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ke H : 2022-11-04; &[0 H: 2023-03-24; 52 H: 2023-04-06; M4 H AR HIM: 2024-03-12

K AR RS (HEHES: 62176118, 61921006) A E A TR R4y — 424 MindSpore AR 225 k: 4 55 B0 H

WE FEEBFIEERERERZNEN THALRERBERAFIRE, REZNNEFI R
K. REFPHRBREXAF R EFIRET R ENRELRN, AMEATIEE L ZRESFHMF
EWAREREHIBEE, BEHEEHRR . BRBFHZEMA. 449 LA, AXRE MR
EEWATENRARNFREF Y 7k, B4R FAER TN 4 R 218 8y - B8 3E R A BT 00 AR iE
RE, REFRESH, RERATHFREFINREE. AXAEL FIEHT H 7 ENEREH Y
GRENENTEZTRE. LRBIETAXTERERBEARET AEWEERA, fl, HRTHE
CIFAR-10 ##E & 2 I s B9 2 W % 3 # R FixMatch, # F W0 EHRZETHRT 1% UL, &
¥ A STL-10 HEE T 2 KB RETHET 18.8%.

X MLEFY, REFY, FREF, iR, ek

1 5|§

WU =, JUHRR 2 5T, AT AERAE 2 R B 2 SR S IS T BRI R 2] 3k B gl oy g —
AN TR S AT AT KB bR B TR 2. SR EAR 22 BLSe A oy, SRECEOE hrid A AT A
e WHER), FREFET KRN R 7 134 flhn, 7EESHAE TS, FriEf G %
K 7% LR 55 SR U SN TR Y ZEBE PRIRIAE 55 o, by ik DR 1 0 35 22 B s i Ll e &6 191 ZE R
GrRAESS T, SRBOCER B S bR & IS R B EIRARE N R UL AR, SV 2 IS 55,
TERRERE FRIUE A AR A S, Rk, B FHE0E 7R A H bR E SR 2T 2 ST MR L A% 4 )
%N

F B 52 2] (semi-supervised learning, SSL) J&—F A A R FH TCARiE BRI T+ 5% ) 1 fg, BRAIK
WLES 2 20 R A e TR R s K2 SV, IR 2= IR B AN T Goit Y- B 24 ST Rk &
B A SIS N . Gert o B s SN IR AR DT VAR AR AR R R 2T L R I SRR )
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BNl BB 2 ST REE T S 2 BB 2 3] (231 g i e B 2 ST I I AR 38 7 2 B 3 i ek
Jiik, BRI TR BE F R E N (RO EAE R R BTSSR, AT A BT A3 e SR Ak
T EHE B AR X3 (80T, — Sk TR 5, B A AE AR AR AR b A AR AL ) P &5 SR (10~ 150,
AR, A REFFN TR, AT R —FhTobryd ZE R A 5w 16 e B 22 2 7k, A 25
%P 2 SR TR A 34 M B 2 =) 5 i A A AT DA B A (1 R 1260 ARER M7 7290 i MixMatch [16)]
ReMixMatch 171, FixMatch 18] &, #3325 & 2% FE I i/ MGFI— SO IR0 7325, 75 2 Fife i B 2 o) SRk
K4, W CIFAR-10 191, SVHN 120 rha] DUHL A5 58 410 (0 14 .

JUE KB AR R A 2O B S S TS R R I, SR 7 vk AT SR T I Dy s v o 1
T A S HOERBUR . BS T T Z SR, S AR 2 BT S TR N . LA TR A
M B2 ST S A — T TR PSS 3RS F0 445 SR 9 Te by R AL i, BIPAFRIE (pseudo-label), I
I 45 B R D bR S B IME 5 — D7 TN CARERE AR T IS T, S/ MUY AE SR G
AR FEAZ 18] TS5 R AAS— B, A SEBL— SO IR . HSTTVR R — A S il L2 ] e
FRAESAR R T IR DhbRvE. £ in) @, H AT 32 BoR A — S5 @ S50 7%, B0, MixMatch
ERIFHBIAL (sharpen) BREFERARAR T N 45 S 051, BUAL R EUTIRE (temperature) S HFTHEH
e 1% € ; FixMatch J5iHF] F BAS B BME L FF B S BRSO bnid, RMEE S8 E R - ki e.
PR HEAFAE T E MR — 7 R S BT 75 B — e AR AR AR, AEENES S
e SR 22 ST MRS, 5 — 7 B S 80 7 B R TF LR mT TS di o, SRR 2R 1) 2 SRS SE b 5 11 5
BN, Oy bRy (I Bt B2 1 18 SR, 40, FE I ZRPTAa M B, AR AL Tl 25 SR 1) A5 B i
T, B YIS0 R A Rr s, AR T 25 SR ) S P S B n, T P T 1 1) A B R
IEFEONARTE AR AN B . X T B B ST AR A M e ULRAIE, T e A2 i a7 e 5Oy
PR TV RO T FR T4 MBS 2% S0 1 R 11 DK ) g 121~231,

NT R R R, ASCHR T AR R R O bR (B AR A 2R MR B 2 31 U7V TriMatch, %
T FI G2 A5 2 8, BIk o8 6 R 22 2% 31 28 TN 45 51 2 181 23 3P Wi DR bl 1R R 2, SEBR T A
WHGRE 50, K B R o W B O A AR R BT &, ARV R FE ) TriMatch 757K
FH 38 SRIG T F BRGSO bR SRR K 3 AN (B 3 NGRS T RO, AR e ST A
LB BN GRS g, an L AN 2 2] SR E AR RE A I 553 T RRAS 7= A B T 285 S — 2, oK
ZREA R SRIG | RRAIR T DA RVE, HRG DI FRERE RS- LE 5 3 N5 ) S AE B G A A R A DL R B
2 )77 AT R T 7. BB HTIE B T TriMatch 7575257 ST P s 28 1) 49 285 157 225 4 B 4 754 )1 | 225
LRI Iz R B, SREGIGIUE T TriMatch J7VATE 4 Fi s B 2% S S HEEHE 45 CIFAR-10, CIFAR100,
SVHN F1 STL-10 LA AN IR AR ESE T30S 1 SR Re. A8 LLIAA St it i) e B 2% 51
% FixMatch, 7£ CIFAR-10 £t¥54EH, TriMatch 77750 B4R R TR 11.8%, 785 EPkik 1 STL-10 %
P, TriMatch 77457 RERE T 18.8%.

AICJG B GEMUT: 5 2 WA B IO A AR, 5 3 A AIARE B
SIT7F DL B A SR W AR e B D b v BT BT A 3 M B 2 21 53 36 4 1l i B 2 e B BT 4
TINS5 AT SIS AT IR TR A S I SRS, 2B 6 TN AT B A R R R
KA T TAE.

2 HExIfE
RATNEE RSO FOAR R - M8 22 ) TAR, SR T B 5 i M7k — e IE
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Jiid s IRA B ) O E AR fd e I B A 5], 2 B A S ST A S 2 SR (2,3, 21).

BT B BT 1R 24 2 2 48 R AT I 25, 2% 2138 2 TR o080 0 Jobm v i 0 R FH 2208
HIEL PFEUIZE (co-training) P4 UL, hEUIZE XN ZE (multi-view) £ &t &
WHIEIA A7 BSOS LB, RIS T T, & Jefe L 2T b s o I 2 —
A2 TR, AN o) de Bkt B B B S BRI T O s iE, FR DA bR e A B k25
A ) EAE BT IS A AR ERE A T UNZRE B, XA REAWREAHEAT, BRI KA
RAEARA, Bk B PSe 508 AL E. (G —1R00E, RMEEEEA R A 2 MR, REZ NS a8 2 A A
A 525 1 BT AT E S B AR SR A Oy AR R A O R IR THZ AV RE 21, 3, 8 Ik AN [ 2 3] B
ANF B RFE AR S 505 B S A0 U= A2 22 S 28 Z A 73 . AR IZR (tri-training) [26:27) 4
FEMETTER EEAR, HERUIZ 3 N8, il <DEIRM ZE0 BRENR = A N iEREA, I
K2 IR AT SR . TR B 22 2 5 2] (ensemble learning) 3X N HHJHST 1) % J 403
PRI R, UERH T8 5 S 2R AL BGER S AT B T4 TH - I B 2 S kg 281, ARSC TR SR T o ) i
B 2] F X IE T AR S TAR 2 — P B0R A P B 5 2 07, (58 BN RN, 28655 T
/MG — B TR DU SRR, AT SIS A B M e SR T

5 e /MU T VL TR B 0 BRI (low-density separation assumption), A A ) e 35 10 587
125 T B AR FE R X 3. N T SEIZ H A%, Grandvalet F1 Bengio (8] 32 M de /M E T, S AR
AR f AETOAREREAR & ERTINEE R f(2) BIRE, FEAERE Bl s MU B TP AR A TR
FE X I SR T Lee 9 #E— 253 H Pseudo-Labeling 7772, 7EAR I 2RI F2 oo T & 45 8 = 1
TN 28 FAE PRI T IChREFEAR, LR ERE A R AR A M B A AR S, DU
520007 AT AN SR, T A R (1 P00 45 S A SEAR A A, DRIt 5 vk ] AR s 53l
S B /M H B

—E M IE N 7 VR T ROR (smooth assumption), ACAFRANEIEEA B 2 BA AL FRE. N
TSEBZ H R, KRG SEE N B CAREREAS, SRR AR R TR EREAS AN [ 3G ) A b
A I s R T, N T IAMEREAR 2, — B E NS MEB R R AL || f(Augment(z)) —
f(Augment’(x))||2, HH Augment(x) 1 Augment’ (x) RARKAFEAR o FATAF PP, Ha0, XFF
BUGEHR, 5 P R 3G ) S AL S e i . 380 BEALENEL 5. T1-Model 75 DU Bl X S5hr0%
KW o 58 UG AR AR 45 AR AR B9 2% ek BOHE AT AL, Temporal Ensembling 7772 12 5] NS AL
2 ISR, S/ MU RIPE U FT JORRIEREAS R TR0 25 SRR 22 40 Tl B Rl &t SR 2 18] 19350 77 1R 225 Mean
Teacher 7772 131 it — 5Kk B bx b Hib — 00 A 4 HH 38 T 488088 2 F 248 (exponential moving
average, EMA) SRS 15 21 it 88 sS4 tH B4R, VAT Ty MR B 3 358 o0 B 3o P B
RN F-HR BE 00 f KA di 0 A AR AL RORFAE RS, UDA J7v2: 1) $8 U T AN E R BEE 2R A, anElg . SOAR .
TR, NA5Eale FR SR FH IS SC I 1S ) S LU — 52 T2 B B ) 1t e

TR A B ) B A A LT S — i e M T R R — B TR 5 %, SRE B ISP Rl T 1A
ARSI, REIVEWR: MixMatch 101, 1 56X ToAREREA M 2 R BHRE, RBIHMNES
AETREAR B RPN R, IF 5 N Bk s EU AR MU B AR (guessing label), 8 )5 I H
MixUp 29 SV & bRiE BOE F ARV E S, /MR BYTE TOARERE A i T 45 R 55 bR 2
18] (R 34) 5 1% 2% ; ReMixMatch 17 7E MixMatch FIFERE b3 HBRVE AR 6 T Sm 8 7§53 it B a1
7o, PR TH T MixMatch J7ERITERE; FixMatch U8 7 FH B A5 B2 B 1 PR AE 55 38 ) AR A
AR BAE RS TN S SRAE N ORI, R 3G R AR 2 R D A i3 A b it DA B 2 2
(177 AT ISR, REM Fida th, TR E 0 B 5 I JNEAE 2 P I B 2 o) AR 55 h S T H Al i
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SeHERITERER DL, SR, W ESCAIR, BUA TR & aQ B 2 ST AR D bRy Jot i W DR X | 25 A 6

B TR P E = S, PRI AL SRS P2 .

R i M B 2 TR e ] P B A AR A AT 2 S I R PR R AR . AT AR M o
IR EE AR SR SRR YR RRAS 3 AN TR IT PO i, LR SRR, Oliver 45 21
I 2 e B o S SR AT AL, 48 AR EE A (RS 2 R~ M A SRR Guo
5 B BT TCAR B B S R IR IR AT BT AL, 3R B o SIAE SR R 50 R AR . 18
TR B 2, Li 55 1P $i b 3 TR AR i A~ M B R 70, Sl S KA R IS 00 T
134 25 388 G M B A ST REIR AL Wei 55 (20 SRIFAEMRL £ 505, AR I B R B e B AN A 2

E% %“@

AR, AEVE R AR Z T, Li 55 B3 @ i oAl M B o ST AR 2 R Fiabn T ISR A PR RE, 7
Thaf B 27 S RO A PN SR FR AR A PR AR SC AR 32 B R A i 2 i, A T AT S T e o

IR G R o Oy bRiE e A R A

3 AXIfE

AT I B 2 S I ) RRGE AR AT 5 S5 S, A TR & 2 M B o ) TV DA AR S
H T AR A T B B A 2] 7% TriMatch.
3.1 [ERRE

T ST B A S B B AR S R B . AR IR B SRS b, I ZREE F S A ARk, B
N NEEEANARERIRE D = (=), y)),..., (@, ¥y)}, LREE M D EFRFEFEAR R TChRE
B D = {ay, ..., oy, }, WH R, JTohRESdE AT K TAVRESEE, Bl M > N,z € ¥ e RY,
yeY={0,1}5, Hrph X ZIRFEARMFHER ], Y FRFEARMZN 0, d FoRFHAET 4L, K %
NN AN LERE. B 2 0 B s B A I ZREERE D, 1 D, 5% 2] PURFIE 7 8] 2128 1) 723 (8] 1)
WY f(2;0) - {X;0} = Y, Hoth 0 € © Tl f (IS4, L REW AR WL KGR F IS B
Iz A RE.

el B ST IR R B C O R AL BB £ MBI ER Ly, B £ = L5 + ALy,
Hor Ay > 0 AR Z TR P AT 2 8. B0 2Rl R 1 v] DA ELFE T SR R AR A by Bl )
TR 25 SR 5 A SRV 2 [A] 28 SO 2K (cross-entropy loss), @17F frs:

H(ys, f(ylzi; 0)) (1)

||M2 uMz

K
Z Yiklog f(y = klx;0),

= \

Hrp fylae; 0) € [0,1)F Tl f 3 FHRIAFEAR o BTIIMEER, H(., ) R SRR
AFE TR B AR L, FIAIE T 2 P AEAF B 22 2k, 3N R BL FixMatceh %19y
IR TR A A B 2 S TR T G T B R R iR B L.

3.2 HARAAFHREFS

FixMatch {EARGRIERE & 20 MUE 24 27, i 3L 5 b B0 1 TR RE, IS 17 KRR
RiE. WHFUHRH FixMatch 782 A MBS RAMERR SR, W1 CIFAR, SVHN H IS T H AT S 1)
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PERE 181 B, 78 B AT 55 B 5% CIFAR-10 Y, FixMatch RFIH 10% A ARy S0 (8 nT LLEL
15 50 F BT Hd bn i i 4 S 2 ST AR 1 1 g

FixMatch B J6X) ToAR{ERE AR 5534 ) R ) S ng g7 B0a 38, 28 5 R BB e 55+
A TN GG o LR SR AR AR T O AR, S HL 2 HACS O bRy 0 TR0 B A B i TR P TR
VI B FEBER, SR A 2L, TR BRI 2 )5, FixMatch PA B 2% 3] (1 77 AL s 2
TE BRI T REAS 1 (0 T 25 SRR B b v 2 T (128 LI 453 2%

BT S, ERBNMIGRIR, GE—# B MEREFEAE {(2),y)) :be (1,...,B)} fl uB ATk
AR {2y :be (1,...,uB)}, Hrb p FORG PR BRI bR ESE 2 R AR S R ], X T8
PREREAR o, BRI REAREATIS3G ), A5 BB RLZE XS LG58 REA b TR A 2R .

@ = f(yla(zy); 0), (2)

Ht o) Fongatl) #AE.
WRIGHERI TSGR qp, LEFEFIBER FR BB EAZAEA I DI AREE, W H s

Yy = argmax(gp), 3)

Horb arg max #4E AT LA E]— Mk (one-hot) MEZR 431 .
SRIG, WHZFEABEATORIN ) GBI R LE s ) A - i TR R

q; = f(ylA(zy); 0), (4)

Horpr A() FomsmIg R Ak
TSR R SR AR BRI AR X N AR gy 2 RIS SORS AT LA BT AR iR A B
HNERE
H(gy, f(ylA(zy); 0)). ()

X PR IR B 7] 8, FixMatch [ PR B AR 7R 5938 ) R A 10 & 15 B e 3N TR RE +
FIEAARTE, Blhn + = 0.95, ATLA, FixMatch TG W B0 2% s B AT LS A

1

uB
“= 5 > I(max(gs) = 7)H(gy, f(y|Alx});0)), (6)

b=1
o 1() PR, BOLMBUE DY 1, 2 W 0.

MR GRAT LU, B TR 2 B 2 51 U v — Ty T e o e 35 L1 PR e v AR AR T 45 SR A
NTERREREA R ORI, SEBUR iR AME; 55— J5 T SR AR RE A (4 22 18 Rl A 2 [ it — S50
MR, LB IR, (E R R S8+ 1L, S HORFA N, W 2520 Oy beiE: 15
B, I ECE I E A ST P RE AR AR

3.3 REFEFMTINEERNEEEFS

JERF FARIE TS R B FixMatch AR TR A 204 Wi B 2 21 07 i i[RI 2% Rt fe /MG Al —
vk IR, fE 2 MR A BT TR B TERE, SR, BULA TR & 3R B S S TNE TR A R
BR: (1) BUAT 7 AR T BERE AR [ 58 i 2 B (B ORIE D biE, 50A 25 R8BI R (1 T A5 P
AR Rt R A4, SECCIEAERB I R & B s e B 2 i LR O bRiEs; (2) IA 75
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Weakly-augmented Model £,
example o, (x) !

Prediction f,(a (x))

Prediction
consistent

Pseudo-label y

Weakly-augmented
example o,(x)

Unlabeled

Model £,
example x

Prediction f (a,(x))

—

T H

H(f(A,x)).9)

I

Strongly-augmented Model f; Cross-entropy loss

example A,(x) Prediction f,(A,(x))

1 (PBREFE) TriMatch BSAIESS: TriMatch KA 3 MER {f1, fo, f} BHITIIE, EERER S, FF
GHER o, BENTHET R o1 (z) M ax(z) MNBEFHEMER (HII0 f1, f2), WREMERE A0 F KT
BEBTR—XK, MEZFNERELIZHARNNIRE, MABSE 3 MR (FlEn f3), H&/MOZAFREME
BITESRIET MR A(x) LTINS R < EH3E sk

Figure 1 (Color online) Diagram of TriMatch. TriMatch adopts three models. At each iteration, two weakly-augmented
training examples (the top two) are fed into two models to obtain predictions. When the two models assign the maximum
probability to the same class, the prediction is converted to a one-hot pseudo-label. Then, we compute the model’s
prediction for a strong augmentation of the same image (bottom). The model is trained to make its prediction on the
strongly-augmented version match the pseudo-label via a cross-entropy loss

RO R e RS, TS EUN T 77 2 AU 2 5R, AEEES iR
BB RE 2 T B X LU B T BONAT - B 5 ) OV Z R, S 1 B ST N .
N T R IR ME R, AR SCAE SRS 2 R B /MU — 2 I A b 3205 lE R T A B e bR E
BAEFFH oEms, S 7 R @ik PO AR 1B AR A 2 I B 24 31 J7 7k TriMatch. TriMatch 75 Il ZRid 72
I N AR Gl I 2R G R FH 22 AR TR0 25 S 2 R] R o3 BRI W D AR i (0T B, TR T i bR
IR E W E SN R R, FEAT L ﬁLFiﬁf*ﬁiUl]?E%%Aﬁﬁ&ﬁ%%ﬁﬁ‘]%ﬁﬁ_, ffE R IR
A 7 1EARTE FERR SR 43 AT A A ) 1] 23, BT O Amyd ide 8 ) A fa k.

BARMIE, TriMatch [FIS KA 3 MR {f1, fo, fa} BEATUIS, LRI RET, 4€ it B
MEVREREAR {(28,y!) b e (1,...,B)} F uB DNEFREREAR {zp:be (1,...,uB)}, N THMHRE
FEA o}, ﬁf’ﬁiﬁﬁ*ﬁ\gﬁifhﬁ%ﬁf R —MEA f,(i € {1,2,3}) TEXT MG HEAR a(x]) BRI
WAL, FrH AR TEZ f; (y|a(e)); 0;) MIREA B SERRTE y) 18] HIAE SUR 5 R AR iz Y i) e
TR Ly

sy}

Loi= Z (b, filyla(xh); 6:), ie€{1,2,3}. (7)

b:

XN TAREREAS 28, 9 7 IR 2 18] (1) 73 57, KA 3 RASIR 1 g5 08 R g e AF, 285
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B 1 TriMatch 7775 10HS

Require: A iEHH X = {(mé,yé) :be(1,..., B)}, TehriFEEHE U = {z}:be(1,...,uB}, T B R Ay;
: for i =1 to 3 do
Coi= L S8, H(yl, filylatal);00); /) HEHURLEAFRIESR 105 SRR

1

2

3: end for

4: for b=1 to uB do

5: for i =1 to 3 do

6 an = filylon(a)i00); /) i MHURTES b ANTIHIT AR REA L AT,

7 Op,i = argmax(qp,;),1 € {1,2,3}; //HRATAIIY T RE A5 20 H G 10 1 Dy AR

8 end for

9: for i =1 to 3 do

10: masky ; = I(@p; = Go.x)s 1k} = {1,2,3}\4;  // AIBTHREADBEESE) FEA LR BARER T —E;

11: end for

12: end for

13: for i =1 to 3 do

W Ly = o5 ShE masky  H Gy 5, fi(ylAs(@p); 6:)), 5 € {1,2,3} \i5// FERPIAMBERTGS R — B, 1L #%% 0
FREAE BRI AR B B SEARE J R S5 SR B 2K

15: end for

16: THELEAIUR 30 Lo+ Auly,i FFRFTH.

RAFEE @ AMERTESE « DIII) R ap () I LTS qu,, W0 F R
@i = fi(ylou(xy); 0;). (8)
SR 5 R TN J5e K IR IR NS @ MRBIAEREAR of b= i Dobeid, BD
o,i = arg max(qp,i)- (9)
XTHE AR, SRR TR AR A 2y B AR I Db — B, M R O bsvE:
masky; = I(gy,; = Gop), {4k} ={1,2,3} \ . (10)

SRJE T AR X N SR AEA A, () TIN5 SRAN Oy AR 2 8] A8 SO 12K, e 445 31
G B 45 K bR 50 s

1 LB

Lui=15 > masky H (g, fi(ylAs(@i);0,), j€{1,2,3}\i. (11)
b=1

TR 5 1 i A R R M AR () W B R R R T I B R 2 A, B £ = 0% Loi 4+ AL FERE
BTN FE A, SR 3 AN T30 25 5 (1 DAL T 1) 25 SRAE Dy B 2 M 6 LA 7= A T A

Bl 1 7R T TriMatch J7 V&M o B4R I TH R RE, 800 1 45 T TriMatch J7iE RIS, M
RS IR LA H, TriMatch 7755 N2 AN T8 2% R AR R Fn 45 S 2 18] i 4 05, A5 R0 . 1k
SHIRE, BIENHERE TR GO R RS AR

4 BRSO
AR TriMatch J7iEBEAT BRI 047, UE WA R A 1R 4R Bl I 230 i) 19 izl 1 .
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FERAYNZRL R b, TriMatch AR HE S Y S50 45 59 Tohn iR AR T Dy bt I DA B 27 2T i 77 30
BEATARAK, A2 B AR b AN T TE G N B R X Db, RIVRE 2R )1 el o 0, 35 M A R AR, AR M
JEALLIEH (probably approximately correct, PAC) 2% ] BRiR, 4l 28 Hh A0 & e FS FEAR S, AR
gh 5L 134,

511 & F RoRBRURBECEE, o R GREE th g AR B EL] (n < 0.5), WnRINZREEAR S

= om L ) 7
™2 A ) ln< 4 ) 12)
DUt NN Rl o o I A BRI f AMB s Al e R ) Jedi T
Prld(f,f*) > € <9, (13)

e d(f, f+) Rt AR £ SREE € > 0,0 < 1.

SIEL 1 45 T AN A S AR AR, DI BT 7 R SR, 320k [26) B K,
BRI W OR /T i 77

EIEL TR £, & L FoRERPIARE £ A f N B TEAREREA SR, of RoR
BERL f5 A f, RIS FAR DR AOMER, AR Lf > L1 H e Lf < 'L AR AR f RS BE I
ZRBe B gt N B, B

e <t (14)

WERR AERRRIYNZRINES ¢ B, A £ IUNZRPEAR BB mf, s N ASPRIEREAR A 53 4b
PIAMERRL £ A0, TN SE R — B TEARIEREA, BRI mt = N+ Lt B8 7, A f T &5 SR — B0 B
A RARFIEARLE Y o L, WL ATR P RER (I ZREd i 6 5 R MR P A L

0 = % (15)
MRAESIHE 1 AT, 7 BT f, FURHRZR ¢ BTN, T mt (1 — 2n")? FHIZHTHIIN.
HF S (15), 7TH
2Lt 7
mi(1—2n"? = (N + L) <1 - M) : (16)
B (16) BIAIL 5B m, (1 — 2nt)2 TGN, 759 2
(N+L" (1—%>2>(N+Lt‘l) (1—35:5__11)2 (17)
HPLUR AN AR, 20 (17) BRI
Lt > L (18)
etLt <ttt (19)

FEHL 1R, WRAER R Gt R eI B A0 DR E R N, RIS 38 R 1) D b
BB, B LY > L1 e L < et LT BRSO IR SR Wl . AT I Se 30 Uk X
AN FRAAESE R R R Dy, BARTI S, 120 B 22 o) SR S CIFAR-10 bHEATSENG, R —48
WFRI O bRE S HCR L MR FREHR I D AR E S BOR o L BENZRAC AR th 2R 8] 2 P, ANZh
HRT DA A PR A D8 A A SR B IR A CRR O N AN T 1 0, S A8 UR (10 Db SR B IR A CR O I A
Wil b, XA B EOR VBB AT, AT S T BB fR .
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— 350001 oL
64000+
30000
62000- 25000
60000 20000
15000
58000-
10000
560001 | (a) (b)
" " " " " . 5000 . " " ; ;
0 100 200 300 400 500 0 100 200 300 400 500

2 (MEMFEE) B—RIEEN (a) FREHEN (b) EEERNMIRTREHRELNIGR BT HER
Figure 2 (Color online) The number of selected pseudo-labels and wrongly selected pseudo-labels through training
iterations
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#* 1 FiEXLEAAE CIFAR-10 #1 CIFAR-100 FAEFRERBETHOLIRE (HME + WEE)
Table 1 Classification error (mean + std) comparison on CIFAR-10 and CIFAR-100 datasets with varying number of
labels®)

CIFAR-10 CIFAR-100
250 labels 500 labels 1000 labels 4000 labels 2500 labels 10000 labels
Pseudo-Labeling 49.92+0.93 41.23+0.58 30.84+1.18 16.13£0.12 57.301+0.43 36.131+0.42
I1-Model 54.324+1.89 42.09+0.23 31.5840.84 15.2340.42 57.2840.47 37.82+0.11
Mean Teacher 32.32+1.97 41.87£2.79 18.03£0.58 10.51+£0.36 54.8240.64 35.49+0.37
MixMatch 11.13+0.92 9.87+0.34 7.91+£0.36 6.36+£0.17 40.031+0.42 29.1440.32
ReMixMatch 6.23+0.54 6.08+0.37 5.8240.26 4.96+0.09 28.52+0.41 24.134+0.48
FixMatch (CTA) 5.29+0.54 4.96+0.14 4.71£0.20 4.58+0.18 28.98+0.34 23.8940.12
FixMatch (RA) 5.13+0.26 4.8240.11 4.60+0.05 4.3240.05 28.16+0.26 23.431+0.18
Ours (CTA) 5.10£0.45 4.744+0.17 4.514+0.23 4.031+0.16 26.8140.29 22.414+0.22
Ours (RA) 4.96+0.31 4.62+0.25 4.33+0.17 3.81+0.10 26.72+0.28 21.31+0.20

a) The best results are in bold.

= 2 FrAXEAEAE SVHN M STL-10 FARFREHBE TN RIRE (MME + FREE)

Table 2 Classification error (mean =+ std) comparison on SVHN and STL-10 datasets with varying number of labels®)

SVHN STL-10
250 labels 500 labels 1000 labels 4000 labels 1000 labels
Pseudo-Labeling 22.6740.83 18.23+0.37 11.02+0.79 7.32£0.10 26.931+0.79
I1-Model 18.56+0.37 11.4740.28 8.9440.23 7.20£0.11 26.154+0.84
Mean Teacher 7.32+1.51 4.93£0.56 3.95+0.34 3.01+£0.13 22.424+1.76
MixMatch 4.034+0.34 3.7840.30 3.6940.31 3.31£0.12 10.20+£0.51
ReMixMatch 3.56£0.48 3.21+£0.33 2.94+0.25 2.69+0.11 8.43+0.46
FixMatch (CTA) 2.67£0.58 2.50+£0.11 2.38+0.15 2.34£0.11 8.62+0.58
FixMatch (RA) 2.53+0.36 2.414+0.08 2.39+0.11 2.2840.14 8.52£0.91
Ours (CTA) 2.35+0.27 2.231+0.05 2.284+0.10 2.15+0.06 7.14£0.32
Ours (RA) 2.26+0.12 2.20+0.09 2.11+0.07 2.03+0.02 6.92+0.48

a) The best results are in bold.
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Figure 3 (Color online) The number of (a) selected pseudo-labels, (b) correct pseudo-labels, and (¢) wrong pseudo-labels
during the training procedure
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#* 3 AKXF53EFM Pseudo-Labeling (PL) FEGESESMIBE LD LRIRE

Table 3 Comparison of classification error for Pseudo-Labeling and our proposal with Pseudo-Labeling®)

CIFAR-10 CIFAR-100
250 labels 500 labels 1000 labels 4000 labels 2500 labels 10000 labels
PL 49.92+0.93 41.23+0.58 30.84+1.18 16.13+0.12 57.30+0.43 36.131+0.42

Ours-PL 46.581+0.87 38.23+0.41 27.45+0.76 15.15+0.31 54.38+0.53 34.79+0.28

SVHN STL-10
250 labels 500 labels 1000 labels 4000 labels 1000 labels
PL 22.67+0.83 18.234+0.37 11.024+0.79 7.3240.10 26.93+0.79
Ours-PL 19.48+0.74 16.86+0.45 10.03+0.57 6.51+0.32 24.87+1.04
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a) The best results are in bold.
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Robust pseudo-label selection for holistic semi-supervised
learning
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Abstract Semi-supervised learning (SSL) is a powerful paradigm for leveraging unlabeled data to mitigate the
reliance on large labeled datasets. Although it has been reported that SSL methods achieve significant performance
on multiple benchmark datasets, they still have critical limitations when applied to real-world tasks, such as being
difficult to determine the quality of pseudo-labels, being sensitive to hyper-parameter choices, lacking theoretical
guarantee. To address these issues, we propose a new holistic SSL approach with robust pseudo-label selection.
Specifically, our proposal selects pseudo-labels adaptively based on the disagreement of model predictions without
pre-defined hyper-parameters. Theoretically, we prove that the classification error decreases with the training
iterations. Experimentally, we achieve state-of-the-art performance by a large margin across various datasets.
For example, compared with the SOTA SSL algorithm FixMatch, we reduce the error by 11.8% on the CIFAR-10
dataset and 18.8% on the more difficult STL-10 dataset.

Keywords machine learning, deep learning, semi-supervised learning, pseudo-label, robust
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