T I [B)EVERE

d(fo(z) . f(2))
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TR ES d(fo(z) . f(2)) 1I951R%(Mean-Squared Error,
MSE), Kullback-Leiberg/Z (KL Divergence) 0 Jensen-Shannon &
E (JS Divergence)

C
duse(fo(2), fo(&)) = Z/ﬁ )k — fo(@)r)?
C &

o fo(@)k
i (fo(@), fo(#)) = = Z] o) % 7 @)

dys(fe(x), fo(x)) = %(11\'1,(.7”0(.1'). m) + %(1[\'1,(_f()(.i'). m)




— UM IEN

EF—BUEEN(Consistency Regularization)BY;E18, 7 —H
AEFHESTUEE, W:

[I-Model, Temporal Ensembling, Mean Teacher, VAT. UDAZ

SRS, ZIVBESREEMY, Eﬂﬂid\%ﬂi’fﬂa"‘f{
BSEMIME 2 FINENEE, FRXAIET

1) S TEIEA DN TAE
2) BEETELIAG




[I-Model

TEMPORAL ENSEMBLING FOR SEMI-SUPERVISED

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

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

R EE:

https://github. com/smlaine?2/tempens



https://openreview.net/forum?id=BJ6oOfqge&noteId=BJ6oOfqge
https://openreview.net/forum?id=BJ6oOfqge&noteId=BJ6oOfqge
https://github.com/smlaine2/tempens

[I-Model

-

« NETEHFEARx, XANINHIRIE, BRIRRIDNGEE,
Tine &/ VRTINS R 2 8] BVA— U4

M-model )
w
Vi Z """" »  cross- ¢
» i » » -
Xi stochastic I network »_entropy » weighted loss
augmentation »| with dropout - squared »| sum
Zj difference

-+ MIBMIIOIN: BYVLREE. FRR. EEUJFRES
+ THEMRK: MRAIMDEELGREVIYDIRZE(MSE)




Temporal Ensembling

> [I-Model: &/\PRBENIBI FUNHEBYIYO1RE

> Temporal Ensembling : &=/ \t, SRIRFVNGSR SH LR
AWONSRENIIEZ BNIYIRE

Temporal ensembling

e . e

Cross- ¢

. entropy > .
stochastic network Zj » weighted
i augmentation with dropout l > S?Jm loss
squared
Zl »

»| difference




Temporal Ensembling

« HIBLIOIN: SRR TUNEFNZIFNTE BN
FBYFNIE

+ TmEBRK: MRINEBIY51RZE(MSE)

A EKIRENNE, SEVRIQTHEREED 5 —3
B SEFUNERF S, BFT RN RIN PeIIRS

v
v




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 M
WX e
https://arxiv. org/abs/1703. 01780
(LR ¥

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



https://arxiv.org/abs/1703.01780
https://github.com/CuriousAI/mean-teacher

Mean Teacher

» Temporal Ensembling :

> Mean Teacher: BEERGREAIINEG

REE LI ARBIFNE

label input

student model teacher mode




Mean Teacher

» HUBMDIOIN: SERIIXNZAEREIFNUEFH LA &

BYERACA A B FUNE
THRERK : MRIVNHEBNIID1RZE(MSE)

bl

-+ R
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Ei>
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TR B RNBEHEERE

HRSHREHELINEE—RRW, TREREEL,




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-

o &iE: ¥
https://arxiv. org/abs/1704. 03976
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- sign(VzJ(6,x,y))

“panda” “nematode™
57.7% confidence 8.2% confidence

xTr +
esign(VeJ (0, x,y))
“gibbon”

99.3 % confidence

RBBWRIIGT. TPEVEEEFIERF Nk, 187 N0A0)\EY
Manfa, BIILL99. IvPEEE NN EEHNEAR B KERR

PUEWIZRF BN LML TEE1REY
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Virtual Adversarial Training (VAT)

o BV BRI REA TN E RO ST TR A FOANE = IBKL

Divergence

>« Dlpo(y|x), po(y|x + ragy)]

» BHLEBYDA, T 5 ¥ hERES IIRIENT
&) NNSHEIE




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

P& ¥
https://arxiv.org/pdf/1904.12848v2.pdf

(REEEE: ¥
https://qgithub.com/google-research/uda



https://arxiv.org/pdf/1904.12848v2.pdf
https://github.com/google-research/uda

Unsupervised Data Augmentation

* ZLIFRW, XYEBHTIB BVD AN % — AN,
s ZXVHIERENE S+, SBIUFAERVEIREIBROTV

[ Final Loss ]

Po(y | %)

Supervised Unsupervised
Cross-entropy Loss Consistency Loss Augmentations

. TF-IDF word
replacement
Pe(y %) pa(y 1) /
X X

[ Labeled Data ] [l'lll;llwl('(l l)ntuj

")

- Back translation

-=- AutoAugment

y*




Unsupervised Data Augmentation

* RNHARIRICEIEFIBRARANCEHE L TN D2 [8)BY KL

Divergence

min Jupa(d) = E E  [Diw (pi(y | 2) || oy | 2)))]

relU i~q(z|x)

*  UDAIEBH 5 RUMBIEHEIS R R AE L T To et XY I BYEL
VBI85
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o —IIMETENI(Consistency Regularization) ) XZE AN FE2EBA8E -

. T EATCHEA, TS ERNTNEEIZRT
EREAT

» SHENERXAETUEREIEIESEEIEIE

- RBWROHIEIZT 08, FIBIE DENNIAZE —RA
TH, SRR, NAESKANTENE SA!




B5/) \{1,(entropy minimization)

- B/ R HEHNITNEEGER IS
Entr Fy™:
- . n’ v E\r/‘altcj:tyeoho}\,fv concentrate

the distribution y* is

Distribution

yU J Good! E(y“) =0

As small as possible
¥ Good! l E(y") =
1. 2 3 & 5 - + ~r | labelled
’“‘ZC(V J7)
Bad! E(y"™) x7

y :
mammm --i(3) 1Y 6y bl
5 (") e




8%/ \{t,(entropy minimization)

o QOB SRS2XUBIFRFP R T4t (sharpening) /57AF0
Argmax /57~

* BB AERIGIVIED MENENEDME Ehin
-+ EENERXIINE SRS EEENIVNIREH TR

+ BANAQ I TCAR R BERIE TS, WRICGSRAT
MERET, BRERIDIZRE




Holistic Methods

s —EMIENIFRERIVESBINS,
* BENEEOINZFEMFPIENI DA ?

* Google BrainiZEMixMatch. FixMatch&%, FRJYHolistic
Method

\n

. BREE —MEZRD
BB HMAE

HESRIB SSLNFERA, MMIRE




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 R
https://arxiv.org/pdf/1905.02249.pdf

KA -

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



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

MixMatch

/ %—’[ Classify ] ﬂ]ﬂ]ﬂ \

.. K augmentations ..

el P

-
-
--

UnIabeIed\ é

[ Classify ] ﬂ:ﬂ]]] /

© XURENEICRIE

| D]a

\ Average

CD
I I

B v

R
e | 18]

RIBRIOWENLY, B

& Sharpen Y

ToRIE

« TmERK: EARRESANTONEARIEZETNEZE

BIYIRE




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 R
https://arxiv.org/ftp/arxiv/papers/2001/2001.07685.pdf

KA -

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



https://arxiv.org/ftp/arxiv/papers/2001/2001.07685.pdf
https://github.com/google-research/fixmatch

FixMatch

* MixMatch XYFUNBEIF T IR1E

+ FixMatch KB Argmaxt/5 VB EINIRIE, FHEARGTNS
FAZREAR D A5

RATIEEET,

Weakly-
augmented

Prediction Pseudo-label

J*:;;l;;‘*___ll__

Prediction /'[ H(p, q) ]
Model ]_'.I.I-.

Unlabeled
example

Strongly-
augmented




FixMatch
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© 9918
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P THAL: LAMDA-SSL

vV XRBORIPFIRBZIEA, A0HIERE, 160N ER
v' Github: https://github.com/YGZWQZD/LAMDA-SSL

LAMDA-SSL from LAMDA_SSL.Dataset.Vision.CIFAR1@ import CIFAR10

) from LAMDA_SSL.Algorithm.Classification.FixMatch import FixMatch
; Data Date W Model Model from LAMDA_SSL.Evaluation.Classifier.Accuracy import Accuracy
| Management Transformation Application Deployment # Initialize CIFAR1O dataset
e e \ dataset=CIFAR10(root="..\Download\cifar-10-python',labeled_size=4000)
i:"[’f:;.f;}‘a?’;;:;(‘"‘“ P Siafistical SSI. Model labeled_X, labeled_y=dataset.labeled_X,dataset.labeled_Y
! i M Algorithms Ertien unlabeled_X=dataset.unlabeled_X
N : | test_X, test_y=dataset.test_X, dataset.test_y
E # Initialize FixMatch algorithm
3 i _ e iy perfaramicies model=FixMatch(threshold=0.95,1lambda_u=1.0,T=0.5,mu=7,
| JDe Avementation g Al aithmas s epoch=1,num_it_epoch=2%*20,device="'cuda:0")
| i # Call the fit() method to Train the model
i model.fit(X=1labeled_X,y=labeled_y,unlabeled X=unlabeled_ X)
L E— o) (50 (G i BB Classification ]| Regression J Clustering # Call the predict() method to predict the labels of new samples
i Data | Tasks o
[ ‘ y_pred=model.predict (test_X)

Data Module e Model Module . # Evaluate the model’ s performance.
performance=Accuracy().scoring(test_y,y_pred)
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