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— Paper Citation Networks: B8R THBATIB, 8T TRE2—RMYE, IRE/
PRiEatE, =4I BiEE R RiE b E ;
— Co—author Networks: B18WTHBAMB, 8TTHRE2— 118, 8171F34D
B—TEHZTHEMRAEENIRE, DRIFMEABIEE I3 K5 L RiEMbE

Network Name | Nodes | Edges
Paper Citation A 2277 8245
Paper Citation B 3121 7319

Co-author A 1500 10184
Co-author B 1500 10606

Table : Network size of two datasets.
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Paper Citation Network (Single-label) Co-author Network (Multi-label)
Methods A—B B—A A—B B—A
Macro F1 | Micro F1 | Macro F1 | Micro F1 | Macro F1 | Micro F1 | Macro F1 | Micro Fl

DeepWalk 0.282 0.381 0.22 0.32 0.517 0.646 0.502 0.620

LINE 0.156 0.214 0.175 0.272 0.525 0.634 0.506 0.601
Node2vec 0.147 0.196 ) 248 0. 32 0.513 0. 632 0.520 0. 62?

GraphSAGE Unsup : .
DANE 0.852

Table 2: Micro and macro F1 score of different network embedding methods in unsupervised domain adaptation
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Figure 2: Node classification performance of DANE (A = 0) and
DANE (A = 1)
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(a) Randomly Initialized GCN (b) DANE (A=0) (c) DANE (A=1)

Figure 4: Visualization of Paper Citation Networks generated by a randomly initialized GCN, DANE (A = 0) and DANE (A = 1).
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