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Adaptive Active Learning for Semi-supervised Learning

LI Yan-Chao!, XIAO Fu!, CHEN zhi!, LI Bo?

Y(school of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)
%(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract:  Active learning algorithms attempt to overcome the labeling bottleneck by asking queries from a large collection of unlabeled
examples. Existing batch mode active learning algorithms suffer from three limitations: (1) the models with assumption on data are hard
in finding images that are both informative and representative; (2) the methods that are based on similarity function or optimizing certain
diversity measurement may lead to suboptimal performance and produce the selected set with redundant examples; (3) the problem of
noise labels has been an obstacle for active learning algorithms. This study proposes a novel batch mode active learning method based on
deep learning. The deep neural network generates the representations (embeddings) of labeled and unlabeled examples, and label cycle
mode is adopted by connecting the embeddings from labeled examples to those of unlabeled examples and back at the same class, which
considers both informativeness and representativeness of examples, as well as being robust to noisy labels. The proposed active learning
method is applied to semi-supervised classification and clustering. The submodular function is designed to reduce the redundancy of the
selected examples. Moreover, the query criteria of weighting losses are optimized in active learning, which automatically trade off the
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balance of informative and representative examples. Specifically, batch mode active scheme is incorporated into the classification
approaches, in which the generalization ability is improved. For semi-supervised clustering, the proposed active scheme for constraints is
used to facilitate fast convergence and perform better than unsupervised clustering. To validate the effectiveness of the proposed
algorithms, extensive experiments are conducted on diversity benchmark datasets for different tasks, and the experimental results
demonstrate consistent and substantial improvements over the state-of-the-art approaches.

Key words: active learning; semi-supervised learning; classification; clustering

JLEEAE N IIHR 5 BE PR~ 2] JF A VOB (W A 90 24 £ 7 R ad— HUR 2 5 VR g e 6 i Sk B
JRE L HA AR AL R A A A A5 B N BE 2 BRI HA BBORO 2 (3 5 Al AT RE 9% 520 B £ MLk Hh g
TAERL &S BB 1 58 AT 55, R G0 N % RE 6 AR A N LI M B AR 5 o TR VR 2 SR 1 ] v 49 2 45
I3 SO IR IS 35 P mP RO AR 10 2 2 AR 24 7 2 [0, (B A 265 1 0 2 A 2 B 5, R b e AT
it 2N AL KBNS AR e b 25 SO ) B2 22 12 7 v 38 FT LA RIS, 285 v A R () i 5 XA £ [
18 R SRR AR AE BT AT AR P AR ac BT A (1093 ek 2 B I A0 R E ). 573 b — AN 491 7 oA N SR 3 i o 0l v 3
T AR 1 I 5800, PR Ay 336 5 R R A A A I 14 A DT T LA, AR S S DPAl 7 TR U A3 b — AN
S0 BRI R B AR ST 2 2 H bR R 3 AR AT (KRR A SRR AT, T A2 AL 0 35 PR AR, ) 75 22
B> (R bR 0 B 2 N R, T 6 48 L K5 B A I ).

&% > (active learning) 5 AEBLARYF 2 HLAS 2% > 1) J b R 4 T BUA'E FIT L O B A Bl il 4 2 1 43¢ e L
fr Sk BRI AR A REAT b A5 B PR S A A 2D 8 v R AN A 2 P (K B 0, AR PR R AS 2 15 E
TR A M AR o b 1 B 10 B i A I 110 K 2 8 3 4 33 T SV i o — A b v S R R R AR,
KT g BRI 1) 22 ) P B R AT 5 3 28 7 VR A0 0 e FUAR SRR KA AR I I AR R b ic ol iR 45 4, 3
07 T 1R A Al 10— 226077 95148803 o dgr AR 2 Mk (R R AR I I 8047 25 RS A b A s 1 03 A, 5 SO S R A
Uf AN, — 2875 000) Bt BEAT (BB AR KRR T VR AR HE A R B PR B M RICR 53 Ah S E AT R T 2
2 VPRl A R DA (R AS PR AR B 2 M R ) 1) 2 3 2 > S0 12 (R i 8 T Y B 2 11 365 I8 3 A 1 4
Toft #E JU) (KT HL .

AR R SR AR UL £ PR A EAT 20, 7% 5 & OS2 oy 3 S5 D e b SR T B A 22 M 46 5
RIS X 2 A VAT R AR N T H S B0 B R 45 0 T I L [ 8 2 1) S B il 1 Atk e 254
] (batch mode active learning) Jy 1734 3% 05 VA AL B UGS AR I B P — ALRE A AR ¥ 22 0 R sl IR 2% RS R
22T R LA, S S50 486 (0 R AR S LA B0 0 U A% B2 481y 6 SR A 1 7 vk DS OV 3o oty A b L O R AR 3 41 3
AN T g BT v SR D T A% HE T ) 01y OV i SR AL SR SR B8 K A S5/ ) B R A e &b B F A L
PR KA A A5 JEE (0 75 B R R 2 3 BUR AR I PR RE, JF 7 AR TCARFE A
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LU TG M B SR S T e ) PR R e A0 B FH SR S AT LUR IR s vh — 28 N RIS T WIS 4544
VI 22 3 S5 RN 15 030 T SR R e b v TR R AR B30 SR N A 78 AR AS 5 72 Ak G481 Zann s o T i 50 3 94 38
T B R AR AL S A AE BT A R P b A0 BT A 0 2 B8 B 0 R (100K 22 7 i DA i o 9 3 1), B 1 2 4
i R TR R A A, I e A R e sk 2 SR B 1 A0 40 A R i 455 280 7 5 o B ) v SR AR IR 2 00, S BB Y 1 g
B 2 BT 3 A DR 5, o 8 I AN A R DI 5 T ABE 7R AN 8 I e B0 S [ B3R 40 A1 0 7= AR 2 A g LU
TR A M a0 MINIST S8 A0 3000 4 28— 3 IR AR i 5 IR 1R AN A2 DA B 9T 75 16 10 5 491 G N 1 B o
AL TG B -1 Vi WIS o 248 204 7 fia 3500 0 b b 366 T e SR U VI B R B 4 S BB R 3 R IR R AN HL A {5 B
FARGRE. 53 40, B HE R Al RE (0 32 3 2% 2 J5 103 A RE AR 7 0 8 TU A P T 38 i B AT 13 B 3 % 22 R Ak 11
FEA K.
AR SCHR R ) 5 Bl 2 S ST R B 4 9 4% 7 Y 2 Db A R R b R AR AR 2 R, HE 1T A v B L A f
SRR R MIRE AR, LS /N SR A3 bR 10 5000 (6 AR . i FL 42 H 7 V6 B AR B0 ER ML A6 e 35 b 28 B A 5 b b
BEAN AR SCK 2 K W B IR N BIR [R AT 55 op O BLIE RE A1 B4R TF AR SO Tk S 45 v
(1) ARH T R A B 2] 10 B2 30 U7 R bR A AR A A9 bR R A 5 R b R A Yk
F T[] 1 A ] A 5 1 b AR A SR [ B 285 B8 T REAR IR 45 R R vk O LBV e b s L &
Bk,

(2) T BIENSHIW I BT ST E AR B 35 ST HE AN e PR SR B A, AR R
HU N B ORI SR TR A S A 1 2 A

(3) 2 AE S FERN IR AT 55 v Bt T PR A3, B0 92 06 4 SR R T BE T Atk b R 3 3h 2% 3 R AT
1), 9 H % Be i o e S

(4)  EEXEAS R RFHAT 25, B 43 S R0 28 28, B AE S e S AR EAT T R 2 9230 4 SR W AR M 7 i T B
Cipsudi k=7
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Ab BEFE AR 22 FE VR RN B @ RO BT, D JE T v R e R
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REX 2. ZXMHR R E T A 2] B 3 M R
Pab P(B | Ai) - (SOftmaXcols(M ))u - eXp(M”)/Zexp(M” )

FFLL A A B A TR
Pijaba — (Pabpba)ij _ zpishpk?a .

AN A R B3 2K 5 SR S8 IERIAEIR T H35 ) HAR 40 A1 5 S D% P02 22 1] (048 SCIR L. JL BT 4 i 4 3
FEAS T FR 20 IR T 7] — 28, 450 2% bR 090 23 18 T B 1 1 OQ 6, IR s B 38 1E 73
/«uncertainty_L(TrPaba)-
Hoh AT 85 B bR o0 A
T - 1/|class(A) |, class(A) = cIass(A)
0, otherwise
o |class(A) |2 25 A AE A Hh H BRI RE 53 03 A VIR R BILA b o 46 I bR A8 R 2l R AR 2 A — 2L

o UM

RARAC A A ] R AR AT R B AT — SO 7S AR VAR RE T FF AS (153 0 1, JF: 255 ol B8 2 b 5% i ™ A A
AR T 3 G SR A R SRR AR TR ST G IR, I B AT W A R AR R B 2% B AR SO LIS HARar AT VORI
M P 2 WA U L

finfluence:L(VvPinf)x
Horp B i REA I S IR 4 P = B 250 H bR A E Sk Vi=1/B).
1.2 Bi&MNIEHE

REAS A AN A AR A 2 1k B 5 A A 90 3o v 75 80 305 I U Y, 52 AT 4% 2% ) PO AR A B0 3 R A

SCR B & AR AN G T 1 AR IR bR e 0 OB, e F AR R T AR R
L[olal :ZHI[I .

SHLONE PR T8 2 S SR RE RS W2 AR K 1) b 8 — L8145 v U 58 S BUR AR A6 I 18] (9. 5T LA, A
SCASHAE SARAIXA SR B G IR T TR A I AN 5 PR M IR 8 S YOO VE A FEA x 7ERRZ 2%
0% 6T 03 24T 5%, 8 SRR [n) 4o

P(y[f"(x))=softmax(f"(x)).
2 BARmALAR T LU SO R
Py, Y (X)) =P (yalf*(x))... P(yilf(x)),
b, 2 H At 230 y1 ..... yi LA, TW#EU% H Ards MU A R 2L
L=-logP(y,,y, | f" (X))Oc2 Py = OO +-= IIer (x) | +logoyo, = . W) +—— L 2(W) +log o0,
oy 20?2 20' 20?2

2 2

Forr, £y (w)=[lys—f ()17 FEo33 55 1A H A 0 P45 9% bR K ) B8 2 S o (w). BRATT I BBOHE 27 > S/ T o o OB —
T oy (B2 yy R 7 S 50 op(R iy, R 8 7 2 H00), BID27 S0 453 % B 5000 (wi) A (W) FRIASLEES 6, 11 60,24 o 38900, 3L
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TRATP 7 BT S & v A2 X R A SR A K/ KOS o A 28 SRS 1 L) 5 AN S0 N ) B
X KRR ye Y AT AFSANY[=KINY/NG 75 T 1 KINYIN i N 381 5 5 B0 PR 5038 o o N P48 R 240 R 5% (S| =K, 7T BAA
F T yeY #Bil L my(S)=SnN’=KN/N.

(2) Baik?

FE /MR SR8 =) B RS IR O A REAT A ac . 4 - R SRR AR R AT Q=KT R IREA,
Horp KO B IR AL FEREAREL T 288040 08— ZAR KRR A L7ERE 48 t o SAA A REA ueUL 4T 1
IHE py >0 AEFTH AP IR N, 52 SCHR[20] 5 V0 10 3 50, AR S0 SCAR HH 5 76 1 1A o B, ' 2% 08 T i ol AR iR
B 2N RAG R TAE SN MU SIS N L (5 KU BL AR 43 {1

f(S)=>"log p(x'| y;6(S)) +_log p(y';6(S)),

o p(xily s AS) Rl ply'; 0S)) 53 IR KEA TeN AT 2 aS) M il SIS 56 SRR . 1 B0 S 0k PR 10 JE AR 1 4%
AR S AT ()R KL A SRR RIE D) p(y;0(8)) =m  (8)/|S | Httim (8) =3, HY' =y} pxily’;
AS)) P AT bRy IF BB REAS | IOREA j s B4 | e argmaxwo(i,s) LR, w(i, j) = d—|| X' = x) |} & FEA

1
seSNNY

RETAL] EARRE, d = max [IX" = X" |3 2 B R KR A B A e AU o B mT Rk

p(X' | Y';6(S)) = ce X' X' = enhD-d — gD — c’exp( max w(i,s)j :

1
seSANY

ot c o2 BT LA, log p(X' |y 0(S)) = logc’ + max w(i,s) il LA 7R

seSANY
f(S)=> > max w(i,s)+ > m (N)logm, (S)-|N[log|S|+C .
yeYienY sesANY' yeY

TR H AR 1 T
f(8)=2 > max w(,s).

yeY jeNY seSANY
Pk my(S) 2 T4 141, T LA 35 2 It s 5 L M(NL 1) 48 T 23 X 23 X UL (partition matroid) N, JEH 73 X
% HE B(MYR] LLSE SR B(M)=ScN:|SANY|I=K|NY)/IN|, Yy e Y. 5 Bt 47 K/ ok K 3 4 S 254 1+ S, 0F HL 2 2 IX
M H ) — 343, B SeB(M). [R1 R, 55 2 RN 35 3 I00th /2 5% B3 D8 bk, A7 24 SR I B Ak ) i m LLR 7R Dy
max f (S).

SeB(M)
BT AR RE A U (AR AR 6 MEE =, 18 P 55 7T B 1 TN §, 3485 FE 38 4R UL 2V > R, ) 1 PR T
WO oI N (R SR S A TP %
max  f(S).

IS|=K,scu!

kAR T BT T SCRR[2110 73, & B LR 2= 30 2 20 1 P AR DL 392 1.
B 1 RGN AR 305 2] (AdaActive).
HINU T, KB, HIUEFRCEEA L,
Gy RRICEEA L
repeat
FAARICREAS L IZRAEA, I A G B i o,
U'e argmax > o,

ucU\LU =4
BRAF TR AT RE AR IF AR B9, ), FIREA U
ARG, | AREA U Esepilte £ 02" 5> R,

ueu!

6. fiE¥k L'e argmax f(S);
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7. L=LuL'.
8. until >T.

2 BEBMAEHNEEEE

21 FUEBEHH
T8 3 7 By AN 2 B AL b5 B A K T B BRI R A I R 2, AT A A T 5K B I e I A T
PEIR BN KW FE TR H o, AATT AT DU I R A kAR 5 U 545 AE, S A Y A A ATT R I ) SR s BL AR 2% 2] R4
(R fi A SRS R PR 2 B 2 30 05 9 I P 81 506 B 2 M2 3] MIT 7R 2200 KNIN SR DL S22 3 302 > 1
FI) o B 2 R O AR
B2 ek
BNV I 2R3 R 0 B T B S B T ML TE AR BEAR T A K/ NY TR VI 2R 4R NS
N ZRE AE M.
repeat
V«AdaActive(N,v,N" 3);
NEN-UV;
NY<N\;
M«—M(NY);
. until & # TG
R, MT AT KNN AR [ i 8 AN T 2, DR O 12 HH 09 07 925 mT LS5 AT ] I R0 20 M ¢ 2 ) vk — A A
B YRR R B R IR A AT ) A, AR5 AR D U R AR AT BRI 25 A 2 T IR AR B LA 3 F
JEE(L) FEARRAGERMERRRENE; ) ikt i EBARILRE; Q) MELAEGREZHME. A X 3 MME
PR B Al 3230 2 ) (0 BRAR B M FRATTAE 2R 3.2 /NI b g L S8R 43 A SR K 1 e
22 FEBERE

°F: i % 5 2 (semi-supervised clustering, fij#k SSC) 5 75 A I i 7 2 36 0 il By G 92 v 2R AL 1 g2
FATEE T AR 2 P AN [m] (1 o 8% 07 2, 5 v dee A 5% 0 7 1) S0 S A 0 R SN IR 06 R FRAT) s T B — A A 2
B2 (must-link) X (xi,x;) M, % x; Rl x; 78 [7]— A% A AU, B — N VL BE 32 (cannot-link) 4 (xi, ;) e C &R X
H g ANTE[R] — AN v A5 Q6] T SO SR 2 R M a0 AU 0™ R G R 4 A o S P P R A O SO JE e
V28] () 5 2R, 3 A T AT IR AEL A I T e AR AR v R AVTRIF 5 1) [ s - Gt A 2850t 328 38 0T A A1), 30 T 442 vy 8 2R A
Bk re.

FAT DA 4 24 AT Y 2 5y 2 =) D s, LA S B BRI Si, I HL AR BE TG M SR S T A b ORI B )
>R B W B B2 T 2 Ak i 2 SEREARE D={Xq, ... X b LN B REA xe BB BRI R H K o 8 F3) %
v E A G BT DOl I R A OREG R ) 1 xg T TR 2 R AR (i, %)) R s A — A
WLIXAN T2 200 e {M,CH A5, 10 R yimy;(yiy;), b 255 [F1“MP (“C7) AEREUEAR P 35T %8s 42 D Fi2Y
AR CIERE— Nl 2 AT L JURE R R VR BB 2 O 2 LU 1 .

o (XX MA(Xi X6 M)=> (X, Xk, M);

o (XX, M)A(Xi, Xk, C)= (X, Xk, C).

U Ah, BATAE 2 (group) (A8 42 K DX 40 AN [R] 1R 28 b 255 32 B SEARL I Ak A — AN BE AR, A8 4 gt T LA
W7t 4 BT BOREAS E A O S R A e AR EE C T LU K A=, S0 HP k<Sc,c AR Sl
5 PR FEARHCRL Y L AURE R I B A AT TOVE R W RN A AR TR R R U] LA HE IR —
ANE AL S5 — AR T DL 1B VR RS AR AR, RIAH [A) CAS [R0) 20 v B R A% B AT AH R (AN [R)) BRI Am 25 0 17 A 11 20
), RO AR ) I 29 TR 32 3 2 ) S, LU 0 38 I 20 P A% AR 92D 75 WA AR LE ) 93 7.

o g wDh e
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CEHR M I 3 o1, 2 5 240 SRR et 2 B AR STV YO AR o, 5 S A SR D AR C Lt
WEABF IR IS T v AR AR 2 I B R 5 SR . BymdE D AL Al R B2 30 5 ik B e B A R AR R Ik B
AT T IE AR A I RE AN REAS, ZEREAN 21 b 4 R IO S xq, T A2 5 b IR B e MR O R A BB
ST 29 RO Rs HINA B ZH b VLB AT BB BT RN ) s SR T A R B VAW S A A

HiE 3 hilnEEk

T REASEE NGRS E o v N ZE R R TR B S48

VA C=;: 2={2},,.... 5}

i H1:SSC(N,C).

repeat
7=SSC(N,C);
V=AdaActive(N, 7, 2Vv,p);
for each x; in V do
for each Xje X'in decreasing order of probability P(x;e %) do
W x HES xe TR MEARKR
HR A 3 [7] f1) 25 2 B 37 C;
if (X;,x,,M) then
=2 o{xi};
. break;
.end if
. end for

© © N ok~ wDdh R

e
N PO

if no must-link is achieved then

=
> ow

M o
- 217X
195058
end if

end for

19. until ik 2.
3 WA H

AT SE A AN AT 45 A 0 H s 4 48 5 K 32 R SV A 2 I i B I B R B AT 5 — 1%
FEUE T AT LU B BT T S35 06 43 R AT 45 (R R
3.1 HE&E

MNIST ##i4E Bt 5 70 000 NF B HFHEAR BN FEAR(0~9)5 FE K/ K 28x28.[FII, A SCE R T
CIFAR-10 ¥4l 4, o rhfu 4 10 25513 60 000 4~ 32x32 [ (0 E%, Hirh 452551 6 000 sk B4 . B 7 $dis b
4 50 000 N YIZ5: 1% H11 10 000 />3 B 4%
32 HEES

ATSCAE MNIST Fil CIFAR-10 088 4E BT T 20 LS80 76 R 1H S50 203 40 o 3 /B 43k skl 5
L RPRIC ARG EE . N 2R B s T VE W s bn i s, DLV 2R ih 20 28 2 1 03X 5000 P Ol Ik B v 1 g O
PEAL N A B 32 3 2 3 Bk it 48 B AT R B R bric Bl , DLk B e B AR B PE AR M A BEAS FE B A Bl 48 I,
SEGIE I AR YN SR . SRR AE A AR, LI TR 10 I iC AR MPERE. S 3.2.2 il T Mk vE
A 2 2 82 2] T ik B 3 R R

I e e
© N o O
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2 S hENEIFHFREF I % 3815

3.2.1 XL VR AN S

T BAIE R TR AT RO K e S S RN — A G 1) BB R IEAT A

1)  RAND: R HLE P 5 PEAE N Bk 7 1

2)  S-MARGINE: fif i ] i 57 3%, 5 A6 A Wm0 10 Bt R A

3)  QUIREMOLIL T AREANRE AR (45 KLE AR VE, v SR ACASHf 52

4)  MMCUL A F] 455 70 A5 4, f5 KAk ) J8ABUR 25 0 S 0 ) FRORE AR

5)  FASSI: gl &5 455 o BORIUR 2 ) A5 10 i £ B3 (KRR AR

6)  EE-BMALMI R B ABLYE B B 5N Bt RE 1) 3 3 2 5 v

7)  ASCENTIM:SL ¢ J8r 2 STRRAE b ) 7 v B e S 7 (R RE AR,
322 K

LEARTT A A SO D AR5 B B M HER YL 6T MNIST B4, Sk 540 EEI T 100 ANFEEAS X
- CIFAR-10 %4 45 S B 56 vh E ) A i) 0.5k AMFEAR. B v i 4% it 2 B R SR BE LB AL 32 4T 10 IRUG P2 1k
RE.SE0 o B Y AdaActive J7iEIR A L EEE 7 VAR LI BE 4P SR I0F IR T AdaActive J5iE A A AEE 2
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Fig.2 Comparison results of different active learning algorithms by
taking MT model as the base classification classifier on the datasets
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Fig.3 Comparison results of different active learning algorithms by
taking best kNN as the base classification model on the datasets
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i A A U T N, 27 ) 9 S 20 I 2 25 R Sk A, T A 75 4 L ) v LA T R A I T e O A L A,
A5 KNIN R 3 IR 58 1) 248068 (30 IS T P MIT BE TR CR T A5 R R 22 0 9% ) 1) 5 R AH AT SR B B T vk R B B
U IX e 25 BF A AR SO T AR 05 2 0 B 1238, IE - AdaActive 5 ¥ AT LATE IR M 2 8 AT 55 HR AR G T
PS5 R B — AN R I G AE 230 2% 2 TF AR I LA vh MEA S I 42 T 5 AN W2 3R TR DA R 28 1 50 1) ) 4%
T4 BB I T P P A IR AR SR IR AT — S840 SCIE AR N 4% 4 7= AR 18 22 At 1 O, 9 H X & 2 31 T B
fit & B DR AR IR S X LR A S W RN A TP RE AR SR AR AL B G Y ZRIG IR R AR R 2 ) 1 DG Tk 2%
AR A Ah FEARARZR L H bR s B0 v IR B A 1K BT A FE 2R 52 21 AH R 26 11 08 B 1X b 43 28 52 56 30 1 ol
TEFE IEAf T BRE A, TT LS i BB R PR e B 58t T 30 2% S AR H.

33 BHEMESE

RATHEVAG R SAT S B 8025 3 5 Hoph 3ok 77 vk i R I S0VE7E MNIST Bl 45 L HEAT T 003K 8 7974 28
RV I RO A S F A — 46 B A5 S (normalized mutual information, i #8 NMI)FT F-measure 1E 24 SZ56 [
PP v A ST AR T A T JE A0 D 2 B SR 2R 5k MPCKmeanst®444: oy 7o 2 =) 2% & 78 B 2 ST MR 0 B 2 )
A AR E R 2 E B MPCKmeans 5092 A 5152 BR1 A £ H 1 450925 v DL 4T i i 40 o 1) 2R 2R A AR — s
I AEZ2 56 MPCKmeans BERY (¥ i R IEARIRE W & 4 220000 T- MINIST #dls 45, SEIL A48 14 4% 15 /> pooxt A 41
FETHO AR S bR AR 2R (Rl B A 0f). 0 T 3RS AT SE R 4510 N SEIR S B 10 Ok I AR H VP Ak H8 A i sk e Y
PERE. 5 3.3.2 AN H IR S T MR UEFIAH OCT7 V1) NMI FT F-measure {H.
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Fig.4 The NMI of different methods on the MNIST dataset
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A58 0 A B N SR TR e ARBCAT SR D7 R S A ALl 2l 10 B ESh 5 AdaActive J7 4 NMI
fH2 0.862, 1% BEMELL I AT (KIS EE 74 B A RAND  J7 VEAT IN 2 BRAICRETRY (1 14 68, 1t vl LA 2 Wi 1K) 23 28 45 2R v
R IUAHAL I IR G X gk — 25 YL W] T L 45 1 A 29 OGS 1Y) B B AR R AR VR I R SR B B
Ry i B T A T vk AELBE A 2 Bl A v ke A I, P BB AR AT BE N S KL X2 B Dk B A U R BRI IR AR AR R
)R ORI 2 AR AT BT 53 A0 R AR R 1Y) s b B0 0 DR TE AR A 808 v 1 T A7 AN 52 B AH [F) 18R 6 1) e %
W5 3 B0 A 0 50 T 1, SR SR TR R ok e, DT o™ S T R R IR VR AR A AR S B v S R I SRR AT I
& 23 B AT 8.1 G AdaActive J5vETE MNIST 248 82 b A ify 120 Yot L8 S5 56 45 R B, 3l % ) vl LLER
e SRR EE I PR
U4, S KA A5 T RAND,Min-Max,QUIRE,NPU,FASS,URASC,ASCENT LA K& AdaActive J5%7t MNIST
HdlatE LW F-measure 23T T4 A 1, SR HPRLAR 5t Yl 7n S B e A 1) T vk AR A5 I =2 AR RE AL 5 ¥k 1 1%
REIE AL WK L Gs AT i s thge vk 2% B WA 75 5% . QUIRE Al Min-Max J7 VAU T LB HL 75 % B 4
(30 AR T B T PR R 2 A 42 HH (1 AdaActive J7 5 1. 5 RAND J5 5 AH L NPU J v 3R T A4 11, 78 MNIST
g EAY ) 100 K25 PP RESE T 0.1.URASC J5 i ¥ 2 0 5 A7 2L (B FE FHRE BEAR T AdaActive 572
T TEI 2 5 A NMIIEAT PRAL (19 45 SEAH AL 32 HE 1 AdaActive 712l A 7 1) 250 R 385 0, S50 20k R o 3 A% U
DR Ay Bt 2 5 34 00 18001 0 A A R AR 2 TR B DG 1B AR 5 S RS . 3 9 50 AR 5 AdaActive 7 VATE 9286 rh 3Rk
PREAR IR R LA T 10 PS50 (bR g 22 1) - 25 2 200 e Sz B R 4n] LUt R A 0 250 e 1 1
TSRS P e AR AR B A, T TR K W B AR 20 U R T A PR AR IR
Table 1 The F-Measure (Mean+_std) of different methods on the MNIST dataset

R 1 FJ7iEAE MNIST ¥4 LY F-Measure (Mean+_std){f
I 30 45 60 754\|Hjﬁﬁggix}@ﬂ105 120 135 150
RAND |0.76+0.10 0.77+0.15 0.77+0.10 0.76+0.10 0.75+0.10 0.75+0.13 0.75+0.11 0.75+0.10 0.75+0.11
Min-Max | 0.81+0.08 0.80+0.10 0.79+0.09 0.79+0.07 0.80+0.09 0.82+0.06 0.84+0.00 0.84+0.00 0.84+0.00
QUIRE | 0.774#0.10 0.78+0.08 0.78+0.06 0.80+0.06 0.79+0.01 0.81+0.10 0.82+0.01 0.83+0.11 0.83+0.02
NPU | 0.81+0.07 0.82+0.05 0.83+0.06 0.83+0.03 0.84+0.03 0.84+0.01 0.85+0.00 0.85+0.00 0.85+0.00
FASS |0.81+0.09 0.83+0.17 0.86+0.01 0.86+0.03 0.87+0.01 0.87+0.02 0.87+0.03 0.89+0.01 0.89+0.02
URASC |0.81+0.08 0.83+0.15 0.85+0.01 0.86+0.05 0.86+0.01 0.87+0.03 0.87+0.02 0.88+0.05 0.88+0.03

ASCENT | 0.82+0.10 0.85+0.01 0.87+0.01 0.88+0.03 0.88+£0.02 0.89+0.02 0.89+0.01 0.90+0.01 0.91+0.01
AdaActive | 0.8240.10 0.85+0.02 0.87+0.01 0.88+0.02 0.89+0.01 0.89+0.02 0.90+0.01 0.90+0.01 0.92+0.01

MNIST

3.4 SHFI

AT GO S5 Bl ] 5 W B2 S K M AR S A MNIST Bl g B dbAT, HBCE 55 2 1 19 S A7 ). 76 )
5 SR R T AdaActive J7VE T BIEAIAS AL £ IR] I 3 7R 16 4 1O RN, JF BB 1 28027 2 Rl b
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Fig.5 The effect of g on classification and clustering tasks
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TEH ALY RAE S5 P S BEAE 10~30 2 [H] (R IE $6 ARG 7E B IAT 55 +p 5300 BIELAE 40~90 FRIEFE AN
TR AE SIS FRATT A I % B /D BB 2 ke AR 2 AT U A ) S 0 W 5% B8 SRR R S BT Bt AT 1L K AN [0 ¢
M AZA, FL A, 73 SR B AR TR BE D =40, 100 3R 2R (0 i (PR RE Ol B=20. 1% 5 RO Y T A L 58 K /NI B T 2, O
P RANER IR T — L5472,

4 HEXIAE

AR, FEHNCEHR T MR L% I T EH T B BRSSP 52 19 KRR
SR O 2 Wy I P 1) P 45 23 2281 Sty S 2N ot A 22 B0 g5 X 2 N VIR T R BT RE A (1 SR A
SRy 2530 7 Donmez 25 NV 37 A B 3y ik ISy b O ek R A (R AN Al i A R 5 A 1 4 5 % % Wang
2t NIV P b RE 5 502 3107 ik, 10 356 55 R AR 0 B LA I 59 1 RIARLABL 2 A1 (10 B A% ; Caa 45 N 1230 YA 700 A 4k B
KA ARSI 75 0 B 5 S W FRRE A JHe b 3 A 6 7 VR T IN T 7 2 fit KA HE I BUS2URIRE T 5 26 2R i L 802 )
T3 Gy AL S AT I T Sk £ S s 2 AR SR 2] 5 F g SIS A 1 B S T R T R
Fo g2 SRR ST Stk B R AT 45 3 2y ek 1S 38 N A 1) 2 SR Al 2 3 2 3D e k4T B8 2K Xiong 45 AR
T PR SR HE SR T T 2 B 2 W B SR SIS 2 T VR T R B AN A M PRI R A SR AT I 2 B e £ R
Yu 25 N O SRR 4 R — A 2801 = 1 3R 2 (three-way  clustering) 77325, 12 5 195 T LASR v 22 W0 1 oo 4 5030
() 5B 25 Pk fiE . Eriksson 25 AT it 2 B FE ACAABL L) R0 1 2 3 2 VR R SRS A, 3 30 2% 30 D il o
IS FH ) 5 T 32 1 SR 2R vk D8 e R, 4 Ty vk e R — 2 A R A B B R AR, L O R R P R AR A B (1 &5
e BT A A7 % 18 R ARAC B 110 49 A 16781 ol 7545 00 1) 25 3T Wk B A 22 5 A A% S 1K) — 28y R AR M A 1 4% B o
R B I B R

1E X S IR S FH AT O A TF R TR 2 Hehr 1 50 2% S 550k 0 5 HhhRr 2 50 2% =1 07 vk 1 o6
FELREUIE Ul /> Sttt B v B B R AR 22 T (1 T A% 49 s Hoi 25 A1k % — L LA B/ Fisher £ 6L (0 BEAS SRy D T 4%
Guo 2 \FBMR T b ) ) 2 PR SRR 3 B 2 S 07 VR % SR A R 8 R T AL B S A A T R A SCHR
[5,44] 7 A48T SVM 88 S T 1% 8 3t RE 7S Chattopadhyay 2% AV it f5: /N A4 1) 425 2508 01 5 A 12 30008 2 1) 11
Hop o A 22 57 K 0k FRFEAS;Chakraboty 25 A FSIEE Y — o (1 5 At AilRE 32 502 S HESL, & 0 1 Kt Atk /N Ak
PEbRUESE BE AN AL B8 Bl Sk 138 I H 0 S St KN A, T SR R TR A A S i STl T Tt R 2 s 20
AP TR BB 16 O 92 PR B e M2 g T At Bl R 2 B 2 3D vk R L 5 4, G 2 ST 83 (meta-
learning)l "Ml 4% 1 2% 5 o 3h 2 2] Sk b % B B LR (0 R FR A0 R A S SR bR D 5 TR, sl S iR R
BLAS 2% 33 A A TT B (1) — 38 4

AT A 32 )y 2 33 0 92 ) R AR KRR B8 L A8 T A A 22 ) 1 AR AL A2k e P 2 480 e S R B
7 S PR A e I AE S G ORN R 22 S A5 N R LA R BR . e o i 75 B 48 i) B — L b A R 2 gl 2 ) Sk I B
WS A SCHR H 1) 7 VAl IR B A 22 I 29 oK 2 ST A it RUR AR e R ARG AE 2R R, IR ) 25 18 T FEAR (145 B FIAR SR 12k
FEREAR S 130 2% 30 b A (0 T BB B AR T Ik P AR & B 2 FE I T L 32 HA 5V A B B AL 1) %o e 7
FRZE FLAT S Fe o B A Y A 0T LA B 2 M SRR AR AN E s MR R R M AU A S R A A AR
RFFFZMAE B

5 IE‘ g:élz

ASCHEH T — Pl F 3G N 3 Bl 2 20 T 70 IR FE A 6 ) % AR A ) R AT R 7R HP 2% ) SCTRR RN U [l AR 2 453 2 A
10 5 1% [R] B 2 PR AR AN o T R S W bt R o A R R BT O SRR A T — LR B H G N S 5
Al A 15 1 5l 2 2 5L AT LA A 3 T 5 RE A A B PRI R AN A SCHR T — AN HEZE K 2 5h 2 2 5N B
e W 43 SN SR 2R I B R R — AT DR N TR AT T 1 TR 8 SR N AN R 4%, B A SR R
B Z RS A AT T2 B2, S0 45 SR U B A 7 T A T T B A O VR AR AR
0 A o FRATT 7 RS 4 5 A 2% ST A1 AutoML (automatic machine learning)l 8490k ) 34 Hh 1 7 v 5 46 Jk
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MR R — ARG R ). g% B2 > M A T A.
6 REMEEWINSH

6.1 MNIST#IESE EBIM &KL

seaxiEE(fully connected) & —/NATHDERE M E, B A n AN BAL G 5E 2% 8 2 B A TR E 2k 1t 547
(exponential linear units, fi Fk ELU) BT o6 AR 40 19 L2 A 1E 4630, U8 A 107 5 5 o8 A3 B 0 )2, 0 12k
PR A LR,
6.2 CIFAR-10%{iF & Lt B M L& 454

T CIFAR-10 ZICH 42 (17 0 2% 45 1), A8 SCRS PG 003k 2 181 D90 4% 45 44, L3R 3.

Table 2 Active supervision architecture on MNIST dataset
F 2 MNIST Hdli 45 b9 46 45 1 F1 24

) 4% )2 S 4

N 28x28 1% % &l 1%
LRE 32 HRUZ 3x3, 5K 1
HLRE 32 HR 3x3, 5 Kl 1
ik 2 e K fk 2x2
LR 64 LR 3x3, 5 Kb 1
HBR)E 64 LR 3x3, 5 KN 1
ik 2 Ktk 2x2
HIRE 128 BRI 3x3, 5 Kl 1
LZ 128 BB 3x3, 5Kl 1
ik 2 Ktk 2x2
AR A A A 7R (embedding)

Table 3  Active supervision architecture on CIFAR-10 and
variations of MNIST datasets
3 CIFAR-10 Hls g L1 M 45 45 1 FI 5L

REIR BSH

LTTPAN 32x32 B E K4
BRZ 32 HR 3x3, 5K 1
LHE 64 #BUZ 3x3, 5 KN 1
i = I Ktk 3x3
LZ 64 HRUZ 3x3, 5 K 1
LHE 128 H R 3x3, 5 Kl 1
Ak 2 kil 2x2
LZ 128 HRBU 3x3, 5 Kl 1
HIRE 256 8% 3x3, 5 K 1
Ak 2 kil 2x2
AR A2 R A3 7R (embedding)

6.3 Mean TeachertxZ! g4 Y 4& 25 ¥

F 4 #5IR T Mean Teacher #5571 45 A7 9 4% &5 14~ 349tk 5 b5 #E 4k (mean-only batch normalization). A s
4k (weight normalization) 45 BRI softmax Jz%.Leaky ReLu(a=0.1)1F A &5 B2 0 Al 2k 1k 3o vk £ - 2%
e A o AR softmax it Al A (one-hot) b 28 2 1] R A8 SIRG; — BUPE 3 R 3 SR 2 A B R R “
552 softmax % th 2 [ 138 77 i 25 /NL 10 K/ B A 100.MeanTeacher SR H Adam P A 2% I 25k 9 45, 2% 3]
ZCE K 0.003,2%14,=0.9,5=0.999, LA & £&=1078 7F Mean Teacher #7 rfv “ZH)ili# 8 1) 2 BAE 5 ) 250 BB 2
Ja A8 I @=0.999 ] EMA(exponential moving average) 5 3.
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Table 4 The architecture of the convolutional network of Mean Teacher model
% 4 Mean Teacher H: U [1] 0 2% &5 ¥ R S

I 25 2 ESH
HIN 28(32)x28(32) 1% % K 4
&k (translation) BEHL{ax,Ay}~[-2,2]
7K~ 52 % (horizontal flip) B Ml p=0.5

T T e 0=0.15

HBRZE 128 %% 3x3, 478k 0(same padding)
L 128 &A% 3x3, 4 75y 0(same padding)
LR 128 %% 3x3,31 %8y 0(same padding)
k= KAk 2x2

Dropout p=0.5

LIE 256 & F1#% 3x3,3H 78 2 0(same padding)
HBRZE 256 B 3x3, 11 7 4 0(same padding)
L 256 45 % 33,3 78 4 O(same padding)
Ak 2 i KAk 2x2

Dropout p=0.5

L 512 %% 3x3,“ % 3¢ (valid padding)
LIE 256 & FUZ 1x1, 3 782 0(same padding)
HBRZE 128 H B 11,378k 0(same padding)
AL E 1AL (6x6—>1x1)

softmax iR
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