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Figure 2: The flowchart of the proposed SUGRL method. Specifically, given the semantic features X and its graph structure A,
the SUGRL employs a MLP network on X with the semantic information to generate the anchor embeddings H, and employs
GCN to generate positive embeddings H' with the structural information as well as the neighbor sampling method to generate
positive embeddings H with the neighbor information. The SUGRL also employs the row-wise random permutation method

on H to generate negative embeddings H™, and further designs a multiplet loss to achieve that the anchor embeddings are close
to positive embeddings and far away from negative embeddings.
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A 5 = X(I+1}w[f+l}1 (2)
Graph strocine ' et . where X(?) = X, ¢ is an activation function, and W) is

the weight of the I'* layer.

H~ = Shuffle (jhy, hy, ..., hy]). (3)

By contrast, we directly row-shuffle an-
chor embeddings to obtain negative embeddings
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Figure 2: The flowchart of the proposed SUGRL method. Specifically, given the semantic features X and its graph structure A,
the SUGRL employs a MLP network on X with the semantic information to generate the anchor embeddings H, and employs
GCN to generate positive embeddings H™ with the structural information as well as the neighbor sampling method to generate
positive embeddings H' with the neighbor information. The SUGRL also employs the row-wise random permutation method

on H to generate negative embeddings H™, and further designs a multiplet loss to achieve that the anchor embeddings are close
to positive embeddings and far away from negative embeddings.
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i e where H"(®) = X and H*") means the I*" layer fea-
tures. A = DY/2AD Y2 € RV*N is a symmetrically
normalized adjacency matrix, D € RN*N is the degree

matrix of A = A + I, Iy is the identity matrix. It is
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Figure 2: The flowchart of the proposed SUGRL method. Specifically, given the semantic features X and its graph structure A, where m is the number of sampled neighbors, N; repre-
the SUGRL employs a MLP network on X with the semantic information to generate the anchor embeddings H, and employs

GCN to generate positive embeddings HT with the structural information as well as the neighbor sampling method to generate sents 1-hop neighborhood set of node v:.
positive embeddings HT with the neighbor information. The SUGRL also employs the row-wise random permutation method

on H to generate negative embeddings H™, and further designs a multiplet loss to achieve that the anchor embeddings are close
to positive embeddings and far away from negative embeddings.
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where d(-) is a similarity measurement

« is a non-negative value
Semantic information embedding

~ — - _ _ _ where {-}, = max{-, 0}, and k is the number of negative
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Figure 2: The flowchart of the proposed SUGRL method. Specifically, given the semantic features X and its graph structure A, 1 k

the SUGRL employs a MLP network on X with the semantic information to generate the anchor embeddings H, and employs Prsars = d (]’.1 h+) 2 —d (h h_J 2 +a+ 8

GCN to generate positive embeddings HT with the structural information as well as the neighbor sampling method to generate U ke ; L A il

positive embeddings HT with the neighbor information. The SUGRL also employs the row-wise random permutation method i=1

on H to generate negative embeddings H™, and further designs a multiplet loss to achieve that the anchor embeddings are close . (11)

to positive embeddings and far away from negative embeddings.

where {-} _ = min{-,0}

;I wl.ﬁg -]—LLJQJ:N + E’U: [12)
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Cora CiteSeer PubMed Photo
Method Accuracy Time  Accuracy Time Accuracy Time Accuracy Time

Raw Feature 479+04 — 934+03 — 60.1+02 — T85+02 —
Deep Walk 67.21+02 192 432404 46 653+05 1442 894+0.1 768

GCN 81.51+02 3.1 70304 14 7901+05 6.1 916+ 03 6.7
GAT 83.0+02 169 725103 42 79.0+05 625 918+ 0.1 50.0
GAE 749+04 245 65.6x05 &1 742+03 1654 91001 1084
VGAE 76.31+02 269 668102 87 758+04 1663 915102 1078
DG 823+05 105 715104 31 794+03 1281 913+0.1 5341
GMI 83.0+02 1001 724x02 243 79904 11042 90602 4613
GRACE 83.1+0.2 6.8 121401 25 19605 199 9194+03 334
MVGRL 829+ 03 671 726 +04 183 B0.1+07 669.2 91701 2723
GCA 81.8+02 11.1 719104 42 81.0+03 3121 924104 65.1
GIC 81.70.8 8.6 71909 3.6 T714+05 151 916 £0.1 152
SUGRL 834 0.5 38 73004 09 8§1.9+03 95 932104 5.6

Table 1: Classification accuracy (%) and execution time (seconds) of all methods on four datasets.
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Computers Ogbn-arxiv Ogbn-mag Ogbn-products
Method Accuracy Time Accuracy Time Accuracy Time  Accuracy Time
Raw Feature 738+01 -— 5631+03 — 221+03 — 507+02 —
Deep Walk 353+01 22 636104 5.1 2561+03 121 73.24+02 305
GCN 2451+03 02 704+03 0.1 31 +03 07 81l6+04 26
GAT 27 +01 L5 706 =03 2.5 305+03 6.1 8244+04 146
GAE 351 +04 4.1 636+05 94 103 ZLS 72.11+01 568
VGAE 358+03 4.0 648 +02 05 Z79+02 227 7291+02 5713
DGI 378+02 20 65.11+04 45 3141+03 106 779+02 268
GMI 322+04 153 o6824+02 420 205+01 1231 7681+03 2034
GRACE 3638+02 22 687104 7.2 315+£03 192 7741+04 433
MVGREL 2369+01 104 681101 246 3161+04 673 78.1 01 2137
GCA 2T7Tx01 26 682+02 7.1 3141+03 375 784+03 8§1.2
GIC 3494+02 04 684+04 1.1 3. 7T+02 5.1 758+02 8.8
SUGRL 838.9+02 0.2 688 +04 0.1 319+03 04 826104 21
SUGRL-batch — = 6031+02 0.2 3241401 04 12+01 22

Table 2: Classification accuracy (%) and execution time (minutes) of all methods on four datasets.
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Lg Ly Ly Cora CiteSeer FubMed Photo Computers Ogbn-arxiv  Ogbn-mag  Ogbn-products
N — — 73806 T7L7x05 70703 910102 844102 68.1 = 0.1 3.2 0.2 323101
— v — 781x04 7T1.3x03 B805x03 797x02 T251+04 67.9 =02 1.1 =0.1 32.1 £ 0.1
\ v — T85+04 719+04 8l6+03 91603 866104 68.5 + 0.1 31.6 + 0.1 824+ 0.1
¥ — v BL5Xx05 722405 793104 919+02 869403 68.6 = 0.2 31.8 0.1 825102
— v / B8l9+04 721403 B803+03 826103 749104 68.0 =02 3.6 1+ 0.2 325101
v v W 8l44+04 T3I0+03 819403 932402 889403 688401 319401 82.6 + 0.1

Table 3: Classification accuracy (%) of each component in our proposed method on all datasets.
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Figure 3: The ratio of intra-class variance to inter-class varia-
tion on the dataset Photo.
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Figure 4: Classification results of our method at different
parameter settings (i.e., o and (3).
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Figure 5: Classification results of our method at different
parameter settings (i.e., wy and wo).
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Figure 6: Execution time (seconds) of different parts in all
methods on the dataset Photo.
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