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T OE ELAHERR S FAAATARCEE RGN ZAEEY, FURESTT B AAIEG LI E LN
B AR TE2GAREL EFR A TEAMENENFERLMNA S LI EMALEBRIFTT R IE 22
NA AN ZE WL F iR R S RESEN BT E A LAMT Lo9RRE, R B% T I 4B R —H A REAA I8
EAME G R E. AT ER A, R FUE BT T ZMNARE L LGB ERATZ W% K% MIGCN (multi-view
interaction graph convolutional network). #% 7 il i £ R F AL A 9| %k 49 B A AR EZJ7] 5| A Transformer Encoder
AR, AT R —HE AR B G BT AR E & A A & a9 FALA BRI EANMEAS &, # ik B & 49
W G R Sh, BB TN — Bk 29 RIUK AL REI LA SR A4 AE R R 69 AR X A AT fit — A%, (AR B B ARAN 22 W
KA RN E AR AR % A FFAEZ R 69 — Bt fe ANMAAZ &, 3k — TR I S LA ARG SR M. &
Jo, BB RHR A HPEE LRI R, A0 T AT EGF BHSMA 4 EAER, MIGCN 7T A L4535
5] 3| % AN f BB 00 AR AR AR, B4R A F MR S AL A - K e S

KR FEBFD, ZAAFT, BAWENL BEXE; D iask

REES S TP18

spocgl s ECR, EEEE, 2B, A0R, RIBOE, JUHTE. R B S T 2 MG B BN BB AW L. AR,
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Multi-view Interaction Graph Convolutional Network for Semi-supervised Classification
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'(School of Electronic Information and Communications, Huazhong University of Science and Technology, Wuhan 430074, China)
*(Faculty of Mathematics and Statistics, Hubei University, Wuhan 430062, China)

’(School of Computer Science, Wuhan University, Wuhan 430072, China)

Abstract: In current real life where data sources are diverse, and manual labeling is difficult, semi-supervised multi-view classification
algorithms have important research significance in various fields. In recent years, graph neural networks-based semi-supervised multi-view
classification algorithms have achieved great progress. However, most of the existing graph neural networks carry out multi-view
information fusion only in the classification stage, while neglecting the multi-view information interaction between the same sample during
the training stage. To solve the above issue, this study proposes a model for semi-supervised classification, named multi-view interaction

graph convolutional network (MIGCN). The Transformer Encoder module is introduced to the graph convolution layer trained on different
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views, which aims to adaptively acquire complementary information between different views for the same sample during the training stage.
More importantly, the study introduces the consistency constraint loss to make the similar relationship of the final feature expressions of
different views as similar as possible. This operation can make graph convolutional neural networks during the classification stage better
utilize the consistency and complementarity information between different views reasonably, and then it can further improve the robust
performance of the multi-view fusion feature. Extensive experiments on several real-world multi-view datasets demonstrate that compared
with the graph-based semi-supervised multi-view classification model, MIGCN can better learn the essential features of multi-view data,
thereby improving the accuracy of semi-supervised multi-view classification.

Key words: semi-supervised learning; multi-view learning; graph neural network (GNN); information interaction; node classification

B HLIEI S R = SO K e 5545 S AL EOR B DR A e, NPT A2 (i B 1 DA LAy g I, RS
B 2R AT B0 A P PRI R R B I AR, T %S U 9 AN IR N L5 IR 4 I8 AN D7 =, s A
R ML SE . R RESAE BAR AR N2 A Rk, B REE TR ELE Ab B A ) PR
R, WAL AN RIS ANAS R RS AL R RS0 SR 7 (AT EREE. a0 1 P, —NBLSExs gl LLd
R SOAS S DU S A0 ORI IR s — N8 ) A8 2 A R B SR 1) 22 A T AR AT 08 — Ny
PG AT DL I A R R SEARFAE R — N3 00 T BLAS [ AL A EAT 41 38 5 R IR B XS [ — A R
HEZAME R GHIR) 83 2R R EUE SR 451 (GRA) IBEE Ao 20 M 2l 2 WIS (multi-view data)!',

July 8, 2022 Shinzo Abe

shot dead in Nara, Japan

What we covered here
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(a) An object is described by text,video, audio (b) A news article was reported by different newspapers

Color

(c) An image is depicted by heterogonous features (d) An object can be viewed from different angles

K1 ZWMAEPE (multi-view data) 7~ 171

L elRIS, F T HLas 2 SRR 2 i) B hn 2538 5 75 2R P A SG AU & 28 1 SR B AR HEAT N AR, X AEAE
SFEWERM NS WAy SutiE. 4, £ES7 BUE 2 5 Tl B siiE s, frid8ie i FE I EEA S S
R TREMELE RS 5, FREBRERRA R MK, Rk, 76 A BBl S A4 i3 S AT 55 0, Sl P AP e K
BORARIC T A, BDTAS B B — AR D YERIARICE .

gi b, BES SR P K R, ol i 205 SRIE SR 2 R4, 7] —X RN R J7 EA [ 2 0GR IR 240
FEE B RO RN, FEARRYE I B A AT A S AR Th AR R SR D BEAAE S, TR RS
¢ 21 2R S R A BRI IC B 5 =F & 1 o B0 SR s 7 A HEAT AR, BE B MR TR AR IO SRR S . BN 1
IS &, #E— D T LR TG A . DRk, 22 B 2 A A1 2% 5 (semi-supervised multi-view learning) i 43K
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ST A LA > SR S W TN )iz i,

U (2 B 2 A A KA KB E T A BT BT oMt TrEe 4 fEmett 217
2 B U7 B AT 2 )2 ST N B (AR A 5 2] — AN SR RRIE E 7 ), ZEAR4E T 5 [R) AP AR B RE 8 I St 8 1
FEHHAT AR A 18 10 T RZ AR Y B 108 e A% 77 VR HRE AR 10 65 M SRR, X AS [ A0 A (065 iE 2 1R SR AR ) RO,
SR K 22 AR 2 51 4 AT Rl A AT B2 T A 25 > ek i 10, 6 4 RN 3 T PRI T DR M R B 2 S B 485
B TR R, WL A2 AR TS B AR U RS T AR S 2 Ak

ST B 7 IR T U R 2R (co-training)!™, T B [RII Z: 380071 2y A AN S [ R A BR800 B0 i
FFARIC B RN ZRRE LA K23 2885, ARG TE R ML A B ARAR Il B 0 0 AT 0028, A KA b B
5 FE ot i B TR AR RN 2 573 — 4 KA U 2R v, I RE — B R B P IR B 4 SR A8 IA il — B AR, ZE TN
ZOUABARE, P RINZREA KRS SHE TR, IR 2 ISk T AR 2 7 Rk, H M SR IR 5
SRR PP ARRE RIS, R AR S B A B 3 Al A B 3 AT AT A2 S — S pip ) TE D A 55 35 123 0 A,
3 [F) #1855t K AL (co-trained expectation maximization)!'™. ¥ [F IEM4L (co-regularization)t VA0 DU - 87 4 [7] 1l 24
(Bayesian co-training)'' 5. 5 IR, SCRR [18] 48 H, PrRIIZRRT AR FE —ANC R T 300 B 45 H  J2 AR Bk
A AT E B E AR, X8 K T Co-GON" S HATH TAE.

V5T BP0 22 0 28 5K (A5 BRI RR ), I AR A V2 TAR SR N A — 2 REUR A 2 M R X R/ 1)
B PO IR AR R Li S5 ASR T B85 R & 7 8 For $r 6 B2E 58 H W0 A 1) 5 K40 15 S 1R 22 WA 492
J71%: Co-GCONUL, Foops i [ 1| 4500 BRI AR I 28 5 — B — AMHE SR vy, 7E A0SR R 43 5038 ST R S B 48 R 2%, it 2 %
Ak 4 59 5 37 2% A0 A P 2 B R 5 6 B2 B B 7 9k, AT R FH 22 90 A B0 O 15 R MGATP Y — Rt T
V== 71 %5 (graph attention network, GAT) 2 0L I # 4 W 48 Hik, Hsd AR A T M2 S 823 —AN Ik
ML IRZ) AR ) GAT 8L, 1T B HLAR 22 510 SRAHE, B Ja, R —FhEE TSIk B &k B 24
AR REE.

MR BRI AR BAURER, B I B S RE R AR AR D B I 5N 2 2 R R, R 2R AE 7 2R
M BeidhAT 2 WA EAME B G, RITER N B0 202538 2 A, T8I 8] B (0 BEe/ SR AN/ 0B R HEAT 22 A0 2500R (AR AE
Rl SR, TE N ZRId FR H, 2T [RIRR A 5000 VI 2R PR RH EL 7 P B A A TR o 2 P 2% 200 DGR R P ) — R A S TR A A
P EAME BN aR B S HIZE. TRkt BUTE K 77 V2R ME CRAIE AR LM 37 (6 SRR A P4 28 I 28 7E A [RI AR A b e SRR 32
BB Ee RTS8 T E 2 2R B T 2 A TAME SR A R B

BEXE BB )RR, AR SCER T 2 A AME B H R BB A W 25 858! MIGCN (multi-view interaction graph
convolutional network), PASE I 280 AR ¥ 22 W0 A 200 (1 21 15 B 3 AT %5 MIGCN J8 il 7EAE B 143 2 block H 4G
S5 2 FH - PR [B]AB ELOT 1 GCN layer S AN [0 A [B) 34T 45 JE.42 FL [ Transformer encoder layer, {2 1§45 /MFE AR #f
AT DO B AU S VR R ML) 3G S AR A 488 9 a5 P A T 1 BLAME B SR BCE MME G B, 1
T I aE B ISR, R 5T SRR A o 22 P 48 R e 1 Bitb 2 4, S T (R AT BT 43 2K B BB & 2R R 2
PR AR B ) () — B5CEAE B, BINTT — B AR A0 A0 10 £ — 501 20 S35 SR SR Lk A )AL A B 2 R AIE 3R 08 AR SR AR AL B
R 1R Z2 (B R T Re e/ e, I B 6 T 0 12 R R AE R & iR LR AR BE L I 36 B &AL A 1 BLAME B A5
B H R AN 2 RFHERE, i — 21T T 2 ARG REIE & Fe k.

TEZARNIFHI 2 B 5 R SEBe e i, AR B ILA (0 25 T A 2 B B 2 AR 20 05 1%, FRATTI 7 vk ] LT
I B R 22 00 A B 1R A BLAMAEAE S, SR 2 A B < 8] ) — BSOS B, BT SR B I 73 S5 P g

AL TAEM EZETTERS AT

(1) 2T —FF B B 5 T 20016 B BN BB & W 2 5025, 1207 kil 4565 H B &SR
2% 593 = I SE I I 2R B A BT P B A P S R 45 7E 2 A ELAME R A L, HET N GER B & 11 25
IRt B G E 00— R LR S B T R I R RHERLE, AU EANFEAR BE R 2 ) B (4R
FHIEZRIE, A ROUIRTT T 21 B 20 A 4 2R v .

(2) BTE T —FloBT AT A [A) () — S0 20 SR R 2. 38 I 20 oA [RIA0 A (8] i AR AIE R AR AR AR UL BE R R 1 22 e, (R
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SRS TR S o0 LR P 22 A T B — BOPEAS B, AT E— 2P 3R TSR (1 70 SRk .

(3) ML IR IR 1 AT 07 00 Rk, I BT R, 3 IR R T E R R AL AL A (8]
HME A ELAE SRS WL A AR A b R A i (AL P A ORBR AR, 5 TR RO IR R 5 LA ) — B 24 BT
KI 7> FAE ST

ARICER 1 I AR T N B BG4 5 5 L RO SC TAR SRR, 28 2 WA TR
SCHE B 2 WA 45 B A HA B B 2 SRR (MIGCN). 55 3 5 S50 34y, 78 S 3i 4 BT T KRS
56, WA SR B MIGCN BRI 73 SRV BE. )5 7R 50 4 1T S5 400, JF R B AR TT S Jm S5t (77 1.

1 #8xIfE

ARSI JT v E T EIEARMA 4% . LT R 2 A0 A 2 B o 5 AN B = AL, TR TR A 56
FERATR T LA 4.

1.1 EERWEMLE

REESIERMG . W, SCRRE & 5 B ERUS I RT), 42 RS R T BRI D 5IRZ1 AR 4, (1
o B SEEA Y 22 T A 3R P 2 R B0 (), SCARRIE & o 51 4548, GO FERE S5 1)), MR O R ok H
T HEBR 5. 5 R, fEHOR R 5@ E R )7 TR 58 7758 KRR &5 i (U H 2 B S5 4) $dis AR
SEAEVE T AAE S R . BRI, O TR UK — P JE IR, O TR IR 5 20 b ] & 2 v ROR F LAl A B T
FeRR RS2 B AL, AP RI%% (graph neural network, GNN)P?IRGIZE 1 248 It D43, FF32 2 T RS0
K.

FRYESCHR [23], H T R R B M2 T] 08 4 KZ00: BFEZ M4 (convolutional graph neural networks,
ConvGNNs). & B ML %% (recurrent graph neural networks, RecGNNs). B H #if% %% (graph autoencoders,
GAEs) A1 &I} 25 W 4% (spatial-temporal graph neural networks, STGNNSs). H A7, A A4 M 4% (ConvGNNs) 52 J5
KT BREZ M 2% (CNN) 48 A BRI FAHRIUEBAE B RT3, K N Z e g5 (o Bcdm ) 30 I ik, H =228
AR I I 0T A B REAE S AR SR AR WSO B, T AR O SRS R . R, AR R R i o A
[ Bt A 87 FH B o V2 B R G R 22 X 4% (graph convolutional network, GCN) i faj E /44,

BT BRI T 0 458 0 5 A ] e 20 I 2 PV ARV R 75 B NS 5 RO £ R B L4056 77 (spectral convolution)
1B, N TRIEBES xe Ry SZHCN 6eRy MIEKHET g, = diag(h) , HAETEIM EIERERIED AKX 1) P

goxx=UgUx (D
Hh, URHIH— BB E R ERE L= Iy — D2 AD ™ = UAU™ BIHFE M B 20 AOAE 4, A S R 6 7 A AR (B 20
FIIR A AERE, UTx REE S x M E AR e,

K g, AT R XS RIRFIEAZE A FIEREL, B go(A) . 2ATH, BEAB O FALEL 35 2222 S M S B IR K, BRUNHFHE
BRI U 5P 075 s B G, teah, 3T 40 5 B B RS ISR U, X L AR REIEAT AR AE 1 40 I 1) oF B ARt AH
e SRR G ], A 2 AR P DU DI L S R 2 T T () 3 K BT R TR g, (A) BIERTE, I ASX (2)
B

g (M)~ > 6T (A) @)
k=0

Hep, A= 2 A =1y, Ay FhE R BRI B RFFAEAE. 0 € Ry /2N LU R & X B, D)L T R 2

H AR B HESS R R T, (1) = 24T (0 = Tin (), "B To(0) =1, T, (x) = x .
S x B YIS g A, AT LAS 3

K
goxx= Y O,Tx(L)x 3)
k=0
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£ GONP I 5 — B fg KRR N 2, B A = 2. FEBEIE LR, A3 3) Rt A A 4):
gy kX~ O x+0 (L—Iy)x=6x—0 D *AD * x )
Ho, 6, 56 &ALl E R S5, 0B, Kipf RILAT AL 0= 6, = -6, , Nifixt A 205825 ik, A=
(5) Fiow:

goxx~0(Iy+DAD ™} )x Q)
BRI AR (6) FFs B — (b, s A=A+ Iy, Di= D Ay wypims):
Iy+DAD™ - DAD (6)

SR 0 PR, S 0 P (3 A I 0. % LT C S0 SR F AR T 0
X € RV i, BBAETH RAAR (7):

1~

Z=D1AD:X® 7
Hrb, © e ROT 2N £ 818 BRI BB T S8, Z € RV 2T B 05 Bt 35 s RF1E.
4, AT LLE B ARG N 4R (AT AR n A R (8) Fiaws:
H“) =g (D *AD  HOW®) (8)

Forb, HED A H® 73309 2 NS0 I RHEAERE, A HO = X WO BE—EP 2 SR, o) &
ZNShTSE
i, B GON W25 45 5k s BOE I AL BT A AR e FEAR B 58 SO THERL, A0 A 5K 9) oss:

L==3 Sy ©

=1 =1

GON [ H B SR 7 1T T LA Pl o 2 I 288 1) K A, T S9N HE R B 1 T S AT ik . & S S 7, T GATPY),
GraphSAGEP Il FastGCNP*15 I 4b, th B 7 4 22 [ o 42 0 4% F0 38 FELHE 4R, A B Dl Ak 22 BRI 48 R 48 S00: 50K Bt
— R S i, e B ) BRI A B I A 2 X 4% (message passing neural networks, MPNNs) > HE4:, &
KIE B 2 Mg HE SO — N EEE BA RS RN PM B R, 2 Bma M THEESR, i
PyG""'5 DGLP# 2 3 F MPNN S,

SIS, BSR4 (GCN) A T 2 T m) 7 vk 5 36 T B R 5 ik 2 [ Z2 B, BRI MRILS
FIfERENE, JF HLREYS BN F T B I 0 2 e B 38, 2 —F s O iz IO B o0 A 7 .
12 ETERMZMAFEE N

FET BRI 77102 2 B B 4 2R 0 — SR U 07 v, R T EIAF I B 0 28 B I DR R I H R 4 it
W, BN BRI TOAR 2 W E s A — AN L R B TR, 48 )5 I8 0 [ 28500 R R o0 R AR IR RS R BT, o8&/
YF A SR ARIE 70K 308 T 22 I8 A 2500 O, b B ARV (0 : STk [33] 42 T —Fh 56 T B @& Bl & A
PRAR R BB 2 50, 28 2] SRS 23 R R T BIG 0 25, SCk [34] H & 7 R AR BAUE 2 ) st Ak & B A T
FrZAL4%; AMGL (autoweighted multiple graph learning)™* 1 & —Fh It T8 BRI TS ML MM 2 S 7 ik, Hdd g
SO RL, AR Z R AT DL E B2 ) A B A P SR R, BT DAHET B B AT S IR AR
— AN B HE R 2 B ST RS DMCL (deep multi-view concept learning)™ & —Fh i 1 22 400 M Wi &2 =1 5 72, ol
HFRZEAE B8 T T R R SR BE B0 1035 S5, A8 NMF F45 6 75 2 i 14 240 SRR S48 — B0 A0 ELA M
B, T A2 308 H0E 5k LR 5 2 278, MLAN (multi-view learning with adaptive neighbours)®™ & —#h [ 1& &
A5 19 22 A0 27 ) SRk, Pl I R g L B R AT T AR DL P S 27 21 5 AN AR, TR AR BN S AN I fb
A B AT R R, R 1R B o 245 R

ITAESR, BEA IS AR AR 42 N 28 72 N b (1) B DR BTy, R RBR 22 (R 5 2 1) T AT PRI AR A 28 ) i A0 Al
FIR A S W 43 S 19 R, 51401 Multi-GONPY & —Fh 45 BT 2 2] O Z AR, £ 34045 3 AP IR: 12k
{5722 (B G A D7k A et & IR R — B _ B 2 AU AR B, H A HE 7 R B B R B gy, FEx
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AT B, J50m B B U 28 0 48 RBEA T2 I B 5 71 2590 25 mGOND & —Fh Z 400 1 () B AR 46 I 25,
Homid Al R E A RS 52 AR R MRS T RMAAE B S5 2 RNgG—E L, HFESA M PR E R
TNHEAT BRI 23S0l WAL A AL [FRHE TR 3R EUE R, e R B R AR AR RGN ERERR.

1.3 BEEEAE

i, HVEE JIHLH] (self-attention mechanism) fEF 354 /(5 B LRI R, MAiH BN B iR E 2SI E R
THES TR, HTES KR AUR P R, # Z BH T RO EEE. B2, BRSSO g
SESRAR S5 1O,

HERSINLEE 2 MR IR, FATREI A N ) 48 S B H 13 7 77 (scaled dot-product attention), X
HIFH U A4H.

ST N & (B, FEASCHAES T, 20 B RS RHE A — A ) X =[x,...,x,] €
RPN, e [1L,N]. 5, BATEL A 3 MARSEHI AT IBUERER We e RPoP:, WK e RPoP:HIl WY e RP#P
B B 3 AN A AR, A (10) BrR:

{ 0 = W9X € RPN
K = WKX € Ro»V (10)
V= WX e RPN

R AT DL 45 B & ) & (query): Q € RPN | B[ & (key): K € RPN 5{f A& (value): Ve RN . H
T, DK YERE, D, NV IIYERE.

258 45 BUS (scaled dot-product) {1 AE R A7 UE ST 4 56 8, 79 8UFE B 0 & H = [y, k], 0
230 A1) Fias:

H= VXSoftmax(K\/TD_Qk) (11)

BBAh, R T R SRR A SR AR, AR SRR F A 2 A8 2 Sk 3R JHL] (multi-head attention). Bld@ i I H 24>
B QO =[q,...,qu] RIFATH NGNS IR 2 PR IE R R, (R AN 5 703k (head) SO NL & 1A [F
B, WA (12) B, Forb, o R P

att (K, V), Q) =art(K,V),q)®...®att (K, V),qu) (12)

FREAR, ZRER IR BEEANTEESD 5 — AR, B RNE b ASRESENER, A (13)
FioR, Horb W, € R | FFR - I8 ARIL 2 Shid: B T AR DG 4E L.
hy

W, eR% (13)

h;

SRR, FVER PR DO AN B G RTG53 S 4 R R IL. R
B I IRA A Transformer B2 T 78 SCAEUE B[R 1 21 5 51127 2, (EIAE LR 218l BT VS RO R 2 27 2] F
Fb, EARIES . PENAE . 15 AR 2 BRI RRA A > A | A A

2 ZMAEERXENESREE ML

AR XS S I 2 A 1S BT B B R W 2% 458 MIGCN (multi-view interaction graph convolutional
network) BEATVEANN 4. AT ESE A LB A AT, SR THIR MIGCN 1S AMESE, 5% 5 TR0 B Y &3
AT T AR,

2.1 FFSHERR

FBEIA R L BIEME AR B L, FENHE AR T 8, JATE AR 1 oy FEAH RS

LA G AT B IR 5 P .
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el 7 el ks
v 0 Bl S VL AR L HERL 3T B
c e A E e EY 51 EHTTHE v LA GON R R
N Kl R A R HY 51 EBIEE v LA R R
YL LTI )SUI [P RE FNTIE ¥E HED 51 ENTTE v UL A
Y HARAE BN GRREA I 2O b2 Z, 5 v AR R IR AR GE
? BEAR I R B 20 e Zy ot TR Z,
k KNIN o i 5 40 £ o A RRHERL AT A v LA B
X, 5 v MU R ITE BRI E S z A R AR
Gy 5 v AL KNNEE 7 B 155 4 Sy 5 v ANV A SZAD A
Ay B v ML T EIGS H AR B lI-13 B PR 5P

TR e ] 2 PR G 2 P MT SERE M I B AE

22 BRI

MIGCN PR 5k & 2 Fros, HEVERRR W T B2, S0 2 MM ERE & MM, i8id KNN (K-nearest
neighbor) AL N AL S MENTIN. )5, TEREE & — oo, el EA R A Rgr s 2R
LARAHE PN 28 AT R A N (0 40 A5 S AR a3, 7 ST RF T8 LA 00719 SURAAE R 7 AT 6T [R) — 15 AU A (R AL A R S ik
HLJZ 1 Transformer encoder layer SEELIE T F ¥ 5 7 WA R0 A 18] 10 BAME B AC HL, 15 20540 A T B 09799 SURRE
Foor. RIS, T8 i 5 T 4 S A ALRE A6 B B4 A ) — B E L R R Loom » AR AR A N B FRAERIE ) —E k.
2 Ja, IR LS B AN SR R A RN R B R, B R R SR IER R S AN
A JR AT R ARHER N, T AU RV EE EE R ENAA L. &G, BAeRT SRR s R ER A%
R R R

A& 1 A&, MIGCN 2 4 #r 2H AR (1) 25 T RS AR 2 R 28 AL A P4 <0 J 5 B, (2) 26T AR
MU R AS [RIRR A8 5] ) ELAME JE A2 B (3) B T s Ao Uil 0 4 SR RRAE il &5 (4) 56T 4R 3% AE AL B 6 B 09 400 A ) — 350
L. T, BATELES AN IR 4 B anT 3T V48,
23 ETEERHENENINANSERERES

X F Z A IR ENRANEAE (X, X,,..., Xy), HF Vv RERE AR, X, 258 v NS T ITE RS IR
TEEEE (AU X, = [x!,x!,...,xN], Forb N BRI A SR, 126, TR K-8iE4l (K-nearest neighbor, KNN)

G,=(A.X,) (14)
Hrh, A, e RN 5 v AL T B4 O AR R
TR, FERLRLSE 1JZ 5T (block) th, AT Jekt T BRI 2 (P BB M 2% GONPLL I 7 ) 0 2%
GAT™4%) (KB BUZ, HEAT S VLA AR ELR ST 00 P 410 135 8 A el . S L, BAT IR P I B 22 0 6 /2
GCN layer, 12230 (15) Pios:
E=o(D 4,0, HOWD) (15)
Hrr, HD e R™P RSB 1ZHICHE v MLMA GON layer (I ARHIEAFE, /£ B MM ASWA HY =X, ; EO /&
S LZHITNE v LA GON layer (% U RFIEAERE; A, = A, + 1y &5 v MU BT [ B AR, X
Wy RRAIERE D, RXTNIERRE, D, = Z,-Aw; W R ICAS v LA GON XN () 52 2] 25
FERE; o () AEARZRME RIS R 5, 7EIX B, JRATTEFEAE ] ReLU.
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R L layers
5o it . ——————————— - - -
[ O~ g | s — H
! 5l i GCN layer ] I
! =Totlk==== I T 1T T T T
| o sy I B
4 @ &) 1 e:'\( 1 | B
. | ] $ LN
b e ] '\_d_...?,' o ] : ~
View 1 1 2 1 : ~
1 & 1 H
@] 1 5 R =
\ . 1 GCN layer % : ] % £
@ ] . . b g 1 : o © ‘g
® 1 R e 2 1 = g g‘) w— - 37
< @ LRI g 1 bl =)
View 2 ! = g I ; : 2
: g IConsistency: ¢ < Global
1 = : constraint : representation
1 : ’
s 1 v. &
| 1 1 e
! I i =
| I g
1 Y 1
] ' ]
| } ’

K2 MIGCN BiRdZh 4 &

EFE, TATTREE I & 0 A 57 H B2 GCN layer, SEHLT 56 12 B LA N 4B A5 BAE 18, S8 T LA M
s BEE.
24 ETHEABNNHNARAABENEIMEERE

TERAZYEE 1 2 50 0 58 B T B AR 4 W25 IR A A 9 AR RS B 2 G, FdHT 2 T BiEE IR R A
[ BLAME B A BT AR

Xy, BANSH T BiE R SIE AT Transformer, F) F H 7 ) Transformer encoder layer SZELAH <
&, A= (16) fis:

H",HED, ... HS™") = TransformerEncoderLayer(EV ,EY, ... ,EV) (16)

For, (EVED,... EV) RNGAFEA N Z A M R-IE, Transformer encoder layer [RIZ5#4 41K 3 Fiaw, HFREAHELZ %
H¥ER ) (multi-head attention)s 5% Z % $2 (add). JZIH—4 (layer normalization, LN) 5H{5 M %% (feed-forward
networks, FFN).

{81 ¥R i, 7E Transformer encoder layer W1, FA1E 56K (EV,ED,...,ED) iEANZ Sk HIER I E (MSA), [EEAFE
AR FARR A T BN, G SRR A 158 BLAS S, BB A T SR (Y EY . B, A (17) ik

(E\".EY".....E)') = MSA(E\".EY,...,E})) (17)
TR, MR AER S AR 2 B 5 2 A — 4, A (18) Brs:
EY = LayerNorm(EY + E") (18)

SRS, I A 45 5 T LR R RO I AR IR S TR A L H B AN R AR SR 2 AR, B T — A
JELR O BR 4L ReLU, BARIA 3 (19) FIA L (20) Fiok:

FFN (x) =max (0, Wix+ b)) W, + b, (19)
E" =FFN(E") (20)

g, FRAE AR ZZEH:S LayerNorm 183 Transformer encoder layer % Hi:
H"Y = LayerNorm(E" + EI") 1))

X E, BATHR G — Z 570 Transformer encoder layer P81 HAE &40 A T R AT SRMEROR, e
X (22) Fiom:
Z‘, = H‘(}LH) (22)
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[ I||_|II ITTr1m]
I . t
[ Add & LayerNorm J
Feed Feed Feed

forword forword " forword

[ Add & LayerNorm ]

L Multi-head self-attention ]
L HEEEE L
View 1 View 2 View V'

K3 B I Transformer encoder layer 4514

2.5 EFFENNFINE RS ERE

TEAS BN S T IR DT SRR R G, T8 B TR Rk & 75720k 5 A R A B RRAE Rk 1
HITBUE, ¥ Z A I SRE RS 4 R mURHIE, 15 B8 RE B EE L 25 B, IR R rURr e it
AEREZE NN Softmax i, 3B R A SAT AR R R, BRI WF.

I JE— N JCH Transformer encoder layer % H, #R4E A 30 (22) AT AR R FTA T A8 A T R 24
MRHE (20,2, ..., Zy) , R TSR I B 4 s Rl & A & R SRR AE, BATME B WL are(2,, 2, ...,

4t

(ay,as,..., ay) = att(Z,,2,,..., Zy) (23)

B, SRR i, HSRIEE v AMILA T RIS SMERA 2, BRI — M tanh B0E R B A5 2

SHZFNIATIRY, ARG — AN 23148 — Query [A1R: @7 € R SKIRGSMA ITE RIS wi, AT 24) Fivs:

) = ¢"xtanh(W x (z))" +b) (24)

Horh, We RV RA ST RUESBERE, b e R N B B a5, 25, BRATTHEEBIREAT 5 0 76 H A

WA FERIIVES (0, 0),...,w0),) . 5 TR, B 5 Softimax BREHF I 103 B P A7 714, DR R4
FIE = IRE (@), @, ... ay) . BARTHEINA R 25) BT

exp(w})

\4

Z exp (w;) (25)

B X AL TV, AT DAMS BB A AR s S A R R AE
@, = diag(a') (26)
RJE, BT R B IR, A T AT SRHERL A N AR SEHE, A 27) Fios:

@ = Softmax(w') =

Vv
Z= Z a,xZ, (27)
v=1

RERE G AR RN Z )5, AR A i J5 8RR S Softmax BREAS B T 70 AE 551
t, a2 (28) B, Hd RN RIRAE.
¥ = Softmax(W « Z +b) (28)
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2.6 ETRZEE AN A E—BUIELR

Z BB A T I R SRR R R B RR B R — AN REAR Y R SR SRR e S M, AT ) R A AE 3 — 3.
K, T 2O RAE AL AN (R R 2 (075 R IE R 25 18] (8 — Sk, i — P I Y (W R0 B ), FRATTIR T2 T
SEAFACLE RE B AR A11 8] — BUE LI AR Lo F BRI

ETXER v AN R IR AT S RE Z, , BATE @i L2-normalization 13 BIARMEIL G MRS Z,er , 285, 1T
UASE FH PSP A 7 RO R R A S v AR I AR s Z AR LB RE R, A 38 (29) Fioms:

Sy =Zina XZ8 (29)

— SOV TR S [EI AR DV £ % 5% AR A 0 o I A R AR . R b, AT T AR 5 0 A A AU 6 I v 5 ) 2 4

HE R (RGBT 7 VB — BE L R BUR Logm , HAATHE A (30) Ains:

Laom= D ISi=S,I; (30)

2.7 BfREE
FEAMRAY H b R A0 p A 0 23 2R A B T B A R R L 5 T A — SO L R R R AL Lo -
LA TR ) — B LI R IRAR Lo CATESE 2.6 W HHUT/NE, WEBIRREL L, (FAERA KA PR C SRR
J:H’Jy:mr%ﬁb %, BAEmAR 31) Fw. b, v, BRE G GREAR I SRS, v, NITE S hRC IR
, Vi ARt AR A A (28) 13RI 2, C RIZEHRE SR,

Lo,=-)) Z Y,In¥, 31

ley, i=1

ZEET R T FAT S I B 40 R B U S — BUE 20 AR B B, e 0Kk s o 28 5 (32) B, b A 2 T I
B RS — B L SR R 18] E 1 AU 24
L=Loy+ALeom (32)
ZRE, BAT AT AAERREEAE 25 — SR LR 5] S T, i S a3l e R AT Pk, IR RO B A 45 5
IEAT 702K

3 LMY

AATEE EIRASCHTHEH ) MIGCN 1 2 /4> B 2 00 SRR 4 MR I, IF 558 T R I B 24
S FABEALFEAT X Ll RIS, XTSRS (8 S 85 USSR AT T 5258 40T Ak, BATTKE 8 9 R sz 56, 3 — D B E A
BIrh BT BB IS R A (8] EAME B B BTy B T RHE Rl A5 0 A (8] — B4 RS B G 2kt
1 HiR&E

N TR BB A R, BRATTRSERELE LA Bt AR LA AR AR FaE AT, X SRR SR T 5 22 RS (R B B
H, G5 8 B GRS K. FEHFES %‘é*ﬂ%ﬁlﬁlxﬁﬁ;‘é% TR LR 4 () 5256 AT DL 78 20K 960 A SO 4 A
AR SRS IS f M e R L 2 A0 R ). I e B AR 1 T S AR 2 TR TR,

e HEA V) MAE () eIk () B ALSRFILEE
HW 2000 6 10 240/76/216/47/64/6
Caltech7 1474 6 7 48/40/254/1984/512/928
Caltech20 2386 6 20 48/40/254/1984/512/928
Caltech101 9144 6 101 48/40/254/1984/512/928
3sources 169 3 6 3560/3631/3068
BBC 685 4 5 4659/4633/4665/4 684
BBCSports 544 2 5 3283/3183
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DL b B4 R I A5 B R

(1) HW (handwritten numerals): & —/ % T F 5505 (0-9) ARG 22253 4E, >k B UCI #7# % : http:/archive.
ics.uci.edu/ml/datasets/Multiple+Features. F & — M5 200 TRE Y, SILEH 2000 MEE, BMEEHF 6 4
AR BB AERTH, 205002 216 4E52BEAEIA (profile-correlation, FAC) #HE, 76 #4E4NE R % (Fourier-coefficient,
FOU) 4%4iF, 64 4K /R T-¥#% K & (Karhunen-Loeve-coefficient, KAR) HiE, 240 4 K 1% “F-#){H (intensity-averaged,
PIX) $¥1iF, 47 4 Zernike #f (Zernike moment, ZER) $4EFI 6 4ETEZS (morphological, MOR) 4#4iF.

(2) Caltech101: & H1 i H FE T 24 e RS P 3 SR MG 0B 48, R B http://www.vision.caltech.edu/archive.
html. HAP AR E 101 DG 9 144 0 RIEE, BHIEEIEA 6 LA BIREAT L, 20052 48 4EDE 45 (Gabor)
FHAE, 254 4EH J7 B (CENTRIST) HH-1iE, 40 4k wavelet FF1E, 1984 4EE A4 (HOG) HF-1iE, 512 4= (A F.4% (GIST)
FEAEAT 928 4EF JF K (LBP) HEAE. I8 LART A T4 U, JRATTIE G B T 1% H50Hs S5 1 9 A 46 i A7 5256, 90
FEAFE 1474 5KR H 7 AN EEFIONECF BRI Caltech? 5 2386 53K H 20 4~ Z 1 H7 IR Caltech20.

(3) 3sources: 3sources F{H K H http://mlg.ucd.ie/datasets/3sources.html. FrFRALFE M 3 AN 4 AOTE L8 5T 18 >k
JR (BBC. B34, FPAR) WM 169 FEHT I SCEE, 73 6 A1, B HABTE 3 A SRIEP AT T HIE, B4 kIR
Sy AT 3068 4. 3560 4EAT 3631 4E ¥ SUAKFE.

(4) BBC: 72—k H http://mlg.ucd.ie/datasets/segment.html {35718 3 5 4 B 4. H A EHEK H BBC #ilH

ANFERAAFRILT 4633, 4659 4665 Fl 4684 4E[I1E SURFHE.

(5) BBCSports: & —4>K H http://mlg.ucd.ie/datasets/segment.htm] 44 & B 8] L & 7 B 5E 4£. AR, B8
B 544 FARE I SCE, MRS AN, BEFAR. BBk, 2ER. BIOBTERAINER. SRR ACH A 3283 4EH1 3183 4k
TSR A R ALE.
3.2 EWRE

ST ASCATHR 1 U7 MIGCN: 7EA# ] KNN g7 B g5 R I, AT DL BERR QPR B BAR 5% IR B, AR SEe i
Ky LR AL A IR ERER Y, JE BB k € [3,5,7,9, 1] HHIEHG B HLIT (block) &)= % L BN 2; FT A HIEE R
2% 2 (CCN layer), Hok HRFAE 4 B #B915E B N 256, 3718 H EL %4 0.3 #) Dropout; Transformer encoder layer /7
ZVER I head B H B BB N 4, FFN 1 IE) 248 W B 512, FFAEH EEZ 9 0.1 1) Dropout; 75 & #i %k
S 2 AR 2k A) B AL S 8 A BB N 0.01. AE VNIRRT, 6] AdamWI S WE AL 2%, WI4G 4 ST R 88 N
0.001, 3Kl CosineAnnealing!*2% > 5 32 j .

TEFTABEESE b, IATE SERENIRAE 10% BEEEE N IESE, S8 U5 EF N (2080 h REN LR A LB 56 T B %
y MIBEARAE 9 & bR 105 BRI ZRERE . kB R R R BENLRF3E47 10 WRE ESEE, HR I HRIX 10 SR8
S 53 SNE AR PPN AR AR, BT R E RS, MRYSTESE 1 RSE50 P i 20 RS BEREAT 1B B, AR5 7E S T 9 1K
HE TP AR R AL,
3.3 xfEEAE

N T VA AR SCHE B (R, AT S AR 2 S 3 T B B 2 0L 43 2K 0712 AMGLYY, MVAR™,
MLANP, Co-GCN'"., GCN fusion. ERL-MVSC*HI MGLNNUBEAT 1 LL#%. A7 VL 0 eI 0 R

AMGL (autoweighted multiple graph learning): J& —F Jo S 5 1) 3 T 18 RIS 2 WA 2= 1 J51%, AT AR 312
B 7 RS e A Ry — A A B 2 SRR, i 8 57— I R AR Y, AR AR R W] DL B 3% ST A
HHE AL A B B UL

MVAR (multi-view semi-supervised classification via adaptive regression): & —Fh3& T H & 57 B F 1) 2 1B 240
AR F R R — R T EH A5 % B 2, K40k B VR & i A 10 B AR B Y, el i (2, 1)
TN BB T 2K AR 25

MLAN (multi-view learning with adaptive neighbours): #&— M| FH B 45 #4045 8., i 7R B S5 b 5 AN Wi o) £
PEEIREAT 22 2 I M B 2 WA 2 21 T vk, OB Myt 7 B i L AR IS AR UL, 3427 2 2 AR A B B AR

Co-GCN: s — T HrEI IR, 15 B 5 BB RN W 2% 1) 2 W B 2 A0 A1 24 21 0708, HAE &AM T o3 i
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S BB AR N 4, 3883 A8 B LA 23 70 ST A AR BB R B S SRR S8 T, WA 2 A REE.
GCN fusion: 7% Co-GCN [SEIE W&, TATH T FIF:#) GCN fusion. GCN fusion S T GCN HISER ]
5, B— MBI GON PIZAUE T2 A0 B S S5 B, 8 a 5 4 R T IR A BB AL i) 7y 2 45 L.
ERL-MVSC: & —MH T 2 W B & 7 KB TENME 2% 21 77 %8 Hom i 28 Rl G RO\ TR AL 38 A8
L2 5 L1 ¥4, R FEARMFRE RS S5 M R 3G A M 7 K5 B, 16 B 2004 728 n A 45— AN N IE
A 85 R T A 25 R R PR BB 5 PR A 7] R
MGLNN: J&—# % [&%% 3] (multiple graph learning) #1125 W45 535, 7T FH T 2 00 A 20 1921 BB 4r 25 MGLNN
1 H AR 2 2 A B G 0 5 o) — iR B S5 i, 08 2 B 3 S A & N 45 AE 45 G, DUtG 5 R BR B i 32 T
GNN 7E Z WL HE b Re R I
34 LWHERSHH
BAVEZ A WB R y N7, JHARIE T 02K Ace (RN IER 2> JEFEAR & BT B FEA I LB SRVEAl 24
FIERIMERE. RSB RNy =5% y=10% 5y =20% I, SEdl4E L ira R iRr B8 Nk 3. &K 4
53 5 FioR, o i (0 25 SR DU 58 B, TR I 45 R DU R RIZE SR R, — Rz BRI AT A B SR 5.

R3 BEAREIA FIR T R R () MB R y = 5%)

8PS HW Caltech7 Caltech20 Caltech101 3sources BBC BBCSports
AMGL 85.29 55.47 39.36 19.02 31.17 46.11 46.97
MVAR 76.02 84.03 61.89 42.96 45.48 64.37 67.09
MLAN 94.97 89.77 77.64 24.56 36.44 68.52 74.43
GCN fusion 89.37 87.78 79.37 38.21 47.16 67.25 84.09
Co-GCN 91.40 88.58 79.71 40.25 55.28 70.14 85.48
MGLNN 97.36 93.73 85.69 — — — —
MIGCN 95.59 91.93 81.25 44.62 66.90 74.91 87.26

R4 FEAREIHFIED IR (%)M F y = 10%)

A7 HW Caltech7 Caltech20 Caltech101 3sources BBC BBCSports
AMGL 88.57 59.19 45.05 24.42 39.87 53.72 55.65
MVAR 78.34 84.07 68.90 43.49 46.81 75.30 83.71
MLAN 95.72 89.95 77.64 31.81 45.50 74.06 76.84

GCN fusion 91.04 91.04 82.73 47.15 59.64 7 T2 84.60
Co-GCN 94.93 92.05 83.63 46.23 60.13 81.90 84.80

ERL-MVSC 94.31 — — 46.26 69.34 77.85 88.52
MGLNN 97.79 95.77 85.87 — — — —
MIGCN 97.12 92.54 86.01 48.59 70.73 83.24 89.47

RS BHIEENAFEDIREER Q) (HEF y=20%)

S HW Caltech7 Caltech20 Caltech101 3sources BBC BBCSports
AMGL 92.13 62.43 49.56 29.58 41.93 58.73 59.97
MVAR 55.64 89.86 70.34 47.74 66.29 85.67 89.54
MLAN 96.52 91.90 81.46 37.19 55.04 73.74 62.82
Co-GCN 91.60 92.46 87.29 52.67 75.96 86.51 91.33

ERL-MVSC 96.83 — — 56.04 18.72 83.45 90.24
MIGCN 97.85 94.32 88.14 56.58 79.09 85.94 91.95

MR _EIREEIR, FATTRT LA PR 204
(1) B 5, ISR E5 Rrh MIGCN 5 BLA Sl 15 T 1819 2 B 22 40 Ay 20 9607 5 B, A SCHR i 9 MIGCN
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REHAE K 22 B8R 4R 1 2 LU A =R 3 U7 Vv 09 43 2 1 BBORS B2 o o, X E B T AT VR B e i 5 Rk AR, 18
3sources HHREE b, B y = 5% I, AT EIEIRAR I KR 405 FAR SR MR I, 1X AT A2 RO Z R SR 1 FE
ARANEOK D, fFAFIEIT KNN EE A7 (0 B 450 AR R 2 e 75 ) [RIB 32 BN 0R 42 1 )5 1) — S8 E R R IR s,
5 F A IR A% P 5 M o DL BT 4 2R 45 R T MIGCON RS20 U AT DS b B A 2 9 3 70, TE 2 LA G
A B B IE RS IR R ERME S, AT 2k 8 B8 g (R R

(2) R, AT LA, 76 LT BT MR 4E &, R BG4 (1 77 7% MIGCN 5 Co-GCN. GCN
fusion F1 MGLNN #REUAF T SE 47 145 50, X it — R T AR s 22 X 28 ) Y VT 4 ) g e~ M B4 i 40 AT 55 BT
E ke, FIN, "TLAE B AMGL fERR T HW JT A £l g E#IE T EZE MR, XS0 B 5%
IS EI TR R — e 286,

(3) TEH 4> F ¥ 45 |, MGLNN HUf8 7 #H Eb MIGCN B8 &1 1143 2505 4, R AH B MIGCN 7 S tth 3 F KNN 44
AT AR B S04 o N, MGLNN I i A5 24 311 5 Hh 1 AR5 3 A 2 AN B o - 3K e e P 5 A0 AT 2
F GNN [t RE R I, AHXT Y, AT MIGCN ZE N ZRh DR RRE B B E5 A4, TR, 56T MIGCN Al £E 11 25
HRAN T G R AT B 4R AT A, SR — MR ERAT I A T ).

(4) M\ AMGL. MVAR. MLAN. Co-GCN #1 GCN fusion [J B ARG, iX Lep B H0 8 i 5 AN B 73
& . B 2 2 B AN PR A SRR AR X T 4 BAT 25 (0 DT ik B, T 38 I A 4H & 00 7 AR R B 22 1) 22 A0 A
AE. SR, bad 22 00 A R 6 REAE I B VR B T R80TS0 AR SR BURRAE 19 & B STRE, 1R AR R AR T —
FIPRIURRAE 0B H 1. O T 7 R 32 A RS (45— W0 A SR EBUCRRAE B B4 1, FANTEAS RIAA EIZRm BIAG Y
JZ 2 185 N\ Transformer encoder 53¢, {8115 /] — FEALE Y S5 B BC#R AT DUBRLVE B S ML & 3 AR A 2 A0 A 3005
Z N EAMEEE, Inas S B0 gr, BEmsE At T 55— A R IR IE AN 2 40 A Al SRR IE I B 1, 7E 3R 3. R 4.
F 5 R E RS R B T RAVNE A . 8 T i — B R AR R AE 43 S B DA B TE 22 W0 A R AE 2 )
P — 5P AR B M AR S TR BT A, L 2 LA S 0 A B A A R A AN IR A R SR ERURRAE B TR B, SRR 2 A
R R AE T 4 Jo 1T i R AT, B T &8 A /e AR e L) IS B R B Ah, BRATIETIN T 2T R 9%
AEACLFEE 566 R 0 10 A ] — B0 20 TR R IR 20 TR A — BE AR LA 1 B H SR AE (R IE — S5 B, TEVE Al SE 3030 4 1
KE SRR T AT 7 Rt

(5) XS JLT- BT 5002, b5 I B A R FF, #T DLEUAS B0 i (¥ 43 RG E, RIVISEZRY 114 23 28 IR 3 S5 A5 R 1 L
i S IEAH DG, X AF B T ARIC 45 R B BLVE . Rk, 7R SRR B AR T DL o 4 B b 35 0 A e O 1) 2 SR AR v R
T RE.

3.5 BERSHLR

T TSI R S S SO TR AR FE I R, FRATE B 2. y = 10% R Caltech20 Z(#4E 41 % MIGCN
i Fl KNN Sy 134850 k, Transformer encoder layer 714 3kiF: & 771 head % H A T Bk 5 — 8k
ZYPH I LB (AL E S H A AT T KRB SLIE BT, B UL, ARSI i 4085 & M [3, 5,7, 9, 11] HIEHR,
head P H M [2, 4, 8, 16] HIEEL, A FIAZLTE Ry 0.005-1.

Bl 4 SR TEAR RS EOE T MIGCN fETEEURE & B2 80 . R IRATRT UG 21, MIGCN fE 54
ZHE I R ARE 1, AR U, MERANE R L ] P R X S S A (B N, MIGCN P REAN 2 R 2B R i A
. BATIEILEBUE A Z AR RN S S, (2 MIGCN HUS 5 47 1B R PE RE.

g 86 ___._.—r—""’_—*_""‘ g 86 /,,—\ g 86 Esgee

> 84 > 84 > 84

3 3 3

5 82t 5 82 t 5 82 ¢t

3 3 3

< 80 < 80 : : : : : < 80 : : : :
3 5 )/ 9N g1l 1 2 4 8 16 0.005 0.050 0.200 1.000

k Number of heads A

Kl 4 1E Caltech20 H#4E LB S E AT SLiG &5 R
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3.6 WS

RIS, A7 3AF MIGCN Sk st FATEIR T B E y = 10% N 3 NMUEEIT T SLi8 i, Bikck
Ui, B S 441 T y=10% T HW, Caltech7 5 Caltech20 (44 I MIGCN J= 145 2% bR £ 5 1% 4% epoch FE IR 16
ZHHZE, RN, 7238 6 HhE/R T 4 MR 4 MIGCN HIS40E 5 HAESL36 % 4 (NVIDIA RTX 1080Ti 12 GB) L
Y45 500 4~ epoch HIFTHIRT K. 3R 6 HHa] UG HY, 853 24 FI B0 45 RO 58 K BRI ) ) 5 58 K B e e ik, 13
SRR UL, MIGCN SN 75 508 I 2RI K 550 193848 epoch %

2.0 3.0
» 2.0 - "
g 215 g 25
1S E} o 20
£ 10 £ 10 £ 15t
=1 =1 <
E 05 £ 05 E 10
0 05
0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500
Epoch Epoch Epoch
(a) HW (b) Caltech7 (c) Caltech20
5 RS LR R R AT B2k
F£ 6 FoHEIEE L 500 4 epoch KV K
PAETTE S HW Caltech?7 Caltech20
¥ 451242 849831 851508
I EGEO) 323.6 291.8 406.2

3.7 HRRKLE

AT DIEASCR B R E T BEE A FERA NP EAME B H . WA - R SETERT
R Rl 7 VAR R eh (K VR, FRATTA% 4% F) ] HW. Caltech7 F1 Caltech20 $4E, 7E 1B % y = 5% [H1E UL Rk
T4 RS (ablation experiment), SEIG 45 RN 7 Fiks.

KT THESZIG SN (%)

Sk HW Caltech? Caltech20
MIGCN (w/o-TE) 92.71 88.45 69.56
MIGCN (w/o-Lc) 93.88 90.97 79.28

MIGCN-mean 93.65 91.09 79.48
MIGCN (Lc-emb) 93.37 90.42 78.60
MIGAT 94.97 91.89 81.07
MIGCN 95.59 91.93 81.25

7 FAE SRR A B R,

(1) MIGCN: RIS A4 Hi 17 MIGCN, Fo i &34 558 3 1 M/ B IR — 30

(2) MIGCN (w/o TE): TREFFH R 5L, 15452 50 FAGEEAT 2 T A BRI 28 X 45 IR A N 40 & B A5 1,
T A H Transformer encoder layer #4734 T B R 77 AN AL (8] 1 ELAME B A2 HL.

(3) MIGCN (w/o Le): fRFFH R AR, LRI A A ) — SR LA R BUR Lo, WEMTUR KRR G
FEAR G LI B R R L,

(4) MIGCN-mean: 353 AR GEFAAR, A AE 4 R RFAE A& i3 F S0 REAE (T S0t A B AR 2R i = P
T IEIEAT & R R e R A

(5) MIGCN (Lc-emb): TREFFHE R S5 AR, TE N ZRAKEH A ] — B L RBR Leon BECHBEIZRA RS MA T
(R 28 )1 R IE R AN Z2 53 1 Loomeems » WA (33) Fin:
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Loomens = ) NZi=Z (33)

ijev

(6) MIGAT: 4 T Bk 4@ JE i@ A 55 R, (REFH R LM, TATHE MIGCN H (¥ Bl pih 28 7 2% 2
H GCN layer &t GAT layer, #1845 AR5 4y 4 4 MIGAT.

RIS R AT LA LR &k

(1) # 3T Transformer encoder layer 347 3% F H % & 71 AN R A A 6] 10 B M 2 AC L, X2 78 43 1 FH 22 AN 41
£ B 2 I BAMAEAS B AT S Ak, DTS B H 22 A0 AR AR AR R B 0 A [T PR R LA B .

(2) IS0 T AR 5L AR BLEE R B R A TR — B L TR R Leom » ZVRAES LA T BB A BT s TR 2
— S, LA — DR Y [ R A R

(3) I BT B T T VR 2 ) A A B AR R R B TR, 3T EAT Z2 A0 1 R OR Rl G, A LT
BRI AL, AT LS B A 4 /T SRR,

(4) MIGCN (Lc-emb) 143 248 FEAK T MIGCN, e A AH EL A I L2 Loss SR B #E5RAE 1) 2 R [FIAR A TR
AE—SUJ7 R Ui, MIGCN X Fid i X A FIAR A T AL R AT 208, SRARAE 1Y IR 27 2 (W) 2 T A — 350
LY, T DA A R TR B A TR b 7 — 50 AR A T 5T 4

(5) MIGAT 5 MIGCN B8 7 JU-FAH R 73 A8 BE, E B T i@ 7 R APy e 1 e, RIE e Al Bl 2
2% 2 BARZE R, 5] N Transformer encoder R ER ) #51E [RIFEE 24

S5 P RTIR, AR SCHR BT E R AN R A 18] (0 EAME B AT L A0 D8] — B0 20 3R 5 T 3 7 AR AIE
RlA T e B AR B T VR, 7T AR SR 0 S0 B 3R Tt
3.8 t-SNE AI#i{L

5, N T AE MIGCN AJ LA FH 22 0 A 18] 1) B AME IR 34T AT AL oA, FRATTIEEAT T I R skie.

TEM B 2 y = 5% ) Caltech7 H¥a4E b, AVERMA LG —MHECH H R E S MIGCN HAH R ) 5
A GCON, H7rKKE LR 8 .

F 8 BT ML GON HIZrEHEE (%)

ST 1 2 3 4 5 6 MIGCN
Iy HNGE 85.99 75.98 83.63 86.71 83.56 80.20 91.93

IR, 9T 5 BT 2, BATFIH t-SNEMSHF AN T GON [ 2 AT AR AE R (embedding) #
1T TR, S5 R0k 6 FTow.
] WL, MIGCN 1] DL ik 58 4 bR FH 22 A0 A TR AR B, AT ERER B b B — 30 A S 00 T 58 A X 43 B FORFALE .

‘(#ﬂ- g @ﬁ@k %“ ”‘?’*
o)
GCN on View 1 GCN on Vlew 2 GCN on VI:W 3 "*ﬁ *

P

Fle Low
f WT‘, % MIGCN
o Tt

GCN on View 4 GCN on View 5 GCN on View 6

6 BHMAT GCN BEHE AT HAL
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4 BE5L

T % 5 SRR 3R 22 B AL H R IUPR1CA5 S B e K I 5 SR, AR SOk 20 B 22 WA A 2% il 3k 47 1 T
FE, P T — B0 A EE R F B A AN X 45 1 T R UL e R 2 A o 2R EVE MIGCN. 7 VA 1B I
FAIAIJSZ ) GON Layer 54 [FI# A BAME B 28 H 1 Transformer encoder layer 8t H 45 &0 A A — 2R 5
BRI AR RAERL G, v DSBS REAR B3 B 27 =0 3158 04 TH I 4 JR R AIE, AT $ w5 22 10 A 00 1 43 2K il
Witk AN E L 2O AREERIEE E RIFERSRIL, IEW T MIGCN AR F B4 I3 T B B 2 M A 2%
TR S A, Ak, SR o G A AR R T R S, 2D ROE T EAER Y SRR .

TEfF R S5 07 1] R, A SCHE H ) MIGCN RE R 35 Hb3@ NS 8] (19 22 40 M B8 3 55, SR H s A 2
PR R, Bk (1) 7658 3.4 TR HINTE 2 PR BIEOE R LI K E Seie g IR W, A0 1 MIGCN
FEAA T4 2 (0 B 2 2 R A B, T AR A A I R S R L A& B B 5, AT LS I G A 22
45 R Z W AAE B 0SS B, ST D058 22 00 AR Rl REAE B B (2) E2E 3.7 TR A H I EIMH AZ M 4 E B e ih 45 R
(MIGCN | MIGAT) £ B, MIGCN ] L5 AN [E] SR i 248 N g A T 4 ) HATH AR v] LA 25 32 A+ MIGCN 5 5Y
TEAN IR 22 K0 fa A 3 5 T AR S5 P e

Ja, BT ASCHIRE N2, TEARSRINATIE VF 2 G 3E—PIRZE 107 1, B0 (1) ASCHTHR H ) MIGCN s —
Pl EHEA 2 BB 2 50, T R A A 4030 (inductive) B BI#H 22 I 4% 5092, 11 FastGCN 5 GraphSAGE 4, iid FFf
JHEREH BT A IE I N SIS I 2 WA B 22 S R, TP E N A THEEMR RN Z MM 02K, it — DR
T BT A BR8] 22 40 AR B0 3 5 R BT 45 MR, R AN T B — 2B 7L 09 ) . (2) MIGCN 7E2 Z 40 M {5
S FRAR A P R R S LA BTG B 4584, FTLL, BB % Co-GON 257 ik UM JBAR, 78 2 LA fil A 1 3ot
FRHRRWT B 3 B AN B G5 A AT TR S 0L, R — METS RS I 7 1A). (3) A SCATHE HE (1 MIGCN i@ it
Transformer encoder layer #4172 HIE &/ B 1R 93 RS 832 T, BT i) — L RF 72 6 A ) ol FAg % S s
BURIAE B 77 3. DRIk, G ATk 5 ) 13 DA JE A8 B V2 AR SCHR H AR, B T i — 2D IR N R

References:
[1] Yan XQ, Hu SZ, Mao YQ, Ye YD, Yu H. Deep multi-view learning methods: A review. Neurocomputing, 2021, 448: 106-129. [doi: 10.
1016/j.neucom.2021.03.090]
[2] Sun SL. A survey of multi-view machine learning. Neural Computing and Applications, 2013, 23(7-8): 2031-2038. [doi: 10.1007/s00521-
013-1362-6]
[3] Yang XL, Song ZX, King I, Xu ZL. A survey on deep semi-supervised learning. IEEE Trans. on Knowledge and Data Engineering, 2023,
35(9): 8934-8954. [doi: 10.1109/TKDE.2022.3220219]
[4] Jiang LK. Multi-view semi-supervised classification overview. In: Proc. of the 2nd Int’l Conf. on Artificial Intelligence and Information
Systems. Chongqing: ACM, 2021. 1-7. [doi: 10.1145/3469213.3470387]
[5] Liu WF, Ma XQ, Zhou YC, Tao DP, Cheng J. p-Laplacian regularization for scene recognition. IEEE Trans. on Cybernetics, 20138,
49(8): 2927-2940. [doi: 10.1109/TCYB.2018.2833843]
[6] Xie Y, Zhang WS, Qu YY, Dai LQ, Tao DC. Hyper-Laplacian regularized multilinear multiview self-representations for clustering and
semisupervised learning. [EEE Trans. on Cybernetics, 2020, 50(2): 572-586. [doi: 10.1109/TCYB.2018.2869789]
[7] Zhang CQ, Fu HZ, Wang J, Li W, Cao XC, Hu QH. Tensorized multi-view subspace representation learning. Int’l Journal of Computer
Vision, 2020, 128(8-9): 2344-2361. [doi: 10.1007/s11263-020-01307-0]
[8] Zhang CQ, Hu QH, Fu HZ, Zhu PF, Cao XC. Latent multi-view subspace clustering. In: Proc. of the 2017 IEEE Conf. on Computer
Vision and Pattern Recognition. Honolulu: IEEE, 2017. 4333-4341. [doi: 10.1109/CVPR.2017.461]
[9] Li LK, Kang Z, Long B. Riemannian manifold based multi-view spectral clustering algorithm. Computer Engineering, 2023,
49(1): 113-120, 129 (in Chinese with English abstract). [doi: 10.19678/j.issn.1000-3428.0062723]
[10] LiulJ, Jiang Y, Li ZC, Zhou ZH, Lu HQ. Partially shared latent factor learning with multiview data. IEEE Trans. on Neural Networks and
Learning Systems, 2015, 26(6): 1233-1246. [doi: 10.1109/TNNLS.2014.2335234]
[11] Chao GQ, Sun SL. Multi-kernel maximum entropy discrimination for multi-view learning. Intelligent Data Analysis, 2016,
20(3): 481-493. [doi: 10.3233/IDA-160816]
[12] Lanckriet GRG, Cristianini N, Bartlett P, Jordan MI. Learning the kernel matrix with semidefinite programming. The Journal of Machine

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1016/j.neucom.2021.03.090
https://doi.org/10.1016/j.neucom.2021.03.090
https://doi.org/10.1007/s00521-013-1362-6
https://doi.org/10.1007/s00521-013-1362-6
https://doi.org/10.1007/s00521-013-1362-6
https://doi.org/10.1007/s00521-013-1362-6
https://doi.org/10.1007/s00521-013-1362-6
https://doi.org/10.1007/s00521-013-1362-6
https://doi.org/10.1007/s00521-013-1362-6
https://doi.org/10.1109/TKDE.2022.3220219
https://doi.org/10.1145/3469213.3470387
https://doi.org/10.1109/TCYB.2018.2833843
https://doi.org/10.1109/TCYB.2018.2869789
https://doi.org/10.1007/s11263-020-01307-0
https://doi.org/10.1007/s11263-020-01307-0
https://doi.org/10.1007/s11263-020-01307-0
https://doi.org/10.1007/s11263-020-01307-0
https://doi.org/10.1007/s11263-020-01307-0
https://doi.org/10.1007/s11263-020-01307-0
https://doi.org/10.1007/s11263-020-01307-0
https://doi.org/10.1109/CVPR.2017.461
https://doi.org/10.19678/j.issn.1000-3428.0062723
https://doi.org/10.19678/j.issn.1000-3428.0062723
https://doi.org/10.19678/j.issn.1000-3428.0062723
https://doi.org/10.1109/TNNLS.2014.2335234
https://doi.org/10.3233/IDA-160816
https://doi.org/10.3233/IDA-160816
https://doi.org/10.3233/IDA-160816

5114 HAEFIR 2024 5 35 55 11 H

Learning Research, 2004, 5: 27-72.

[13] Wang Z, Chen SC. Multi-view kernel machine on single-view data. Neurocomputing, 2009, 72(10-12): 2444-2449. [doi: 10.1016/j.
neucom.2008.11.017]

[14] Blum A, Mitchell T. Combining labeled and unlabeled data with co-training. In: Proc. of the 11th Annual Conf. on Computational
Learning Theory. Madison: ACM, 1998. 92—-100. [doi: 10.1145/279943.279962]

[15] Nigam K, Ghani R. Analyzing the effectiveness and applicability of co-training. In: Proc. of the 9th Int’l Conf. on Information and
Knowledge Management. McLean: ACM, 2000. 86-93. [doi: 10.1145/354756.354805]

[16] Niu XS, Han H, Shan SG, Chen XL. Multi-label co-regularization for semi-supervised facial action unit recognition. In: Proc. of the 33rd
Int’l Conf. on Neural Information Processing Systems. Red Hook: Curran Associates Inc., 2019. 82.

[17] Yu SP, Krishnapuram B, Rosales R, et al. Bayesian co-training. In: Proc. of the 21st Annual Conf. on Neural Information Processing
Systems. Vancouver: Curran Associates Inc., 2007. 1665-1672.

[18] Wang W, Zhou ZH. A new analysis of Co-training. In: Proc. of the 27th Int’l Conf. on Int’l Conf. on Machine Learning. Haifa:
Omnipress, 2010. 1135-1142.

[19] LisS, Li WT, Wang W. Co-GCN for multi-view semi-supervised learning. In: Proc. of the 37th AAAI Conf. on Artificial Intelligence.
Washington: AAAI Press, 2020. 4691-4698. [doi: 10.1609/aaai.v34104.5901]

[20] Cheng JF, Wang QQ, Tao ZQ, Xie DY, Gao QX. Multi-view attribute graph convolution networks for clustering. In: Proc. of the 29th Int’]
Joint Conf. on Artificial Intelligence. Yokohama: IJCAl.org, 2021. 411.

[21] Xie Y, Zhang YQ, Gong MG, Tang ZD, Han C. MGAT: Multi-view graph attention networks. Neural Networks, 2020, 132: 180-189.
[doi: 10.1016/j.neunet.2020.08.021]

[22] Scarselli F, Gori M, Tsoi AC, Hagenbuchner M, Monfardini G. The graph neural network model. IEEE Trans. on Neural Networks, 2009,
20(1): 61-80. [doi: 10.1109/TNN.2008.2005605]

[23] Wu ZH, Pan SR, Chen FW, Long GD, Zhang CQ, Yu PS. A comprehensive survey on graph neural networks. IEEE Trans. on Neural
Networks and Learning Systems, 2021, 32(1): 4-24. [doi: 10.1109/TNNLS.2020.2978386]

[24] Chen YS, Zhao X, Jia XP. Spectral-spatial classification of hyperspectral data based on deep belief network. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, 2015, 8(6): 2381-2392. [doi: 10.1109/JSTARS.2015.2388577]

[25] Kipf TN, Welling M. Semi-supervised classification with graph convolutional networks. In: Proc. of the 5th Int’l Conf. on Learning
Representations. Toulon: OpenReview.net, 2017.

[26] Veli¢kovi¢ P, Cucurull G, Casanova A, Romero A, Lido P, Bengio Y. Graph attention networks. In: Proc. of the 6th Int’l Conf. on
Learning Representations. Vancouver: OpenReview.net, 2018.

[27] Hamilton W, Ying Z, Leskovec J. Inductive representation learning on large graphs. In: Proc. of the 31st Int’l Conf. on Neural
Information Processing Systems. Long Beach: Curran Associates Inc., 2017. 1025-1035.

[28] Chen J, Ma TF, Xiao C. FastGCN: Fast learning with graph convolutional networks via importance sampling. In: Proc. of the 6th Int’l
Conf. on Learning Representations. Vancouver: OpenReview.net, 2018.

[29] Gilmer J, Schoenholz SS, Riley PF, Vinyals O, Dahl GE. Neural message passing for quantum chemistry. In: Proc. of the 34th Int’l Conf.
on Machine Learning. Sydney: JMLR.org, 2017. 1263-1272.

[30] Fey M, Lenssen JE. Fast graph representation learning with PyTorch geometric. arXiv:1903.02428, 2019.

[31] Zheng D, Wang MJ, Gan Q, Song X, Zhang Z, Karypis G. Scalable graph neural networks with deep graph library. In: Proc. of the 14th
ACM Int’]1 Conf. on Web Search and Data Mining. ACM, 2021. 1141-1142. [doi: 10.1145/3437963.3441663]

[32] Zhao K, Liu L, Han M. Semi-supervised classification based on transformed learning. Journal of Computer Research and Development,
2023, 60(1): 103—111 (in Chinese with English abstract). [doi: 10.7544/issn1000-1239.202110811]

[33] Cai X, Nie FP, Cai WD, et al. Heterogeneous image features integration via multi-modal semi-supervised learning model. In: Proc. of the
2013 IEEE Int’l Conf. on Computer Vision. Sydney: IEEE, 2013. 1737-1744. [doi: 10.1109/ICCV.2013.218]

[34] Karasuyama M, Mamitsuka H. Multiple graph label propagation by sparse integration. IEEE Trans. on Neural Networks and Learning
Systems, 2013, 24(12): 1999-2012. [doi: 10.1109/TNNLS.2013.2271327]

[35] Nie FP, Li J, Li XL. Parameter-free auto-weighted multiple graph learning: A framework for multiview clustering and semi-supervised
classification. In: Proc. of the 25th Int’l Joint Conf. on Artificial Intelligence. New York: AAAI Press, 2016. 1881-1887.

[36] Xu C, Guan ZY, Zhao W, Niu YF, Wang Q, Wang ZH. Deep multi-view concept learning. In: Proc. of the 27th Int’l Joint Conf. on
Artificial Intelligence. Stockholm: IICAI.org, 2018. 2898-2904.

[37] Nie FP, Cai GH, Li J, Li XL. Auto-weighted multi-view learning for image clustering and semi-supervised classification. IEEE Trans. on
Image Processing, 2018, 27(3): 1501-1511. [doi: 10.1109/TIP.2017.2754939]

[38] Khan MR, Blumenstock JE. Multi-GCN: Graph convolutional networks for multi-view networks, with applications to global poverty. In:

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1016/j.neucom.2008.11.017
https://doi.org/10.1016/j.neucom.2008.11.017
https://doi.org/10.1145/279943.279962
https://doi.org/10.1145/354756.354805
https://doi.org/10.1609/aaai.v34i04.5901
https://doi.org/10.1016/j.neunet.2020.08.021
https://doi.org/10.1109/TNN.2008.2005605
https://doi.org/10.1109/TNNLS.2020.2978386
https://doi.org/10.1109/JSTARS.2015.2388577
https://doi.org/10.1145/3437963.3441663
https://doi.org/10.7544/issn1000-1239.202110811
https://doi.org/10.7544/issn1000-1239.202110811
https://doi.org/10.7544/issn1000-1239.202110811
https://doi.org/10.1109/ICCV.2013.218
https://doi.org/10.1109/TNNLS.2013.2271327
https://doi.org/10.1109/TIP.2017.2754939

IR E FURESTTEAAZER LA ERATE WL 5115

Proc. of the 33rd AAAI Conf. on Artificial Intelligence. Honolulu: AAAI Press, 2019. 75. [doi: 10.1609/aaai.v33i01.3301606]

[39] MaY, Wang SH, Aggarwal CC, Yin D, Tang J. Multi-dimensional graph convolutional networks. In: Proc. of the 2019 SIAM Int’l Conf.
on Data Mining. Calgary: SIAM, 2019. 657-665.

[40] Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai XH, Unterthiner T, Dehghani M, Minderer M, Heigold G, Gelly S,
Uszkoreit J, Houlsby N. An image is worth 16x16 words: Transformers for image recognition at scale. In: Proc. of the 9th Int’] Conf. on
Learning Representations. Vienna: OpenReview.net, 2021.

[41] Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser £, Polosukhin I. Attention is all you need. In: Proc. of the
31st Int’l Conf. on Neural Information Processing Systems. Long Beach: Curran Associates Inc., 2017. 6000-6010.

[42] Loshchilov I, Hutter F. Decoupled weight decay regularization. In: Proc. of the 7th Int’l Conf. on Learning Representations. New Orleans:
OpenReview.net, 2019.

[43] Loshchilov I, Hutter F. SGDR: Stochastic gradient descent with warm restarts. In: Proc. of the 5th Int’l Conf. on Learning
Representations. Toulon: OpenReview.net, 2017.

[44] Tao H, Hou CP, Nie FP, Zhu JB, Yi DY. Scalable multi-view semi-supervised classification via adaptive regression. IEEE Trans. on
Image Processing, 2017, 26(9): 4283-4296. [doi: 10.1109/TIP.2017.2717191]

[45] Huang AP, Wang Z, Zheng YN, Zhao TS, Lin CW. Embedding regularizer learning for multi-view semi-supervised classification. IEEE
Trans. on Image Processing, 2021, 30: 6997-7011. [doi: 10.1109/TIP.2021.3101917]

[46] Jiang B, Chen S, Wang BB, Luo B. MGLNN: Semi-supervised learning via multiple graph cooperative learning neural networks. Neural
Networks, 2022, 153: 204-214. [doi: 10.1016/j.neunet.2022.05.024]

[47] van der Maaten L, Hinton G. Visualizing data using t-SNE. Journal of Machine Learning Research, 2008, 9(86): 2579-2605.

[48] Tang CX, Zhao YC, Wang GT, Luo C, Xie WX, Zeng WJ. Sparse MLP for image recognition: Is self-attention really necessary? In: Proc.
of the 36th AAAI Conf. on Artificial Intelligence. Palo Alto: AAAI Press, 2022. 2344-2351. [doi: 10.1609/aaai.v36i2.20133]

B o 3253 32k -
[9]1 ZEARET, BEnE, Jevk. 2 T2 2008 1 2 0 M0 SRR RE . THH L THE, 2023, 49(1): 113120, 129. [doi: 10.19678/j.issn.1000-3428.
0062723]

[32] KEMA, X5, Bhog. TR S B B 2K, THENLIE T 5 & &, 2023, 60(1): 103—111. [doi: 10.7544/issn1000-1239.202110811]

FIRRQ000—), B, Bi-+AE, 3T 7T NI
FES 2], B RS 2, i AL

883 (1969—), 5, tl+, 3, WA S, £8
W RATIB N GE it 25 S HE, Hlasse .

ERIB(1995—), 5, M, LB SR
T3], BRTR 2.

FIBRIZ(1971—), 55, @4, a2, LRI,
CCF Tk b, F 2R ARG E S, AT
BHE, BAF TR

IE(1969—), 55, L, oz, LRI,
CCF g i, RO RGUE U, BHE
555 A B, THEHLALGE, AR R S R

SEM(1985—), T, -k, @IEaR, LB RS
WORRRSE T, HLBRAE o), IR 2R AT

© PEFEERK IR s/ www. jos. org. cn


https://doi.org/10.1609/aaai.v33i01.3301606
https://doi.org/10.1109/TIP.2017.2717191
https://doi.org/10.1109/TIP.2021.3101917
https://doi.org/10.1016/j.neunet.2022.05.024
https://doi.org/10.1609/aaai.v36i2.20133
https://doi.org/10.19678/j.issn.1000-3428.0062723
https://doi.org/10.19678/j.issn.1000-3428.0062723
https://doi.org/10.19678/j.issn.1000-3428.0062723
https://doi.org/10.19678/j.issn.1000-3428.0062723
https://doi.org/10.7544/issn1000-1239.202110811
https://doi.org/10.7544/issn1000-1239.202110811
https://doi.org/10.7544/issn1000-1239.202110811

	1 相关工作
	1.1 图卷积神经网络
	1.2 基于图的多视角半监督分类
	1.3 自注意力机制

	2 多视角信息交互的图卷积神经网络
	2.1 符号声明
	2.2 模型总览
	2.3 基于图卷积神经网络的视角内邻居信息传递
	2.4 基于自注意力机制的不同视角间的互补信息交互
	2.5 基于注意力机制的全局特征融合
	2.6 基于余弦相似度矩阵的视角间一致性约束
	2.7 目标函数

	3 实验分析
	3.1 数据集
	3.2 实验设定
	3.3 对比方法
	3.4 实验结果与分析
	3.5 超参数分析实验
	3.6 收敛性分析
	3.7 消融实验
	3.8 t-SNE可视化

	4 总结与讨论
	参考文献

