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Design of Graph Neural Network Algorithm Based on Heterogeneous
Feature Aggregation
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Abstract: Heterogeneous network representation learning is important for exploring the features and properties of complex networks, thereby
improving network security and the efficiency of social network analysis. However, existing research on heterogeneous networks tends to ignore
the impact of network structure and its node heterogeneous content on the learning results, so this paper proposes a deep neural network algo-
rithmic model HAGNN for heterogeneous feature aggregation. The method first extracts heterogeneous neighbouring nodes using the RWR
mechanism; furthermore, Bi—~GRU is used to learn complex structural information so as to perform feature aggregation on the neighbouring
nodes of the sample; finally , the model was trained end—to—end using graph context loss method and small amount of gradient descent algo-
rithm, and the attention mechanism was added for optimization. In the application experiment, the F1 value predicted by HAGNN in the node
can reach 0.831, and the venue recommendation Recall value can reach 0.631, which is significantly improved compared with the relevant ap-
plication results of other graph neural networks.
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Fig. 1 Isomorphic and heterogeneous graph
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Fig. 3 Graph attention mechanism
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Fig.4 Flow of HAGNN algorithm
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B (bateh) Eidls BRI . TEFELEELT 1k
k] LU — A ) i, BRI TR A E AR
AR AR R 5 ( Cross—Entropy Loss iTE

L(Y|f(2)) =~ ZYilogf(zi) .

TESZBRI v, A7 I 5 AR (0] B e Pk B SRR
PRE. BR PRE B SO S R IR ER s T
X AN [R) R AR A 1R A BEURRME 45 o TE VI ZRIR B 2% 2 B RL T, 45
Jeak AR OLA B AR, AT 38 B0 T A A O A Ak TR
RIZHL, Ul MR o

(2) AUC (Area Under Curve) o AUC /235 ROC i T
J5 0 DI, T PG = 4 S AL AR [a] 13 {f 2% 10 3k
Blo ROCJER T HEIAEA A3 S BRE 19 BB 2R (True
Positive Rate,, TPR) FIl{R FH 14 % ( False Positive Rate,, FPR) o

AUCHUEA T 0~1 Z 8], IR 1, Yl AR PG 73
KRBT ; )2, BAIA B Y 73 PR B 25 . 2 AUC 5%
0.5 I, U WA AY B S50 B8 A > T RE LRSI . AR SRR
N, AUC T PP A1 5 a0 4R 19 43 25 PEfE

(3) MR (Accuracy) o HEBA R TR —PEIALS HKOE
A BB O G BB L. E AR B 5
s

TP+ TN
TP+TN+ FP+FN (14)

Horr, TP(True Positive) 278 A% B B , B 1 BH
PERREAEL; FP(False Positive ) 32 7 A B W AP, {H i &
T A BE A O AE AR KR s TN (True Negative ) 7 A B i B, HL
TH SA BH P 8 RE AR %S5 FN (False Negative ) 32 7 A B b BH
PE A B 2S00 S I B RE A

(4) K5 % (Precision) o K Bl 56 2 7R fie 249k W00 >y PH
PERREA TR SEBR S BHPE B e . THR AT

TP
TP + FP (15)

(5) A M3 (Recall) . A 1R R R A 5 Ry BHM: B FEA
B 2t T Sk PR RS EE A . A TR

TP
TP+ FN (16)

(6)F1 734 (Fl-score) . F1 70 %UEGeit 2 rp HIk A it
T (BT S Zar ) BEAVKE R B ) —Fh e AR, FL 43
Bom , RoR R IRTE R AN RS . R EG TR A
AW/ (I

Accuracy =

Precision =

Recall =

2 X (Precision X Recall)
Precision + Recall (17)

F1 score=
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it . TE Python H, 0] L) i F Scikit-learn J% 1Y preci-
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Fig.7 Comparison of Loss values of Skip—gram and CBOW algo-

rithm
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(Author Paper Citation Link Prediction, Ap) . PEAlHEFR1%E
AUC ., Accuracy . Precision . Recall UL} F1{H ., 3% 2 (4%
AJAL, ] CBOW 3 8485 2 % O DU i W & T Skip-
gram,
Table 2 DeepWalk link prediction results
%2 DeepWalk ST R

R7S AUC Accuracy Precision Recall F1
Skip—gram (Ac) 0.657 0.657 0.790 0.360 0.512
CBOW (Ac) 0.682 0.682 0.870 0.431 0.574
Skip—gram (Ap)  0.723 0.723 0.813 0.548 0.665
CBOW (Ap) 0.731 0.731 0.820 0.566 0.679

A A 37 3 T AR P 2 B0 P S AT O R N
K, PR AEE R R N . TEEZ g8 b, AP
AR IRAE 5  H Z [6] ) e O ), A EAT I I
PF A5 B % F Recall , Precision LA & F1{HUEAT LA . [RIA,
BT RS M B R A R AR SCEEICT top3 Al topS AT
Fil o At 3 M ZE SR A M, CBOW A & i iy MERE

Table 3 DeepWalk recommendation comparison
%3 DeepWalk #ZE3TEL

GRS Rec@top3  Pre@top3  F1@top3  Pre@top5  F1@top5
Skip—gram 0.195 0.129 0.156 0.129 0.185
CBOW 0.197 0.132 0.173 0.159 0.187

332 ML EHALSTM 5 GRU#ALsT L

7 JE B A 25 I 24 S A DL SO TRl ) 2 i s A AN TR Y
RO A SCaE T I E 1238 U5 R 28 I 2 (LSTM) A K¢ 1]
PG IC (GRU) FEAT XS L, U R 1 7E HAGNN Hrsk
RELF A2 M4 R, Sy 5 ORUEECHE BRS e, X s
)2 Y O 2 TR E R AT TSR . SR 1SR T LSTM #f 28
9 EBCR 5 2 R GRUMZ M4 250k 50, XLt
R NE 8 iR .

F &1 8 AT, k4G B 599 2 1) Loss tensor . T F 5T
PR B AT B R AE ST/, 2% WA Y R AR 45 2k T /b
SET 15 2 B WO L N2 4 BTN, Bk 2 19 AUC
{H . Precision {8 FH i =5 T-4839% 1. UL, 76 HAGNN B AU 44
R A 2,

1 S5 R 2 H HEAE R LA 5 R L 45 R R
SRk 2 WA A B AT RE
3.33  #EI LA

LeakyReLU #3 BRI B FHAE R )32 , % F T CNN LA
TR JE I 45t il 2 0 2 o, AT R AR ME Y Re LU 80T PREL
LeakyReLU 7E BRI L A AR TE & AL i 3 U 64 55
FEREA RIFFR M . T LeakyReLU /& ReLU (Rectified
Linear Unit) 8 7 pR L) —Fp AR AR A OB FH LeakyReLLU
TR PR S A 24 M B 3, 8 Re LU 5076 oR BRI 39k
4 A 4, P T EATXT L

HIE 97T LIFE Y, ReLLU BY Loss tensor | &t F20&AL T
LeakyReL.U,
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Fig.8 Comparison of Loss values of algorithm 1 and algorithm 2

E8 Hix15&E20 Loss{EXTLL

Table 4 Link prediction comparison of algorithm 1 and algorithm 2

®4 HER15ER2EEWNR L

Sk AUC Accuracy Precision Recall Fl1
Bk 1(Ae)  0.657 0.657 0.790 0.360 0.512
Hyk2(Ae)  0.695 0.695 0.875 0.456 0.600
Bk 1(Ap) 0.723 0.723 0.813 0.548 0.665
Hik2(Ap) 0738 0.738 0.830 0.610 0.702

Table 5 Site recommendation comparison of algorithm 1 and algo-
rithm 2
x5 HE15HEZR 27 MEFEL

Bk Rec@top3  Pre@iop3  F1@top3  Pre@top5  Fl1@top5
ik 0.195 0.129 0.156 0.129 0.185
Ak 2 0.201 0.140 0.165 0.140 0.195

diction i J& 7 Author Paper Citation Link Prediction H , 35
4 A A BRI

3 5L A G HEE XS LR 7 R, 45 R R
AR 4 ROR TS

O, AR SCSE T BB R, 7R TSP X Word2Vece
FEHEAT TR IR TR S5 R IR R T
A3 AT PR Re LU



#
o]
&

B B BB 28, S - R T S R

SR G R 2 R 2 Bk et - 57 -

Loss Value per Iteration

Loss Value

T T T T
20 30 40 50

o
=
54

Iteration
(a) LeakyReLU
Loss Value per Iteration
1.40
1.35 4
1.30
Lo
=2
]
Z 125
]
g
1.20
1.15
T T T T T
0 10 20 30 40 50
Iteration
(b) ReLU

Fig.9 Comparison of Loss values of LeakyReLLU and ReLU
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Table 6 Link prediction comparison of algorithm 3 and algorithm 4

x6 EEISERAEETNILE

KA ; Graph AGE 38 3 X0 A [a] Y bl 28 ) 28 047 &, 22k T 2R
B AR R RFAE AR S, s GAT A D % UL A [ 3 1 I 2 A 2R, R
P TR T AL 2B Js 35 s A5 B AT 2R 5 5 Het GNN AR
BONSE5 B SR R R 2%, 020 Rl T B IR AR A 0 A
AR R AL T oA an 2 8 B, A BN T IR ik A ER
P o 2 ) 2% T 10 A A 8 LA O AR ) ST 0 (B . HAGNN
FEPA E B R PEI AR FpRCR SR A, BT 3R Y 1) S 4 2R
1 P 22 ) 2 A R A AR
Table 8 Prediction comparison of different models
*8 REEEFN LB
f8f%  MP2V  ASNE SHNE GSAGE GAT HetGNN HAGNN
AUC 0596 0.689 0.683 0.695 0.678 0.717 0.738
F1 0.348  0.643  0.639 0.615 0.613 0.669 0.831
A TR R HE 7 LU B 32 9 s, B HAGNN L B A7
BRI TERE o
Table 9 Recommendation comparison of different models

R9 TRREERELE

¥k MP2V  ASNE SHNE GSAGE GAT HetGNN HAGNN

Rec 0.516 0419  0.608 0.540 0.568 0.625 0.631
Pre 0.207  0.174  0.241 0.219 0.230 0.252 0.261
F1 0.295 0333  0.345 0.312 0.327 0.359 0.374

Bk AUC Accuracy Precision Recall F1
Fk3(Ac) 0.657 0.657 0.790 0.360 0.512
Bk 4(Ac) 0.687 0.687 0.866 0.434 0.579
Frk3(Ap) 0.723 0.723 0.813 0.548 0.665
Bk 4(Ap) 0.725 0.725 0.815 0.584 0.681

Table 7 Site recommendation comparison of algorithm 3 and algo-

rithm 4
R7 HERISHEZGMEELL
GRS Rec@top3  Pre@iop3  Fl@top3 ~ Pre@top5  F1@top5
Rk 0.195 0.129 0.156 0.129 0.185
k4 0.210 0.133 0.133 0.161 0.188
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