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Pooling
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Pooling progressively reduce the spatial size of the representation to
reduce the number of parameters and computation in the network.




Problem
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However, we cannot directly apply these pooling operations
to graphs. In particular, there is no locality information
among nodes in graphs. Thus the partition operation is not
applicable on graphs. The global pooling operation will
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Aggregate first order neighbor information

X1 = U(ﬁ_%AD_%XgWg)

Reducing graph size

Encoder

Inputs -> GCN -> gPool -> GCN....-p gPool -> GCN

Encoder
block




Decoder Restore graph into higher resolution

gUnpool -> GCN....->gUnpool -> GCN — Aggregate first order neighbor information
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Skip Connection

For blocks in the same level,
encoder block uses skip connection
to fuse the low-level features from
the encoder block

mmmm) Graph embedding

Network Embedding




Graph Pooling

sigmoid

X — feature matrix
A — Adjacency matrix
p- trainable projection vector
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Graph Pooling

X — feature matrix
A — Adjacency matrix
p- trainable projection vector

1. Projection

sigmoid
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; | 1) Measure feature of each node along Af*1

projection vector

Inputs 2) Select nodes with top-k largest Outputs
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Graph Pooling

X — feature matrix
2. Top k Node Selection( Extract feature ) A — Adjacency matrix

p- trainable projection vector
sigmoid

Extract feature
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Graph Pooling

X — feature matrix

3. Top k Node Selection( Update Adjacency matrix) A — Adjacency matrix
p- trainable projection vector

sigmoid

Ipl idx

Update Adjacency matrix

5 y top k
A = Af(idx, idx)
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Graph Pooling

X — feature matrix
4. Gate A — Adjacency matrix

Control information flow p- trainable projection vector
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Graph Pooling

X — feature matrix
4. Gate(sigmoid) A — Adjacency matrix

Control information flow p-trainable projection vector

y = sigmoid(y(idx))

sigmoid
A l
1 - Allow gradient
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- projection vector
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Graph Unpooling

X1 = distribute(0n x , X ¢, idx)

- 1 wan Fill 0 feature vector for Unselected node :
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Tricks

* Use 2"d-order adjacency matrix to avoid too sparse
connectivity after gPooling

A% = ATAY, AT = A%(idx, idx)

* Emphasize each node’s own feature

A=A+2I



Experiments (described in the paper)

1. Datasets

-~ Node classification

Table 1. Summary of datasets used in our node classification experiments (Yang et al., 2016; Zitnik & Leskovec, 2017). The Cora, Citeseer,
and Pubmed datasets are used for transductive learning experiments.

Dataset Nodes Features Classes Training Validation Testing Degree
Cora 2708 1433 7 140 500 1000 4
Citeseer 3327 3703 6 120 500 1000 5
Pubmed 19717 500 3 60 500 1000 6

- Inductive learning experiment (Labels of parts of nodes are unknow)

Table 2. Summary of datasets used in our inductive learning experiments. The D&D (Dobson & Doig, 2003), PROTEINS (Borgwardt
et al., 2005), and COLLAB (Yanardag & Vishwanathan, 2015) datasets are used for inductive learning experiments.

Dataset Graphs Nodes (max) Nodes (avg) Classes
D&D 1178 5748 284.32 2
PROTEINS 1113 620 39.06 2

COLLAB 5000 492 74.49 3




Experiments (described in the paper)

2. Performance

Table 3. Results of transductive learning experiments in terms of node classification accuracies on Cora, Citeseer, and Pubmed datasets.
g-U-Nets denotes our proposed graph U-Nets model.

Models Cora Citeseer Pubmed
DeepWalk (Perozzi et al., 2014) 67.2% 43.2% 65.3%
Planetoid (Yang et al., 2016) 75.7% 64.7% 77.2%
Chebyshev (Defferrard et al., 2016) 81.2% 69.8% 74.4%
GCN (Kipf & Welling, 2017) 81.5% 70.3% 79.0%
GAT (Velickovi¢ et al., 2017) 83.0 £ 0.7% 725 £ 0.7% 79.0 £ 0.3%
g-U-Nets (Ours) 84.4 + 0.6% 73.2 + 0.5% 79.6 + 0.2%

Table 4. Results of inductive learning experiments in terms of graph classification accuracies on D&D, PROTEINS, and COLLAB datasets.
g-U-Nets denotes our proposed graph U-Nets model.

Models D&D PROTEINS COLLAB
PSCN (Niepert et al., 2016) 76.27% 75.00% 72.60%
DGCNN (Zhang et al., 2018) 79.37% 76.26% 73.76%
DiffPool-DET (Ying et al., 2018) 75.47% 75.62% 82.13%
DiffPool-NOLP (Ying et al., 2018) 79.98% 76.22% 75.58%
DiffPool (Ying et al., 2018) 80.64% 76.25% 75.48%

g-U-Nets (Ours) 82.43% 77.68 % 77.56%




Experiments (described in the paper)

3. Network structure study

Network depth (Works for shallow network and consistent with U-net)

Table 7. Comparison of different network depths in terms of node classification accuracy on Cora, Citeseer, and Pubmed datasets. Based
on g-U-Nets, we experiment with different network depths in terms of the number of blocks in encoder and decoder parts.

Depth Cora Citeseer Pubmed
2 82.6 + 0.6% 71.8 + 0.5% 79.1 + 0.3%
3 83.8 £ 0.7% 72.7 + 0.7% 79.4 £+ 0.4%
4 84.4 + 0.6% 73.2 + 0.5% 79.6 + 0.2%
o 84.1 + 0.5% 72.8 + 0.6% 79.5 + 0.3%

Parameter number (Add small parameters for large improvement)

Table 8. Comparison of the g-U-Nets with and without gPool or gUnpool layers in terms of the node classification accuracy and the
number of parameters on Cora dataset.

Models Accuracy #Params Ratio of increase
g-U-Nets without gPool or gUnpool 82.1 £ 0.6% 75,643 0.00%
g-U-Nets (Ours) 84.4 + 0.6% 75,737 0.12%




Graph U-Net in PyTorch Geometric

dataset = Planetoid(root="tmp/Cora’, name='Cora')
data = dataset[@]

dewice = "cpu
model, data = Net().te{device), data.to(device)
optimizer = torch.optim.Adam(model.parameters(), lr=0.81, weight decay=92.2081)

class Met(torch.nn.Module):
def __init (self):
super({Met, self)._ init_ ()
pool _ratios = [2e88 / data.num_nodes, 8.5]
self.unet = GraphUNet(dataset.num_features, 32, dataset.num_classes,
depth=3, pool_ratiocs=pocl_ratios)

def forward(self):
edge_index, _ = dropout_adj{data.edge_index, p=0.2,
force_undirected=True,
num_nodes=data.num_nodes,|
training=self.training)
F.dropout({data.x, p=0.92, training=self.training)

X

x = self.unet(x, edge_index)
return F.log softmax(x, dim=1)

- Data Loading




Graph U-Net in PyTorch Geometric

for epoch in range(l, 281):
model.train() —
optimizer.zero_grad()

loss = F.nll_loss{model()[data.train_mask], data.y[data.train_mask]) Tralnlng

loss.backward() o
optimizer.step()
model. eval() —

logits, accs = model(), []

for _, mask in data('train_mask', 'val _mask', 'test_mask'): H
pred = logits[mask].max(1)[1] - TeStIng
acc = pred.eg({data.y[mask]).sum().item() / mask.sum().item()
accs.append(acc)

acc_arr.append{acc)

train_acc, val _acc, tmp_test acc = accs
if wal acc > best _wal acc:

best_val_acc = val_acc

test_acc = tmp_test_acc

epoch_arr.append{epoch)

loss_arr.append({loss.item())

log = 'Epoch: {:23d}, Loss :{:.4f}, Accuracy :{:.4f}, Train: {:.4f}, Vval: {:.4f}, Test: {:.4f}'
print(log.format{epoch, train_acc, best val acc, test _acc,loss.item(),acc))




Experiment result

Data: Cora
 Epoch: 200
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Experiment result

Loss graph

plt.savefig("loss_wviz.png", dpi=320)
plt.clf()

# Epoch-Accuracy A/Z'Ef
plt.plot{epoch_arr, loss _arr)

[¢matplotlib.lines.Line2D at @x198ea248370>]
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Accuracy graph

plt.savefig(“acc viz.png", dpi=3@a)
plt.clf()
plt.plot(epoch_arr, acc_arr, 'r')

[¢matplotlib.lines.Line2D at @x198fcdBfc7a>]

080 -

075

0.70 1

065 -

0.60 1

055

0.50

045 -

0 45 =1 5 1040 125 150 1% 200



