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CIFAR-10"*' CIFAR-100"*'F1 STL-10"" |

CIFAR-10 %35 4 427 50 000 7k Il 25 &1 4% Fn
10 0005K RSF 2 32 12 R x 32 BRI IMIXEIE . &
Bl 35 10 DARRIZER CCHL KA S B
& T RE D MR ) B 5000
YIREIE

55 CIFAR-10 Zdls 4R 2540, CIFAR-100 #5440
% 50 000 FKYINZRIELF 10 000 TK R F Ky 32 18 %K x
32 BRI E G, & 100 A0 0 2504
B, AR A 500 MYIZRENR

STL-10 #6424 1] o I & T W B Fn -~ W
MR, B R IECR A T CIFAR-10 24848,
I ImageNet 04 F2°" v ) A AR 2 FEAS N H L
ZEAEEALE 5000 A FRZEIE 100 000 TR
SRS 8 000 I EG, A S R STy 96 148
R x96 BRE. ARENESET 10 DA
ML 5 3R 0 B 5 kT i R%E) . &
PRI 52 AR T )32 14 43 A vh S O A
B TRE R K AR, I,
X2 W 2 ) O ok U, B — A LR
FEMEREAE

Xif T2 MR 2 2 AT 55, Xt T A B A K B bR
PSR B BT S5 P ik R . B
(LS RS oe Y = N e eI B W o ity 3 61 1 M
F O B — /NS 432 31 A 1 A 2 R LT 7 PRI i
AARSEAREE . X TR B AL R RE I E MY, A T
VEAROG 52 3 32 AR 4 HoAE I3 4R B Y 73 2R HME
(% ) BT FHIRA( % ) FEATVPAL . Hor, w3

_ BT RIFEAIL e o e BHDROPISHIREASL
Y T MR

ARSIl A R JE R T 3 55 A F R R
ot P A5 A S B A R AP B AR 22

3.2 LHgE

AT AEACHS 5230 3 T Pytorch™! HE 22, I 7E
NVIDIA Tesla V100 1 A100 GPU F#EfT525, AT
TN B 2 > R BT b AR ISR (3,11 ],
it FHAH [ Ay 52 36 12 1 038 R 1 S 80 e . X F
CIFAR-10, CIFAR-100 1 STL-10 %4 4, 4 8 S
BRLILT, 43 50 06 I AH ) 9 35 B 4% WRN-28-2
(1.5 M) \WRN-28-8(23.4 M) Il WRN-37-2(5.9 M),

XTI 2556 1 A1 S 505 %2, ffi FH Nesterov 2 i
9°0.90 HYBEBLES BE T B (SGD ) VE A Pt Ak i ke DIl 25
FT ML 20 (1 0244058 1K) . WIHREF ) Rk
BOH0.03, AN B K/ R 64, X TR ) T Al
FHAYSZ 25 2] REEW SGDR ' B2 2 RN H m,

= noeos(%), Hor g, ISR TR 1

ZREeR, TR BINZREE FR¥E CIFAR-100 %45
AR T BEUR R BN 1 x 10 72 Ah, oA SR 4 i AL &
WIRBCE A 5 x 1074, g ] TR 3T 1
EMA" S50 8 M 0.999, KM SCHk[ 11 ], &
fERE R y BEE N 0.950, A bR $diE 5 AR 51
PR EL] A7 000, 4 W 5 J0 W B R R HL ) A,
1,000 Kt 1 9 S R 5 28805 SOk [ 11 ] AH A, R
55 AR FH KT BHEL AR AL ER Y | SR 3% 38 ) Ran-
dAugment'®’ 5 Cutout' ™ |

X GloVe 7%, FIFHTE Common Crawl 5445
HrHy 840 B AT AFUNZR AR TR UAS AT 1) A 1] o
PRI, BT A B ARSI 300, (AAS I,
B AAREAL T —A LA A BRI B0 aquari-
um fish” , X R (0 1] 4 A 2 38 ok 7 349 BT A 2L 0m) 11
T[] AR Y

XFARTFEGIANESEL, n B RS y I,
B 0.95, A BEE M 2.00, 7 B N 0.70, “JEE"H
ZHT Q5331 E N 2.00 F10.01,
3.3 LRHER
3.3.1  HESe#rikmtEae i

S B REXT L, SR T EAE T
W2 I Zh R AL B (A ) SR b A A 1|
S 2 WS, X AN [ B3 30k XoF I A5 7 7y e 28 i F
T, DROR BN A IR, 3R 1 2 FIsk3
Sy NN T AR 3 i FH 3 v B 4 ( CIFAR-10 . CI-
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FAR-100 F1 STL-10) I, &R C 2 5 4 Wi B )l 4 5k
2V St St 2 W B e PR RE LB, R TR R
FMGE A AT 55, AR SO e SR MERR 4R LA TR

[ () b b A5 5 B , LA R R X T A [R) B A b
SRR B AT 55 A AT AR B AL 1 RS AR 28
B M PERE R E S

1 7£ CIFAR-10 i F SREHFEMERILR (F + AENETHER CNN-13, HE&FH %
FFM%EE WRN-28; & + ERETREEENFE, HAERKBEXATH)
CIFAR-10 (45123 / % )

ik 40 B 250 PR%% 4000 Fr2%s

AN 25 64.01 £0.76 39.12 £0.77 12.74 +0.29
MixMatch'*! 47.54 +11.50 11.05 +0.86 6.42 +0.10
UDA™™ 29.05 +5.93 8.82 +1.08 4.88 £0.18
ReMixMatch"* 19.10 +9.64 5.44 +0.05 4.72 £0.13
FixMatch''" 13.81 +3.37 5.07 £0.65 4.26 +0.05
Curriculum Labeling”’ - - 5.09+0.18
FlexMatch""*’ 5.93 £0.41° 5.23 £0.32° 4.31 +0.07}
SemCo'"’ - 5.12+0.27 3.80+0.08
Ups™’ - - 6.39 0. 02
CoMaich"! 6.91 +1.39 4.91 £0.33 -

Dash ™! 13.22 +3.75 4.56 £0.13 4.08 +0.06
FixMatch + Sel + Reg"""’ 8.48 +2.81 5.57 £0.65 -
LESS[® 6.80+2.10 4.90 +0. 80 -
CADR'! 5.59 5.65 4.41
AT 5.48+1.12 4.42 £0.52 3.94+0.10

&2 7£ CIFAR-100 ¥iF& F 5 REH T ERIMERELLE (F 1 AEMNETFMERZ CNN-13,

HEfFEETHER WRN-28)
ik _ CIFAR-100( %*%i;%%/% ) _
400 PR% 2500 Fr%s 10 000 FR%
A NS5 79.47 +0.18 52.88 +0.51 32.55 +0.21
MixMatch'*! 67.61 £1.32 39.94 £0.37 28.31 £0.33
UDAM? 59.28 +0. 88 33.13 £0.22 24.50 +0.25
ReMixMatch"® 44.28 £2.06 27.43 +0.31 23.03 £0.56
FixMatch''" 48.85 +1.75 28.29 +0. 11 22.60 0. 12
SemCo!"*’ - 31.93 £0.01 24.45 +0.12
Ups™’ - - 32.00 £0.49°
Dash ™! 44.76 +0.96 27.18 £0.21 21.97 £0. 14
FixMatch + Sel + Reg""" 51.99 £1.72 34.79 £0.49 -
LESS!® 48.70 +2.40 - -
CADR'™! 47.10 29.39 23.07
ARICTT Ik 40.56 +0.92 25.82+0.22 20.96 £0.12

W2 1 s, 76 CIFAR-10 B4 b, A 7 st
T E R IPR 2 (B2 4 .25 400 MRZ)
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BEF LS T T B > B 2 o) S B R A
TehRZER A RE S, a0k 2 B, 7£ CIFAR-100
AR b, A D5 3R AN [R) 0 0 IR bR 2 e 1R
(RFZ0 4 25 100 MRS ) BT = Az 25 R # R 8] T
B Ae b K, A A &, CIFAR-100 4 4E
A5 T Z RSO ERE, R A TR S T AR E
N 53 ZE ARG R | DA T RE 6% 7 A B I 35 1 M
RESRTE, e 3 Fr/R, 78 STL-10 $di 45 b, AR SO
BPERE IR e Xt Ttk v LAUE A 7
XTI A A RS R R M e g R I L AR 2
H A, A, A SOk A B D1 iR An 24
T UOE S T RO ST S 3 X IR ) T Ay
BTN AR ] AR B HE AR HEAT T 3 A B R
F AR T s T, B2 1 S MR S 12 15
S HERG

R3 TESTL-10 HiRE L SREHRFENEELE
STL-10 (4&51R3%/% )

ik 1 000 AR%
A W B I 2 20.66 =0. 83
TI-Model "’ 26.23 +0.82
Mean Teacher®’ 21.43 £2.39
MixMatch!*! 10.18 +1.46
UDAM 7.66 +0.56
FixMatch''" 7.98 +1.50
Dash 7.26 £0.40
AT 6.16 +0. 84
3.3.2  JHmhSEER AR

TH Rl S 30 BB A% 7 et S RAS T I TR IR AR S
X R B RE I, F I O b R R AR i
RO REEETH ) DIk

1E CIFAR-10 45 48 b {E HIAS [6] (9 9] 46 A 25
Kok (R0 4,400 AR ) e, HEAT T I RS g
3T, THARSCEGAE A 4 Horp < B AR 3R
AN FHA BR 2 Bm I 2, < 2 W B 3Rk Fn i
W FEACHE SR | R A bR 25 0 0 A 28 B84 U1 25
“UE 17 RIRGIASE TR N FEA B A 1 PR R =X
TR IR 27 FOR B AT T MR AR B AL
RS 0k, R 1 + VR 2" BRI
i 2 FRERAR . WER, 2 MB O ki R R MR RE AR T

WAA R JChR 8 5 . AR, A T3 P B i i
9 2 AN URFERE 2T 7 U (RIS T 2R N REAS ) 5 A
AR AR 3o o) 5 R TR MR A S A 1 AR s
~1) BIRE AR S L i) SEaly L, E— P fe TR RE . (H
PHERRR , BRI R0 (B2 4 %5
BOE S B R A, DR A S T R Y
RORMG AR W W3 . BRE ] 2 MhiRfEstae -~ 07
VAT A — PR AR S o) PERE SR T B 3
X EZR R TA TR 2 MIREATTEZ
[BIFHELIE S, 70 A TR AR 18 288 A2 ) )22 1
HIIE T ER AR RS~ B et o 7 50 22 R X M e
H AR T REARS B ST, RERS A A B T
B S ) IR PR RE

F4 HMIWER(HIRE/ %)

I ik 40 FR% 4000 FR%

ElA =22 64.01 £0.76 12.74 £0.29

2B A 13.81 £3.37 4.26 +0.05

W1 8.18 +1.50 4.10 +0.11

TR 2 6.93 +0.96 4.06 £0.08

PR 1 + 722 5.48 £1.12 3.94 +0.10
3.3.3  rArtEsigm gl

Bk 2 206 S Al LB AN AR SCRb R TR 2 40
PESZG DS O 41T A MR AR AR T % AR
F AL FH YNGR 72 v v ff 5 R 4 O AR A th £ | DR AR
VEFRBS TR BE 3BT | Phbm 28 Ak o R MO R0 43 Fn A
FH -SNE A FRAAE AT AL

XTI it A8 vl R KA A AR At 2k 43
F£ CIFAR-10 545 11l ] 40 W Rbr 2 50 s if
37 SE8G 05, Qs 4 Fi7Rs AR SO AR L4 2
W R R B MR IR T, BRI & AR
LRI AR R N A TR A 15 R R A (i B T
PR WSS A R R ] SR T S G R A —
PR AR B B

X AR P R R A FH R ) B2 1 AT, B AR
KL ARG AE 2 Fh iR 2o ) Bk v R XU R
1 1 FH BT [E] B2 (i IA I 25 B B L iy e 3 1 2 B Bt
DL R AN R B B ) X030k B AR RE I 52 ), Hf
PRFEAE B B R 5 R T 43 0] 1 200 (I
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Abstract

This work studies the difficulty of label propagation and serious noise interference in model training, which are
due to the extreme lack of supervision signals in semi-supervised learning scenarios. Noise from pseudo-labeling
and confirmation bias caused by low data utilization will lead to error accumulation along with the self-training
process, thus forming irreversible deviation and damaging the performance. In this paper, a curriculum paradigm
based on the dynamic weights of samples for semi-supervised learning is proposed, aiming at encouraging the model
to utilize samples from easy to hard and gradually construct hyperplanes based on the non-discrete curriculum, so as
to alleviate the generation of noise in the pseudo-labeling process and enhance the generalization ability of the mod-
el. Specifically, from the intra-class perspective, prototypes of features are constructed by mixing pseudo-labels
with high confidence, which can provide weak supervision signals. Then, the learning difficulties of samples are es-
timated. From the inter-class perspective, label embedding is used to evaluate the semantic relevancy between cate-
gories, and the discrimination between semantically related categories are weaken in the early stage of training.
Comprehensive experiments and analyses are conducted on commonly-used semi-supervised learning benchmark
datasets to demonstrate the effectiveness of this method.

Key words: semi-supervised learning, feature representation vector, curriculum learning, prototype of fea-

tures, semantic relevancy

— 355 —



