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Entropy Regularization

In: Semi-Supervised Learning, pages 151-168, MIT Press, 2006.

NENNHEMEENAERBREERESS, EETRBLRSHNEIEN T — M HIBEEA SRR
HITRLEEN, RARKUAGITEREHRMFEN. BELAENEIECEERE ZESH,
HE/FEENNEE. FE AN, BETIRERIEEE, HIREFILRSHAIENR. (FEERLRE
DFNRBI LIRS AR RSIRIBEARKIEFIREE—E, FNRNFEAKRZBIMERZERRIR. X
EPFEREREMHE ( Shannon's conditional entropy) REEFTIMEHARNE, AEIEHIER
MEBRDXIRNE. (REHRERME—MEARB—MrE, FRLAFATTLAR—FRE (&
IREMNR) FHTBFFEINDS T Py|z), (FEENTFLRESHEANRIMERAERE—MERAMAEE
BYER/N. )

Measure of Class Overlap
NAHERERFIBREEFANEIIRZE, ATF:
H(ylz,h =1) = =E;,[InP(ylz,h =1)] (9.3)
M
= - / Z InP(y =mlz,h = Dp(x,y =m|h=1) do .

Y om=l1

Heh, REfZEr ®REA, BNEEL FRZEREIRENE, h= 1 JFRZERRENRE,; B
B y TRZEAIRE., R SRIRSHERSMRASHS » BX, MEZFEFAEEERELX,

FTLARIRIZIRIR AT LABE P(y|z, h = 1) = p(y|z). (ZRREXEDER PRI, XEBEHE

DEIBRREIRE, PIIEUEREE RE—LHREUERT, WREE RBRIITETERFZITERIL
HERRY, EXMERT, BREEIERARSAIMRSTMEAR. )

SERREEET, A x 2BIRAY, LWFBEAILISHIN I

n M
1
1=I+1m=1

Entropy Regularization
EEBIZFHBIE RS A AR ESE— B ERIRENEARRNBERIT:
C0,\; L) = L(6; L)) — AHemp(ylz,h = 1; L)
! n M
= Zlnp(yé\xi; 0) + A E Z P(m|xz;;0)In P(m|xz;;0)
i=1 i=l+1m=1

ANEOEDMRBIREHARAIA, AOME&RIMERZLE, BEEHESSDHRIHRER
KiE, RRDHIRHREEIVE. FAGHFEoESRERR, HEXMRFRER P A8 A EHR
inAISBIMRS T, BRSSP RE—MERATECREERR.

Optimization Algorithms
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NHER EM BRI EXHBREREL. £ E MR, (FERIEISRSEH 0 KH, SIS
REREES T, WT:

1
P(m|x;;0)T-x
.qm(mi;()) = M( | - ) 1 )
Dov—q P(l|zi; 0) =%

EMMER, HBEEm, 10, aT:

n M
93-{—1 = arg maaxz Z gm(aita 93) In P(mlfﬂg, 9) )

i=1 m=1

.

MO REETERFMBAIRLD, EX—EMUEBRESEREFARNEALABR.
18

#E: ANITEE, MOmPREFESEE.

1. RS IR AR S SR N ER D T hREE

XF

¥

Test Error (%)

10
Ratio u/1

Figure 9.2 Test error vs. u/l ratio for 5 % Bayes error (a = 0.23). Test errors of
minimum entropy logistic regression (o) and mixture models (+). The errors of logistic
regression (dashed), and logistic regression with all labels known (dash-dotted) are shown
for reference.

Hrp, &SRB nEEURERILLH; minimum entropy logistic regression 243 iEHAY
=AY, mixture models RREBIMER, XE—FAEMIUEEL, logistic regression B8 7 IR
BHUE, a EFARERYE, class1: (a, a, ..., a), class 2: -(a, ,a, .., a)s FE.
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Figure 9.3 Test error vs. u/l ratio for a = 0.23. Average test errors for minimum entropy
logistic regression (o) and mixture models (4). The test error rates of logistic regression
(dotted), and logistic regression with all labels known (dash-dotted) are shown for ref-
erence. Left: experiment with outliers; right: experiment with uninformative unlabeled
data.

Pseudo-Label : The Simple and Efficient Semi-Supervised
Learning Method for Deep Neural Networks

In ICML'13

AR H—FirERNZ I EREA T A A BRI RIS MR E— MRS, RERBRERIERIIA
B8R, BEXMTTE, S LR BRIARENENE, WmESEEIER2SKEER.

gtz
RERIIRCR AR — M REERTIE) t TRORCREL, 0T

n C n'
I, — % Z ZL(yf"’,f{”)-l—Q(t)é Z ZL(ZJ?’;m, f{'m)j

Hep, CEEARFBINNME, v 1 of KEIRE:, HRCREN L HRRIE, n IEIREFAID
5, n NEMITSHEARNANE, EARSEE)ISOERTREER f RN, SRiIGERSES
BJEEARE, ot) 2HRIRIZI Y, (hRESHEART GRINE.

(tREENX

NEHERRENGEFEER, BIEAXSRINZ t ZA—RAMEERATTIER. NEERRIMTES
REIBP— DB EAFTRNEAR RS, AZV0TF:

¢

, 1 if ¢ = argmax;, fi(x)

0 otherwise

\
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NEIEH, JIEdEF, NEa()EREIEREER. Bk o NE—FHR—RINE—EZ 0, XERAE,
REREREEIRENERIGRE. Z2FE, R o BIX, WEESZITIREERINERTI;
Rz, EEINARERMABAREEIERER. X, (FESET—MEEIRE, WT:

0 t <1
Oﬂ(t) = sz_—rl%l Qf I <t <is (16)
Qf TQ S t

with ay = 3, T1 = 100, T3 = 600 without pre-training,
T, = 200, T5 = 800 with DAE.

Hedvw
RIS
X, {EEFREFE T EHE DAE (Denoised AutoEncoder) BRI IIZHER. f, DAE EAITIENT:

d

hi =s ZWij&?j + b (6)
j=1
dp

fj =5 Z W@'jhi + a; (7)
1=1

Hep, 8N z; BRINTEIVNERAIER, &; PEREMNEAR, A3 (6) 8 Encoder, AR (7) /9
Decoder, RAEDANIIAERFRR, AILARAESZAEE. HIIBDRER f #i{FA Encoder,
DAE BUIREREEE ELHF ARSI XE, AT :

dy
L,3) =Y —a;logd; — (1—a;)log(1— ;) (8)
j=1
Vidlser =
SR, {E#&{ER Dropout F5iZskRh LRSI A,
ot

XFMA IR Entropy RegularizationZZA E—#, REAIZ, £ Entropy RegularizationfERIRE
MRS RIIRHR, (REBTIEEE. MAXFRUMFERNIHMREREEERIL Y, REHESEARIA
1, ERAVERIRD 0. AEANFERYEEE EE, R T HAYT)IZFpr LS IIEHA.

#HEE: MNIST, IGEPRInEEIEED 600, FTIREEHIEE 60000.
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(a) without unlabeled data (dropNN) b) with unlabeled data and Pseudo-Label (4+PL)

NER, (FEARTINTETTENR, HETIMIBEIREAFAE NN, Erh/oEEREAY
MK EAFEER t-SNE 5 AP RRIRTVAER.

LEFEENRERIGEFEREER)SEERINER, GENER T NRESERNER. AL
Bk, BIRETTENBRIArELIENERG, HEEBRINERE X AL,

TEINRE EERERNER, MRS B MREAN 100, 600, 1000, 3000 KR,

DROPNN 21.89 857 6.59 3.72
+PL 16.15  5.03 4.30  2.80
+PL+DAE  10.49 4.01 3.46 2.69

Semi-Supervised Learning with Ladder Networks

In NIPS'15

Ladder Networks E—FhTCEZS /5%, 7£ DAE FIER HEI0T skip connection #1 layer
reconstruct loss, ZRIRYTZEB(FEA Ladder Networks Z KAV EF S 755K 14M4E, BIL0gT
H, IrESFEIREEMER DAE 3SR, A3HER Ladder networks fIGIREFIES
ERk—Rllg. XTFEERE FERH=EANEENA:

1. Compatibility with supervised methods. BEfSRETBESHIME F I 55T RS,

2. Scalability resulting from local learning. BiYE— RN L EEloss, FEEAREEETY R
t, REEEBEREE.

3. Computational efficiency. FIEBAIEEFIMEEERSRNE, RIEREEHENERE
b)) 18

ER Entropy Regularization #] Pseudo label FU/5iELGESR, 1ZAEEENEFlossEHEERN, AE
IENMLTRIRRY 7 AutoEncoder £5#9EEH4 loss, BATTIEUNT:
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g0 EER7R, EEEEEENT:

1. AR X, EES AREZREREENERE. —FK2MBM corrupted encoder, X—KIEREXET
—BEHSHEIN E—  SEReE, BESENSEZEYRIESTIIYENLE, B—REALN
clean encoder, XFE—MERERRIEUEENLS. B encoder IESHERHEM.

REF~TF

Decoder loss: FEHIERSE— decoder network, &7 R decoder&R, RIEIILEST

A9 skip connection, Ef4 loss tBEBE—, MWMNAMFER clearn encoder WE—E., 0Lt

B OV, O, ) =4Moss. MIBTSRRSXE AT SRR E R E Y R

3. Supervised loss: {E§iEERYE, XEfEH corrutted encoder RYHIL § 1E/IREA x RSRBIFTNA
tH, MARH clean encoder iIHEERENES.

4. % decoder loss # supervised loss 5523k, EPTIREAIEARRE decoder loss, REHAT
LAERERRISE & AEHREL,

2.

B E RN TERR, B EEEencoder ¥ decoder B9E—EEMFE T Batch

Normalization,



Algorithm 1 Calculation of the output and cost function of the Ladder network

# Final classification:

Require:
equire: x(n) AR e

# Corrupted encoder and classifier

h© «— z© « x(n) + noise # Decoder and denoising
for1=1toL do forl=Lto0Odo
igr)e — WOR-1) if | = L then :
(L) (L)
ﬂ-“) - batchmean(zg.-)e) els:: + batchnorm(h'™))
") « batchstd(zm. u® « batchnorm(VDz(+D)
7() « batchnorm(z's) + noise end if“) —_—
h® + activation(y® ® (2 + BY)) Vi:z < g(2,u; ) #Eq. (1)
end for } Vi : (,) . s _;®
P(y | x) + h(*) BN 3y
# Clean encoder (for denoising targets) end for
h(©® « z© « x(n) # Cost function C for training:
for1=1toL do C+0
z() « batchnorm(W"h(-1) if t(n) then )
h® « activation(y® @ (z + ")) g:f_ log P(y = t(n) | x)
end for en I o
C+C+EEA"W—z”
SEif
FWEE: MNIST
Test error % with # of used labels 100 1000 All
Semi-sup. Embedding (Weston et al., 2012) 16.86 5.73 1.5
Transductive SVM (from Weston et al., 2012) 16.81 5.38 1.40%*
MTC (Rifai et al., 2011) 12.03 3.64 0.81
Pseudo-label (Lee, 2013) 10.49 3.46
AtlasRBF (Pitelis et al., 2014) 8.10(+095) 3.68(+0.12) 1.31

DGN (Kingma et al., 2014) 3.33(£0.19) 2.40 (£ 0.02) 0.96
DBM, Dropout (Srivastava et al., 2014) 0.79
Adversarial (Goodfellow et al., 2015) 0.78
Virtual Adversarial (Miyato et al., 2015) 2.12 1.32 0.64 (£ 0.03)
Baseline: MLP, BN, Gaussian noise 21.74 (£ 1.77)  5.70 (= 0.20)  0.80 (+ 0.03)
I'-model (Ladder with only top-level cost) 3.06 (£ 1.44) 1.53 (£ 0.10) 0.78 (= 0.03)
Ladder, only bottom-level cost 1.09 (£0.32) 0.90 (£ 0.05) 0.59 (£ 0.03)
Ladder, full 1.06 (4 0.37) 0.84 (£ 0.08) 0.57 (= 0.02)

LB,

top-level cost FREMWE &R EEE loss, mTJDZEC

HOZEHG loss, atR C\V). MCRATLES, %7t mres.

Temporal Ensembling for Semi-supervised Learning

In ICLR"7

Ensemble Ki&#F. {EEIA:

, bottom-level cost BFEHRTE

It has long been known that an ensemble of multiple neural networks

generally yields better predictions than a single network in the ensemble. FRLAMEEFIGMLRRITEI /XA

TSR RFHE A =m0 R B ER.

AN E A ERRIT Ladder Network A94513, #EELTF Ladder Network &4 TiFZ2.

EBBETIRE TIRE Ensemble WEARZENE, FRZA I — Model.

ST
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w(t)
Vi Z """" *|  cross- ;
Xi stochastic | network x »| _entropy » weighted
augmentation »| with dropout L, »| sum loss
” ~ squared >
Zj difference

LE— AN i, 4 Ladder Network —#F, 1REUFFRIERINGSILEHM ML 2:, 2:, FPNRIHAIN
LREEMINERE, {ERdropout SEFIREAR. ZEEEE— squared loss {EATIERY loss, 18X
F Ladder Network Y top level loss, REEFIEESlosseEatek, LEaNERNTA w(t), XM
PRESEE—#, (BELRPEANTHEEARE, XMNTFABNEE, SHEERRERE, BARNEE
SR TN ERR:

Algorithm 1 IT-model pseudocode.

Require: x; = training stimuli
Require: L = set of training input indices with known labels
Require: y; = labels for labeled inputs i € L
Require: w(t) = unsupervised weight ramp-up function
Require: fy(x) = stochastic neural network with trainable parameters ¢
Require: ¢(x) = stochastic input augmentation function

for ¢ in [1, num_epochs| do

for each minibatch B do

zien  fo(9(xien)) > evaluate network outputs for augmented inputs
Zien + fo(g(xien)) > again, with different dropout and augmentation
loss < — ﬁ > ic () 108 Zilvi] t> supervised loss component
+ 'u;(t)ﬁ ez — Zl1? i unsupervised loss component
update # using, e.g., ADAM > update network parameters
end for
end for
return

Temporal ensembling model

£ II — model RYEAE |, {FERRZAINTUERFAIREESR, MARER—RE TR,

Temporal ensembling

w(t)
T »|  cross- v
i z, entropy > -
Yi auSt?Tf::tsat’licon > wi’lc‘]hef:l\:grléut : we;gtr:ed —» loss
9 P squared >
Ei »| difference

REREIIN FERTR, WEERREZEAZENTUNER, XEFMFLESRIEN, REHRET
—IR, BETHER, ERZAERFINESR, K27 ensemble RFI3R. BiRAJensemble 75E40T
Bl



Algorithm 2 Temporal ensembling pseudocode. Note that the updates of Z and Z could equally
well be done inside the minibatch loop; in this pseudocode they occur between epochs for clarity.

Require: z; = training stimuli
Require: L =set of training input indices with known labels
Require: y; = labels for labeled inputs ¢ € L
Require: o =ensembling momentum, 0 < o < 1
Require: w(t) = unsupervised weight ramp-up function
Require: fy(z) = stochastic neural network with trainable parameters ¢/
Require: g(x) = stochastic input augmentation function
Z 4 Onxoy i initialize ensemble predictions
Z + Ovxo b initialize target vectors
for ¢ in [1, num_epochs] do
for each minibatch B do

ziep < Jo(g(xien,t)) i evaluate network outputs for augmented inputs
loss < — “1—3| > ic () 108 zilyil i supervised loss component
+ w(t)ﬁ Sien 2 — P > unsupervised loss component
update ¢ using, e.g., ADAM > update network parameters
end for
Z—aZ+(1—a)z > accumulate ensemble predictions
Z+ Z/(1—ah) I> construct target vectors by bias correction
end for
return ¢/

MBS, FTLIEHIFEMER Z kEFTUNER, SSEFHITINER - iF, EFHWNT:
Z+—aZ+(1-a)z
RN EERRT, (FERRIEREUTUIE, FRZA correct up for the startup bias, F5iE90T:
2+ Z/(1-d)
SEiE

Table 1: CIFAR-10 results with 4000 labels, averages of 10 runs (4 runs for all labels).

Error rate (%) with # labels
4000 All (50000)
Supervised-only 35.56 + 1.59 7.33£0.04
with augmentation 34.85 £ 1.65 6.05 £0.15
Conv-Large, I'-model (Rasmus et al., 2015) 20.40 £+ 0.47
CatGAN (Springenberg, 2016) 19.58 + 0.58
GAN of Salimans et al. (2016) 18.63 4 2.32
II-model 16.55 +0.29 6.90 £ 0.07
IT-model with augmentation 12.36 £ 0.31 5.56 +=0.10
Temporal ensembling with augmentation 12.16 + 0.24 5.60 £ 0.10

EHTCIFAR-10 HUREMIERISEIR, NEWRATLUBY, Z3E0RRAE. B, 7 — Modelgi@Rix
PMBRYET Ladder Network HOIE!, (BESMHRERASES—, ENFEYIIRKRSLEE,
FRLASEMD AR, ensemble BUAEERIEEATENA.

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

In arXiv'18

HE—IREE, Eentropy Regularization 1 Pseudo Label Hi2H LRFTNAMREEARRNEEEE,
B soft label 1 hard label, Temporal Ensembling BRHEZ [BIHITRNILEERER R, FAT—E
RN —RMERERINEEER, BRI soft label,
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AELET Temporal Ensembling #ZFRIEREL ensemble 8%, BEERMBIRE (soft label or
hard label) RYRRFE, BEE—1 epoch, label ALEH, X, MEHIBESIEEIEX, EER
IRMAERER, FTLMEERE T —MARERYEE, & ensemble HEARIFIUARE, M ensemble &3

HSHERNBRER. TN TERMx:
prediction prediction
3 3
classification consistency
cost cost
t t t
I

I /

6r——0 j

exponential J
moving

average L

AN

F) B —

label input student model teacher model

mHEBREINS loss, AIHEFISER loss, AREIPIE teacher model EZai1fstudent models
HER, XFRIT— mini batch HiAJLAEHteacher model, MAZTEZFF— epoch,

BEEEXMEERRAEN, BEFEa, BRI EEFmE0E®E, BENAHRIsERERFE
B, FAERZEMREN, XEMRER. (FENRRERE, A7 2, SRRV ESEINEER, ETRE
YER—EBRE, ARNESS EARNEN, XHREUIEFFERTERNER. B2,
ensemble BE2FHIOrz

T

Table 2: Error rate percentage on CIFAR-10 over 10 runs (4 runs when using all labels).

1000 labels 2000 labels 4000 labels 50000 labels
50000 images 50000 images 50000 images 50000 images

GAN [25] 18.63 +2.32

IT model [13] 12.36 +£0.31 5.56 +0.10
Temporal Ensembling [13] 12.16 +£0.31  5.60 £+ 0.10
VAT+EntMin [16] 10.55

Supervised-only 46.43 +1.21 33.94 4+ 0.73 20.66 &+ 0.57 5.824+0.15
1T model 27.36 +£1.20 18.02 + 0.60 13.20 £ 0.27 6.06 +0.11
Mean Teacher 21.55+1.48 15.73 £+ 0.31 12.31 £ 0.28 594 4+0.15

XZE—benchmarkstl, FRARIEIERFESGKBMIX LI, JUEHIERARER. VAT =2

ETENE.

Virtual Adversarial Training

In arXiv'18

AIEAFRE S 75 A AREMNE A CINRETURE AT ERIBINEEAGZ (. (BREFTIENAY
IRFAERERENIAY, AA—ERFRIRRE, ATHRRXNIE, XA AEFEIRRRIRITERE

XN,

XNMEFRYZES BirReETHUHEEAR, THETRERI AT ISR, RETRNREAISIERSmARER

REZAL, RV
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Fgadv ‘= arg max D [q(y|z.), p(y|z. + 7, 0)],

rillrll<e

Heb q(y|z. ) RESAIFSHERS M, p(ylz. + r, 0) ATHEIOERBHIRERES B, XA
BUEIAKAEE, ENTEARTELERRNE, MENEAKR—MSEH, T

where g =V, D [h(y; wi), p(y|ai, 0)]

[

TFadv ~ €77,
g]l2

ZE, BIBEZXTEAREM D)ISEE, LUSERERGZL, BiRnT:

D q(y|z+), p(y|Ts + Tqadv. )]

where rqadqy := arg max D [q(y|x.), p(y|z. + 7, 0)],
rillrll<e

XPE—MIERITEARAZINERNA, BEEEFEEEFEIH , HARTRESH, BEIArERE
RERERERD t{(y|$* ). AT RRFIXANER, (FEERERENYE—FRGE, BERZERIRE
AIFTNIZEER p(y|z, O)VESMRIRES, XEFRZ )T virtual label, FFLARY Virtual Adversarial Training, {&
g loss 41T :

LDS(z,,0) := D [p(ym, 8), p(ylTs + Tvade, 9)]

Fyady ‘= a,r”g ﬁnaxD [p(y|m*, 0), p(y|zs + r)] :
ri||r]le<e

&a, BIERSHEAN loss &5, MERIRELMNIZLER:

E(D,{, 9) + Ovaadv(Dla Dula 9)1 (8)

VoL
XRNEALIRZBEERR, BRRSZANNERFE. XEF, (FEERREIRAITINER

~

p(y|z, 0) (ERITE, EERSEMENST, BT soft label, BEFENNE+HSEEEN. FEMN
2 ZSIERT L] ensemble (7554 S AR EIFHISE R,

5Ci8

HFILRMECEORI T . 2308 T—MEBRNTINER, BETINRRI R REFIaE
i, LRI ERTR.



(IT) LDS(z, )

(1) Before training (2) After 10 updates (3) After 100 updates (4) After 1000 updates

1. BB RIFER, PEMEIGAHT, TSRS IERD XK.

2. ETERSRRE LDS(z, 0)RHE, RZEEHA, MR, —THARRHE, MHAcEs
SR, INTIREZEHIRERNE, Frld LDS BEER/. FHFZE, LDSEERAHIES
DHEDRLF L, RAESROFR LR, BI—1NER, EfrEfRofhmaeenE.

3. RMRIEF ER NSRRI B RSHAMRESNRNE, EXAEE0KIR. IREREHIESD
MAEFEMREEXFITR, XLHIERANRIH. LRSS, HIMEREHTEE
E>HETSE. FIIMERIERE, BNFERNRANESRERTIT S, SRMBEMBIRE,
REBANAEEEFIFIHEN, MARBANRE—SERTA, REFEIEMERIRTSIT

Realistic Evaluation of Deep Semi-Supervised Learning
Algorithms

In NIPS'18

XR—RRSKNNE, BRQKEANSE, WRIMEIFEER, RIVEER, XENEHRM TR
FHSE, XENEMAEDEFN—EEHTTRREWE, S—iErTHh.

THER RS (R

SSLEE—RERELITRE: B85t BE—IRTEEFINERLIES, MERPASEEUENR

&, BR, BREFEAVEIETIERNEEUEED, ERFCEIEEIEAEIESEDUL; &ie, A¥hE
FIG—LAER, ERIENAIHE C1EIeEIaIERE.

TEERE AR R H B :
1. — M HZRILH

PASSLEAESBEBEREERN—EE, XEANZEN. EREEAT, REEEREN13E
CNN, FEEHSSH—LET, tbalsHnit. EtE. EgE. ENNE, RENE. &
EHRERD)IERIRE (L. Tl hepoch. ZEIR) WEA—HRY, B, MRFBE—EESLH, &
IEXIEAETE,

2. BREREFIEL
SSLEYETRRETHRCEUESE D FIRtRCEdESE DUL, FEEAIMEEELEIRA D JI4H ki 24E8R
REAMREEYF, EREERER, EAREITXMELNINBAFERAN, WINESF Laine&

Aila ] Tarvainen &Valpola FEIEXFRHT —HFIELZ, RAERE—HN, BE(INERRESRAS
£15%, (FRNXESBIIEIEMY Temporal ensembling 1 Mean teacher)
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ATERXIER, HMNSEASSUES, B TELRE, BRENERE.
3. MIEBEIRIXILL

£, MRIEEAR, BERNSAERES, EERLICEEUES D)ISFasEEEER, 5
HRIEFSLRYNEREHIT FOR". BEAXTMGERIRIREFEIRA— MBI, BAREIES, BNR
BESCHL, IR FIHASCREIRMEREIR AN, BRMIFIEL, MEXEELRIOBIEIIREN.

4. SIS HAITE

BEITNR, SHIERAEEAMEETRSERURIRERT, XEEHEROA DUL 19285370 F0DAY
TE—H. BXAEE, B5R—T, RRFENEB)IG— P ERKSHIKAKRND RS, ESPARNBEGHE
FIEED, XA, (RAUESIERER— M EEETNAREGIAERIFCEIRSERH TS, PAXD
DUL FRIEIEHFA A2 RN AR.

MERISSLERTLER R 7 IXFER, MIAIBFRAR T Eo MR/ KD AREIEZERIFN,
5. BESRCAIARITCEIRAVELE

LR EXTMGEAAEL, ARARBEEREXNEFEHENRERCEIERNEED
R/, BEIERTALE, ARGFRISEES DUL EARER, XETLUWERFIISZES : —2KRRe
HEEIFEEX (FLUBMESEHZARIFCEGRIRSIEEDRMRE) | ——ARImCEiRSEEREB/ (K
MEFFEETE, SMNRARS) .

6. IESChREY/NEYIRIEEE
ABCIERISSLEGREF AR MFL, MEWESESIUIIGEARS. LAISVHNRIIGIEEEALIH7000
MRCEHE, ITZICERX N EUEEMIARES, FERNRISEEMEN 000 MFCHEE, BRIRE

FTRWIEE. XERERIEERIIGER7E, MENLESS, BEESHNE—RESBIFENIIL
&8,

5238

CIFAR-10 SVHN
Method 4k Labels 1k Labels
II-M (Sajjadi et al., 2016b) 11.29% -
II-M (Laine & Aila, 2017) 12.36% 4.82%
MT (Tarvainen & Valpola, 2017) 12.31% 3.95%
VAT (Miyato et al., 2017) 11.36% 5.42%
WAT + EM (Miyato et al., 2017) 10.35% 31.86%

Results above this line cannot be directly compared to those below

Supervised 2026 £ 038% 1283 £ 047%
IT-Model 16.37 & 0.63% 7.19 £ 0.27%
Mean Teacher 15.87 4 0.28% 565 £ 047%
VAT 13.86 4 0.27% 5.63 £ 0.20%
VAT + EM 13.13 4 0.39% 535 £ 0.19%
Pseudo-Label 17.78 £ 0.57% 7.62 £ 029%

EHEBOARICSCORAENE, THEOAARNAILIE, RAREERERR, RNXERANER—EE,
SHLUFESCERY, FTLAAEERSLE. EM 2 Entropy Minimization, FLE%—&B5HJ Entropy
Regularization A loss,

NEMY T ERFIMLE, ShE— " KIEUEE L (BIa0 ImageNet) F)llAREL, RERBBER
RV EREARM fine-tuning, CIFAR-10RIEEERA 12% AUEIRE, WERERTFHN. FRTFRFIBER
FHY, AMIEAIERERIREEIE.

Large-scale interactive object segmentation with human
annotators
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Corrective clicks

Segmentation Human
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O

1. BINRRIGE R F1boxisis

2. 188 M, EREIREN, MAZI N channel, FEPY{ channelj box mask (8., HHHHAES
MEEN—HEER, BIXMEEEREmask, % M, EEBIERIY mask (ERGEBEE.

3. R ATTRUERF TIRE. TREAXRNZHEmask (&R) HEFN=ZEmask (LR) .

4. ¥&8Y My . 0 M, (FRREHSEIREN, MARRNEEZHchannel, SRMNAGHIchannel B
BERAIREFATIRINEE. BHS M, 18R, )ISGRNEEEEERN mask fEAREER.

My 0 My, . BRECERRIEAIR, —FHaERIBRNATEIE IS M,, AEERXERERIIE My, .,
BEIRSATLASEI—EARICHFROEER, REBg My, NEN—EERBENET I BIERXMER
79 250 FER T &8, XEIRE COCO dataset # ¥3E¥, IIEXESZRIREEAMEATL
RERISME,
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