FA FAEm  JEFEIP: R

TR

/' SOUTHEAST UNIVERSITY

FHE: BN ESEIW:




AR

£ F GAT w935 A %

(1
(2]
© AR
(4]

C BN ESRIN: HKERE

n









o J2uh T AP, TR T FAAFEHIE E B xF Ik § A TISE

o I NPk ZikIE, J2 GraphRes, 1PN 4547 Lk £ KR 45
T R4 4%.

o JIAMHgFrEAZT 8, 3 GraphRC, P45+ bk L &
BAGFT RY 11%

o JIARIETE AMA, 3 GraphRCC, EiFMNI547 Lk B 4%
AT T X2 16%.

o A EM KR, A E 0 B R A github I
J&.:https://github.com /HuapengZhou/GraphRecPlus

g B RS ks AR ERS S TR

ETFERENENIEERGTR 5/ 42


https://github.com/HuapengZhou/GraphRecPlus

RS
€0000

2] 701 5] 4eh 22 P 4%

Jul
e

@ LAY

9 4o 8 i 12 1 2




JEr =
[¢] lele]e}

EFNE L

dbE/\
H=4A

By iz G E AR EE T,
AREWEDRZBRARLLE, BEFARPTAREARA
b 22 A AL TR

A GCN 4k 72 48 9% 58 BUAR & 04913 s,

B GAT KFZARJE T & 7T VAL B — /AN oA & 28

1[l]T. N. Kipf and M. Welling, “Semi-supervised classification with graph
convolutional networks,” in International Conference on Learning Representations,
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(a) Graph Convolutional Network (b) Hidden layer activations
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3[3]W. Fan and et al., “Graph neural networks for social recommendation,”
in Proceedings of the AAAI Conference on Artificial Intelligence, vol. 33, 2019,
pp. 7370-7377.
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Model RMSE MAE DataSet(Subset) Dim 1r

GraphRes 1.1618 0.9851 Train:0.01 Test:0.1 8 0.001
GraphRes 0.7735 0.5574  Train:0.01 Test:0.1 64 0.001
GraphRes 0.8191 0.6280  Train:0.01 Test:0.1 8 0.01

GraphRes 0.8128 0.5824  Train:0.03 Test:0.1 8 0.001
GraphRes 0.8105 0.5374  Train:0.07 Test:0.1 8 0.001
GraphRes 0.8013 05291  Train:0.1 Test:0.1 8 0.001
GraphRes 0.7801 0.5595  Train:0.1 Test:1 8 0.001
GraphRes 0.7236 0.4792 Train:1 Test:1(3 epoch) 8 0.001
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* 3: HRSHARREERTLE

A7 RMSE MAE  DataSet Dim 1r

GraphRes 1.1618 0.9851 Train:0.01 Test:0.1 8 0.001
GraphRec  1.1838 1.0260 Train:0.01 Test:0.1 8 0.001
GraphRes 0.7801 0.5595 Train:0.1 Test:1 8 0.001
GraphRec  0.8967 0.7268 Train:0.1 Test:1 8 0.001
GraphRes 0.7735 0.5574 Train:0.01 Test:0.1 64 0.001
GraphRec  0.9720 0.7661 Train:0.01 Test:0.1 64 0.001
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edk

GraphRec

GraphRes

GraphRC

GraphRCC

SO0 NOG AW

3.7664/3.6004
3.1950,/3.0060
2.5199/2.3245
1.8189/1.6305
1.4552/1.2767
1.3275,1.1580
1.2635,1.1022
1.2506,/1.0940
1.1869,/1.0289
1.1829,/1.0319

3.8384/3.6834
3.2088/3.0317
2.3998,/2.2180
1.6872/1.5149
1.3829/1.2202
1.2422/1.0727
1.2309/1.0631
1.1867/1.0154
1.1737/1.0033
1.1525/0.9755

3.4868,/3.3063
2.9663/2.7752
2.1403/1.9445
1.5323/1.3346
1.3190/1.1181
1.2041/1.0086
1.1415/0.9419
1.0845/0.8756
1.0392,/0.8188
1.0594,/0.8728

3.4684/3.2934
2.8097/2.6193
2.0528/1.8532
1.4726/1.2688
1.2717/1.0643
1.2004/1.0087
1.1106/0.9062
1.0783/0.8790
1.0192/0.8036
0.9911/0.7765
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