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Abstract The goal of network representation learning(NRL) is embedding network nodes into low-dimensional vector space, for
effective feature representation of the downstream tasks. Due to the difficulty of information collection in the real-world scene-
ries, large-scale networks often meet missing links between nodes. However, the most existing NRL models are designed on the
foundation of complete information networks and that causes the poor robustness in incomplete networks. To solve this problem,
a deep network representation learning(DNRL) method based on incomplete information networks is proposed. Firstly,a transfer
probability matrix is used to dynamically mix the structural information and attribute information to cover the excessive loss
caused by incomplete structural information. Then,a deep generative model variational autoencoder with powerful feature extrac-
tion capability is used to learn low-dimensional representation of nodes, and capture the potential high nonlinear features of
nodes. Compared with the commonly used network representation learning methods.the experimental results on three real attri-
bute networks show that the proposed model obviously improve effect in the node classification task with different degrees of link
missing, visualization results clearly demonstrate the cluster relationship of nodes.
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AR % TR i # & T %51
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Table 2 Node classification results on Cora

30% 50% 70% 90%
Method
Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1
SVD 0.695 0. 660 0.727 0.693 0.697 0.658 0.720 0.677
DeepWalk 0. 480 0.447 0.662 0.651 0.755 0.751 0.801 0.795
Node2Vec 0.523 0.498 0.659 0.648 0.748 0.742 0.802 0.798
DNGR 0.452 0.410 0.621 0.602 0.714 0. 690 0.785 0.779
TADW 0. 760 0.743 0. 807 0.791 0.843 0.831 0. 855 0. 844
AANE 0.683 0. 654 0.724 0.691 0.694 0.658 0.714 0.673
ABRW 0.754 0.733 0.785 0.775 0. 824 0.810 0. 865 0. 856
DNRL-W 0.546 0.520 0.683 0.666 0.772 0.763 0.822 0.810
DNRL 0. 846 0. 826 0. 867 0. 856 0. 889 0.874 0.897 0. 890
# 3 Citeseer U W1 B0 5 R
Table 3 Node classification results on Citeseer
30% 50% 70% 90%
Method
Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1
SVD 0.722 0.627 0.723 0.626 0.737 0.647 0.717 0.623
DeepWalk 0.342 0. 287 0.416 0.376 0.498 0.446 0.552 0.503
Node2Vec 0.362 0.298 0. 440 0. 404 0.506 0.461 0.573 0.518
DNGR 0. 280 0.249 0.371 0.335 0.474 0.442 0.512 0.475
TADW 0.716 0.657 0.726 0.676 0.745 0.699 0.757 0.713
AANE 0.713 0.622 0.712 0.624 0.730 0.635 0.714 0.622
ABRW 0.666 0.608 0.655 0. 604 0.705 0. 660 0.698 0.643
DNRL-W 0. 394 0.367 0.484 0. 450 0.573 0.536 0. 606 0.570
DNRL 0.757 0.735 0.786 0.760 0.783 0. 760 0.797 0.772
F4 Wiki B B sir G R
Table 4 Node classification results on Wiki
30% 50% 70% 90%
Method
Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1
SVD 0.751 0.685 0.738 0.629 0.747 0.666 0.733 0.625
DeepWalk 0.502 0. 384 0.574 0.462 0.639 0.542 0.659 0.576
Node2Vec 0.492 0.383 0. 589 0.451 0.622 0.476 0.635 0. 500
DNGR 0.446 0.371 0.559 0.443 0.602 0. 487 0.645 0.541
TADW 0.662 0.490 0. 694 0.538 0.702 0.553 0.709 0.618
AANE 0.735 0.548 0. 760 0.584 0.748 0.581 0.760 0.617
ABRW 0.709 0. 640 0.727 0. 620 0.743 0.658 0.736 0.611
DNRL-W 0.566 0.502 0.643 0.589 0.691 0.579 0.699 0.570
DNRL 0.798 0.754 0.814 0. 750 0. 807 0. 750 0.819 0.782
5.4 W SCE I Ot -SNE T H Cf BT A 5 5 0 A 7R 5 1) — 2 s
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(e) TADW (H) AANE (g) ABRW (h)DNRL

Bl 2 Cora UH4LHY AT BLALLE B O T I B (1)

Fig. 2 Visualization of Cora dataset
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