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import os

os.environ["DGLBACKEND"] = "pytorch"

from functools import partial



import dgl

import dgl.function as fn
import torch

import torch.nn as nn

import torch.nn.functional as F

from dgl import DGLGraph

# INEEEYE

dataset = dgl.data.rdf.AIFBDataset()

g = dataset[0]

category = dataset.predict_category

train_mask = g.nodes[category].data.pop("train_mask")
test_mask = g.nodes[category].data.pop("test_mask")

train_idx = torch.nonzero(train_mask, as_tuple=False).squeeze()

test_idx = torch.nonzero(test_mask, as_tuple=False).squeeze()
labels = g.nodes[category].data.pop("label")
num_rels = len(g.canonical_etypes)
num_classes = dataset.num_classes
# A—tEF
for cetype in g.canonical_etypes:
g.edges[cetype].data["norm"] = dgl.norm_by_dst(g, cetype).un

category_id = g.ntypes.index(category)

TE M R-GCN 1&EHI

# EX R-GCN B
class RGCNLayer(nn.Module) :
def __init__(

self,
in_feat,
out_feat,
num_rels,
num_bases=-1,
bias=None,
activation=None,

is_input_layer=False,

super (RGCNLayer, self).__init__()
self.in_feat = in_feat

self.out_feat out_feat

num_rels

self.num_rels



self.num_bases = num_bases
self.bias = bias
self.activation = activation

self.is_input_layer = is_input_layer

# sanity check
if self.num_bases <= 0 or self.num_bases > self.num_rels
self.num_bases = self.num_rels
# weight bases in equation (3)
self.weight = nn.Parameter(
torch.Tensor(self.num_bases, self.in_feat, self.out_
)
if self.num_bases < self.num_rels:
# linear combination coefficients in equation (3)
self.w_comp = nn.Parameter(
torch.Tensor(self.num_rels, self.num_bases)
)
# add bias
if self.bias:
self.bias = nn.Parameter(torch.Tensor(out_feat))
# init trainable parameters
nn.init.xavier_uniform_(
self.weight, gain=nn.init.calculate_gain("relu")
)
if self.num_bases < self.num_rels:
nn.init.xavier_uniform_(
self.w_comp, gain=nn.init.calculate_gain("relu")
)
if self.bias:
nn.init.xavier_uniform_(

self.bias, gain=nn.init.calculate_gain("relu")

def forward(self, g):
if self.num_bases < self.num_rels:
# generate all weights from bases (equation (3))
weight = self.weight.view(
self.in_feat, self.num_bases, self.out_feat
)
weight = torch.matmul(self.w_comp, weight).view(

self.num_rels, self.in_feat, self.out_feat

else:



weight = self.weight

if self.is_input_layer:

def message_func(edges):

# for input layer, matrix multiply can be conver

# an embedding lookup using source node id

embed

index

weight.view(-1, self.out_feat)

edges.data[dgl.ETYPE] * self.in_feat + e

return {"msg": embed[index] * edges.data["norm"]

else:

def message_func(edges):

w = weight[edges.data[dgl.ETYPE]]

msg = torch.bmm(edges.src["h"].unsqueeze(1), w).

msg = msg * edges.data["norm"]

return {"msg": msg}

def apply_func(nodes):
h = nodes.data["h"]
if self.bias:
h = h + self.bias
if self.activation:
h = self.activation(h)

return {"h": h}

g.update_all(message_func, fn.sum(msg="msg", out="h"), a

# ENX5TEM R-GCN 1REY
class Model(nn.Module):
def __init__(
self,
num_nodes,
h_dim,
out_dim,
num_rels,
num_bases=-1,

num_hidden_layers=1,

super (Model, self).__init__()
self.num_nodes = num_nodes
self.h_dim = h_dim

self.out_dim = out_dim



self.num_rels = num_rels
self.num_bases = num_bases

self.num_hidden_layers = num_hidden_layers

# create rgcn layers
self.build_model()

# create initial features

self.features = self.create_features()

def build_model(self):

self.layers = nn.ModulelList()

# input to hidden

i2h = self.build_input_layer()

self.layers.append(i2h)

# hidden to hidden

for _ in range(self.num_hidden_layers):
h2h = self.build_hidden_layer()
self.layers.append(h2h)

# hidden to output

h2o = self.build_output_layer()

self.layers.append(h20)

# initialize feature for each node
def create_features(self):
features = torch.arange(self.num_nodes)

return features

def build_input_layer(self):
return RGCNLayer (
self.num_nodes,
self.h_dim,
self.num_rels,
self.num_bases,
activation=F.relu,

is_input_layer=True,

def build_hidden_layer(self):
return RGCNLayer (
self.h_dim,
self.h_dim,

self.num_rels,



def

def

self.num_bases,

activation=F.relu,

build_output_layer(self):

return RGCNLayer (
self.h_dim,
self.out_dim,
self.num_rels,

self.num_bases,

activation=partial(F.softmax, dim=1),

forward(self, g):

if self.features is not None:

g.ndata["id"] = self.features

for layer in self.layers:

layer(g)
return g.ndata.pop("h")

BB 8 LI RE,

# EEESH

n_hidden = 16 # number of
n_bases = -1 # use number
n_hidden_layers = 0 # use
n_epochs = 25 # epochs to

lr = 8.01 # learning rate

hidden units

of relations as number of bases

1 input layer,

train

12norm = 8 # L2 norm coefficient

# BIZEE

g = dgl.to_homogeneous(g, edata=["norm"])

node_ids = torch.arange(g.num_nodes())

1 output layer,

target_idx = node_ids[g.ndata[dgl.NTYPE] == category_id]

# RIERE

model = Model(
g.num_nodes(),
n_hidden,
num_classes,

num_rels,

no hid



num_bases=n_bases,

num_hidden_layers=n_hidden_layers,

# REMLE

optimizer = torch.optim.Adam(model.parameters(), lr=1r, weight_d

il

5

print("start training...")
model.train()
for epoch in range(n_epochs):

optimizer.zero_grad()

logits = model.forward(g)

logits = logits[target_idx]
loss = F.cross_entropy(logits[train_idx], labels[train_idx])

loss.backward()
optimizer.step()
train_acc = torch.sum(logits[train_idx].argmax(dim=1) == lab

train_acc = train_acc.item() / len(train_idx)

val_loss = F.cross_entropy(logits[test_idx], labels[test_idx

val_acc = torch.sum(logits[test_idx].argmax(dim=1) == labels

val_acc = val_acc.item() / len(test_idx)

print(
"Epoch {:85d} | ".format(epoch)
+ "Train Accuracy: {:.4f} | Train Loss: {:.4f} | ".forma
train_acc, loss.item()
)

+ "Validation Accuracy: {:.4f} | Validation loss: {:.4f}

val_acc, val_loss.item()

start training...
Epoch 00060 | Train Accuracy: 0.2857 | Train Loss: 1.3860 | Vali
Epoch 00061 | Train Accuracy: 0.8857 | Train Loss: 1.3559 | Vali



Epoch 00024 | Train Accuracy: 0.9786 | Train Loss: 0.7847 | Vali

FEIRIEXH R-GCN # N AT AR EE 2 B AV PN LA D £ESS, IR
SEXZEFRME - DL (BALRIIEREXE) # thiviyanT/torch-rgen: A

PyTorch implementation of the Relational Graph Convolutional Network (RGCN),
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