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Supervised Learning

Tons of labeled data  m) A good model

BIG DATA & DEEP LEARNING
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Semi-Supervised Learning (SSL)

How unlabeled data helps?
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How to Leverage Unlabeled Data
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Graph Convolutional Networks

(Kipf & Welling, ICLR, 2017)

Layer-wise propagation rule:

H+1) — U(AH(I)@(I))

Convolution layer: ‘ ‘ Projection layer:
preprocessed < fully connected
adjacency matrix networks

GCNs for semi-supervised classification:
Z = softmax(Ac( AX6®))e™W)
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Why GCNs Work

HY = g( Ax0)

Convolution layer: B ‘ | ,  Projection layer:
preprocessed fully connected
adjacency matrix networks

Table 1: GCNs vs. Fully-connected networks

One-layer Two-layer  One-layer Two-layer
FCN FCN GCN GCN

0.530860 0.559260 0.707940 0.798361




Laplacian Smoothing




Limitations of GCNs (1)

g+ — a(aq(z)@(u)

» Localized filter

@ Labeled instance
O Unlabeled instance

O Instance adjacent to a
labeled instance

Need to stack many layers to explore global graph
topology when labeled data is few - overfitting



Limitations of GCNs (2)

Need additional labeled data for model selection
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Our Solutions (1)

* Co-train a GCN with a random walk model
— Use random walks to explore global topology

— Extend the labeled set with high-confidence
predictions by the random walk model

@ Labeled instance
O Unlabeled instance

@ Pseudo labeled instance
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Our Solutions (2)

e Self-training

— Extend the labeled set with high-confidence
predictions by a pre-trained GCN

Union of Self-training and Co-training
— Add to the diversity of pseudo labels

Intersection of Self-training and Co-training
— Get more accurate pseudo labels
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Experimental Results

Significant improvements on 3 citation networks

Testing accuracy

Cora
Label Rate 0.5% 1% 2% 3% 4% 5%
LP 564 623 654 675 69.0 70.2
Cheby 38.0 520 624 70.8 74.1 77.6
GCN-V 426 569 678 749 77.6 79.3
GCN+V 509 623 722 765 784 79.7
Co-training 56.6 664 735 759 789 80.8
Self-training 53.7 66.1 738 772 79.4 80.0
Union 585 699 759 785 804 81.7
Intersection 49.7 65.0 729 77.1 794 80.2
CiteSeer
Label Rate 0.5% 1% 2% 3% 4% 5%
LP 348 402 436 453 464 473
Cheby 31,7 428 599 662 683 69.3
GCN-V 334 465 626 669 684 69.5
GCN+V 43.6 553 649 675 68.7 69.6
Co-training 473 557 621 625 645 655
Self-training 433 58.1 682 69.8 704 71.0
Union 463 59.1 66.7 667 67.6 682
Intersection 429 591 68.6 70.1 70.8 71.2
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PubMed
Label Rate 0.03% 0.05% 0.1% 0.3%
LP 61.4 664 654 668
Cheby 40.4 47.3 512 728
GCN-V 46.4 49.7 563 76.6
GCN+V 60.5 57.5 659 778

Co-training 62.2 68.3 72.7 78.2
Self-training  51.9 58.7 66.8 77.0
Union 584 640 70.7 79.2
Intersection 52.0 59.3 694 77.6
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Summary

Contributions

— Principled understanding of the working
mechanisms and limitations of GCNs for SSL

— Solutions to improve GCNs

Future directions
— Designing more powerful convolution filters

— Techniques for training GCNs
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