MREFX

ETZBiErass S EER Mm%

B, FIRE, D
CAMIRTE S Fefz & A2 5, #0 # 313000)

 OE. mEENLas TEMEZEE, A E RS EH T B 5 ST IR S EE (nEEFA M2 (graph
convolutional network, GCN) FIEJER J1M %% (graph attention network, GAT)) %745 785 F) H £ 4E 1A 4GAE )
FRPEs AN R T R AR AR RS, s 1R ST MR RE . A 2 2 RN BB AT SRR AL
7E GCN HJZEA B SN T 25838 5 SIURHE R T, 0T B 2 4E 1 @ AT dnlid, 2R 46 1 pr L& ) Jg 4 - al
N2 IBIE, FANEER N — PR R X B S AT AR R, T DAL SRR T A B i A ) [ 2 4
$FE, 7E Cora. Tox21. Freesolv Z5%di4E [ SEIGIERA T LM vk 5 2@ iE 7L m0A 3.

KR BIBAMS, WA BEME, ZEiE; B

HhESES: TP39I

XEAFRERD: A

doi: 10.11959/].issn.1000—0801.2022250

Multi-channel based edge-learning graph convolutional network
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Abstract: Usually the edges of the graph contain important information of the graph. However, most of deep learning
models for graph learning, such as graph convolutional network (GCN) and graph attention network (GAT), do not
fully utilize the characteristics of multi-dimensional edge features. Another problem is that there may be noise in the
graph that affects the performance of graph learning. Multilayer perceptron (MLP) was used to denoise and optimize
the graph data, and a multi-channel learning edge feature method was introduced on the basis of GCN. The mul-
ti-dimensional edge attributes of the graph were encoded, and the attributes contained in the original graph were
modeled as multi-channel. Each channel corresponds to an edge feature attribute to constrain the training of graph
nodes, which allows the algorithm to learn multi-dimensional edge features in the graph more reasonably. Experi-
ments based on Cora, Tox21, Freesolv and other datasets had proved the effectiveness of denoising methods and mul-
ti-channel methods.
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FeARRE A7 I H B A RHIE . 72 B R PR 22
geh, BN T E R EE K, R
W 2% e [R5 I R LA P Y A T o 75 P R 1
SR, SEbr bR 08 A 3= IRFE, Wik
JE. KA, BMEBBESE LR E. SHEHA
R REE W] R H B VE 2 85 ) 7 VRS B )

KL BIARE L (1) 55— A ) Bk 2 A 2 =
S MRIEAE 5 N5 1 S5 06 OB B 5515 RURR
ik, AH S SR AR 1R P W0 28 7 ] Re A7 CE M s ), 3X
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RURFE, MRHEE SR SR T F 2k Rt 2 AN B
BUE IR PR . Tox21 MIRGGEHR K B 21 1
ZMEE IR, B s 7 831 MR A
M5, VLR 12 MRS AE e R, RaEs)r
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®2 BRERENEMGIHEE

Hik ﬁ;z;ﬁf WA EERE EERA
Cora 2708 5429 7 S

CiteSeer 3327 4732 6 S
Tox21 7433 — 13 BES

Freesolv 642 — 2 EVE|
eSOL 1125 — 2 ELE!
Lipo 4190 — 9 EVE]

3.2 iFMERR

XT3 2415, Cora 55 Citeseer HEHMI1E
%N R ARG, VPR AR NERG S, T
PR SEBRbR 2T AT K . Tox21 HdE A HIESS
Ny, MaE3, KA ROC #iZ T

%1 GCN. GAT 5 EGCN WfE)E#EE5RFE FE XL
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WAFE R L O(Knd+Kd?) O(Knd+Kd?) O(cKnd+cKd®)
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(area under curve, AUC) fERNVEMFabr. HH,
ROC & AFRA “ZiXFH TAEFFERIZE (receiver
operating characteristic curve)”, ‘B ERE /152
) AEAREE R, DLEBAYERE (true positive rate,
TPR) AR fEFH 4 (false positive rate, FPR)
NBAERZ: ], AUC EATERDS ROC HiZk T %48
S THACRATMA . HHE AT A AUC BUEAE 0.5 A
1.0 2 [0], BEER 1.0, BRATEEdEile .

Lipo. Freesolv 5 eSOL #& AN MIFAESS, L
BRREA FIER A BT, SRR
# (root mean square error, RMSE) {E N FEFR,
0 (9) BI%1 RMSE A HHEETNE y, FISEhr
B, THEA3K, RMSE EH#VN, BIAPEREELT .

RMSE:\/iZi"’I(y,—ﬁ,.)2 (9
D

3.3 XftbE&E

AT B I AT 22l TE T A 2 ) A AR
HEEG BB BEE RS 0 R T
FHRZIRTEG,  TUROR B BRI A R o

(1) PR 2 P et ] — B 3 Aok 070 b 25
LA A A o

(2) B 4 W i S HL 5N SE T
AR, G B4R JE T AN [ (R AE
T RURHIE

(3) BENLARAL (random forest, RF) HyE
IR S, AR, K556 H
ZAN R FEAT 732

(4) Weave! "R LT B, Weave
REAEA SRS T JR B AL 22 PR 55 A0 43 v Jo 1 1R 1
P, BITHT 210,

(5) 38450 Pl 4o 220 o 2% 1OV 388 5k 22 Aol i A
T LAS 2105 B AR 2 I 2%

(6) 115 B 5Ktk B w2 4 U i ok Ak
TRFAE 5 S 1 a8 ) 1Y) LA R 22 ST £
YeJE k.

(7) 4 B AL 2 R 28 PR 38 5 e 2

({5 B AR08 SCRA eR BT 3 H 1K) — s
(] GNN HE4Z .
34 SRS
341 FIXAMLERE

T 5] CZEESE Cora Ml Citeseer, 1554
XPRSCHAT R, R RS . ASCHEEAEL
PN NN . BTFERIIRSE, S IRSTHR6]
VB 4 4y G B8 5 %) (Sparse)  FE 4E 4y I
(Dense) PEFIRI, M7 #1159 5% 25, 15%
B UEFN 80% AT 3 14 BN FIRIS N 60%
WZR. 20%581EFN 20%K 3 A4, X T4
A TE, A —ANEBUEA 512 ST —A
FRiBUEA 32 MHITIIRUZE MLP. X FHiZ 4% 2,
HOUER6]MSHORE, [EHMENERE, Bz
VB 4Ly 64, dropout EUH 0.5, XTEUH W
BT L2 1ML, BUAZEIN 0.000 5, FRAHTEEL
20 (exponential linear unit, ELU) {F B
JEIARR MBS . FEAVRSESG T, KARAER) GONP]
5 GAT' W NSERIGT I 1, F¥ SCHR[6] i
AEM EGNN IIAXS LRSS . [FIRE, SN TR AT
REFRA R, 72 SEIe TP AR AR HEAT 1T Ah Sk,
EGCN (N) FonfrE £, EGCN (M) %
INURER 2 IS 10 % 21 7%, EGCN (MN) R R fif
FH 58 BB AL AT S 3L T 6 AMEALAE Cora
A1 Citeseer P9 E4 4 16 9 Fil 2381 5 v T IR
L, AR AEEAT 10 W, B B ME
FBRE 22 o 25 A5 2R B T 5] S0 I 4% K 30 4R 1) 45
1 EGCN BEAYTE 5] 3L W 28 504 45 b m S50 1)
iR AR 3 MR 4, H AR E R R A
R4S 3 1) B o PE e

*3 BEBETSIXMEHEENER

Cora Citeseer

it

Sparse Dense Sparse Dense

GCN  0.729+0.008 0.720+1.002 0.692+0.007 0.753+0.004
GAT  0.755£1.001 0.790+1.000 0.695+0.005 0.749+0.005
EGNN  0.834+0.003 0.888+0.003 0.706+0.003 0.771+0.004
EGCN  0.849+0.005 0.883+0.005 0.747+0.009 0.791+0.004
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#*4 EGCN tHE7E 5|3 B LRSI A4S

Cora Citeseer

st

Sparse Dense Sparse Dense

EGCN(N) 0.827+0.004 0.861+0.005 0.725+0.002 0.74.9+0.005
EGCN(M) 0.781+0.004 0.802+0.004 0.698+0.004 0.78.7+0.003
EGCN(MN) 0.849+0.005 0.883+0.005 0.747+0.009 0.791+0.004

GrifiEe 3 FI3 4 1, EGCN S fd b L EEAlY
GCN 5 GAT #BA LA PERe, CREE XMV
IrREGE R HE ST ROR YR, TR B 22 iliE
S TSR TN, T RE R T FH I 28 s AR 1) AT
RFERD , R FE RS IR, D FIZAT T,
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KW BGCN AU/ EAE R BON ) BRI O T3 RE
DRAFAH 2 1 RE o 25 8 352 bR S FH Hh A BEAAAE SR
PRSI IS 0 R, e B8 e A R A 7 251 B
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e 2= o 0T 43 AES (Tox21), KA ROC
i 4 5 AR N PR R AR s X T IEDE AR S
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H LB BT o RS EGCN H
HH 5 ANEiE, RS T EEEE
Atom Pair Type. Bond Order. Aromaticity .
Conjugation fll Ring Status [ J& ¥ . JH flt gL 46 A
T Freesolv 55 eSOL ##5£E, k &7~ EGCN i fi
B IEE R, Y k=1 I EGCNIR L 1% 48 GCN
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Tox21 (AUC-ROC) Lipo (RMSE)

Freesolv (RMSE) eSOL (RMSE)

st
val test val test val test val test

RF 0.78+0.01 0.75+0.02 0.87+0.02 0.86+0.03 1.98+0. 82 1.62+0.14 1.27+0.07 1.18+0.11
Weave 0.79+0.02 0.80+0.01 0.88+0.11 0.89+0.09 1.35+0.25 1.37+0.19 0.90+0.08 0.85+0.03
GCN 0.82+0.01 0.83+0.02 0.70+0.03 0.68+0.03 1.24+0.26 1.14+0.10 0.76+0.08 0.80+0.17
GAT 0.83+0.02 0.83+0.01 0.85+0.02 0.84+0.01 1.73+0.25 1.45+0.25 0.86+0.02 1.01+0.03
MPNN — — 0.70+0.04 0.68+0.04 1.38+0.42 1.40+0.08 0.78+0.07 0.80+0.06
EIGNN — — 0.63+0.02 0.65+0.02 1.24+0.13 1.27+0.14 0.75+0.08 0.77+0.07
EGNN 0.82+0.01 0.82+0.01 0.79+0.02 0.75+0.01 1.09+0.08 1.01+0.12 0.70+0.03 0.72+0.02
EGCN 0.85+0.01 0.86+0.01 0.66+0.08 0.65+0.04 0.99+0.12 0.97+0.13 0.63+0.06 0.69+0.10
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#< 6 EGCN 7 Freesolv 5 eSOL &F
WiEE LAY HRSEIN ¢

. Freesolv eSOL
T
val test val test

EGCNs  0.99+0.13 0.97+0.12 0.65£0.06  0.68+0.07
EGCN;, 1.08+0.16 1.04+0.14 0.65+0.06 0.69+0.08
EGCN;, 1.11+0.08 1.10+0.13 0.67+0.07 0.71+0.04
EGCN, 1.16+0.18 1.22+0.09  0.68+0.08 0.73+0.07

GCN 1.24+0.26 1.14£0.10  0.76+0.08 0.80+0.17
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