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Abstract: With the free supervised signals/labels created by pretext tasks, self-supervised learning (SSL) can learn effective representation
from unlabeled data, which has been verified in various downstream tasks. Existing pretext tasks usually first perform explicit linear or
nonlinear transformations on the original view data, thus forming multiple augmented view data, then learn the representation by predicting
the corresponding transformations or maximizing the consistency among the above views. It is found that such self-supervised
augmentations (i.e., the augmentations of the data itself and self-supervised labels) benefit the learning of not only the unsupervised pretext
tasks but also the supervised classification task. Nevertheless, few work focus on this at present, while existing works either take the
pretexts as the auxiliary of downstream classification task and adopt the multi-task learning or jointly model the downstream task labels

and self-supervised labels in a multi-label learning way. Actually, there are inherent differences between downstream and pretext tasks
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(e.g., semantic, task difficulty, etc.), which inevitably result in the competitions between them and bring risks to the learning of
downstream tasks. To challenge this issue, this study proposes a simple yet effective SSL multi-view learning framework (SSL-MV),
which avoids the learning interference of self-supervised labels on downstream labels through performing the same learning as downstream
tasks on the augmented data views. More interestingly, with the multi-view learning, the proposed framework naturally owns the
integration inference ability, which significantly improves the performance of downstream supervised classification tasks. Extensive
experiments on benchmark datasets demonstrate the effectiveness of SSL-MV.

Key words: machine learning; supervised classification learning; self-supervised learning (SSL); multi-view leaning; data augmentation

FT KRR S 06 )y, IR FEB R ZE 4% (CNNs)! T 45K CUEE THST LA BRI [ SR T8 55 A 30 25 40 sl 753
FEWNERE . i, W Zk—ASRE I 9 ) CNNs BERLIE 7 2R ARG B, SR 075 & S B A 55 1, BRI A (4L
PEEEFEI AU S, ML 2R, Tobmic B BERe O X o 4. DA, ST A7 28R e T FLR AL 2 ST B i s 2
Bl B, RH T B AR A 2 —— B A 2 (SSL)PYTS O, A ITIUEAT 55 S A S B AR
RN TCHR IR AR REOR, I CAERIRY S, BG o E)L ARl s IS 2 P WAL 45 L3RI A e .

AR A 2% 5 70, AT TIUELAE 55 308 6 o SR PR i A1 S Q) e Pk sl AR M i, e BTl T D58 %
NPT K3 AL, SR 0 oL P R P s A 1 0 A i e KRR P 1] Py — Bk pli 7 20 o, 15 AE A B
XA AL B SR G 2 B SR G I R 20, R T, R TUEAR 55 CAER 1, ENTREm 73 2
TAMMTUEALSS (et ™, P %) AL TR L TeE AR5 U, 594h, s — e Bt TR M T EAT 55 1>,
EATE SO T TR REAT SRR, AR5 I RE R 51 0 ARl ik ik ACH AT B RE R P TH R AR i B )
Mo, fF ST R R, ST ARSI TUEAT S ) 2 T 2R o 5, nsE R Y i g UL gy
AT AR I T4 AR S st SR AR () T AT 5 A S 2 BRI U S T LA T e o 491 7 B A 2R 3T AR A (K
BATSG, A AT55 et S B B AT B A5 48 {0°, 90°, 180°, 270°} LAA: ji 2 21 AR 4 4, 5 40 45 nl 7 £/ J b Pl 4
I B0 — AR AL, SRS TP A I e B 1A e, B E B bR, FRATFROX LR AR B A S S
BRI ) ).

TETER, LT BB, MG BRI L i % A e e U A RO 2 R IR AR e I R4,
I ARA R AR e 19 5 i B e B MBS 5 (A B AR L), FE IR 73 2837 5y, I Se ) (R AT 5 o i 55
JEREAAR R IR T, AT, G0 RO e B A S e 7 A ORI o A 22 5, P9 R b i A ANAZ PR T REA 2
U PERER AU, W07 R 2646 vs 9%, VEREFEIG) . FRATVACHL, 27K B B A ac 5 I R AT 55 W i) A R BRI
RS, eI TE UL, B AN 50 B B 45 1 ELA A 2 A A S5 K OO, i A B AR
BEIRTE, BUAT TAF SOkt FUE AT 5515 20 T i 70 AT 55 (K22 S0 Gl B, SR 2415522 S B R 2 Rl 2 ), IR G i
BT S5 hic 5 R bc P R, TS5 TR AT S5 AR AR AR AR I 2253 (B L AR HEESS), th A wT
B eI PR A 2 IR K SE 4, 4 IR S5 1R 2 20 il SR U

N BRI D, ASSCHE— P RGT T E R 0 R S ST 0, TR SR — R R B A R A 2 AL
7 SIHEZE (SSL-MV), JL R s CHCKE F B Frac gl N R A 55 B R R s, AE R 1 B 08 ) FR ) I A R il P AT
% 5 MRS R 3E . AR, SSL-MV B IE AR Sds B E3RAT 1 A1 55 A R 7 27 31 R S B B A
XFEbRIC s 2T, AR, (5B 2 U220, SATRORESE A AR T 4RI HEIT RE ), W8 38T T T iF
TPIAEGEI S I PERE. B 1 7R T T ST HEAR S B MEZR K D, FLAA b, A SCoTik g5 .

(1) B —Bh ] SR G R B B 2 L2 STHESE (SSL-MV), LR CHKs B I B bR id g N i 7 AT 45 A Y
(Krtey s, AERHT B B G IR R A R G2 it 1 VBT 25 5 AR S5 R R 24

(2) 5, 5B ZHLE 23], SSL-MV AARIIAT 1AL BT RE /), BB 3R8TH T i 22 RAE S5 1022 ST PR .

(3) FEMER AR )2 SEIR I UE T BT P S MR (A Rk

AT 1A HBAA ] B ) R R RIERER T 5. A 2 WA AR ) B R 2 AR A
SJHESE SSL-MV. 575 3 e AEMERH 8 LRbAT T S50, JoiE 1 A SOOI TEUA k. e Jm S 430, JRR ARk T
PEHEAT 5.
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CNNs FefEFEIAES, oo M S E. 4 Lep R A8 XA UK R EL, o(5u) %78 Softmax 432K 4, Mlo(zu) =
exp(u;"2) /Sy exp(uyTz) . 2 % R E IR T; JG 3G AR, Hoh j=0,1,..., M (AIEARIL), To RRTEEAL .

H4 SSL T4l B B 43 S84 ST 1 — R ) o L B0 20t 4% SSL B 1E—Fh i 1) Sk, Bk g H
AR —FEEY R INGRE, HHRREON:

1 < .
Lpa(x,y;0,u) = % ZLcE(cr(Z,-;u),y) (1
Jj=1

Horpr, T R TE AR, %; = Ti(x) A A S T, J5 8 MIERER, 2; = £(%,60) 2 Il i CNNs J5 73 211
RANRTR, oGy R 73 3. AT L, DAk E R 453 2K 38 A0 73 S48 o (s u) X AR AT VL, PRFFASAZ. SR, T 3 2
AR A 4 (W) FEA O] A8 RN GRFE AR ST R A7 A B3 22 5, BB o0 A 7 A Al R e g
U — R B o) 3 S 2 TR X RIS AR T AT RE A R, R o AR e, 00 W T R Sy 2 {6 vs. 9%, A TR 1
I BRI, R BB BRI A A 5N R AT 45 1R A D % RS A A, FE sk B, E A b AR TR A A
1.1 BB LS JESR

YR TR, 76 56T A8 3 (6 THUE AT 55 b, BRI 5 2% ) P ) A AR e (1 B bicd) 18 F 140 52 (AR AR, TR,
H B RS T LN R AT 45 @A i — i 477 2t A2 R 2 AT 25 102 S HE AL, TAT i AR IL ) B & 2 AR 55
SRERR RO JLAE R 43 AT 55 5 TOUE AT 45 TR 2R E 22 0 P [ ISF, X3 A AN 5 10 8 R A T A4

M
Lyr(x,y;0,u,v) = %;LCE(O—(ZJ';M),)’) + Leg(o(Zj5v), ) )
HA, o u) Rl o(v) 3 MRR TR 5 T4 S IBEAL S 0 9548 TR, BURMREMES 2 T B e 1 I

PRI — A BN, DT 2 B U HAa A 73 S SIA3 00 224 R ANAZ I BE 7, K IFA7AE AT B2 55 20 28k
B 11 R 21,

1.2 BB S IREE SER
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FWAT S M 25ARic S B B AR ], FATX R I A B ZAric A I HEZL . Bk, T 7 — A
Softmax 73} 54 p(; w) KFIREEA BEE PG, jI%) = p(wi;T2) /Zi exp(wia2) , 2EA~ FARERECUW T

1 M
Lsta(eyifow) = =0 > Lee(o(Ziw). (7.) 3
Jj=1

I, Lep(e@E;w), (G, ))) = —log & w) . TEHEWTIT, H1 T 5% 56 ST o] B Az e gl S, BRI i e iy OB 75 2% 18
N x M FFRid RIS dAFR I, T8 4 - A3 Tl (SLA-SI) BV ],
P(il%;, j) = exp(w;; " 2;)/ Zc exp(wy; " 2)),
Ho, 2 = f(&)). JAh, XTI ARSAT YL, %27 THER AoV N RHERT (SLA-SG).
exp(si)

. 1 M 5
Paggregated(llx) ==c > E\:EF'S,- = M Zj:l W,'jTZj.
© exp(s)

2 BEEHEr SUEFIER

MARACHIA A, R Lur 15 Lsia #0CEEE T R0 AL S Kb 5 B I EARIC, ARG InAsh 2y R
(1] Lyir 5 Loia 5 A, (BT AUEALSS 55 Nl 20 FAR G W WA 12 57 (GBS AR5 AEEAE), RN ALk X g AT
5 (BIFSEIT 0 20 bR C 5 00 19 B bac) AN vl e sx A7 AR 24, b FURAE 55 K 2% STl ok UK. Pk
IF) 8, AN ) iR AR, Sk K ks BB PR iC g N U SR R R A, 5 A6 AT AR MR P [ g3 S x
JetlAl, CAZRARATE SC AT 55 MEBE 22 57 1 Ko SR K A7 i 2 4. BRATT R AR A3 Bt AL 1] 4R AT 5 R U4 55 A1
(7] )27 > SAE G 1 B AR ORI bR IC 2 S TR, IR T AN EREAT R M 22 LR 27 ST HESE (SSL-MV),
kel 2 Jirow, Hol— AN LS CNNs RFESRIES fnarea(x: 0) PSR AN )1 ) B4 WL P ST (¥ 53 2R 388 (5 9 ) R,
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AR
Lvv(x, ;6 ,9) = — Lee(@j(fsharea(X36):9),5) 4
N

=0 =1

L, PRI AL AT T U555 88 e A0 ] L (WA 25 7008 BT 45 3 S J 2 T A AL T [ 2 2%, H o 2
R Rk SE 42 o), AT S 3 3R T RUHAT 4 B Pk BE. 5 SSL-MV IR, A1 18 T W RhHEIT, — Pl 5l
HEWT, FATFRLZ A SSL-MV(s) (S50 45 RMLE 3.3 47); BEAN, Al 2 ML 112 ST HESE, SSL-MV A 5T H 4% 42 Jl HE T 1) e
J1, TAIRRLZ hy SSL-MV (e). A =B HIAE, ff S AR sk AN RIS T RLIE U 45 2R, SSL-MV (e) 7£ 2 R HEH s 4
PR KT LR AT T30, SRAHT SOTA Phfe (S8 25 R LA 3.4 71%).

3 LWELER

3.1 ZWEE
3.1 HiRAE LR

SR [20,21], 75 4 AN A /Y RHEME RO 5 EOPAL T 3R 22 2 HESL, B A11/& CIFAR10/100%%, Tiny-
ImageNet™ Fl—ANIRLEE 2 58 MIT67. 534k, 6 1 Hliik T IXSe R AL ¥ L AR 4N 1. 61 7 CNNss B2, Sy i
HESEIG I AP, [FIFE S ISCHR [20,21]: ResNet32 T4 CIFAR10/100, ResNet18 Fi-F-4b#1 TinyImageNet £ MIT67.

AR S KA Pl T4
CIFARI10 10 50000 10000
CIFAR100 100 50000 10000
TinylmageNet 200 100000 10000
MIT67 67 5360 1340

3.1.2 YIZrgny

T BT SRR AR, T BEALBEFE R % SGD L7, N RSHWEN 0.1, SRS HRER 0.9. %
T CIFAR10/100, ¥ B E RIS HCN 0.000 5, #EKCK/NRE Dy 128, Y15 200 $&. X T TinylmageNet B EHH S
i E N 0.0001, #LKK/NEER 64 (ZRT GPU 5J7), 1%k 100 4. X T MIT67, BUE kS H K E N
0.000 5, HEKOK/NREE A 32, I 180 F. A &L, A PRIESEE0 28T, 3K BB AL RO/ Bl 456 $503% 2 I8 ST [20].
AN, 5B BE S, GBI 50% R 75% I, 20 B0k 2% ST RS RO R 5 I 10%.
3.1.3  TUEAT SRR

RS FEIIF (R B A AT 55, BRI N B P A4 Ay i N Al JE 2. 232 SR [20], 3 LR 5 G377 R
BAAES, MBIt B . 5T hess, KA T 4 R A, JI{0°, 90°, 180°, 270°}; X TR &4k, RH T 6
454, B {RGB, RBG, GRB, GBR, BRG, BGR}. ¥ 3 fJ R4k 71X #2445 F 7 Js g L 71l
3.2 #Z= CNNs 183 (block) SEI&

Z: [ SCHR [20], A SCR P ResNet 1925 4844 P dt SSL-MV 2 S HEZE, Hirh ResNet32 (T CIFAR10/100)
1 3 /> CNNs Bib (block), ResNet18 (JI-T* TinylmageNet 55 MIT67) 5 4 4~ CNNs #ibk. SSL-MV 7EfTa MK LK)
I3 HAT S ILZE ] —A CNNs FFESRIER fonarea » BRI FER ) 1) B30 2 A SR BN L 2/ CNNs BEERL. by b #8%
W R, ARG T AN A S H CNNs B PERERIRE M. LL CIFAR100 S, & 4 JE IR T SRR R A8 #e 5 1 sk 3
iR TATLLE B, T el e (0 R B He, $t52 3 A CNNs 46 ety PRAS [A) 40 14T 55 1) 80 55 40 T 32 1 1 A 1) 6L 385
IG. %FFlEFE, 2L 2 A~ CNNs RPN AT L5 AN, w408 Bk, 15 2010 45 FERILF 55 572 A0, X AT &
B, AN ) AR 0] IR A A AR B AR —FER. 346, CA TR I, CNNs F 32 T8 % BE il 31000 i e 248 ik B,
Wihg . M, R E TR S AT A R M2 (S0 RFAE. BRI, 25 B8 313K S8R 3606- B8 3 A B sl s K1)
ANHf M S CNNss [ 28071, Sk 19 50 38 FH 119 2% M HESE, AR 30 SSL-MV (1) T3 923 ¥ FL 22—~ CNNs BiEk.
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SSL-MV(s)
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(b) R B L

4 1E CIFAR100 3L =2 CNNs #EHes g6

33 SABHENISLS

A JER SSL-MV HORCHET 000 5, Tl T 55 B 7 HHEAT T 4 L, JEob Baseline e Fe 480 B4 Uik,
DA FER BRI T I B S ) 1 7%, M 23 1 8 0T 55 2 51 071, SLASIPE R B I 15 2 B e 21 O
i AU, 46 2 BURERAE O 3, 385 T SSL-MV(S) 15 Rt 7y i o4 . LRI F 4536

F 2 BOHEWT SR 45 B (LLBER: ) (%)

HitE Baseline DA MT SLA+SI SSL-MV(s)
CIFAR10 92.39 90.44 90.79 92.50 93.47
CIFAR100 68.27 65.73 66.10 68.68 70.89

TinyImageNet 63.11 60.21 58.04 63.99 64.37

MIT67 54.75 — i — 58.28

(1) WEE AR Wy 52— 2 FE P AT TS BSOH 20 A1 R AR R 1 23 AT VEEAS , et 48 ) B 7 st et A 48 (1 ) A
AR, 41 DA 5% MT, W45 88155 T 2T 45 ik i

(2) MRALJZ T, AHEE MT 75— ANEAMO AR B A A VLR, SLA+ST 5 S A0 AT it 58 LA 4, b B th 15 21 (2
EHE.

(3) 8 SLA+SI 3kf5 T 54 ik B, 18 R IE 4 AT 55 5 TUEAT 45 M AT 1) 22 5%, il S AT MEfESE, —3
F] PR 2% 20 (PO AT 25 (R 28 10 55 T 8 MR B AR e ) S AR AE 4 55 U 43 AT 25 PR R I XU 1T BATT 1 SSL-
MV S8 e B R EARAT 5N AT S A A (AT 45, Ba stk B B AR e g N Uit 2 8B R kg e, 7
BRI B WS BRR I R, ORBRAR T 24 S T4 I 138 4. SEA 2 M2, BB SSL-MV T BT %7618 X .
AT 55 M FE S5 TT T SE A AT [F]— 2 4, AN R T 4526 24 S RIS SRAG—FpAT 25 56 4, nl LBAT 1A ) SSL-MV(s)
FERTA FEWE SIS LIRS T Ik fE.
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3.4 SERKHERTSEIG

AAEPE T SSL-MV AL IR AE J) (SSL-MV(e)). &, K& MT ¥ B MB bR iC g i 2r FBE R )
A, AEL El T T b BT, A 5 = S A I FC BE . DRI, ASHT R 05 5 SLA A A I (SLA-AG)P"HEAT
THRFEG. 2 3 At T SR g A, v LURBLLL 4.

%3 AERHERT S 45 B (%)

IETES B Baseline SSL-MV(s) SLA+AG SSL-MV(e)
CIFAR10 92.39 93.47 94.50 95.18
CIFAR100 - 68.27 70.89 74.14 77.26
TinyImageNet g 63.11 64.37 66.95 69.51
MIT67 54.75 58.28 64.85 61.49
CIFAR10 92.39 93.52 92.51 95.01
CIFAR100 s 68.27 69.37 69.14 76.32
TinyImageNet CRENR 63.11 64.25 64.15 70.51
MIT67 54.75 57.24 59.99 60.30

(1) SR RHETARR T S e B 25 R O3, BT 8 T SR 48 S AR ZE 3, SSL-MV (e) 475% SSL-MV(s)
SPINZ) 427 ANE A L

(2) XtF CIFRA10, fEiEFE AT, B SSL-MV(e) BT SLA-AG (95.18% vs. 94.50%), (HEE (BT,
SSL-MV(e) #4015 SLA-AG (95.01% vs. 92.51%), XK WAL SLA-AG, SSL-MV(e) S fe %0R A A 1B A
SR I EE 2 Bk, X AR B R AT — DB AR 4 1) = 5 1k (RI4R w3 REAR I 28R E) T Re S it — D4R AR A
HEWT IR 1 BE. A5 UEZ IR W, FRATITESE 3.5 W& T THHT T4 58 Hese 5.

(3) RETE MIT67 Bl A He (r) ¥ T, SSL-MV(e) 7 Mg {kF SLA-AG, {HAF HA FHs 42 S FAH R (1) 45 #e
T, SSL-MV(e) ¥ 45 T ¥ A8 L B, W1 CIFAR100 5 TinylmageNet, 75 Jg#% 353 T (4 M 4LIE), SSL-
MV(e) %15t SLA-AG IE 3 NE 7, IEBREH T (6 ML), SSL-MV(e) BE/ZAMAE G2 6 /N 45 A
35 HETIHRIE

AR AR A (0 28 1 i B B 2 R, R IGTESE 3.3 IR Ak, FATESN T I — Rl i
15 B e, BIE5 904k (Sharpness(y)), HerP 240 y 550135 BUR SRR, 24 p=0 R Fl— ik B0 (K BME, =1 i
IR R G B, AR T 9=0, 0.5, 1, 1.5 X 4 8L He. 3£ 4 35 TAHMK LG 45 1, o] LUE 21, 28 19
AT, A2 A BB H AR )3 2 s mabERE, HIRAT1H SSL-MV(s) 32 L T- Baseline, X P XK B AL (192 )
FESAT RULR MR T TBAT 555 NI AT M3e 4. SE LR, BEA L EIELH (K3 2 (IR B0 22 RE0E I 38 5),
PANGEBHEWT SSL-MV (e) 11k BE A3 BIFFEL Pk (M3 51, 780 B0 iE T FATI 8 .

R4 NGB ER

SSL-MV (%)

ek Btk NSES

SSL-MV(s) SSL-MV(e)
0° y=1 1 68.27 (Baseline)
0°, 180° y=1 2 70.87 75.08
0°,90°, 180°, 270° y=1 4 70.89 77.26
0° y=0,0.5,1,1.5 4 69.36 75.87
0°, 180° y=0,0.5,1, 1.5 8 69.39 77.69
0°, 90°, 180°, 270° y=0,0.5,1, 1.5 16 69.17 77.72

3.6 S ERAINTEE
155 3.3 AT LUE B, A SO R HERT SSL-MV (e) A ELHJ732: (0 SLA+AG) 78 M g J7 T S 0.2 4R T,
EART AN, A X257, SSL-MV (e) #1458 Z [0 mT I Zx 250, Rk, —A B AR 1) & : SSL-MV(e) T RETT
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FETHR AR N B S HOR R TH? idt— DI IR SSL-MV(e) A 2t S 2 U5 B S AR B Bk, A& 1T

T SSL-MV(e) 5721 (IE) Hxt Sz,

X LTS LLESE ], ST A2 (IB) S48 4 15— AN WEHE W B A5 P — A S [ 1o 8 SR 25, o 2440 R B
SE /R T TINS5 9 2% [ i HH 45 SR e A, D — B B0 UEFRATT A R R O B, B T A ST AR BLY SLAHAG, HY
IE+SLA+AG™, ol 1 Ry K 753, 310 2%, MR HUAG 1T, 1B 5 IE+SLA+AG ¥ (FIYIZk) 801 m T SSL-MV(e).
RS T I AR, W LLF F, SSL-MV(e) 113k 13 T 800 B3 1tk Re i3y, 2 FUEMfI 3 1% 1E 94 171 AN
5 R, 58 IE+SLA+AG 327 0.48 A~ EH 70 il X4 R B SSL-MV (e) A &M 3 2 U5 B BE R AR &, i AR UK

R I RS,

K5 SR Uk 6 (%)
PACITE S Baseline IE IE+SLA+AG SSL-MV(e)
CIFARI10 92.39 94.36 95.10 95.18
CIFAR100 68.27 74.82 76.40 77.26
TinyImageNet 63.11 68.18 69.01 69.51

4 RESRE
ARSCERTT I WA ) WA 3R 31, AT T I T AL, I S R R, B

NERERSY

R B 2 ML 2% ST HESE (SSL-MV), iZHESL FCHoRs 8 B AR IC N T3l 20 SRR (R i, AT 20 AT
FRAc R I IF, A7 2008 G 7 IR R U2 28 b5 ad 27 30 (T4 ZEREMERU 56 1) 2 SRR IR UE T T $ 2 S HE SR IR AT 2K
PE. N8 AR SRR GUA ST A2 AL R g Bt B S S0 BRI TT I8 Bha s, g4 un) B4 e,
T E A 2], T PUEAR S0 i A 5 20 A AN R S AL W DRI ] A A U 55 B e

AR A B AR 55 T2 — N Il A, it DRI
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