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Figure 6.3 – Number of nodes with specific node degrees in the Facebook Page-Page dataset

This distribution of node degrees looks even more skewed, with a number of neighbors that ranges 
from 1 to 709. For the same reason, the Facebook Page-Page dataset is also a good case in which to 
apply a GCN.

We could build our own graph layer but, conveniently enough, PyTorch Geometric already has a 
predefined GCN layer. Let’s implement it on the Cora dataset first:

1. We import PyTorch and the GCN layer from PyTorch Geometric:

import torch

import torch.nn.functional as F

from torch_geometric.nn import GCNConv

2. We create a function to calculate the accuracy score:

def accuracy(pred_y, y):

    return ((pred_y == y).sum() / len(y)).item()
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3. We create a GCN class with a __init_() function that takes three parameters as input: the 
number of input dimensions, dim_in, the number of hidden dimensions, dim_h, and the 
number of output dimensions, dim_out:

class GCN(torch.nn.Module):

    """Graph Convolutional Network"""

    def __init__(self, dim_in, dim_h, dim_out):

        super().__init__()

        self.gcn1 = GCNConv(dim_in, dim_h)

        self.gcn2 = GCNConv(dim_h, dim_out)

4. The forward method is identical, and has two GCN layers. A log softmax function is 
applied to the result for classification:

    def forward(self, x, edge_index):

        h = self.gcn1(x, edge_index)

        h = torch.relu(h)

        h = self.gcn2(h, edge_index)

        return F.log_softmax(h, dim=1)

5. The fit() method is the same, with the exact same parameters for the Adam optimizer (a 
learning rate of 0.1 and L2 regularization of 0.0005):

    def fit(self, data, epochs):

        criterion = torch.nn.CrossEntropyLoss()

        optimizer = torch.optim.Adam(self.parameters(),

                                    lr=0.01,

                                    weight_decay=5e-4)

        self.train()

        for epoch in range(epochs+1):

            optimizer.zero_grad()

            out = self(data.x, data.edge_index)

            loss = criterion(out[data.train_mask], 
data.y[data.train_mask])

            acc = accuracy(out[data.train_mask].
argmax(dim=1), data.y[data.train_mask])

            loss.backward()

            optimizer.step()

            if(epoch % 20 == 0):

Creating a torch module
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Adjacency matrix (A)
As an edge list (2 x N matrix)
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Module in training mode

Reset gradient at each step
call forward

Mask to use only some 
nodes for training

train_mask = [True, True, True, False, False]
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                val_loss = criterion(out[data.val_mask], 
data.y[data.val_mask])

                val_acc = accuracy(out[data.val_mask].
argmax(dim=1), data.y[data.val_mask])

                print(f'Epoch {epoch:>3} | Train Loss: 
{loss:.3f} | Train Acc: {acc*100:>5.2f}% | Val Loss: 
{val_loss:.2f} | Val Acc: {val_acc*100:.2f}%')

6. We implement the same test() method:

    @torch.no_grad()

    def test(self, data):

        self.eval()

        out = self(data.x, data.edge_index)

        acc = accuracy(out.argmax(dim=1)[data.test_mask], 
data.y[data.test_mask])

        return acc

7. Let’s instantiate and train our model for 100 epochs:

gcn = GCN(dataset.num_features, 16, dataset.num_classes)

print(gcn)

gcn.fit(data, epochs=100)

8. Here is the output of the training:

GCN(

  (gcn1): GCNConv(1433, 16)

  (gcn2): GCNConv(16, 7)

)

Epoch   0 | Train Loss: 1.963 | Train Acc:  8.57% | Val 
Loss: 1.96 | Val Acc: 9.80%

Epoch  20 | Train Loss: 0.142 | Train Acc: 100.00% | Val 
Loss: 0.82 | Val Acc: 78.40%

Epoch  40 | Train Loss: 0.016 | Train Acc: 100.00% | Val 
Loss: 0.77 | Val Acc: 77.40%

Epoch  60 | Train Loss: 0.015 | Train Acc: 100.00% | Val 
Loss: 0.76 | Val Acc: 76.40%

Epoch  80 | Train Loss: 0.018 | Train Acc: 100.00% | Val 
Loss: 0.75 | Val Acc: 76.60%

Module in evaluation mode

No gradient computation in this function
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Let’s implement it step by step with PyTorch Geometric:

1. We define the GCN class and the __init__() function. This time, we have three GCNConv 
layers with a decreasing number of neurons. The idea behind this encoder architecture is to 
force the model to select the most relevant features to predict the target values. We also added 
a linear layer to output a prediction that is not limited to a number between 0 or -1 and 1:

class GCN(torch.nn.Module):

    def __init__(self, dim_in, dim_h, dim_out):

        super().__init__()

        self.gcn1 = GCNConv(dim_in, dim_h*4)

        self.gcn2 = GCNConv(dim_h*4, dim_h*2)

        self.gcn3 = GCNConv(dim_h*2, dim_h)

        self.linear = torch.nn.Linear(dim_h, dim_out)

2. The forward() method includes the new GCNConv and nn.Linear layers. There is no 
need for a log softmax function here since we’re not predicting a class:

def forward(self, x, edge_index):

    h = self.gcn1(x, edge_index)

    h = torch.relu(h)

    h = F.dropout(h, p=0.5, training=self.training)

    h = self.gcn2(h, edge_index)

    h = torch.relu(h)

    h = F.dropout(h, p=0.5, training=self.training)

    h = self.gcn3(h, edge_index)

    h = torch.relu(h)

    h = self.linear(h)

    return h

3. The main change in the fit() method is the F.mse_loss() function, which replaces the 
cross-entropy loss used in classification tasks. The Mean Squared Error (MSE) will be our main 
metric. It corresponds to the average of the squares of the errors and can be defined as follows:

=
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• Dropout: Implicit Regularization technique
‣ Lasso: explicit regularization
‣ Dropout: implicit

- We do not control how to penalize weights

• Principe: put a fraction  of input matrix elements to 0.
‣ Hide some information about some nodes

• It makes overfitting harder
‣ The NN cannot rely too much on one particular information piece

• training=self.training 
‣ We want to do it only during training

p
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VGAE

Predicting Links with Graph Neural Networks170

3. We create a transform object that normalizes input features, directly performs tensor 
device conversion, and randomly splits links. In this example, we have an 85/5/10 split. The 
add_negative_train_samples parameter is set to False because the model already 
performs negative sampling, so it is not needed in the dataset:

transform = T.Compose([

    T.NormalizeFeatures(),

    T.ToDevice(device),

    T.RandomLinkSplit(num_val=0.05, num_test=0.1, is_
undirected=True, split_labels=True, add_negative_train_
samples=False),

])

4. We load the Cora dataset with the previous transform object:

dataset = Planetoid('.', name='Cora', 
transform=transform)

5. The RandomLinkSplit produces a train/val/test split by design. We store these splits as follows:

train_data, val_data, test_data = dataset[0]

6. Now, let’s implement the encoder. First, we need to import GCNConv and VGAE:

from torch_geometric.nn import GCNConv, VGAE

7. We declare a new class. In this class, we want three GCN layers – a shared layer, a second layer 
to approximate mean values, Ɋ  , and a third layer to approximate variance values (in practice, 
the log standard deviation, log  ):

class Encoder(torch.nn.Module):

    def __init__(self, dim_in, dim_out):

        super().__init__()

        self.conv1 = GCNConv(dim_in, 2 * dim_out)

        self.conv_mu = GCNConv(2 * dim_out, dim_out)

        self.conv_logstd = GCNConv(2 * dim_out, dim_out)

    def forward(self, x, edge_index):

        x = self.conv1(x, edge_index).relu()

        return self.conv_mu(x, edge_index), self.conv_
logstd(x, edge_index)
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8. We can initialize our VGAE and give the encoder as input. By default, it will use the inner 
product as a decoder:

model = VGAE(Encoder(dataset.num_features, 16)).
to(device)

optimizer = torch.optim.Adam(model.parameters(), lr=0.01)

9. The train() function includes two important steps. First, the embedding matrix,  , is 
computed using model.encode(); the name might be counter-intuitive, but this function 
does sample embeddings from the learned distributions. Then, the ELBO loss is computed 
with model.recon_loss() (binary cross-entropy loss) and model.kl_loss() (KL 
divergence). The decoder is implicitly called to calculate the cross-entropy loss:

def train():

    model.train()

    optimizer.zero_grad()

    z = model.encode(train_data.x, train_data.edge_index)

    loss = model.recon_loss(z, train_data.pos_edge_label_
index) + (1 / train_data.num_nodes) * model.kl_loss()

    loss.backward()

    optimizer.step()

    return float(loss)

10. The test() function simply calls the VGAE's dedicated method:

@torch.no_grad()

def test(data):

    model.eval()

    z = model.encode(data.x, data.edge_index)

    return model.test(z, data.pos_edge_label_index, data.
neg_edge_label_index)

11. We train this model for 301 epochs and print the two built-in metrics – the AUC and the AP:

for epoch in range(301):

    loss = train()

    val_auc, val_ap = test(val_data)

    if epoch % 50 == 0:

        print(f'Epoch {epoch:>2} | Loss: {loss:.4f} | Val 
AUC: {val_auc:.4f} | Val AP: {val_ap:.4f}')

VGAE reconstruct the graph using the dot product of embeddings.
Any encoder can be used to obtain the embeddings.

Remember: end-to-end, all weights trained simultaneously!
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3. We create a transform object that normalizes input features, directly performs tensor 
device conversion, and randomly splits links. In this example, we have an 85/5/10 split. The 
add_negative_train_samples parameter is set to False because the model already 
performs negative sampling, so it is not needed in the dataset:

transform = T.Compose([

    T.NormalizeFeatures(),

    T.ToDevice(device),

    T.RandomLinkSplit(num_val=0.05, num_test=0.1, is_
undirected=True, split_labels=True, add_negative_train_
samples=False),

])

4. We load the Cora dataset with the previous transform object:

dataset = Planetoid('.', name='Cora', 
transform=transform)

5. The RandomLinkSplit produces a train/val/test split by design. We store these splits as follows:

train_data, val_data, test_data = dataset[0]

6. Now, let’s implement the encoder. First, we need to import GCNConv and VGAE:

from torch_geometric.nn import GCNConv, VGAE

7. We declare a new class. In this class, we want three GCN layers – a shared layer, a second layer 
to approximate mean values, Ɋ  , and a third layer to approximate variance values (in practice, 
the log standard deviation, log  ):

class Encoder(torch.nn.Module):

    def __init__(self, dim_in, dim_out):

        super().__init__()

        self.conv1 = GCNConv(dim_in, 2 * dim_out)

        self.conv_mu = GCNConv(2 * dim_out, dim_out)

        self.conv_logstd = GCNConv(2 * dim_out, dim_out)

    def forward(self, x, edge_index):

        x = self.conv1(x, edge_index).relu()

        return self.conv_mu(x, edge_index), self.conv_
logstd(x, edge_index)

Our encoder compute and returns 2 objects: centroids and variance
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8. We can initialize our VGAE and give the encoder as input. By default, it will use the inner 
product as a decoder:

model = VGAE(Encoder(dataset.num_features, 16)).
to(device)

optimizer = torch.optim.Adam(model.parameters(), lr=0.01)

9. The train() function includes two important steps. First, the embedding matrix,  , is 
computed using model.encode(); the name might be counter-intuitive, but this function 
does sample embeddings from the learned distributions. Then, the ELBO loss is computed 
with model.recon_loss() (binary cross-entropy loss) and model.kl_loss() (KL 
divergence). The decoder is implicitly called to calculate the cross-entropy loss:

def train():

    model.train()

    optimizer.zero_grad()

    z = model.encode(train_data.x, train_data.edge_index)

    loss = model.recon_loss(z, train_data.pos_edge_label_
index) + (1 / train_data.num_nodes) * model.kl_loss()

    loss.backward()

    optimizer.step()

    return float(loss)

10. The test() function simply calls the VGAE's dedicated method:

@torch.no_grad()

def test(data):

    model.eval()

    z = model.encode(data.x, data.edge_index)

    return model.test(z, data.pos_edge_label_index, data.
neg_edge_label_index)

11. We train this model for 301 epochs and print the two built-in metrics – the AUC and the AP:

for epoch in range(301):

    loss = train()

    val_auc, val_ap = test(val_data)

    if epoch % 50 == 0:

        print(f'Epoch {epoch:>2} | Loss: {loss:.4f} | Val 
AUC: {val_auc:.4f} | Val AP: {val_ap:.4f}')

VGAE traditionnally use a combination of 2 loss: 
-recon_loss: binary cross entropy

-KL divergence between  parameters and priors
=>priors are that centers are at 0 and variance=1, tend to force to 

concentrate in the center


