

    
      
          
            
  



Paddle Graph Learning (PGL)

Paddle Graph Learning (PGL) is an efficient and flexible graph learning framework based on PaddlePaddle [https://github.com/PaddlePaddle/Paddle].
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Paddle Graph Learning (PGL)

Paddle Graph Learning (PGL) is an efficient and flexible graph learning framework based on PaddlePaddle [https://github.com/PaddlePaddle/Paddle].





  
    
    Quick Start Instructions
    

    
 
  

    
      
          
            
  
Quick Start Instructions


Install PGL

To install Paddle Graph Learning, we need the following packages.

paddlepaddle >= 1.6
cython





We can simply install pgl by pip.

pip install pgl








Step 1: using PGL to create a graph

Suppose we have a graph with 10 nodes and 14 edges as shown in the following figure:

[image: A simple graph]
Our purpose is to train a graph neural network to classify yellow and green nodes. So we can create this graph in such way:

import pgl
from pgl import graph  # import pgl module
import numpy as np

def build_graph():
    # define the number of nodes; we can use number to represent every node
    num_node = 10
    # add edges, we represent all edges as a list of tuple (src, dst)
    edge_list = [(2, 0), (2, 1), (3, 1),(4, 0), (5, 0),
             (6, 0), (6, 4), (6, 5), (7, 0), (7, 1),
             (7, 2), (7, 3), (8, 0), (9, 7)]

    # Each node can be represented by a d-dimensional feature vector, here for simple, the feature vectors are randomly generated.
    d = 16
    feature = np.random.randn(num_node, d).astype("float32")
    # each edge has it own weight
    edge_feature = np.random.randn(len(edge_list), 1).astype("float32")

    # create a graph
    g = graph.Graph(num_nodes = num_node,
                    edges = edge_list,
                    node_feat = {'feature':feature},
                    edge_feat ={'edge_feature': edge_feature})

    return g

# create a graph object for saving graph data
g = build_graph()





After creating a graph in PGL, we can print out some information in the graph.

print('There are %d nodes in the graph.'%g.num_nodes)
print('There are %d edges in the graph.'%g.num_edges)

# Out:
# There are 10 nodes in the graph.
# There are 14 edges in the graph.





Currently our PGL is developed based on static computational mode of paddle (we’ll support dynamic computational model later). We need to build model upon a virtual data holder. GraphWrapper provide a virtual graph structure that users can build deep learning models based on this virtual graph. And then feed real graph data to run the models.

import paddle.fluid as fluid

use_cuda = False
place = fluid.CUDAPlace(0) if use_cuda else fluid.CPUPlace()

# use GraphWrapper as a container for graph data to construct a graph neural network
gw = pgl.graph_wrapper.GraphWrapper(name='graph',
                        node_feat=g.node_feat_info(),
                        edge_feat=g.edge_feat_info())








Step 2: create a simple Graph Convolutional Network(GCN)

In this tutorial, we use a simple Graph Convolutional Network(GCN) developed by Kipf and Welling [https://arxiv.org/abs/1609.02907] to perform node classification. Here we use the simplest GCN structure. If readers want to know more about GCN, you can refer to the original paper.


	In layer \(l\)，each node \(u_i^l\) has a feature vector \(h_i^l\);


	In every layer,  the idea of GCN is that the feature vector \(h_i^{l+1}\) of each node \(u_i^{l+1}\) in the next layer are obtained by weighting the feature vectors of all the neighboring nodes and then go through a non-linear transformation.




In PGL, we can easily implement a GCN layer as follows:

# define GCN layer function
def gcn_layer(gw, nfeat, efeat, hidden_size, name, activation):
    # gw is a GraphWrapper；feature is the feature vectors of nodes

    # define message function
    def send_func(src_feat, dst_feat, edge_feat):
        # In this tutorial, we return the feature vector of the source node as message
        return src_feat['h'] * edge_feat['e']

    # define reduce function
    def recv_func(feat):
        # we sum the feature vector of the source node
        return fluid.layers.sequence_pool(feat, pool_type='sum')

    # trigger message to passing
    msg = gw.send(send_func, nfeat_list=[('h', nfeat)], efeat_list=[('e', efeat)])
    # recv funciton receives message and trigger reduce funcition to handle message
    output = gw.recv(msg, recv_func)
    output = fluid.layers.fc(output,
                    size=hidden_size,
                    bias_attr=False,
                    act=activation,
                    name=name)
    return output





After defining the GCN layer, we can construct a deeper GCN model with two GCN layers.

output = gcn_layer(gw, gw.node_feat['feature'], gw.edge_feat['edge_feature'],
                hidden_size=8, name='gcn_layer_1', activation='relu')
output = gcn_layer(gw, output, gw.edge_feat['edge_feature'],
                hidden_size=1, name='gcn_layer_2', activation=None)








Step 3:  data preprocessing

Since we implement a node binary classifier, we can use 0 and 1 to represent two classes respectively.

y = [0,1,1,1,0,0,0,1,0,1]
label = np.array(y, dtype="float32")
label = np.expand_dims(label, -1)








Step 4:  training program

The training process of GCN is the same as that of other paddle-based models.


	First we create a loss function.


	Then we create a optimizer.


	Finally, we create a executor and train the model.




# create a label layer as a container
node_label = fluid.layers.data("node_label", shape=[None, 1],
            dtype="float32", append_batch_size=False)

# using cross-entropy with sigmoid layer as the loss function
loss = fluid.layers.sigmoid_cross_entropy_with_logits(x=output, label=node_label)

# calculate the mean loss
loss = fluid.layers.mean(loss)

# choose the Adam optimizer and set the learning rate to be 0.01
adam = fluid.optimizer.Adam(learning_rate=0.01)
adam.minimize(loss)

# create the executor
exe = fluid.Executor(place)
exe.run(fluid.default_startup_program())
feed_dict = gw.to_feed(g) # gets graph data

for epoch in range(30):
    feed_dict['node_label'] = label

    train_loss = exe.run(fluid.default_main_program(),
        feed=feed_dict,
        fetch_list=[loss],
        return_numpy=True)
    print('Epoch %d | Loss: %f'%(epoch, train_loss[0]))
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Quick Start with Heterogenous Graph


Install PGL

To install Paddle Graph Learning, we need the following packages.

paddlepaddle >= 1.6
cython





We can simply install pgl by pip.

pip install pgl








Introduction

In real world, there exists many graphs contain multiple types of nodes and edges, which we call them Heterogeneous Graphs. Obviously, heterogenous graphs are more complex than homogeneous graphs.

To deal with such heterogeneous graphs, PGL develops a graph framework to support graph neural network computations and meta-path-based sampling on heterogenous graph.

The goal of this tutorial:


	example of heterogenous graph data;


	Understand how PGL supports computations in heterogenous graph;


	Using PGL to implement a simple heterogenous graph neural network model to classfiy a particular type of node in a heterogenous graph network.







Example of heterogenous graph

There are a lot of graph data that consists of edges and nodes of multiple types. For example, e-commerce network is very common heterogenous graph in real world. It contains at least two types of nodes (user and item) and two types of edges (buy and click).

The following figure depicts several users click or buy some items. This graph has two types of nodes corresponding to “user” and “item”. It also contain two types of edge “buy” and “click”.

[image: A simple heterogenous e-commerce graph]



Creating a heterogenous graph with PGL

In heterogenous graph, there exists multiple edges, so we should distinguish them. In PGL, the edges are built in below format:

edges = {
    'click': [(0, 4), (0, 7), (1, 6), (2, 5), (3, 6)],
    'buy': [(0, 5), (1, 4), (1, 6), (2, 7), (3, 5)],
        }





In heterogenous graph, nodes are also of different types. Therefore, you need to mark the type of each node, the format of the node type is as follows:

node_types = [(0, 'user'), (1, 'user'), (2, 'user'), (3, 'user'), (4, 'item'),
             (5, 'item'),(6, 'item'), (7, 'item')]





Because of the different types of edges, edge features also need to be separated by different types.

import numpy as np

num_nodes = len(node_types)

node_features = {'features': np.random.randn(num_nodes, 8).astype("float32")}

edge_num_list = []
for edge_type in edges:
    edge_num_list.append(len(edges[edge_type]))

edge_features = {
    'click': {'h': np.random.randn(edge_num_list[0], 4)},
    'buy': {'h':np.random.randn(edge_num_list[1], 4)},
}





Now, we can build a heterogenous graph by using PGL.

import paddle.fluid as fluid
import paddle.fluid.layers as fl
import pgl
from pgl import heter_graph
from pgl import heter_graph_wrapper

g = heter_graph.HeterGraph(num_nodes=num_nodes,
                            edges=edges,
                            node_types=node_types,
                            node_feat=node_features,
                            edge_feat=edge_features)





In PGL, we need to use graph_wrapper as a container for graph data, so here we need to create a graph_wrapper for each type of edge graph.

place = fluid.CPUPlace()

# create a GraphWrapper as a container for graph data
gw = heter_graph_wrapper.HeterGraphWrapper(name='heter_graph',
                                    edge_types = g.edge_types_info(),
                                    node_feat=g.node_feat_info(),
                                    edge_feat=g.edge_feat_info())








MessagePassing

After building the heterogeneous graph, we can easily carry out the message passing mode. In this case, we have two different types of edges, so we can write a function in such way:

def message_passing(gw, edge_types, features, name=''):
    def __message(src_feat, dst_feat, edge_feat):
        return src_feat['h']
    def __reduce(feat):
        return fluid.layers.sequence_pool(feat, pool_type='sum')

    assert len(edge_types) == len(features)
    output = []
    for i in range(len(edge_types)):
        msg = gw[edge_types[i]].send(__message, nfeat_list=[('h', features[i])])
        out = gw[edge_types[i]].recv(msg, __reduce)
        output.append(out)
    # list of matrix
    return output





edge_types = ['click', 'buy']
features = []
for edge_type in edge_types:
    features.append(gw[edge_type].node_feat['features'])
output = message_passing(gw, edge_types, features)

output = fl.concat(input=output, axis=1)

output = fluid.layers.fc(output, size=4, bias_attr=False, act='relu', name='fc1')
logits = fluid.layers.fc(output, size=1, bias_attr=False, act=None, name='fc2')








data preprocessing

In this case, we implement a simple node classifier, we can use 0,1 to represent two classes.

y = [0,1,0,1,0,1,1,0]
label = np.array(y, dtype="float32").reshape(-1,1)








Setting up the training program

The training process of the heterogeneous graph node classification model is the same as the training of other paddlepaddle-based models.


	First we build the loss function;


	Second, creating a optimizer;


	Finally, creating a executor and execute the training program.




node_label = fluid.layers.data("node_label", shape=[None, 1], dtype="float32", append_batch_size=False)


loss = fluid.layers.sigmoid_cross_entropy_with_logits(x=logits, label=node_label)

loss = fluid.layers.mean(loss)


adam = fluid.optimizer.Adam(learning_rate=0.01)
adam.minimize(loss)


exe = fluid.Executor(place)
exe.run(fluid.default_startup_program())
feed_dict = gw.to_feed(g)

for epoch in range(30):
    feed_dict['node_label'] = label

    train_loss = exe.run(fluid.default_main_program(), feed=feed_dict, fetch_list=[loss], return_numpy=True)
    print('Epoch %d | Loss: %f'%(epoch, train_loss[0]))
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GCN: Graph Convolutional Networks

Graph Convolutional Network (GCN) [https://arxiv.org/abs/1609.02907] is a powerful neural network designed for machine learning on graphs. Based on PGL, we reproduce GCN algorithms and reach the same level of indicators as the paper in citation network benchmarks.


Simple example to build GCN

To build a gcn layer, one can use our pre-defined pgl.layers.gcn or just write a gcn layer with message passing interface.

import paddle.fluid as fluid
def gcn_layer(graph_wrapper, node_feature, hidden_size, act):
    def send_func(src_feat, dst_feat, edge_feat):
        return src_feat["h"]

    def recv_func(msg):
        return fluid.layers.sequence_pool(msg, "sum")

    message = graph_wrapper.send(send_func, nfeat_list=[("h", node_feature)])
    output = graph_wrapper.recv(recv_func, message)
    output = fluid.layers.fc(output, size=hidden_size, act=act)
    return output








Datasets

The datasets contain three citation networks: CORA, PUBMED, CITESEER. The details for these three datasets can be found in the paper [https://arxiv.org/abs/1609.02907].




Dependencies


	paddlepaddle>=1.6


	pgl







Performance

We train our models for 200 epochs and report the accuracy on the test dataset.







	Dataset

	Accuracy





	Cora

	~81%



	Pubmed

	~79%



	Citeseer

	~71%









How to run

For examples, use gpu to train gcn on cora dataset.

python train.py --dataset cora --use_cuda






Hyperparameters


	dataset: The citation dataset “cora”, “citeseer”, “pubmed”.


	use_cuda: Use gpu if assign use_cuda.
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GAT: Graph Attention Networks

Graph Attention Networks (GAT) [https://arxiv.org/abs/1710.10903] is a novel architectures that operate on graph-structured data, which leverages masked self-attentional layers to address the shortcomings of prior methods based on graph convolutions or their approximations. Based on PGL, we reproduce GAT algorithms and reach the same level of indicators as the paper in citation network benchmarks.


Simple example to build single head GAT

To build a gat layer,  one can use our pre-defined pgl.layers.gat or just write a gat layer with message passing interface.

import paddle.fluid as fluid
def gat_layer(graph_wrapper, node_feature, hidden_size):
    def send_func(src_feat, dst_feat, edge_feat):
        logits = src_feat["a1"] + dst_feat["a2"]
        logits = fluid.layers.leaky_relu(logits, alpha=0.2)
        return {"logits": logits, "h": src_feat }

    def recv_func(msg):
        norm = fluid.layers.sequence_softmax(msg["logits"])
        output = msg["h"] * norm
        return output

    h = fluid.layers.fc(node_feature, hidden_size, bias_attr=False, name="hidden")
    a1 = fluid.layers.fc(node_feature, 1, name="a1_weight")
    a2 = fluid.layers.fc(node_feature, 1, name="a2_weight")
    message = graph_wrapper.send(send_func,
            nfeat_list=[("h", h), ("a1", a1), ("a2", a2)])
    output = graph_wrapper.recv(recv_func, message)
    return output








Datasets

The datasets contain three citation networks: CORA, PUBMED, CITESEER. The details for these three datasets can be found in the paper [https://arxiv.org/abs/1609.02907].




Dependencies


	paddlepaddle>=1.6


	pgl







Performance

We train our models for 200 epochs and report the accuracy on the test dataset.







	Dataset

	Accuracy





	Cora

	~83%



	Pubmed

	~78%



	Citeseer

	~70%









How to run

For examples, use gpu to train gat on cora dataset.

python train.py --dataset cora --use_cuda






Hyperparameters


	dataset: The citation dataset “cora”, “citeseer”, “pubmed”.


	use_cuda: Use gpu if assign use_cuda.
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Using StaticGraphWrapper for Speed Optimization



	PGL Examples for GCN with StaticGraphWrapper

	PGL Examples for GAT with StaticGraphWrapper
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PGL Examples for GCN with StaticGraphWrapper

Graph Convolutional Network (GCN) [https://arxiv.org/abs/1609.02907] is a powerful neural network designed for machine learning on graphs. Based on PGL, we reproduce GCN algorithms and reach the same level of indicators as the paper in citation network benchmarks.

However, different from the reproduction in examples/gcn, we use pgl.graph_wrapper.StaticGraphWrapper to preload the graph data into gpu or cpu memories which achieves better performance on speed.


Datasets

The datasets contain three citation networks: CORA, PUBMED, CITESEER. The details for these three datasets can be found in the paper [https://arxiv.org/abs/1609.02907].




Dependencies


	paddlepaddle>=1.6


	pgl







Performance

We train our models for 200 epochs and report the accuracy on the test dataset.










	Dataset

	Accuracy

	epoch time

	examples/gcn

	Improvement





	Cora

	~81%

	0.0047s

	0.0104s

	2.21x



	Pubmed

	~79%

	0.0049s

	0.0154s

	3.14x



	Citeseer

	~71%

	0.0045s

	0.0177s

	3.93x









How to run

For examples, use gpu to train gcn on cora dataset.

python train.py --dataset cora --use_cuda






Hyperparameters


	dataset: The citation dataset “cora”, “citeseer”, “pubmed”.


	use_cuda: Use gpu if assign use_cuda.
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PGL Examples for GAT with StaticGraphWrapper

Graph Attention Networks (GAT) [https://arxiv.org/abs/1710.10903] is a novel architectures that operate on graph-structured data, which leverages masked self-attentional layers to address the shortcomings of prior methods based on graph convolutions or their approximations. Based on PGL, we reproduce GAT algorithms and reach the same level of indicators as the paper in citation network benchmarks.

However, different from the reproduction in examples/gat, we use pgl.graph_wrapper.StaticGraphWrapper to preload the graph data into gpu or cpu memories which achieves better performance on speed.


Datasets

The datasets contain three citation networks: CORA, PUBMED, CITESEER. The details for these three datasets can be found in the paper [https://arxiv.org/abs/1609.02907].




Dependencies


	paddlepaddle>=1.6


	pgl







Performance

We train our models for 200 epochs and report the accuracy on the test dataset.










	Dataset

	Accuracy

	epoch time

	examples/gat

	Improvement





	Cora

	~83%

	0.0119s

	0.0175s

	1.47x



	Pubmed

	~78%

	0.0193s

	0.0295s

	1.53x



	Citeseer

	~70%

	0.0124s

	0.0253s

	2.04x









How to run

For examples, use gpu to train gat on cora dataset.

python train.py --dataset cora --use_cuda






Hyperparameters


	dataset: The citation dataset “cora”, “citeseer”, “pubmed”.


	use_cuda: Use gpu if assign use_cuda.
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node2vec: Scalable Feature Learning for Networks

Node2vec [https://cs.stanford.edu/~jure/pubs/node2vec-kdd16.pdf] is an algorithmic framework for representational learning on graphs. Given any graph, it can learn continuous feature representations for the nodes, which can then be used for various downstream machine learning tasks. Based on PGL, we reproduce node2vec algorithms and reach the same level of indicators as the paper.


Datasets

The datasets contain two networks: BlogCatalog [http://socialcomputing.asu.edu/datasets/BlogCatalog3] and Arxiv [http://snap.stanford.edu/data/ca-AstroPh.html].




Dependencies


	paddlepaddle>=1.4


	pgl







How to run

For examples, use gpu to train gcn on cora dataset.

# multiclass task example
python node2vec.py --use_cuda --dataset BlogCatalog --save_path ./tmp/node2vec_BlogCatalog/ --offline_learning --epoch 400

python multi_class.py --use_cuda --ckpt_path ./tmp/node2vec_BlogCatalog/paddle_model --epoch 1000

# link prediction task example
python node2vec.py --use_cuda --dataset ArXiv --save_path
./tmp/node2vec_ArXiv --offline_learning --epoch 10

python link_predict.py --use_cuda --ckpt_path ./tmp/node2vec_ArXiv/paddle_model --epoch 400








Hyperparameters


	dataset: The citation dataset “BlogCatalog” and “ArXiv”.


	use_cuda: Use gpu if assign use_cuda.





Experiment results











	Dataset

	model

	Task

	Metric

	PGL Result

	Reported Result





	BlogCatalog

	deepwalk

	multi-label classification

	MacroF1

	0.250

	0.211



	BlogCatalog

	node2vec

	multi-label classification

	MacroF1

	0.262

	0.258



	ArXiv

	deepwalk

	link prediction

	AUC

	0.9538

	0.9340



	ArXiv

	node2vec

	link prediction

	AUC

	0.9541

	0.9366
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GraphSAGE: Inductive Representation Learning on Large Graphs

GraphSAGE [https://cs.stanford.edu/people/jure/pubs/graphsage-nips17.pdf] is a general inductive framework that leverages node feature
information (e.g., text attributes) to efficiently generate node embeddings for previously unseen data. Instead of training individual embeddings for each node, GraphSAGE learns a function that generates embeddings by sampling and aggregating features from a node’s local neighborhood. Based on PGL, we reproduce GraphSAGE algorithm and reach the same level of indicators as the paper in Reddit Dataset. Besides, this is an example of subgraph sampling and training in PGL.


Datasets

The reddit dataset should be downloaded from the following links and placed in directory ./data. The details for Reddit Dataset can be found here [https://cs.stanford.edu/people/jure/pubs/graphsage-nips17.pdf].


	reddit.npz https://drive.google.com/open?id=19SphVl_Oe8SJ1r87Hr5a6znx3nJu1F2J


	reddit_adj.npz: https://drive.google.com/open?id=174vb0Ws7Vxk_QTUtxqTgDHSQ4El4qDHt







Dependencies


	paddlepaddle>=1.6


	pgl







How to run

To train a GraphSAGE model on Reddit Dataset, you can just run

python train.py --use_cuda --epoch 10 --graphsage_type graphsage_mean --normalize --symmetry





If you want to train a GraphSAGE model with multiple GPUs, you can just run

CUDA_VISIBLE_DEVICES=0,1 python train_multi.py --use_cuda --epoch 10 --graphsage_type graphsage_mean --normalize --symmetry  --num_trainer 2






Hyperparameters


	epoch: Number of epochs default (10)


	use_cuda: Use gpu if assign use_cuda.


	graphsage_type: We support 4 aggregator types including “graphsage_mean”, “graphsage_maxpool”, “graphsage_meanpool” and “graphsage_lstm”.


	normalize: Normalize the input feature if assign normalize.


	sample_workers: The number of workers for multiprocessing subgraph sample.


	lr: Learning rate.


	symmetry: Make the edges symmetric if assign symmetry.


	batch_size: Batch size.


	samples_1: The max neighbors for the first hop neighbor sampling. (default: 25)


	samples_2: The max neighbors for the second hop neighbor sampling. (default: 10)


	hidden_size: The hidden size of the GraphSAGE models.









Performance

We train our models for 200 epochs and report the accuracy on the test dataset.








	Aggregator

	Accuracy

	Reported in paper





	Mean

	95.70%

	95.0%



	Meanpool

	95.60%

	94.8%



	Maxpool

	94.95%

	94.8%



	LSTM

	95.13%

	95.4%
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DGI: Deep Graph Infomax

Deep Graph Infomax (DGI) [https://arxiv.org/abs/1809.10341] is a general approach for learning node representations within graph-structured data in an unsupervised manner. DGI relies on maximizing mutual information between patch representations and corresponding high-level summaries of graphs—both derived using established graph convolutional network architectures.


Datasets

The datasets contain three citation networks: CORA, PUBMED, CITESEER. The details for these three datasets can be found in the paper [https://arxiv.org/abs/1609.02907].




Dependencies


	paddlepaddle>=1.6


	pgl







Performance

We use DGI to pretrain embeddings for each nodes. Then we fix the embedding to train a node classifier.







	Dataset

	Accuracy





	Cora

	~81%



	Pubmed

	~77.6%



	Citeseer

	~71.3%









How to run

For examples, use gpu to train gcn on cora dataset.

python dgi.py --dataset cora --use_cuda
python train.py --dataset cora --use_cuda






Hyperparameters


	dataset: The citation dataset “cora”, “citeseer”, “pubmed”.


	use_cuda: Use gpu if assign use_cuda.
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Distributed Deepwalk in PGL

Deepwalk [https://arxiv.org/pdf/1403.6652.pdf] is an algorithmic framework for representational learning on graphs. Given any graph, it can learn continuous feature representations for the nodes, which can then be used for various downstream machine learning tasks. Based on PGL, we reproduce distributed deepwalk algorithms and reach the same level of indicators as the paper.


Datasets

The datasets contain two networks: BlogCatalog [http://socialcomputing.asu.edu/datasets/BlogCatalog3].




Dependencies


	paddlepaddle>=1.6


	pgl>=1.0







How to run

We adopt PaddlePaddle Fleet [https://github.com/PaddlePaddle/Fleet] as our distributed training frameworks pgl_deepwalk.cfg is config file for deepwalk hyperparameter and local_config is a config file for parameter servers. By default, we have 2 pservers and 2 trainers. We can use paddle.distributed.launch_ps to help you startup the parameter servers and model trainers.

For examples, train deepwalk in distributed mode on BlogCataLog dataset.

# train deepwalk in distributed mode.
python3 -m paddle.distributed.launch_ps --worker_num 2 --server_num 2 cluster_train.py

# multiclass task example
python3 multi_class.py --use_cuda --ckpt_path ./model_path/4029 --epoch 1000








Hyperparameters


	dataset: The citation dataset “BlogCatalog”.


	hidden_size: Hidden size of the embedding.


	lr: Learning rate.


	neg_num: Number of negative samples.


	epoch: Number of training epoch.





Experiment results











	Dataset

	model

	Task

	Metric

	PGL Result

	Reported Result





	BlogCatalog

	distributed deepwalk

	multi-label classification

	MacroF1

	0.233

	0.211
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Distribute GraphSAGE in PGL

GraphSAGE [https://cs.stanford.edu/people/jure/pubs/graphsage-nips17.pdf] is a general inductive framework that leverages node feature
information (e.g., text attributes) to efficiently generate node embeddings for previously unseen data. Instead of training individual embeddings for each node, GraphSAGE learns a function that generates embeddings by sampling and aggregating features from a node’s local neighborhood. Based on PGL, we reproduce GraphSAGE algorithm and reach the same level of indicators as the paper in Reddit Dataset. Besides, this is an example of subgraph sampling and training in PGL.

For purpose of high scalability, we use redis as distribute graph storage solution and training graphsage against redis server.


Datasets(Quickstart)

The reddit dataset should be downloaded from reddit_adj.npz [https://drive.google.com/open?id=174vb0Ws7Vxk_QTUtxqTgDHSQ4El4qDHt] and reddit.npz [https://drive.google.com/open?id=19SphVl_Oe8SJ1r87Hr5a6znx3nJu1F2J]. The details for Reddit Dataset can be found here [https://cs.stanford.edu/people/jure/pubs/graphsage-nips17.pdf].


	reddit.npz: https://drive.google.com/open?id=19SphVl_Oe8SJ1r87Hr5a6znx3nJu1F2J


	reddit_adj.npz: https://drive.google.com/open?id=174vb0Ws7Vxk_QTUtxqTgDHSQ4El4qDHt




Download reddit.npz and reddit_adj.npz into data directory for further preprocessing.




Dependencies

pip install -r requirements.txt








How to run


1. Preprocessing and start reddit data service

pushd ./redis_setup
    /bin/bash ./before_hook.sh
popd








2. training GraphSAGE model

sh ./cloud_run.sh
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GES:  Graph Embedding with Side Information

Graph Embedding with Side Information [https://arxiv.org/pdf/1803.02349.pdf] is an algorithmic framework for representational learning on graphs. Given any graph, it can learn continuous feature representations for the nodes, which can then be used for various downstream machine learning tasks. Based on PGL, we reproduce ges algorithms.


Datasets

The datasets contain two networks: BlogCatalog [http://socialcomputing.asu.edu/datasets/BlogCatalog3].




Dependencies


	paddlepaddle>=1.6


	pgl>=1.0.0







How to run

For examples, train ges on cora dataset.

# train deepwalk in distributed mode.
sh gpu_run.sh








Hyperparameters


	dataset: The citation dataset “BlogCatalog”.


	hidden_size: Hidden size of the embedding.


	lr: Learning rate.


	neg_num: Number of negative samples.


	epoch: Number of training epoch.
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LINE: Large-scale Information Network Embedding

LINE [http://www.www2015.it/documents/proceedings/proceedings/p1067.pdf] is an algorithmic framework for embedding very large-scale information networks. It is suitable to a variety of networks including directed, undirected, binary or weighted edges. Based on PGL, we reproduce LINE algorithms and reach the same level of indicators as the paper.


Datasets

Flickr network [http://socialnetworks.mpi-sws.org/data-imc2007.html] is a social network, which contains 1715256 nodes and 22613981 edges.

You can dowload data from here [http://socialnetworks.mpi-sws.org/data-imc2007.html].

Flickr network contains four files:


	flickr-groupmemberships.txt.gz


	flickr-groups.txt.gz


	flickr-links.txt.gz


	flickr-users.txt.gz




After downloading the data，uncompress them, let’s say, in ./data/flickr/ . Note that the current directory is the root directory of LINE model.

Then you can run the below command to preprocess the data.

python data_process.py





Then it will produce three files in ./data/flickr/ directory:


	nodes.txt


	edges.txt


	nodes_label.txt







Dependencies


	paddlepaddle>=1.6


	pgl







How to run

For examples, use gpu to train LINE on Flickr dataset.

# multiclass task example
python line.py --use_cuda --order first_order --data_path ./data/flickr/ --save_dir ./checkpoints/model/

python multi_class.py --ckpt_path ./checkpoints/model/model_epoch_20 --percent 0.5








Hyperparameters


	-use_cuda: Use gpu if assign use_cuda.


	-order: LINE with First_order Proximity or Second_order Proximity


	-percent: The percentage of data as training data





Experiment results











	Dataset

	model

	Task

	Metric

	PGL Result

	Reported Result





	Flickr

	LINE with first_order

	multi-label classification

	MacroF1

	0.626

	0.627



	Flickr

	LINE with first_order

	multi-label classification

	MicroF1

	0.637

	0.639



	Flickr

	LINE with second_order

	multi-label classification

	MacroF1

	0.615

	0.621



	Flickr

	LINE with second_order

	multi-label classification

	MicroF1

	0.630

	0.635
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SGC: Simplifying Graph Convolutional Networks

Simplifying Graph Convolutional Networks (SGC) [https://arxiv.org/pdf/1902.07153.pdf] is a powerful neural network designed for machine learning on graphs. Based on PGL, we reproduce SGC algorithms and reach the same level of indicators as the paper in citation network benchmarks.


Datasets

The datasets contain three citation networks: CORA, PUBMED, CITESEER. The details for these three datasets can be found in the paper [https://arxiv.org/abs/1609.02907].




Dependencies


	paddlepaddle 1.5


	pgl







Performance

We train our models for 200 epochs and report the accuracy on the test dataset.








	Dataset

	Accuracy

	Speed with paddle 1.5 
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struc2vec: Learning Node Representations from Structural Identity

Struc2vec [https://arxiv.org/abs/1704.03165] is is a concept of symmetry in which network nodes are identified according to the network structure and their relationship to other nodes. A novel and flexible framework for learning latent representations is proposed in the paper of struc2vec. We reproduce Struc2vec algorithm in the PGL.


DataSet

The paper of use air-traffic network to valid algorithm of Struc2vec.
The each edge in the dataset indicate that having one flight between the airports. Using the the connection between the airports to predict the level of activity. The following dataset will be used to valid the algorithm accuracy.Data collected from the Bureau of Transportation Statistics2 from January to October, 2016. The network has 1,190 nodes, 13,599 edges (diameter is 8). Link [https://www.transtats.bts.gov/]


	usa-airports.edgelist


	labels-usa-airports.txt







Dependencies

If use want to use the struc2vec model in pgl, please install the gensim, pathos, fastdtw additional.


	paddlepaddle>=1.6


	pgl


	gensim


	pathos


	fastdtw







How to use

For examples, we want to train and valid the Struc2vec model on American airpot dataset


python struc2vec.py –edge_file data/usa-airports.edgelist –label_file data/labels-usa-airports.txt –train True –valid True –opt2 True







Hyperparameters







	Args

	Meaning





	edge_file

	input file name for edges



	label_file

	input file name for node label



	emb_file

	input file name for node label



	walk_depth

	The step3 for random walk



	opt1

	The flag to open optimization 1 to reduce time cost



	opt2

	The flag to open optimization 2 to reduce time cost



	w2v_emb_size

	The dims of output the word2vec embedding



	w2v_window_size

	The context length of word2vec



	w2v_epoch

	The num of epoch to train the model.



	train

	The flag to run the struc2vec algorithm to get the w2v embedding



	valid

	The flag to use the w2v embedding to valid the classification result



	num_class

	The num of class in classification model to be trained









Experiment results










	Dataset

	Model

	Metric

	PGL Result

	Paper repo Result





	American airport dataset

	Struc2vec without time cost optimization

	ACC

	0.6483

	0.6340



	American airport dataset

	Struc2vec with optimization 1

	ACC

	0.6466

	0.6242



	American airport dataset

	Struc2vec with optimization 2

	ACC

	0.6252

	0.6241



	American airport dataset

	Struc2vec with optimization1&2

	ACC

	0.6226

	0.6083
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GATNE: General Attributed Multiplex HeTerogeneous Network Embedding

GATNE [https://arxiv.org/pdf/1905.01669.pdf] is a algorithms framework for embedding large-scale Attributed Multiplex Heterogeneous Networks(AMHN). Given a heterogeneous graph, which consists of nodes and edges of multiple types, it can learn continuous feature representations for every node. Based on PGL, we reproduce GATNE algorithm.


Datasets

YouTube dataset contains 2000 nodes, 1310617 edges and 5 edge types. And we use YouTube dataset for example.

You can dowload YouTube datasets from here [https://github.com/THUDM/GATNE/tree/master/data]

After downloading the data, put them, let’s say, in ./data/ . Note that the current directory is the root directory of GATNE model. Then in ./data/youtube/ directory, there are three files:


	train.txt


	valid.txt


	test.txt




Then you can run the below command to preprocess the data.

python data_process.py --input_file ./data/youtube/train.txt --output_file ./data/youtube/nodes.txt








Dependencies


	paddlepaddle>=1.6


	pgl>=1.0.0







Hyperparameters

All the hyper parameters are saved in config.yaml file. So before training GATNE model, you can open the config.yaml to modify the hyper parameters as you like.

for example, you can change the “use_cuda” to “True ” in order to use GPU for training or modify “data_path” to use different dataset.

Some important hyper parameters in config.yaml:


	use_cuda: use GPU to train model


	data_path: the directory of dataset


	lr: learning rate


	neg_num: number of negatie samples.


	num_walks: number of walks started from each node


	walk_length: walk length







How to run

Then run the below command:

python main.py -c config.yaml






Experiment results








	
	PGL result

	Reported result





	AUC

	84.83

	84.61



	PR

	82.77

	81.93



	F1

	76.98

	76.83
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metapath2vec: Scalable Representation Learning for Heterogeneous Networks

metapath2vec [https://ericdongyx.github.io/papers/KDD17-dong-chawla-swami-metapath2vec.pdf] is a algorithm framework for representation learning in heterogeneous networks which contains multiple types of nodes and links. Given a heterogeneous graph, metapath2vec algorithm first generates meta-path-based random walks and then use skipgram model to train a language model. Based on PGL, we reproduce metapath2vec algorithm.


Datasets

You can dowload datasets from here [https://ericdongyx.github.io/metapath2vec/m2v.html]

We use the “aminer” data for example. After downloading the aminer data, put them, let’s say, in ./data/net_aminer/ . We also need to put “label/” directory in ./data/.




Dependencies


	paddlepaddle>=1.6


	pgl>=1.0.0







Hyperparameters

All the hyper parameters are saved in config.yaml file. So before training, you can open the config.yaml to modify the hyper parameters as you like.

for example, you can change the “use_cuda” to “True ” in order to use GPU for training or modify “data_path” to specify the data you want.

Some important hyper parameters in config.yaml:


	use_cuda: use GPU to train model


	data_path: the directory of dataset that you want to load


	lr: learning rate


	neg_num: number of negative samples.


	num_walks: number of walks started from each node


	walk_length: walk length


	metapath: meta path scheme







Metapath randomwalk sampling

Before training, we should generate some metapath random walks to train skipgram model. we can run the below command to produce metapath randomwalk data.

python sample.py -c config.yaml








Training and Testing

After finishing metapath randomwalk sampling, you can run the below command to train and test the model.

python main.py -c config.yaml

python multi_class.py --dataset ./data/out_aminer_CPAPC/author_label.txt --word2id ./checkpoints/train.metapath2vec/word2id.pkl  --ckpt_path ./checkpoints/train.metapath2vec/model_epoch5/








Experiment results









	train_percent

	Metric

	PGL Result

	Reported Result





	50%

	macro-F1

	0.9249

	0.9314



	50%

	micro-F1

	0.9283

	0.9365
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Unsupervised GraphSAGE in PGL

GraphSAGE [https://cs.stanford.edu/people/jure/pubs/graphsage-nips17.pdf] is a general inductive framework that leverages node feature
information (e.g., text attributes) to efficiently generate node embeddings for previously unseen data. Instead of training individual embeddings for each node, GraphSAGE learns a function that generates embeddings by sampling and aggregating features from a node’s local neighborhood. Based on PGL, we reproduce GraphSAGE algorithm and reach the same level of indicators as the paper in Reddit Dataset. Besides, this is an example of subgraph sampling and training in PGL.
For purpose of unsupervised learning, we use graph edges as positive samples for graphsage training.


Datasets(Quickstart)

The dataset ./sample.txt is handcrafted bigraph for quick demo purpose, which format is src \t dst.




Dependencies

- paddlepaddle>=1.6
- pgl








How to run


1. Training

python train.py --data_path ./sample.txt --num_nodes 2000 --phase train








2. Predicting

python train.py --data_path ./sample.txt --num_nodes 2000 --phase predict





The resulted node embedding is stored in emb.npy file, which latter can be loaded using np.load.




Hyperparameters


	epoch: Number of epochs default (1)


	use_cuda: Use gpu if assign use_cuda.


	layer_type: We support 4 aggregator types including “graphsage_mean”, “graphsage_maxpool”, “graphsage_meanpool” and “graphsage_lstm”.


	sample_workers: The number of workers for multiprocessing subgraph sample.


	lr: Learning rate.


	batch_size: Batch size.


	samples: The max neighbors sampling rate for each hop. (default: [10, 10])


	num_layers: The number of layer for graph sampling. (default: 2)


	hidden_size: The hidden size of the GraphSAGE models.


	checkpoint. Path for model checkpoint at each epoch. (default: ‘model_ckpt’)
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API Reference



	pgl.graph module: Graph Storage

	pgl.graph_wrapper module: Graph data holders for Paddle GNN.

	pgl.layers: Predefined graph neural networks layers.

	pgl.data_loader module: Some benchmark datasets.

	pgl.utils.paddle_helper module: Some helper function for Paddle.

	pgl.utils.mp_reader module: MultiProcessing reader helper function for Paddle.

	pgl.heter_graph module: Heterogenous Graph Storage

	pgl.heter_graph_wrapper module: Heterogenous Graph data holders for Paddle GNN.
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pgl.graph module: Graph Storage

This package implement Graph structure for handling graph data.


	
class pgl.graph.Graph(num_nodes, edges=None, node_feat=None, edge_feat=None)[source]

	Bases: object

Implementation of graph structure in pgl.

This is a simple implementation of graph structure in pgl.


	Parameters

	
	num_nodes – number of nodes in a graph


	edges – list of (u, v) tuples


	node_feat (optional) – a dict of numpy array as node features


	edge_feat (optional) – a dict of numpy array as edge features (should
have consistent order with edges)








Examples

import numpy as np
num_nodes = 5
edges = [ (0, 1), (1, 2), (3, 4)]
feature = np.random.randn(5, 100)
edge_feature = np.random.randn(3, 100)
graph = Graph(num_nodes=num_nodes,
            edges=edges,
            node_feat={
                "feature": feature
            },
            edge_feat={
                "edge_feature": edge_feature
            })






	
property adj_dst_index

	Return an EdgeIndex object for dst.






	
property adj_src_index

	Return an EdgeIndex object for src.






	
dump(path)[source]

	




	
property edge_feat

	Return a dictionary of edge features.






	
edge_feat_info()[source]

	Return the information of edge feature for GraphWrapper.

This function return the information of edge features. And this
function is used to help constructing GraphWrapper


	Returns

	A list of tuple (name, shape, dtype) for all given edge feature.





Examples

import numpy as np
num_nodes = 5
edges = [ (0, 1), (1, 2), (3, 4)]
feature = np.random.randn(3, 100)
graph = Graph(num_nodes=num_nodes,
        edges=edges,
        edge_feat={
            "feature": feature
        })
print(graph.edge_feat_info())





The output will be:

[("feature", [None, 100], "float32")]










	
property edges

	Return all edges in numpy.ndarray with shape (num_edges, 2).






	
property graph_lod

	Return Graph Lod Index for Paddle Computation






	
has_edges_between(u, v)[source]

	Check whether some edges is in graph.


	Parameters

	
	u – a numpy.array of src nodes ID.


	v – a numpy.array of dst nodes ID.






	Returns

	
	A numpy.array of bool, with the same shape with u and v,
	exists[i] is True if (u[i], v[i]) is a edge in graph, Flase otherwise.









	Return type

	exists










	
indegree(nodes=None)[source]

	Return the indegree of the given nodes

This function will return indegree of given nodes.


	Parameters

	nodes – Return the indegree of given nodes,
if nodes is None, return indegree for all nodes



	Returns

	A numpy.ndarray as the given nodes’ indegree.










	
node2vec_random_walk(nodes, max_depth, p=1.0, q=1.0)[source]

	Implement of node2vec stype random walk.

Reference paper: https://cs.stanford.edu/~jure/pubs/node2vec-kdd16.pdf.


	Parameters

	
	nodes – Walk starting from nodes


	max_depth – Max walking depth


	p – Return parameter


	q – In-out parameter






	Returns

	A list of walks.










	
node_batch_iter(batch_size, shuffle=True)[source]

	Node batch iterator

Iterate all node by batch.


	Parameters

	
	batch_size – The batch size of each batch of nodes.


	shuffle – Whether shuffle the nodes.






	Returns

	Batch iterator










	
property node_feat

	Return a dictionary of node features.






	
node_feat_info()[source]

	Return the information of node feature for GraphWrapper.

This function return the information of node features. And this
function is used to help constructing GraphWrapper


	Returns

	A list of tuple (name, shape, dtype) for all given node feature.





Examples

import numpy as np
num_nodes = 5
edges = [ (0, 1), (1, 2), (3, 4)]
feature = np.random.randn(5, 100)
graph = Graph(num_nodes=num_nodes,
        edges=edges,
        node_feat={
            "feature": feature
        })
print(graph.node_feat_info())





The output will be:

[("feature", [None, 100], "float32")]










	
property nodes

	Return all nodes id from 0 to num_nodes - 1






	
property num_edges

	Return the number of edges.






	
property num_graph

	Return Number of Graphs






	
property num_nodes

	Return the number of nodes.






	
outdegree(nodes=None)[source]

	Return the outdegree of the given nodes.

This function will return outdegree of given nodes.


	Parameters

	nodes – Return the outdegree of given nodes,
if nodes is None, return outdegree for all nodes



	Returns

	A numpy.array as the given nodes’ outdegree.










	
predecessor(nodes=None, return_eids=False)[source]

	Find predecessor of given nodes.

This function will return the predecessor of given nodes.


	Parameters

	
	nodes – Return the predecessor of given nodes,
if nodes is None, return predecessor for all nodes.


	return_eids – If True return nodes together with corresponding eid






	Returns

	Return a list of numpy.ndarray and each numpy.ndarray represent a list
of predecessor ids for given nodes. If return_eids=True, there will
be an additional list of numpy.ndarray and each numpy.ndarray represent
a list of eids that connected nodes to their predecessors.





Example

import numpy as np
num_nodes = 5
edges = [ (0, 1), (1, 2), (3, 4)]
graph = Graph(num_nodes=num_nodes,
        edges=edges)
pred, pred_eid = graph.predecessor(return_eids=True)





This will give output.

pred:
      [[],
       [0],
       [1],
       [],
       [3]]

pred_eid:
      [[],
       [0],
       [1],
       [],
       [2]]










	
random_walk(nodes, max_depth)[source]

	Implement of random walk.

This function get random walks path for given nodes and depth.


	Parameters

	
	nodes – Walk starting from nodes


	max_depth – Max walking depth






	Returns

	A list of walks.










	
sample_edges(sample_num, replace=False)[source]

	Sample edges from the graph

This function helps to sample edges from all edges.


	Parameters

	
	sample_num – The number of samples


	replace – boolean, Whether the sample is with or without replacement.






	Returns

	(u, v), eid
each is a numy.array with the same shape.










	
sample_nodes(sample_num)[source]

	Sample nodes from the graph

This function helps to sample nodes from all nodes.
Nodes might be duplicated.


	Parameters

	sample_num – The number of samples



	Returns

	A list of nodes










	
sample_predecessor(nodes, max_degree, return_eids=False, shuffle=False)[source]

	Sample predecessor of given nodes.


	Parameters

	
	nodes – Given nodes whose predecessor will be sampled.


	max_degree – The max sampled predecessor for each nodes.


	return_eids – Whether to return the corresponding eids.






	Returns

	Return a list of numpy.ndarray and each numpy.ndarray represent a list
of sampled predecessor ids for given nodes. If return_eids=True, there will
be an additional list of numpy.ndarray and each numpy.ndarray represent
a list of eids that connected nodes to their predecessors.










	
sample_successor(nodes, max_degree, return_eids=False, shuffle=False)[source]

	Sample successors of given nodes.


	Parameters

	
	nodes – Given nodes whose successors will be sampled.


	max_degree – The max sampled successors for each nodes.


	return_eids – Whether to return the corresponding eids.






	Returns

	Return a list of numpy.ndarray and each numpy.ndarray represent a list
of sampled successor ids for given nodes. If return_eids=True, there will
be an additional list of numpy.ndarray and each numpy.ndarray represent
a list of eids that connected nodes to their successors.










	
sorted_edges(sort_by='src')[source]

	Return sorted edges with different strategies.

This function will return sorted edges with different strategy.
If sort_by="src", then edges will be sorted by src
nodes and otherwise dst.


	Parameters

	sort_by – The type for sorted edges. (“src” or “dst”)



	Returns

	A tuple of (sorted_src, sorted_dst, sorted_eid).










	
subgraph(nodes, eid=None, edges=None, edge_feats=None, with_node_feat=True, with_edge_feat=True)[source]

	Generate subgraph with nodes and edge ids.

This function will generate a pgl.graph.Subgraph object and
copy all corresponding node and edge features. Nodes and edges will
be reindex from 0. Eid and edges can’t both be None.

WARNING: ALL NODES IN EID MUST BE INCLUDED BY NODES


	Parameters

	
	nodes – Node ids which will be included in the subgraph.


	eid (optional) – Edge ids which will be included in the subgraph.


	edges (optional) – Edge(src, dst) list which will be included in the subgraph.


	with_node_feat – Whether to inherit node features from parent graph.


	with_edge_feat – Whether to inherit edge features from parent graph.






	Returns

	A pgl.graph.Subgraph object.










	
successor(nodes=None, return_eids=False)[source]

	Find successor of given nodes.

This function will return the successor of given nodes.


	Parameters

	
	nodes – Return the successor of given nodes,
if nodes is None, return successor for all nodes.


	return_eids – If True return nodes together with corresponding eid






	Returns

	Return a list of numpy.ndarray and each numpy.ndarray represent a list
of successor ids for given nodes. If return_eids=True, there will
be an additional list of numpy.ndarray and each numpy.ndarray represent
a list of eids that connected nodes to their successors.





Example

import numpy as np
num_nodes = 5
edges = [ (0, 1), (1, 2), (3, 4)]
graph = Graph(num_nodes=num_nodes,
        edges=edges)
succ, succ_eid = graph.successor(return_eids=True)





This will give output.

succ:
      [[1],
       [2],
       [],
       [4],
       []]

succ_eid:
      [[0],
       [1],
       [],
       [2],
       []]














	
class pgl.graph.SubGraph(num_nodes, edges=None, node_feat=None, edge_feat=None, reindex=None)[source]

	Bases: pgl.graph.Graph

Implementation of SubGraph in pgl.

Subgraph is inherit from Graph. The best way to construct subgraph
is to use Graph.subgraph methods to generate Subgraph object.


	Parameters

	
	num_nodes – number of nodes in a graph


	edges – list of (u, v) tuples


	node_feat (optional) – a dict of numpy array as node features


	edge_feat (optional) – a dict of numpy array as edge features (should
have consistent order with edges)


	reindex – A dictionary that maps parent graph node id to subgraph node id.









	
reindex_from_parrent_nodes(nodes)[source]

	Map the given parent graph node id to subgraph id.


	Parameters

	nodes – A list of nodes from parent graph.



	Returns

	A list of subgraph ids.










	
reindex_to_parrent_nodes(nodes)[source]

	Map the given subgraph node id to parent graph id.


	Parameters

	nodes – A list of nodes in this subgraph.



	Returns

	A list of node ids in parent graph.














	
class pgl.graph.MultiGraph(graph_list)[source]

	Bases: pgl.graph.Graph

Implementation of multiple disjoint graph structure in pgl.

This is a simple implementation of graph structure in pgl.


	Parameters

	graph_list – A list of Graph Instances





Examples

batch_graph = MultiGraph([graph1, graph2, graph3])
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pgl.graph_wrapper module: Graph data holders for Paddle GNN.

This package provides interface to help building static computational graph
for PaddlePaddle.


	
class pgl.graph_wrapper.BaseGraphWrapper[source]

	Bases: object

This module implement base class for graph wrapper.

Currently our PGL is developed based on static computational mode of
paddle (we’ll support dynamic computational model later). We need to build
model upon a virtual data holder. BaseGraphWrapper provide a virtual
graph structure that users can build deep learning models
based on this virtual graph. And then feed real graph data to run
the models. Moreover, we provide convenient message-passing interface
(send & recv) for building graph neural networks.

NOTICE: Don’t use this BaseGraphWrapper directly. Use GraphWrapper
and StaticGraphWrapper to create graph wrapper instead.


	
property edge_feat

	Return a dictionary of tensor representing edge features.


	Returns

	A dictionary whose keys are the feature names and the values
are feature tensor.










	
property edges

	Return a tuple of edge Tensor (src, dst).


	Returns

	A tuple of Tensor (src, dst). Src and dst are both
tensor with shape (num_edges, ) and dtype int64.










	
property graph_lod

	Return graph index for graphs


	Returns

	A variable with shape [None ]  as the Lod information of multiple-graph.










	
indegree()[source]

	Return the indegree tensor for all nodes.


	Returns

	A tensor of shape (num_nodes, ) in int64.










	
property node_feat

	Return a dictionary of tensor representing node features.


	Returns

	A dictionary whose keys are the feature names and the values
are feature tensor.










	
property num_graph

	Return a variable of number of graphs


	Returns

	A variable with shape (1,) as the number of Graphs in int64.










	
property num_nodes

	Return a variable of number of nodes


	Returns

	A variable with shape (1,) as the number of nodes in int64.










	
recv(msg, reduce_function)[source]

	Recv message and aggregate the message by reduce_fucntion

The UDF reduce_function function should has the following format.

def reduce_func(msg):
    '''
        Args:
            msg: A LodTensor or a dictionary of LodTensor whose batch_size
                 is equals to the number of unique dst nodes.

        Return:
            It should return a tensor with shape (batch_size, out_dims). The
            batch size should be the same as msg.
    '''
    pass






	Parameters

	
	msg – A tensor or a dictionary of tensor created by send function..


	reduce_function – UDF reduce function or strings “sum” as built-in function.
The built-in “sum” will use scatter_add to optimized the speed.






	Returns

	A tensor with shape (num_nodes, out_dims). The output for nodes with no message
will be zeros.










	
send(message_func, nfeat_list=None, efeat_list=None)[source]

	Send message from all src nodes to dst nodes.

The UDF message function should has the following format.

def message_func(src_feat, dst_feat, edge_feat):
    '''
        Args:
            src_feat: the node feat dict attached to the src nodes.
            dst_feat: the node feat dict attached to the dst nodes.
            edge_feat: the edge feat dict attached to the
                       corresponding (src, dst) edges.

        Return:
            It should return a tensor or a dictionary of tensor. And each tensor
            should have a shape of (num_edges, dims).
    '''
    pass






	Parameters

	
	message_func – UDF function.


	nfeat_list – a list of names or tuple (name, tensor)


	efeat_list – a list of names or tuple (name, tensor)






	Returns

	A dictionary of tensor representing the message. Each of the values
in the dictionary has a shape (num_edges, dim) which should be collected
by recv function.














	
class pgl.graph_wrapper.GraphWrapper(name, node_feat=[], edge_feat=[], **kwargs)[source]

	Bases: pgl.graph_wrapper.BaseGraphWrapper

Implement a graph wrapper that creates a graph data holders
that attributes and features in the graph are L.data.
And we provide interface to_feed to help converting Graph
data into feed_dict.


	Parameters

	
	name – The graph data prefix


	node_feat – A list of tuples that decribe the details of node
feature tenosr. Each tuple mush be (name, shape, dtype)
and the first dimension of the shape must be set unknown
(-1 or None) or we can easily use Graph.node_feat_info()
to get the node_feat settings.


	edge_feat – A list of tuples that decribe the details of edge
feature tenosr. Each tuple mush be (name, shape, dtype)
and the first dimension of the shape must be set unknown
(-1 or None) or we can easily use Graph.edge_feat_info()
to get the edge_feat settings.








Examples

import numpy as np
import paddle.fluid as fluid
from pgl.graph import Graph
from pgl.graph_wrapper import GraphWrapper

place = fluid.CPUPlace()
exe = fluid.Excecutor(place)

num_nodes = 5
edges = [ (0, 1), (1, 2), (3, 4)]
feature = np.random.randn(5, 100)
edge_feature = np.random.randn(3, 100)
graph = Graph(num_nodes=num_nodes,
            edges=edges,
            node_feat={
                "feature": feature
            },
            edge_feat={
                "edge_feature": edge_feature
            })

graph_wrapper = GraphWrapper(name="graph",
            node_feat=graph.node_feat_info(),
            edge_feat=graph.edge_feat_info())

# build your deep graph model
...

# Initialize parameters for deep graph model
exe.run(fluid.default_startup_program())

for i in range(10):
    feed_dict = graph_wrapper.to_feed(graph)
    ret = exe.run(fetch_list=[...], feed=feed_dict )






	
property holder_list

	Return the holder list.






	
to_feed(graph)[source]

	Convert the graph into feed_dict.

This function helps to convert graph data into feed dict
for fluid.Excecutor to run the model.


	Parameters

	graph – the Graph data object



	Returns

	A dictionary contains data holder names and its corresponding
data.














	
class pgl.graph_wrapper.StaticGraphWrapper(name, graph, place)[source]

	Bases: pgl.graph_wrapper.BaseGraphWrapper

Implement a graph wrapper that the data of the graph won’t
be changed and it can be fit into the GPU or CPU memory. This
can reduce the time of swapping large data from GPU and CPU.


	Parameters

	
	name – The graph data prefix


	graph – The static graph that should be put into memory


	place – fluid.CPUPlace or fluid.CUDAPlace(n) indicating the
device to hold the graph data.








Examples

If we have a immutable graph and it can be fit into the GPU or CPU.
we can just use a StaticGraphWrapper to pre-place the graph
data into devices.

import numpy as np
import paddle.fluid as fluid
from pgl.graph import Graph
from pgl.graph_wrapper import StaticGraphWrapper

place = fluid.CPUPlace()
exe = fluid.Excecutor(place)

num_nodes = 5
edges = [ (0, 1), (1, 2), (3, 4)]
feature = np.random.randn(5, 100)
edge_feature = np.random.randn(3, 100)
graph = Graph(num_nodes=num_nodes,
            edges=edges,
            node_feat={
                "feature": feature
            },
            edge_feat={
                "edge_feature": edge_feature
            })

graph_wrapper = StaticGraphWrapper(name="graph",
            graph=graph,
            place=place)

# build your deep graph model

# Initialize parameters for deep graph model
exe.run(fluid.default_startup_program())

# Initialize graph data
graph_wrapper.initialize(place)






	
initialize(place)[source]

	Placing the graph data into the devices.


	Parameters

	place – fluid.CPUPlace or fluid.CUDAPlace(n) indicating the
device to hold the graph data.














	
class pgl.graph_wrapper.BatchGraphWrapper(num_nodes, num_edges, edges, node_feats=None, edge_feats=None)[source]

	Bases: pgl.graph_wrapper.BaseGraphWrapper

Implement a graph wrapper that user can use their own data holder.
And this graph wrapper support multiple graphs which is benefit for data parallel algorithms.


	Parameters

	
	num_nodes (int32 or int64) – Shape [ num_graph ].


	num_edges (int32 or int64) – Shape [ num_graph ].


	edges (int32 or int64) – Shape [ total_num_edges_in_the_graphs, 2 ]
or Tuple with (src, dst).


	node_feats – A dictionary for node features. Each value should be tensor
with shape [ total_num_nodes_in_the_graphs, feature_size]


	edge_feats – A dictionary for edge features. Each value should be tensor
with shape [ total_num_edges_in_the_graphs, feature_size]
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pgl.layers: Predefined graph neural networks layers.

Generate layers api


	
pgl.layers.gcn(gw, feature, hidden_size, activation, name, norm=None)[source]

	Implementation of graph convolutional neural networks (GCN)

This is an implementation of the paper SEMI-SUPERVISED CLASSIFICATION
WITH GRAPH CONVOLUTIONAL NETWORKS (https://arxiv.org/pdf/1609.02907.pdf).


	Parameters

	
	gw – Graph wrapper object (StaticGraphWrapper or GraphWrapper)


	feature – A tensor with shape (num_nodes, feature_size).


	hidden_size – The hidden size for gcn.


	activation – The activation for the output.


	name – Gcn layer names.


	norm – If norm is not None, then the feature will be normalized. Norm must
be tensor with shape (num_nodes,) and dtype float32.






	Returns

	A tensor with shape (num_nodes, hidden_size)










	
pgl.layers.gat(gw, feature, hidden_size, activation, name, num_heads=8, feat_drop=0.6, attn_drop=0.6, is_test=False)[source]

	Implementation of graph attention networks (GAT)

This is an implementation of the paper GRAPH ATTENTION NETWORKS
(https://arxiv.org/abs/1710.10903).


	Parameters

	
	gw – Graph wrapper object (StaticGraphWrapper or GraphWrapper)


	feature – A tensor with shape (num_nodes, feature_size).


	hidden_size – The hidden size for gat.


	activation – The activation for the output.


	name – Gat layer names.


	num_heads – The head number in gat.


	feat_drop – Dropout rate for feature.


	attn_drop – Dropout rate for attention.


	is_test – Whether in test phrase.






	Returns

	A tensor with shape (num_nodes, hidden_size * num_heads)










	
pgl.layers.gin(gw, feature, hidden_size, activation, name, init_eps=0.0, train_eps=False)[source]

	Implementation of Graph Isomorphism Network (GIN) layer.

This is an implementation of the paper How Powerful are Graph Neural Networks?
(https://arxiv.org/pdf/1810.00826.pdf).

In their implementation, all MLPs have 2 layers. Batch normalization is applied
on every hidden layer.


	Parameters

	
	gw – Graph wrapper object (StaticGraphWrapper or GraphWrapper)


	feature – A tensor with shape (num_nodes, feature_size).


	name – GIN layer names.


	hidden_size – The hidden size for gin.


	activation – The activation for the output.


	init_eps – float, optional
Initial \(\epsilon\) value, default is 0.


	train_eps – bool, optional
if True, \(\epsilon\) will be a learnable parameter.






	Returns

	A tensor with shape (num_nodes, hidden_size).










	
pgl.layers.gaan(gw, feature, hidden_size_a, hidden_size_v, hidden_size_m, hidden_size_o, heads, name)[source]

	Implementation of GaAN






	
pgl.layers.gen_conv(gw, feature, name, beta=None)[source]

	Implementation of GENeralized Graph Convolution (GENConv), see the paper
“DeeperGCN: All You Need to Train Deeper GCNs” in
https://arxiv.org/pdf/2006.07739.pdf


	Parameters

	
	gw – Graph wrapper object (StaticGraphWrapper or GraphWrapper)


	feature – A tensor with shape (num_nodes, feature_size).


	beta – [0, +infinity] or “dynamic” or None


	name – deeper gcn layer names.






	Returns

	A tensor with shape (num_nodes, feature_size)










	
pgl.layers.appnp(gw, feature, edge_dropout=0, alpha=0.2, k_hop=10)[source]

	Implementation of APPNP of “Predict then Propagate: Graph Neural Networks
meet Personalized PageRank”  (ICLR 2019).


	Parameters

	
	gw – Graph wrapper object (StaticGraphWrapper or GraphWrapper)


	feature – A tensor with shape (num_nodes, feature_size).


	edge_dropout – Edge dropout rate.


	k_hop – K Steps for Propagation






	Returns

	A tensor with shape (num_nodes, hidden_size)










	
pgl.layers.gcnii(gw, feature, name, activation=None, alpha=0.5, lambda_l=0.5, k_hop=1, dropout=0.5, is_test=False)[source]

	Implementation of GCNII of “Simple and Deep Graph Convolutional Networks”

paper: https://arxiv.org/pdf/2007.02133.pdf


	Parameters

	
	gw – Graph wrapper object (StaticGraphWrapper or GraphWrapper)


	feature – A tensor with shape (num_nodes, feature_size).


	activation – The activation for the output.


	k_hop – Number of layers for gcnii.


	lambda_l – The hyperparameter of lambda in the paper.


	alpha – The hyperparameter of alpha in the paper.


	dropout – Feature dropout rate.


	is_test – train / test phase.






	Returns

	A tensor with shape (num_nodes, hidden_size)










	
class pgl.layers.Set2Set(input_dim, n_iters, n_layers)[source]

	Bases: object

Implementation of set2set pooling operator.

This is an implementation of the paper ORDER MATTERS: SEQUENCE TO SEQUENCE
FOR SETS (https://arxiv.org/pdf/1511.06391.pdf).


	
forward(feat)[source]

	
	Parameters

	feat – input feature with shape [batch, n_edges, dim].



	Returns

	output feature of set2set pooling with shape [batch, 2*dim].



	Return type

	output_feat














	
pgl.layers.graph_pooling(gw, node_feat, pool_type)[source]

	Implementation of graph pooling

This is an implementation of graph pooling


	Parameters

	
	gw – Graph wrapper object (StaticGraphWrapper or GraphWrapper)


	node_feat – A tensor with shape (num_nodes, feature_size).


	pool_type – The type of pooling (“sum”, “average” , “min”)






	Returns

	A tensor with shape (num_graph, hidden_size)










	
pgl.layers.graph_norm(gw, feature)[source]

	Implementation of graph normalization

Reference Paper: BENCHMARKING GRAPH NEURAL NETWORKS

Each node features is divied by sqrt(num_nodes) per graphs.


	Parameters

	
	gw – Graph wrapper object (StaticGraphWrapper or GraphWrapper)


	feature – A tensor with shape (num_nodes, hidden_size)






	Returns

	A tensor with shape (num_nodes, hidden_size)










	
pgl.layers.graph_gather(gw, feature, index)[source]

	Implementation of graph gather

Gather the corresponding index for each graph.


	Parameters

	
	gw – Graph wrapper object (StaticGraphWrapper or GraphWrapper)


	feature – A tensor with shape (num_nodes, ).


	index (int32) – 
	A tensor with K-rank where the first dim denotes the graph.
	Shape (num_graph, ) or (num_graph, k1, k2, k3, …, kn).





WARNING: We dont support negative index.








	Returns

	A tensor with shape (num_graph, k1, k2, k3, …, kn, hidden_size)
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pgl.data_loader module: Some benchmark datasets.

This package implements some benchmark dataset for graph network
and node representation learning.


	
class pgl.data_loader.CitationDataset(name, symmetry_edges=True, self_loop=True)[source]

	Bases: object

Citation dataset helps to create data for citation dataset (Pubmed and Citeseer)


	Parameters

	
	name – The name for the dataset (“pubmed” or “citeseer”)


	symmetry_edges – Whether to create symmetry edges.


	self_loop – Whether to contain self loop edges.









	
graph

	The Graph data object






	
y

	Labels for each nodes






	
num_classes

	Number of classes.






	
train_index

	The index for nodes in training set.






	
val_index

	The index for nodes in validation set.






	
test_index

	The index for nodes in test set.










	
class pgl.data_loader.CoraDataset(symmetry_edges=True, self_loop=True)[source]

	Bases: object

Cora dataset implementation


	Parameters

	
	symmetry_edges – Whether to create symmetry edges.


	self_loop – Whether to contain self loop edges.









	
graph

	The Graph data object






	
y

	Labels for each nodes






	
num_classes

	Number of classes.






	
train_index

	The index for nodes in training set.






	
val_index

	The index for nodes in validation set.






	
test_index

	The index for nodes in test set.










	
class pgl.data_loader.ArXivDataset(np_random_seed=123)[source]

	Bases: object

ArXiv dataset implementation


	Parameters

	np_random_seed – The random seed for numpy.






	
graph

	The Graph data object.










	
class pgl.data_loader.BlogCatalogDataset(symmetry_edges=True, self_loop=False)[source]

	Bases: object

BlogCatalog dataset implementation


	Parameters

	
	symmetry_edges – Whether to create symmetry edges.


	self_loop – Whether to contain self loop edges.









	
graph

	The Graph data object.






	
num_groups

	Number of classes.






	
train_index

	The index for nodes in training set.






	
test_index

	The index for nodes in validation set.
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pgl.utils.paddle_helper module: Some helper function for Paddle.

paddle_helper package contain some simple function to help building
paddle models.


	
pgl.utils.paddle_helper.constant(name, value, dtype, hide_batch_size=True)[source]

	Create constant variable with given data.

This function helps to create constants variable with
given numpy.ndarray data.


	Parameters

	
	name – variable name


	value – numpy.ndarray the value of constant


	dtype – the type of constant


	hide_batch_size – If set the first dimenstion as unknown, the explicit
batch size may cause some error in paddle. For example,
when the value has a shape of (batch_size, dim1, dim2),
it will return a variable with shape (-1, dim1, dim2).






	Returns

	A tuple contain the constant variable and the constant
variable initialize function.





Examples

import paddle.fluid as fluid
place = fluid.CPUPlace()
exe = fluid.Executor(place)
constant_var, constant_var_init = constant(name="constant",
                  value=np.array([5.0],
                  dtype="float32"))
exe.run(fluid.default_startup_program())
# Run After default startup
constant_var_init(place)










	
pgl.utils.paddle_helper.ensure_dtype(input, dtype)[source]

	If input is dtype, return input

else cast input into dtype


	Parameters

	
	input – Input tensor


	dtype – a string of type






	Returns

	If input is dtype, return input, else cast input into dtype










	
pgl.utils.paddle_helper.gather(input, index)[source]

	Gather input from given index.

Slicing input data with given index. This function rewrite paddle.L.gather
to fix issue: https://github.com/PaddlePaddle/Paddle/issues/17509 when paddlepaddle’s
version is less than 1.5.


	Parameters

	
	input – Input tensor to be sliced


	index – Slice index






	Returns

	A tensor that are sliced from given input data.










	
pgl.utils.paddle_helper.lod_constant(name, value, lod, dtype)[source]

	Create constant lod variable with given data,

This function helps to create constants lod variable with given numpy.ndarray data
and lod information.


	Parameters

	
	name – variable name


	value – numpy.ndarray the value of constant


	dtype – the type of constant


	lod – lod infos of given value.






	Returns

	A tuple contain the constant variable and the constant
variable initialize function.





Examples

import paddle.fluid as fluid
place = fluid.CPUPlace()
exe = fluid.Executor(place)
constant_var, constant_var_init = lod_constant(name="constant",
                  value=np.array([[5.0], [1.0], [2.0]],
                  lod=[2, 1],
                  dtype="float32"))
exe.run(fluid.default_startup_program())
# Run After default startup
constant_var_init(place)










	
pgl.utils.paddle_helper.lod_remove(input)[source]

	Lod Remove

Remove the lod for LodTensor and Flatten the data into 1D-Tensor.


	Parameters

	input – A tensor to be flattend



	Returns

	A 1D input










	
pgl.utils.paddle_helper.masked_select(input, mask)[source]

	Slice the value from given Mask


	Parameters

	
	input – Input tensor to be selected


	mask – A bool tensor for sliced.






	Returns

	Part of inputs where mask is True.










	
pgl.utils.paddle_helper.scatter_add(input, index, updates)[source]

	Scatter add updates to input by given index.

Adds sparse updates to input variables.


	Parameters

	
	input – Input tensor to be updated


	index – Slice index


	updates – Must have same type as input.






	Returns

	Same type and shape as input.










	
pgl.utils.paddle_helper.scatter_max(input, index, updates)[source]

	Scatter max updates to input by given index.

Adds sparse updates to input variables.


	Parameters

	
	input – Input tensor to be updated


	index – Slice index


	updates – Must have same type as input.






	Returns

	Same type and shape as input.










	
pgl.utils.paddle_helper.sequence_softmax(x, beta=None)[source]

	Compute sequence softmax over paddle LodTensor

This function compute softmax normalization along with the length of sequence.
This function is an extention of L.sequence_softmax which can only
deal with LodTensor whose last dimension is 1.


	Parameters

	
	x – The input variable which is a LodTensor.


	beta – Inverse Temperature






	Returns

	Output of sequence_softmax
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pgl.utils.mp_reader module: MultiProcessing reader helper function for Paddle.

Optimized Multiprocessing Reader for PaddlePaddle


	
pgl.utils.mp_reader.deserialize_data(data)[source]

	




	
pgl.utils.mp_reader.index_iter(data)[source]

	return indexing iter






	
pgl.utils.mp_reader.log = <Logger pgl.utils.mp_reader (DEBUG)>[source]

	




	
pgl.utils.mp_reader.multiprocess_reader(readers, use_pipe=True, queue_size=1000, pipe_size=10)[source]

	multiprocess_reader use python multi process to read data from readers
and then use multiprocess.Queue or multiprocess.Pipe to merge all
data. The process number is equal to the number of input readers, each
process call one reader.
Multiprocess.Queue require the rw access right to /dev/shm, some
platform does not support.
you need to create multiple readers first, these readers should be independent
to each other so that each process can work independently.
An example:
.. code-block:: python


reader0 = reader([“file01”, “file02”])
reader1 = reader([“file11”, “file12”])
reader1 = reader([“file21”, “file22”])
reader = multiprocess_reader([reader0, reader1, reader2],


queue_size=100, use_pipe=False)












	
pgl.utils.mp_reader.numpy_deserialize_data(data)[source]

	deserialize_data






	
pgl.utils.mp_reader.numpy_serialize_data(data)[source]

	serialize_data






	
pgl.utils.mp_reader.serialize_data(data)[source]
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pgl.heter_graph module: Heterogenous Graph Storage

This package implement Heterogeneous Graph structure for handling Heterogeneous graph data.


	
class pgl.heter_graph.HeterGraph(num_nodes, edges, node_types=None, node_feat=None, edge_feat=None)[source]

	Bases: object

Implementation of heterogeneous graph structure in pgl

This is a simple implementation of heterogeneous graph structure in pgl.


	Parameters

	
	num_nodes – number of nodes in a heterogeneous graph


	edges – dict, every element in dict is a list of (u, v) tuples.


	node_types (optional) – list of (u, node_type) tuples to specify the node type of every node


	node_feat (optional) – a dict of numpy array as node features


	edge_feat (optional) – a dict of dict as edge features for every edge type








Examples

import numpy as np
num_nodes = 4
node_types = [(0, 'user'), (1, 'item'), (2, 'item'), (3, 'user')]
edges = {
    'edges_type1': [(0,1), (3,2)],
    'edges_type2': [(1,2), (3,1)],
}
node_feat = {'feature': np.random.randn(4, 16)}
edges_feat = {
    'edges_type1': {'h': np.random.randn(2, 16)},
    'edges_type2': {'h': np.random.randn(2, 16)},
}

g = heter_graph.HeterGraph(
                num_nodes=num_nodes,
                edges=edges,
                node_types=node_types,
                node_feat=node_feat,
                edge_feat=edges_feat)






	
dump(path, indegree=False, outdegree=False)[source]

	




	
property edge_feat

	Return edge features of all edge types.






	
edge_feat_info()[source]

	Return the information of edge feature for HeterGraphWrapper.

This function return the information of edge features of all edge types. And this
function is used to help constructing HeterGraphWrapper


	Returns

	A dict of list of tuple (name, shape, dtype) for all given edge feature.










	
property edge_types

	Return a list of edge types.






	
edge_types_info()[source]

	Return the information of all edge types.


	Returns

	A list of all edge types.










	
indegree(nodes=None, edge_type=None)[source]

	Return the indegree of the given nodes with the specified edge_type.


	Parameters

	
	nodes – Return the indegree of given nodes.
if nodes is None, return indegree for all nodes.


	edge_types – Return the indegree with specified edge_type.
if edge_type is None, return the total indegree of the given nodes.






	Returns

	A numpy.ndarray as the given nodes’ indegree.










	
node_batch_iter(batch_size, shuffle=True, n_type=None)[source]

	Node batch iterator

Iterate all nodes by batch with the specified node type.


	Parameters

	
	batch_size – The batch size of each batch of nodes.


	shuffle – Whether shuffle the nodes.


	n_type – Iterate the nodes with the specified node type. If n_type is None,
iterate all nodes by batch.






	Returns

	Batch iterator










	
property node_feat

	Return a dictionary of node features.






	
node_feat_info()[source]

	Return the information of node feature for HeterGraphWrapper.

This function return the information of node features of all node types. And this
function is used to help constructing HeterGraphWrapper


	Returns

	A list of tuple (name, shape, dtype) for all given node feature.










	
property node_types

	Return the node types.






	
property nodes

	Return all nodes id from 0 to num_nodes - 1






	
property num_edges

	Return edges number of all edge types.






	
property num_nodes

	Return the number of nodes.






	
num_nodes_by_type(n_type=None)[source]

	Return the number of nodes with the specified node type.






	
outdegree(nodes=None, edge_type=None)[source]

	Return the outdegree of the given nodes with the specified edge_type.


	Parameters

	
	nodes – Return the outdegree of given nodes,
if nodes is None, return outdegree for all nodes


	edge_types – Return the outdegree with specified edge_type.
if edge_type is None, return the total outdegree of the given nodes.






	Returns

	A numpy.array as the given nodes’ outdegree.










	
predecessor(edge_type, nodes=None, return_eids=False)[source]

	Find predecessor of given nodes with the specified edge_type.


	Parameters

	
	nodes – Return the predecessor of given nodes,
if nodes is None, return predecessor for all nodes


	edge_types – Return the predecessor with specified edge_type.


	return_eids – If True return nodes together with corresponding eid













	
sample_nodes(sample_num, n_type=None)[source]

	Sample nodes with the specified n_type from the graph

This function helps to sample nodes with the specified n_type from the graph.
If n_type is None, this function will sample nodes from all nodes.
Nodes might be duplicated.


	Parameters

	
	sample_num – The number of samples


	n_type – The nodes of type to be sampled






	Returns

	A list of nodes










	
sample_predecessor(edge_type, nodes, max_degree, return_eids=False, shuffle=False)[source]

	Sample predecessors of given nodes with the specified edge_type.


	Parameters

	
	edge_type – The specified edge_type.


	nodes – Given nodes whose predecessors will be sampled.


	max_degree – The max sampled predecessors for each nodes.


	return_eids – Whether to return the corresponding eids.






	Returns

	Return a list of numpy.ndarray and each numpy.ndarray represent a list
of sampled predecessor ids for given nodes with specified edge type.
If return_eids=True, there will be an additional list of
numpy.ndarray and each numpy.ndarray represent a list of eids that
connected nodes to their predecessors.










	
sample_successor(edge_type, nodes, max_degree, return_eids=False, shuffle=False)[source]

	Sample successors of given nodes with the specified edge_type.


	Parameters

	
	edge_type – The specified edge_type.


	nodes – Given nodes whose successors will be sampled.


	max_degree – The max sampled successors for each nodes.


	return_eids – Whether to return the corresponding eids.






	Returns

	Return a list of numpy.ndarray and each numpy.ndarray represent a list
of sampled successor ids for given nodes with specified edge type.
If return_eids=True, there will be an additional list of
numpy.ndarray and each numpy.ndarray represent a list of eids that
connected nodes to their successors.










	
successor(edge_type, nodes=None, return_eids=False)[source]

	Find successor of given nodes with the specified edge_type.


	Parameters

	
	nodes – Return the successor of given nodes,
if nodes is None, return successor for all nodes


	edge_types – Return the successor with specified edge_type.
if edge_type is None, return the total successor of the given nodes
and eids are invalid in this way.


	return_eids – If True return nodes together with corresponding eid

















	
class pgl.heter_graph.SubHeterGraph(num_nodes, edges, node_types=None, node_feat=None, edge_feat=None, reindex=None)[source]

	Bases: pgl.heter_graph.HeterGraph

Implementation of SubHeterGraph in pgl.

SubHeterGraph is inherit from HeterGraph.


	Parameters

	
	num_nodes – number of nodes in a heterogeneous graph


	edges – dict, every element in dict is a list of (u, v) tuples.


	node_types (optional) – list of (u, node_type) tuples to specify the node type of every node


	node_feat (optional) – a dict of numpy array as node features


	edge_feat (optional) – a dict of dict as edge features for every edge type


	reindex – A dictionary that maps parent hetergraph node id to subhetergraph node id.









	
reindex_from_parrent_nodes(nodes)[source]

	Map the given parent graph node id to subgraph id.


	Parameters

	nodes – A list of nodes from parent graph.



	Returns

	A list of subgraph ids.










	
reindex_to_parrent_nodes(nodes)[source]

	Map the given subgraph node id to parent graph id.


	Parameters

	nodes – A list of nodes in this subgraph.



	Returns

	A list of node ids in parent graph.
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pgl.heter_graph_wrapper module: Heterogenous Graph data holders for Paddle GNN.

This package provides interface to help building static computational graph
for PaddlePaddle.


	
class pgl.heter_graph_wrapper.HeterGraphWrapper(name, edge_types, node_feat={}, edge_feat={}, **kwargs)[source]

	Bases: object

Implement a heterogeneous graph wrapper that creates a graph data holders
that attributes and features in the heterogeneous graph.
And we provide interface to_feed to help converting Graph
data into feed_dict.


	Parameters

	
	name – The heterogeneous graph data prefix


	node_feat – A dict of list of tuples that decribe the details of node
feature tenosr. Each tuple mush be (name, shape, dtype)
and the first dimension of the shape must be set unknown
(-1 or None) or we can easily use HeterGraph.node_feat_info()
to get the node_feat settings.


	edge_feat – A dict of list of tuples that decribe the details of edge
feature tenosr. Each tuple mush be (name, shape, dtype)
and the first dimension of the shape must be set unknown
(-1 or None) or we can easily use HeterGraph.edge_feat_info()
to get the edge_feat settings.








Examples

import paddle.fluid as fluid
import numpy as np
from pgl import heter_graph
from pgl import heter_graph_wrapper
num_nodes = 4
node_types = [(0, 'user'), (1, 'item'), (2, 'item'), (3, 'user')]
edges = {
    'edges_type1': [(0,1), (3,2)],
    'edges_type2': [(1,2), (3,1)],
}
node_feat = {'feature': np.random.randn(4, 16)}
edges_feat = {
    'edges_type1': {'h': np.random.randn(2, 16)},
    'edges_type2': {'h': np.random.randn(2, 16)},
}

g = heter_graph.HeterGraph(
                num_nodes=num_nodes,
                edges=edges,
                node_types=node_types,
                node_feat=node_feat,
                edge_feat=edges_feat)

gw = heter_graph_wrapper.HeterGraphWrapper(
                    name='heter_graph',
                    edge_types = g.edge_types_info(),
                    node_feat=g.node_feat_info(),
                    edge_feat=g.edge_feat_info())






	
to_feed(heterGraph, edge_types_list='__ALL__')[source]

	Convert the graph into feed_dict.

This function helps to convert graph data into feed dict
for fluid.Excecutor to run the model.


	Parameters

	
	heterGraph – the HeterGraph data object


	edge_types_list – the edge types list to be fed






	Returns

	A dictinary contains data holder names and its coresponding data.
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The Team

PGL is developed and maintained by NLP and Paddle Teams at Baidu
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  Source code for logging

# Copyright 2001-2017 by Vinay Sajip. All Rights Reserved.
#
# Permission to use, copy, modify, and distribute this software and its
# documentation for any purpose and without fee is hereby granted,
# provided that the above copyright notice appear in all copies and that
# both that copyright notice and this permission notice appear in
# supporting documentation, and that the name of Vinay Sajip
# not be used in advertising or publicity pertaining to distribution
# of the software without specific, written prior permission.
# VINAY SAJIP DISCLAIMS ALL WARRANTIES WITH REGARD TO THIS SOFTWARE, INCLUDING
# ALL IMPLIED WARRANTIES OF MERCHANTABILITY AND FITNESS. IN NO EVENT SHALL
# VINAY SAJIP BE LIABLE FOR ANY SPECIAL, INDIRECT OR CONSEQUENTIAL DAMAGES OR
# ANY DAMAGES WHATSOEVER RESULTING FROM LOSS OF USE, DATA OR PROFITS, WHETHER
# IN AN ACTION OF CONTRACT, NEGLIGENCE OR OTHER TORTIOUS ACTION, ARISING OUT
# OF OR IN CONNECTION WITH THE USE OR PERFORMANCE OF THIS SOFTWARE.

"""
Logging package for Python. Based on PEP 282 and comments thereto in
comp.lang.python.

Copyright (C) 2001-2017 Vinay Sajip. All Rights Reserved.

To use, simply 'import logging' and log away!
"""

import sys, os, time, io, traceback, warnings, weakref, collections.abc

from string import Template

__all__ = ['BASIC_FORMAT', 'BufferingFormatter', 'CRITICAL', 'DEBUG', 'ERROR',
           'FATAL', 'FileHandler', 'Filter', 'Formatter', 'Handler', 'INFO',
           'LogRecord', 'Logger', 'LoggerAdapter', 'NOTSET', 'NullHandler',
           'StreamHandler', 'WARN', 'WARNING', 'addLevelName', 'basicConfig',
           'captureWarnings', 'critical', 'debug', 'disable', 'error',
           'exception', 'fatal', 'getLevelName', 'getLogger', 'getLoggerClass',
           'info', 'log', 'makeLogRecord', 'setLoggerClass', 'shutdown',
           'warn', 'warning', 'getLogRecordFactory', 'setLogRecordFactory',
           'lastResort', 'raiseExceptions']

import threading

__author__  = "Vinay Sajip <vinay_sajip@red-dove.com>"
__status__  = "production"
# The following module attributes are no longer updated.
__version__ = "0.5.1.2"
__date__    = "07 February 2010"

#---------------------------------------------------------------------------
#   Miscellaneous module data
#---------------------------------------------------------------------------

#
#_startTime is used as the base when calculating the relative time of events
#
_startTime = time.time()

#
#raiseExceptions is used to see if exceptions during handling should be
#propagated
#
raiseExceptions = True

#
# If you don't want threading information in the log, set this to zero
#
logThreads = True

#
# If you don't want multiprocessing information in the log, set this to zero
#
logMultiprocessing = True

#
# If you don't want process information in the log, set this to zero
#
logProcesses = True

#---------------------------------------------------------------------------
#   Level related stuff
#---------------------------------------------------------------------------
#
# Default levels and level names, these can be replaced with any positive set
# of values having corresponding names. There is a pseudo-level, NOTSET, which
# is only really there as a lower limit for user-defined levels. Handlers and
# loggers are initialized with NOTSET so that they will log all messages, even
# at user-defined levels.
#

CRITICAL = 50
FATAL = CRITICAL
ERROR = 40
WARNING = 30
WARN = WARNING
INFO = 20
DEBUG = 10
NOTSET = 0

_levelToName = {
    CRITICAL: 'CRITICAL',
    ERROR: 'ERROR',
    WARNING: 'WARNING',
    INFO: 'INFO',
    DEBUG: 'DEBUG',
    NOTSET: 'NOTSET',
}
_nameToLevel = {
    'CRITICAL': CRITICAL,
    'FATAL': FATAL,
    'ERROR': ERROR,
    'WARN': WARNING,
    'WARNING': WARNING,
    'INFO': INFO,
    'DEBUG': DEBUG,
    'NOTSET': NOTSET,
}

def getLevelName(level):
    """
    Return the textual representation of logging level 'level'.

    If the level is one of the predefined levels (CRITICAL, ERROR, WARNING,
    INFO, DEBUG) then you get the corresponding string. If you have
    associated levels with names using addLevelName then the name you have
    associated with 'level' is returned.

    If a numeric value corresponding to one of the defined levels is passed
    in, the corresponding string representation is returned.

    Otherwise, the string "Level %s" % level is returned.
    """
    # See Issues #22386, #27937 and #29220 for why it's this way
    result = _levelToName.get(level)
    if result is not None:
        return result
    result = _nameToLevel.get(level)
    if result is not None:
        return result
    return "Level %s" % level

def addLevelName(level, levelName):
    """
    Associate 'levelName' with 'level'.

    This is used when converting levels to text during message formatting.
    """
    _acquireLock()
    try:    #unlikely to cause an exception, but you never know...
        _levelToName[level] = levelName
        _nameToLevel[levelName] = level
    finally:
        _releaseLock()

if hasattr(sys, '_getframe'):
    currentframe = lambda: sys._getframe(3)
else: #pragma: no cover
    def currentframe():
        """Return the frame object for the caller's stack frame."""
        try:
            raise Exception
        except Exception:
            return sys.exc_info()[2].tb_frame.f_back

#
# _srcfile is used when walking the stack to check when we've got the first
# caller stack frame, by skipping frames whose filename is that of this
# module's source. It therefore should contain the filename of this module's
# source file.
#
# Ordinarily we would use __file__ for this, but frozen modules don't always
# have __file__ set, for some reason (see Issue #21736). Thus, we get the
# filename from a handy code object from a function defined in this module.
# (There's no particular reason for picking addLevelName.)
#

_srcfile = os.path.normcase(addLevelName.__code__.co_filename)

# _srcfile is only used in conjunction with sys._getframe().
# To provide compatibility with older versions of Python, set _srcfile
# to None if _getframe() is not available; this value will prevent
# findCaller() from being called. You can also do this if you want to avoid
# the overhead of fetching caller information, even when _getframe() is
# available.
#if not hasattr(sys, '_getframe'):
#    _srcfile = None


def _checkLevel(level):
    if isinstance(level, int):
        rv = level
    elif str(level) == level:
        if level not in _nameToLevel:
            raise ValueError("Unknown level: %r" % level)
        rv = _nameToLevel[level]
    else:
        raise TypeError("Level not an integer or a valid string: %r" % level)
    return rv

#---------------------------------------------------------------------------
#   Thread-related stuff
#---------------------------------------------------------------------------

#
#_lock is used to serialize access to shared data structures in this module.
#This needs to be an RLock because fileConfig() creates and configures
#Handlers, and so might arbitrary user threads. Since Handler code updates the
#shared dictionary _handlers, it needs to acquire the lock. But if configuring,
#the lock would already have been acquired - so we need an RLock.
#The same argument applies to Loggers and Manager.loggerDict.
#
_lock = threading.RLock()

def _acquireLock():
    """
    Acquire the module-level lock for serializing access to shared data.

    This should be released with _releaseLock().
    """
    if _lock:
        _lock.acquire()

def _releaseLock():
    """
    Release the module-level lock acquired by calling _acquireLock().
    """
    if _lock:
        _lock.release()


# Prevent a held logging lock from blocking a child from logging.

if not hasattr(os, 'register_at_fork'):  # Windows and friends.
    def _register_at_fork_reinit_lock(instance):
        pass  # no-op when os.register_at_fork does not exist.
else:
    # A collection of instances with a createLock method (logging.Handler)
    # to be called in the child after forking.  The weakref avoids us keeping
    # discarded Handler instances alive.  A set is used to avoid accumulating
    # duplicate registrations as createLock() is responsible for registering
    # a new Handler instance with this set in the first place.
    _at_fork_reinit_lock_weakset = weakref.WeakSet()

    def _register_at_fork_reinit_lock(instance):
        _acquireLock()
        try:
            _at_fork_reinit_lock_weakset.add(instance)
        finally:
            _releaseLock()

    def _after_at_fork_child_reinit_locks():
        # _acquireLock() was called in the parent before forking.
        for handler in _at_fork_reinit_lock_weakset:
            try:
                handler.createLock()
            except Exception as err:
                # Similar to what PyErr_WriteUnraisable does.
                print("Ignoring exception from logging atfork", instance,
                      "._reinit_lock() method:", err, file=sys.stderr)
        _releaseLock()  # Acquired by os.register_at_fork(before=.


    os.register_at_fork(before=_acquireLock,
                        after_in_child=_after_at_fork_child_reinit_locks,
                        after_in_parent=_releaseLock)


#---------------------------------------------------------------------------
#   The logging record
#---------------------------------------------------------------------------

class LogRecord(object):
    """
    A LogRecord instance represents an event being logged.

    LogRecord instances are created every time something is logged. They
    contain all the information pertinent to the event being logged. The
    main information passed in is in msg and args, which are combined
    using str(msg) % args to create the message field of the record. The
    record also includes information such as when the record was created,
    the source line where the logging call was made, and any exception
    information to be logged.
    """
    def __init__(self, name, level, pathname, lineno,
                 msg, args, exc_info, func=None, sinfo=None, **kwargs):
        """
        Initialize a logging record with interesting information.
        """
        ct = time.time()
        self.name = name
        self.msg = msg
        #
        # The following statement allows passing of a dictionary as a sole
        # argument, so that you can do something like
        #  logging.debug("a %(a)d b %(b)s", {'a':1, 'b':2})
        # Suggested by Stefan Behnel.
        # Note that without the test for args[0], we get a problem because
        # during formatting, we test to see if the arg is present using
        # 'if self.args:'. If the event being logged is e.g. 'Value is %d'
        # and if the passed arg fails 'if self.args:' then no formatting
        # is done. For example, logger.warning('Value is %d', 0) would log
        # 'Value is %d' instead of 'Value is 0'.
        # For the use case of passing a dictionary, this should not be a
        # problem.
        # Issue #21172: a request was made to relax the isinstance check
        # to hasattr(args[0], '__getitem__'). However, the docs on string
        # formatting still seem to suggest a mapping object is required.
        # Thus, while not removing the isinstance check, it does now look
        # for collections.abc.Mapping rather than, as before, dict.
        if (args and len(args) == 1 and isinstance(args[0], collections.abc.Mapping)
            and args[0]):
            args = args[0]
        self.args = args
        self.levelname = getLevelName(level)
        self.levelno = level
        self.pathname = pathname
        try:
            self.filename = os.path.basename(pathname)
            self.module = os.path.splitext(self.filename)[0]
        except (TypeError, ValueError, AttributeError):
            self.filename = pathname
            self.module = "Unknown module"
        self.exc_info = exc_info
        self.exc_text = None      # used to cache the traceback text
        self.stack_info = sinfo
        self.lineno = lineno
        self.funcName = func
        self.created = ct
        self.msecs = (ct - int(ct)) * 1000
        self.relativeCreated = (self.created - _startTime) * 1000
        if logThreads:
            self.thread = threading.get_ident()
            self.threadName = threading.current_thread().name
        else: # pragma: no cover
            self.thread = None
            self.threadName = None
        if not logMultiprocessing: # pragma: no cover
            self.processName = None
        else:
            self.processName = 'MainProcess'
            mp = sys.modules.get('multiprocessing')
            if mp is not None:
                # Errors may occur if multiprocessing has not finished loading
                # yet - e.g. if a custom import hook causes third-party code
                # to run when multiprocessing calls import. See issue 8200
                # for an example
                try:
                    self.processName = mp.current_process().name
                except Exception: #pragma: no cover
                    pass
        if logProcesses and hasattr(os, 'getpid'):
            self.process = os.getpid()
        else:
            self.process = None

    def __str__(self):
        return '<LogRecord: %s, %s, %s, %s, "%s">'%(self.name, self.levelno,
            self.pathname, self.lineno, self.msg)

    __repr__ = __str__

    def getMessage(self):
        """
        Return the message for this LogRecord.

        Return the message for this LogRecord after merging any user-supplied
        arguments with the message.
        """
        msg = str(self.msg)
        if self.args:
            msg = msg % self.args
        return msg

#
#   Determine which class to use when instantiating log records.
#
_logRecordFactory = LogRecord

def setLogRecordFactory(factory):
    """
    Set the factory to be used when instantiating a log record.

    :param factory: A callable which will be called to instantiate
    a log record.
    """
    global _logRecordFactory
    _logRecordFactory = factory

def getLogRecordFactory():
    """
    Return the factory to be used when instantiating a log record.
    """

    return _logRecordFactory

def makeLogRecord(dict):
    """
    Make a LogRecord whose attributes are defined by the specified dictionary,
    This function is useful for converting a logging event received over
    a socket connection (which is sent as a dictionary) into a LogRecord
    instance.
    """
    rv = _logRecordFactory(None, None, "", 0, "", (), None, None)
    rv.__dict__.update(dict)
    return rv

#---------------------------------------------------------------------------
#   Formatter classes and functions
#---------------------------------------------------------------------------

class PercentStyle(object):

    default_format = '%(message)s'
    asctime_format = '%(asctime)s'
    asctime_search = '%(asctime)'

    def __init__(self, fmt):
        self._fmt = fmt or self.default_format

    def usesTime(self):
        return self._fmt.find(self.asctime_search) >= 0

    def format(self, record):
        return self._fmt % record.__dict__

class StrFormatStyle(PercentStyle):
    default_format = '{message}'
    asctime_format = '{asctime}'
    asctime_search = '{asctime'

    def format(self, record):
        return self._fmt.format(**record.__dict__)


class StringTemplateStyle(PercentStyle):
    default_format = '${message}'
    asctime_format = '${asctime}'
    asctime_search = '${asctime}'

    def __init__(self, fmt):
        self._fmt = fmt or self.default_format
        self._tpl = Template(self._fmt)

    def usesTime(self):
        fmt = self._fmt
        return fmt.find('$asctime') >= 0 or fmt.find(self.asctime_format) >= 0

    def format(self, record):
        return self._tpl.substitute(**record.__dict__)

BASIC_FORMAT = "%(levelname)s:%(name)s:%(message)s"

_STYLES = {
    '%': (PercentStyle, BASIC_FORMAT),
    '{': (StrFormatStyle, '{levelname}:{name}:{message}'),
    '$': (StringTemplateStyle, '${levelname}:${name}:${message}'),
}

class Formatter(object):
    """
    Formatter instances are used to convert a LogRecord to text.

    Formatters need to know how a LogRecord is constructed. They are
    responsible for converting a LogRecord to (usually) a string which can
    be interpreted by either a human or an external system. The base Formatter
    allows a formatting string to be specified. If none is supplied, the
    the style-dependent default value, "%(message)s", "{message}", or
    "${message}", is used.

    The Formatter can be initialized with a format string which makes use of
    knowledge of the LogRecord attributes - e.g. the default value mentioned
    above makes use of the fact that the user's message and arguments are pre-
    formatted into a LogRecord's message attribute. Currently, the useful
    attributes in a LogRecord are described by:

    %(name)s            Name of the logger (logging channel)
    %(levelno)s         Numeric logging level for the message (DEBUG, INFO,
                        WARNING, ERROR, CRITICAL)
    %(levelname)s       Text logging level for the message ("DEBUG", "INFO",
                        "WARNING", "ERROR", "CRITICAL")
    %(pathname)s        Full pathname of the source file where the logging
                        call was issued (if available)
    %(filename)s        Filename portion of pathname
    %(module)s          Module (name portion of filename)
    %(lineno)d          Source line number where the logging call was issued
                        (if available)
    %(funcName)s        Function name
    %(created)f         Time when the LogRecord was created (time.time()
                        return value)
    %(asctime)s         Textual time when the LogRecord was created
    %(msecs)d           Millisecond portion of the creation time
    %(relativeCreated)d Time in milliseconds when the LogRecord was created,
                        relative to the time the logging module was loaded
                        (typically at application startup time)
    %(thread)d          Thread ID (if available)
    %(threadName)s      Thread name (if available)
    %(process)d         Process ID (if available)
    %(message)s         The result of record.getMessage(), computed just as
                        the record is emitted
    """

    converter = time.localtime

    def __init__(self, fmt=None, datefmt=None, style='%'):
        """
        Initialize the formatter with specified format strings.

        Initialize the formatter either with the specified format string, or a
        default as described above. Allow for specialized date formatting with
        the optional datefmt argument. If datefmt is omitted, you get an
        ISO8601-like (or RFC 3339-like) format.

        Use a style parameter of '%', '{' or '$' to specify that you want to
        use one of %-formatting, :meth:`str.format` (``{}``) formatting or
        :class:`string.Template` formatting in your format string.

        .. versionchanged:: 3.2
           Added the ``style`` parameter.
        """
        if style not in _STYLES:
            raise ValueError('Style must be one of: %s' % ','.join(
                             _STYLES.keys()))
        self._style = _STYLES[style][0](fmt)
        self._fmt = self._style._fmt
        self.datefmt = datefmt

    default_time_format = '%Y-%m-%d %H:%M:%S'
    default_msec_format = '%s,%03d'

    def formatTime(self, record, datefmt=None):
        """
        Return the creation time of the specified LogRecord as formatted text.

        This method should be called from format() by a formatter which
        wants to make use of a formatted time. This method can be overridden
        in formatters to provide for any specific requirement, but the
        basic behaviour is as follows: if datefmt (a string) is specified,
        it is used with time.strftime() to format the creation time of the
        record. Otherwise, an ISO8601-like (or RFC 3339-like) format is used.
        The resulting string is returned. This function uses a user-configurable
        function to convert the creation time to a tuple. By default,
        time.localtime() is used; to change this for a particular formatter
        instance, set the 'converter' attribute to a function with the same
        signature as time.localtime() or time.gmtime(). To change it for all
        formatters, for example if you want all logging times to be shown in GMT,
        set the 'converter' attribute in the Formatter class.
        """
        ct = self.converter(record.created)
        if datefmt:
            s = time.strftime(datefmt, ct)
        else:
            t = time.strftime(self.default_time_format, ct)
            s = self.default_msec_format % (t, record.msecs)
        return s

    def formatException(self, ei):
        """
        Format and return the specified exception information as a string.

        This default implementation just uses
        traceback.print_exception()
        """
        sio = io.StringIO()
        tb = ei[2]
        # See issues #9427, #1553375. Commented out for now.
        #if getattr(self, 'fullstack', False):
        #    traceback.print_stack(tb.tb_frame.f_back, file=sio)
        traceback.print_exception(ei[0], ei[1], tb, None, sio)
        s = sio.getvalue()
        sio.close()
        if s[-1:] == "\n":
            s = s[:-1]
        return s

    def usesTime(self):
        """
        Check if the format uses the creation time of the record.
        """
        return self._style.usesTime()

    def formatMessage(self, record):
        return self._style.format(record)

    def formatStack(self, stack_info):
        """
        This method is provided as an extension point for specialized
        formatting of stack information.

        The input data is a string as returned from a call to
        :func:`traceback.print_stack`, but with the last trailing newline
        removed.

        The base implementation just returns the value passed in.
        """
        return stack_info

    def format(self, record):
        """
        Format the specified record as text.

        The record's attribute dictionary is used as the operand to a
        string formatting operation which yields the returned string.
        Before formatting the dictionary, a couple of preparatory steps
        are carried out. The message attribute of the record is computed
        using LogRecord.getMessage(). If the formatting string uses the
        time (as determined by a call to usesTime(), formatTime() is
        called to format the event time. If there is exception information,
        it is formatted using formatException() and appended to the message.
        """
        record.message = record.getMessage()
        if self.usesTime():
            record.asctime = self.formatTime(record, self.datefmt)
        s = self.formatMessage(record)
        if record.exc_info:
            # Cache the traceback text to avoid converting it multiple times
            # (it's constant anyway)
            if not record.exc_text:
                record.exc_text = self.formatException(record.exc_info)
        if record.exc_text:
            if s[-1:] != "\n":
                s = s + "\n"
            s = s + record.exc_text
        if record.stack_info:
            if s[-1:] != "\n":
                s = s + "\n"
            s = s + self.formatStack(record.stack_info)
        return s

#
#   The default formatter to use when no other is specified
#
_defaultFormatter = Formatter()

class BufferingFormatter(object):
    """
    A formatter suitable for formatting a number of records.
    """
    def __init__(self, linefmt=None):
        """
        Optionally specify a formatter which will be used to format each
        individual record.
        """
        if linefmt:
            self.linefmt = linefmt
        else:
            self.linefmt = _defaultFormatter

    def formatHeader(self, records):
        """
        Return the header string for the specified records.
        """
        return ""

    def formatFooter(self, records):
        """
        Return the footer string for the specified records.
        """
        return ""

    def format(self, records):
        """
        Format the specified records and return the result as a string.
        """
        rv = ""
        if len(records) > 0:
            rv = rv + self.formatHeader(records)
            for record in records:
                rv = rv + self.linefmt.format(record)
            rv = rv + self.formatFooter(records)
        return rv

#---------------------------------------------------------------------------
#   Filter classes and functions
#---------------------------------------------------------------------------

class Filter(object):
    """
    Filter instances are used to perform arbitrary filtering of LogRecords.

    Loggers and Handlers can optionally use Filter instances to filter
    records as desired. The base filter class only allows events which are
    below a certain point in the logger hierarchy. For example, a filter
    initialized with "A.B" will allow events logged by loggers "A.B",
    "A.B.C", "A.B.C.D", "A.B.D" etc. but not "A.BB", "B.A.B" etc. If
    initialized with the empty string, all events are passed.
    """
    def __init__(self, name=''):
        """
        Initialize a filter.

        Initialize with the name of the logger which, together with its
        children, will have its events allowed through the filter. If no
        name is specified, allow every event.
        """
        self.name = name
        self.nlen = len(name)

    def filter(self, record):
        """
        Determine if the specified record is to be logged.

        Is the specified record to be logged? Returns 0 for no, nonzero for
        yes. If deemed appropriate, the record may be modified in-place.
        """
        if self.nlen == 0:
            return True
        elif self.name == record.name:
            return True
        elif record.name.find(self.name, 0, self.nlen) != 0:
            return False
        return (record.name[self.nlen] == ".")

class Filterer(object):
    """
    A base class for loggers and handlers which allows them to share
    common code.
    """
    def __init__(self):
        """
        Initialize the list of filters to be an empty list.
        """
        self.filters = []

    def addFilter(self, filter):
        """
        Add the specified filter to this handler.
        """
        if not (filter in self.filters):
            self.filters.append(filter)

    def removeFilter(self, filter):
        """
        Remove the specified filter from this handler.
        """
        if filter in self.filters:
            self.filters.remove(filter)

    def filter(self, record):
        """
        Determine if a record is loggable by consulting all the filters.

        The default is to allow the record to be logged; any filter can veto
        this and the record is then dropped. Returns a zero value if a record
        is to be dropped, else non-zero.

        .. versionchanged:: 3.2

           Allow filters to be just callables.
        """
        rv = True
        for f in self.filters:
            if hasattr(f, 'filter'):
                result = f.filter(record)
            else:
                result = f(record) # assume callable - will raise if not
            if not result:
                rv = False
                break
        return rv

#---------------------------------------------------------------------------
#   Handler classes and functions
#---------------------------------------------------------------------------

_handlers = weakref.WeakValueDictionary()  #map of handler names to handlers
_handlerList = [] # added to allow handlers to be removed in reverse of order initialized

def _removeHandlerRef(wr):
    """
    Remove a handler reference from the internal cleanup list.
    """
    # This function can be called during module teardown, when globals are
    # set to None. It can also be called from another thread. So we need to
    # pre-emptively grab the necessary globals and check if they're None,
    # to prevent race conditions and failures during interpreter shutdown.
    acquire, release, handlers = _acquireLock, _releaseLock, _handlerList
    if acquire and release and handlers:
        acquire()
        try:
            if wr in handlers:
                handlers.remove(wr)
        finally:
            release()

def _addHandlerRef(handler):
    """
    Add a handler to the internal cleanup list using a weak reference.
    """
    _acquireLock()
    try:
        _handlerList.append(weakref.ref(handler, _removeHandlerRef))
    finally:
        _releaseLock()

class Handler(Filterer):
    """
    Handler instances dispatch logging events to specific destinations.

    The base handler class. Acts as a placeholder which defines the Handler
    interface. Handlers can optionally use Formatter instances to format
    records as desired. By default, no formatter is specified; in this case,
    the 'raw' message as determined by record.message is logged.
    """
    def __init__(self, level=NOTSET):
        """
        Initializes the instance - basically setting the formatter to None
        and the filter list to empty.
        """
        Filterer.__init__(self)
        self._name = None
        self.level = _checkLevel(level)
        self.formatter = None
        # Add the handler to the global _handlerList (for cleanup on shutdown)
        _addHandlerRef(self)
        self.createLock()

    def get_name(self):
        return self._name

    def set_name(self, name):
        _acquireLock()
        try:
            if self._name in _handlers:
                del _handlers[self._name]
            self._name = name
            if name:
                _handlers[name] = self
        finally:
            _releaseLock()

    name = property(get_name, set_name)

    def createLock(self):
        """
        Acquire a thread lock for serializing access to the underlying I/O.
        """
        self.lock = threading.RLock()
        _register_at_fork_reinit_lock(self)

    def acquire(self):
        """
        Acquire the I/O thread lock.
        """
        if self.lock:
            self.lock.acquire()

    def release(self):
        """
        Release the I/O thread lock.
        """
        if self.lock:
            self.lock.release()

    def setLevel(self, level):
        """
        Set the logging level of this handler.  level must be an int or a str.
        """
        self.level = _checkLevel(level)

    def format(self, record):
        """
        Format the specified record.

        If a formatter is set, use it. Otherwise, use the default formatter
        for the module.
        """
        if self.formatter:
            fmt = self.formatter
        else:
            fmt = _defaultFormatter
        return fmt.format(record)

    def emit(self, record):
        """
        Do whatever it takes to actually log the specified logging record.

        This version is intended to be implemented by subclasses and so
        raises a NotImplementedError.
        """
        raise NotImplementedError('emit must be implemented '
                                  'by Handler subclasses')

    def handle(self, record):
        """
        Conditionally emit the specified logging record.

        Emission depends on filters which may have been added to the handler.
        Wrap the actual emission of the record with acquisition/release of
        the I/O thread lock. Returns whether the filter passed the record for
        emission.
        """
        rv = self.filter(record)
        if rv:
            self.acquire()
            try:
                self.emit(record)
            finally:
                self.release()
        return rv

    def setFormatter(self, fmt):
        """
        Set the formatter for this handler.
        """
        self.formatter = fmt

    def flush(self):
        """
        Ensure all logging output has been flushed.

        This version does nothing and is intended to be implemented by
        subclasses.
        """
        pass

    def close(self):
        """
        Tidy up any resources used by the handler.

        This version removes the handler from an internal map of handlers,
        _handlers, which is used for handler lookup by name. Subclasses
        should ensure that this gets called from overridden close()
        methods.
        """
        #get the module data lock, as we're updating a shared structure.
        _acquireLock()
        try:    #unlikely to raise an exception, but you never know...
            if self._name and self._name in _handlers:
                del _handlers[self._name]
        finally:
            _releaseLock()

    def handleError(self, record):
        """
        Handle errors which occur during an emit() call.

        This method should be called from handlers when an exception is
        encountered during an emit() call. If raiseExceptions is false,
        exceptions get silently ignored. This is what is mostly wanted
        for a logging system - most users will not care about errors in
        the logging system, they are more interested in application errors.
        You could, however, replace this with a custom handler if you wish.
        The record which was being processed is passed in to this method.
        """
        if raiseExceptions and sys.stderr:  # see issue 13807
            t, v, tb = sys.exc_info()
            try:
                sys.stderr.write('--- Logging error ---\n')
                traceback.print_exception(t, v, tb, None, sys.stderr)
                sys.stderr.write('Call stack:\n')
                # Walk the stack frame up until we're out of logging,
                # so as to print the calling context.
                frame = tb.tb_frame
                while (frame and os.path.dirname(frame.f_code.co_filename) ==
                       __path__[0]):
                    frame = frame.f_back
                if frame:
                    traceback.print_stack(frame, file=sys.stderr)
                else:
                    # couldn't find the right stack frame, for some reason
                    sys.stderr.write('Logged from file %s, line %s\n' % (
                                     record.filename, record.lineno))
                # Issue 18671: output logging message and arguments
                try:
                    sys.stderr.write('Message: %r\n'
                                     'Arguments: %s\n' % (record.msg,
                                                          record.args))
                except RecursionError:  # See issue 36272
                    raise
                except Exception:
                    sys.stderr.write('Unable to print the message and arguments'
                                     ' - possible formatting error.\nUse the'
                                     ' traceback above to help find the error.\n'
                                    )
            except OSError: #pragma: no cover
                pass    # see issue 5971
            finally:
                del t, v, tb

    def __repr__(self):
        level = getLevelName(self.level)
        return '<%s (%s)>' % (self.__class__.__name__, level)

class StreamHandler(Handler):
    """
    A handler class which writes logging records, appropriately formatted,
    to a stream. Note that this class does not close the stream, as
    sys.stdout or sys.stderr may be used.
    """

    terminator = '\n'

    def __init__(self, stream=None):
        """
        Initialize the handler.

        If stream is not specified, sys.stderr is used.
        """
        Handler.__init__(self)
        if stream is None:
            stream = sys.stderr
        self.stream = stream

    def flush(self):
        """
        Flushes the stream.
        """
        self.acquire()
        try:
            if self.stream and hasattr(self.stream, "flush"):
                self.stream.flush()
        finally:
            self.release()

    def emit(self, record):
        """
        Emit a record.

        If a formatter is specified, it is used to format the record.
        The record is then written to the stream with a trailing newline.  If
        exception information is present, it is formatted using
        traceback.print_exception and appended to the stream.  If the stream
        has an 'encoding' attribute, it is used to determine how to do the
        output to the stream.
        """
        try:
            msg = self.format(record)
            stream = self.stream
            # issue 35046: merged two stream.writes into one.
            stream.write(msg + self.terminator)
            self.flush()
        except RecursionError:  # See issue 36272
            raise
        except Exception:
            self.handleError(record)

    def setStream(self, stream):
        """
        Sets the StreamHandler's stream to the specified value,
        if it is different.

        Returns the old stream, if the stream was changed, or None
        if it wasn't.
        """
        if stream is self.stream:
            result = None
        else:
            result = self.stream
            self.acquire()
            try:
                self.flush()
                self.stream = stream
            finally:
                self.release()
        return result

    def __repr__(self):
        level = getLevelName(self.level)
        name = getattr(self.stream, 'name', '')
        #  bpo-36015: name can be an int
        name = str(name)
        if name:
            name += ' '
        return '<%s %s(%s)>' % (self.__class__.__name__, name, level)


class FileHandler(StreamHandler):
    """
    A handler class which writes formatted logging records to disk files.
    """
    def __init__(self, filename, mode='a', encoding=None, delay=False):
        """
        Open the specified file and use it as the stream for logging.
        """
        # Issue #27493: add support for Path objects to be passed in
        filename = os.fspath(filename)
        #keep the absolute path, otherwise derived classes which use this
        #may come a cropper when the current directory changes
        self.baseFilename = os.path.abspath(filename)
        self.mode = mode
        self.encoding = encoding
        self.delay = delay
        if delay:
            #We don't open the stream, but we still need to call the
            #Handler constructor to set level, formatter, lock etc.
            Handler.__init__(self)
            self.stream = None
        else:
            StreamHandler.__init__(self, self._open())

    def close(self):
        """
        Closes the stream.
        """
        self.acquire()
        try:
            try:
                if self.stream:
                    try:
                        self.flush()
                    finally:
                        stream = self.stream
                        self.stream = None
                        if hasattr(stream, "close"):
                            stream.close()
            finally:
                # Issue #19523: call unconditionally to
                # prevent a handler leak when delay is set
                StreamHandler.close(self)
        finally:
            self.release()

    def _open(self):
        """
        Open the current base file with the (original) mode and encoding.
        Return the resulting stream.
        """
        return open(self.baseFilename, self.mode, encoding=self.encoding)

    def emit(self, record):
        """
        Emit a record.

        If the stream was not opened because 'delay' was specified in the
        constructor, open it before calling the superclass's emit.
        """
        if self.stream is None:
            self.stream = self._open()
        StreamHandler.emit(self, record)

    def __repr__(self):
        level = getLevelName(self.level)
        return '<%s %s (%s)>' % (self.__class__.__name__, self.baseFilename, level)


class _StderrHandler(StreamHandler):
    """
    This class is like a StreamHandler using sys.stderr, but always uses
    whatever sys.stderr is currently set to rather than the value of
    sys.stderr at handler construction time.
    """
    def __init__(self, level=NOTSET):
        """
        Initialize the handler.
        """
        Handler.__init__(self, level)

    @property
    def stream(self):
        return sys.stderr


_defaultLastResort = _StderrHandler(WARNING)
lastResort = _defaultLastResort

#---------------------------------------------------------------------------
#   Manager classes and functions
#---------------------------------------------------------------------------

class PlaceHolder(object):
    """
    PlaceHolder instances are used in the Manager logger hierarchy to take
    the place of nodes for which no loggers have been defined. This class is
    intended for internal use only and not as part of the public API.
    """
    def __init__(self, alogger):
        """
        Initialize with the specified logger being a child of this placeholder.
        """
        self.loggerMap = { alogger : None }

    def append(self, alogger):
        """
        Add the specified logger as a child of this placeholder.
        """
        if alogger not in self.loggerMap:
            self.loggerMap[alogger] = None

#
#   Determine which class to use when instantiating loggers.
#

def setLoggerClass(klass):
    """
    Set the class to be used when instantiating a logger. The class should
    define __init__() such that only a name argument is required, and the
    __init__() should call Logger.__init__()
    """
    if klass != Logger:
        if not issubclass(klass, Logger):
            raise TypeError("logger not derived from logging.Logger: "
                            + klass.__name__)
    global _loggerClass
    _loggerClass = klass

def getLoggerClass():
    """
    Return the class to be used when instantiating a logger.
    """
    return _loggerClass

class Manager(object):
    """
    There is [under normal circumstances] just one Manager instance, which
    holds the hierarchy of loggers.
    """
    def __init__(self, rootnode):
        """
        Initialize the manager with the root node of the logger hierarchy.
        """
        self.root = rootnode
        self.disable = 0
        self.emittedNoHandlerWarning = False
        self.loggerDict = {}
        self.loggerClass = None
        self.logRecordFactory = None

    def getLogger(self, name):
        """
        Get a logger with the specified name (channel name), creating it
        if it doesn't yet exist. This name is a dot-separated hierarchical
        name, such as "a", "a.b", "a.b.c" or similar.

        If a PlaceHolder existed for the specified name [i.e. the logger
        didn't exist but a child of it did], replace it with the created
        logger and fix up the parent/child references which pointed to the
        placeholder to now point to the logger.
        """
        rv = None
        if not isinstance(name, str):
            raise TypeError('A logger name must be a string')
        _acquireLock()
        try:
            if name in self.loggerDict:
                rv = self.loggerDict[name]
                if isinstance(rv, PlaceHolder):
                    ph = rv
                    rv = (self.loggerClass or _loggerClass)(name)
                    rv.manager = self
                    self.loggerDict[name] = rv
                    self._fixupChildren(ph, rv)
                    self._fixupParents(rv)
            else:
                rv = (self.loggerClass or _loggerClass)(name)
                rv.manager = self
                self.loggerDict[name] = rv
                self._fixupParents(rv)
        finally:
            _releaseLock()
        return rv

    def setLoggerClass(self, klass):
        """
        Set the class to be used when instantiating a logger with this Manager.
        """
        if klass != Logger:
            if not issubclass(klass, Logger):
                raise TypeError("logger not derived from logging.Logger: "
                                + klass.__name__)
        self.loggerClass = klass

    def setLogRecordFactory(self, factory):
        """
        Set the factory to be used when instantiating a log record with this
        Manager.
        """
        self.logRecordFactory = factory

    def _fixupParents(self, alogger):
        """
        Ensure that there are either loggers or placeholders all the way
        from the specified logger to the root of the logger hierarchy.
        """
        name = alogger.name
        i = name.rfind(".")
        rv = None
        while (i > 0) and not rv:
            substr = name[:i]
            if substr not in self.loggerDict:
                self.loggerDict[substr] = PlaceHolder(alogger)
            else:
                obj = self.loggerDict[substr]
                if isinstance(obj, Logger):
                    rv = obj
                else:
                    assert isinstance(obj, PlaceHolder)
                    obj.append(alogger)
            i = name.rfind(".", 0, i - 1)
        if not rv:
            rv = self.root
        alogger.parent = rv

    def _fixupChildren(self, ph, alogger):
        """
        Ensure that children of the placeholder ph are connected to the
        specified logger.
        """
        name = alogger.name
        namelen = len(name)
        for c in ph.loggerMap.keys():
            #The if means ... if not c.parent.name.startswith(nm)
            if c.parent.name[:namelen] != name:
                alogger.parent = c.parent
                c.parent = alogger

    def _clear_cache(self):
        """
        Clear the cache for all loggers in loggerDict
        Called when level changes are made
        """

        _acquireLock()
        for logger in self.loggerDict.values():
            if isinstance(logger, Logger):
                logger._cache.clear()
        self.root._cache.clear()
        _releaseLock()

#---------------------------------------------------------------------------
#   Logger classes and functions
#---------------------------------------------------------------------------

class Logger(Filterer):
    """
    Instances of the Logger class represent a single logging channel. A
    "logging channel" indicates an area of an application. Exactly how an
    "area" is defined is up to the application developer. Since an
    application can have any number of areas, logging channels are identified
    by a unique string. Application areas can be nested (e.g. an area
    of "input processing" might include sub-areas "read CSV files", "read
    XLS files" and "read Gnumeric files"). To cater for this natural nesting,
    channel names are organized into a namespace hierarchy where levels are
    separated by periods, much like the Java or Python package namespace. So
    in the instance given above, channel names might be "input" for the upper
    level, and "input.csv", "input.xls" and "input.gnu" for the sub-levels.
    There is no arbitrary limit to the depth of nesting.
    """
    def __init__(self, name, level=NOTSET):
        """
        Initialize the logger with a name and an optional level.
        """
        Filterer.__init__(self)
        self.name = name
        self.level = _checkLevel(level)
        self.parent = None
        self.propagate = True
        self.handlers = []
        self.disabled = False
        self._cache = {}

    def setLevel(self, level):
        """
        Set the logging level of this logger.  level must be an int or a str.
        """
        self.level = _checkLevel(level)
        self.manager._clear_cache()

    def debug(self, msg, *args, **kwargs):
        """
        Log 'msg % args' with severity 'DEBUG'.

        To pass exception information, use the keyword argument exc_info with
        a true value, e.g.

        logger.debug("Houston, we have a %s", "thorny problem", exc_info=1)
        """
        if self.isEnabledFor(DEBUG):
            self._log(DEBUG, msg, args, **kwargs)

    def info(self, msg, *args, **kwargs):
        """
        Log 'msg % args' with severity 'INFO'.

        To pass exception information, use the keyword argument exc_info with
        a true value, e.g.

        logger.info("Houston, we have a %s", "interesting problem", exc_info=1)
        """
        if self.isEnabledFor(INFO):
            self._log(INFO, msg, args, **kwargs)

    def warning(self, msg, *args, **kwargs):
        """
        Log 'msg % args' with severity 'WARNING'.

        To pass exception information, use the keyword argument exc_info with
        a true value, e.g.

        logger.warning("Houston, we have a %s", "bit of a problem", exc_info=1)
        """
        if self.isEnabledFor(WARNING):
            self._log(WARNING, msg, args, **kwargs)

    def warn(self, msg, *args, **kwargs):
        warnings.warn("The 'warn' method is deprecated, "
            "use 'warning' instead", DeprecationWarning, 2)
        self.warning(msg, *args, **kwargs)

    def error(self, msg, *args, **kwargs):
        """
        Log 'msg % args' with severity 'ERROR'.

        To pass exception information, use the keyword argument exc_info with
        a true value, e.g.

        logger.error("Houston, we have a %s", "major problem", exc_info=1)
        """
        if self.isEnabledFor(ERROR):
            self._log(ERROR, msg, args, **kwargs)

    def exception(self, msg, *args, exc_info=True, **kwargs):
        """
        Convenience method for logging an ERROR with exception information.
        """
        self.error(msg, *args, exc_info=exc_info, **kwargs)

    def critical(self, msg, *args, **kwargs):
        """
        Log 'msg % args' with severity 'CRITICAL'.

        To pass exception information, use the keyword argument exc_info with
        a true value, e.g.

        logger.critical("Houston, we have a %s", "major disaster", exc_info=1)
        """
        if self.isEnabledFor(CRITICAL):
            self._log(CRITICAL, msg, args, **kwargs)

    fatal = critical

    def log(self, level, msg, *args, **kwargs):
        """
        Log 'msg % args' with the integer severity 'level'.

        To pass exception information, use the keyword argument exc_info with
        a true value, e.g.

        logger.log(level, "We have a %s", "mysterious problem", exc_info=1)
        """
        if not isinstance(level, int):
            if raiseExceptions:
                raise TypeError("level must be an integer")
            else:
                return
        if self.isEnabledFor(level):
            self._log(level, msg, args, **kwargs)

    def findCaller(self, stack_info=False):
        """
        Find the stack frame of the caller so that we can note the source
        file name, line number and function name.
        """
        f = currentframe()
        #On some versions of IronPython, currentframe() returns None if
        #IronPython isn't run with -X:Frames.
        if f is not None:
            f = f.f_back
        rv = "(unknown file)", 0, "(unknown function)", None
        while hasattr(f, "f_code"):
            co = f.f_code
            filename = os.path.normcase(co.co_filename)
            if filename == _srcfile:
                f = f.f_back
                continue
            sinfo = None
            if stack_info:
                sio = io.StringIO()
                sio.write('Stack (most recent call last):\n')
                traceback.print_stack(f, file=sio)
                sinfo = sio.getvalue()
                if sinfo[-1] == '\n':
                    sinfo = sinfo[:-1]
                sio.close()
            rv = (co.co_filename, f.f_lineno, co.co_name, sinfo)
            break
        return rv

    def makeRecord(self, name, level, fn, lno, msg, args, exc_info,
                   func=None, extra=None, sinfo=None):
        """
        A factory method which can be overridden in subclasses to create
        specialized LogRecords.
        """
        rv = _logRecordFactory(name, level, fn, lno, msg, args, exc_info, func,
                             sinfo)
        if extra is not None:
            for key in extra:
                if (key in ["message", "asctime"]) or (key in rv.__dict__):
                    raise KeyError("Attempt to overwrite %r in LogRecord" % key)
                rv.__dict__[key] = extra[key]
        return rv

    def _log(self, level, msg, args, exc_info=None, extra=None, stack_info=False):
        """
        Low-level logging routine which creates a LogRecord and then calls
        all the handlers of this logger to handle the record.
        """
        sinfo = None
        if _srcfile:
            #IronPython doesn't track Python frames, so findCaller raises an
            #exception on some versions of IronPython. We trap it here so that
            #IronPython can use logging.
            try:
                fn, lno, func, sinfo = self.findCaller(stack_info)
            except ValueError: # pragma: no cover
                fn, lno, func = "(unknown file)", 0, "(unknown function)"
        else: # pragma: no cover
            fn, lno, func = "(unknown file)", 0, "(unknown function)"
        if exc_info:
            if isinstance(exc_info, BaseException):
                exc_info = (type(exc_info), exc_info, exc_info.__traceback__)
            elif not isinstance(exc_info, tuple):
                exc_info = sys.exc_info()
        record = self.makeRecord(self.name, level, fn, lno, msg, args,
                                 exc_info, func, extra, sinfo)
        self.handle(record)

    def handle(self, record):
        """
        Call the handlers for the specified record.

        This method is used for unpickled records received from a socket, as
        well as those created locally. Logger-level filtering is applied.
        """
        if (not self.disabled) and self.filter(record):
            self.callHandlers(record)

    def addHandler(self, hdlr):
        """
        Add the specified handler to this logger.
        """
        _acquireLock()
        try:
            if not (hdlr in self.handlers):
                self.handlers.append(hdlr)
        finally:
            _releaseLock()

    def removeHandler(self, hdlr):
        """
        Remove the specified handler from this logger.
        """
        _acquireLock()
        try:
            if hdlr in self.handlers:
                self.handlers.remove(hdlr)
        finally:
            _releaseLock()

    def hasHandlers(self):
        """
        See if this logger has any handlers configured.

        Loop through all handlers for this logger and its parents in the
        logger hierarchy. Return True if a handler was found, else False.
        Stop searching up the hierarchy whenever a logger with the "propagate"
        attribute set to zero is found - that will be the last logger which
        is checked for the existence of handlers.
        """
        c = self
        rv = False
        while c:
            if c.handlers:
                rv = True
                break
            if not c.propagate:
                break
            else:
                c = c.parent
        return rv

    def callHandlers(self, record):
        """
        Pass a record to all relevant handlers.

        Loop through all handlers for this logger and its parents in the
        logger hierarchy. If no handler was found, output a one-off error
        message to sys.stderr. Stop searching up the hierarchy whenever a
        logger with the "propagate" attribute set to zero is found - that
        will be the last logger whose handlers are called.
        """
        c = self
        found = 0
        while c:
            for hdlr in c.handlers:
                found = found + 1
                if record.levelno >= hdlr.level:
                    hdlr.handle(record)
            if not c.propagate:
                c = None    #break out
            else:
                c = c.parent
        if (found == 0):
            if lastResort:
                if record.levelno >= lastResort.level:
                    lastResort.handle(record)
            elif raiseExceptions and not self.manager.emittedNoHandlerWarning:
                sys.stderr.write("No handlers could be found for logger"
                                 " \"%s\"\n" % self.name)
                self.manager.emittedNoHandlerWarning = True

    def getEffectiveLevel(self):
        """
        Get the effective level for this logger.

        Loop through this logger and its parents in the logger hierarchy,
        looking for a non-zero logging level. Return the first one found.
        """
        logger = self
        while logger:
            if logger.level:
                return logger.level
            logger = logger.parent
        return NOTSET

    def isEnabledFor(self, level):
        """
        Is this logger enabled for level 'level'?
        """
        try:
            return self._cache[level]
        except KeyError:
            _acquireLock()
            try:
                if self.manager.disable >= level:
                    is_enabled = self._cache[level] = False
                else:
                    is_enabled = self._cache[level] = (
                        level >= self.getEffectiveLevel()
                    )
            finally:
                _releaseLock()
            return is_enabled

    def getChild(self, suffix):
        """
        Get a logger which is a descendant to this one.

        This is a convenience method, such that

        logging.getLogger('abc').getChild('def.ghi')

        is the same as

        logging.getLogger('abc.def.ghi')

        It's useful, for example, when the parent logger is named using
        __name__ rather than a literal string.
        """
        if self.root is not self:
            suffix = '.'.join((self.name, suffix))
        return self.manager.getLogger(suffix)

    def __repr__(self):
        level = getLevelName(self.getEffectiveLevel())
        return '<%s %s (%s)>' % (self.__class__.__name__, self.name, level)

    def __reduce__(self):
        # In general, only the root logger will not be accessible via its name.
        # However, the root logger's class has its own __reduce__ method.
        if getLogger(self.name) is not self:
            import pickle
            raise pickle.PicklingError('logger cannot be pickled')
        return getLogger, (self.name,)


class RootLogger(Logger):
    """
    A root logger is not that different to any other logger, except that
    it must have a logging level and there is only one instance of it in
    the hierarchy.
    """
    def __init__(self, level):
        """
        Initialize the logger with the name "root".
        """
        Logger.__init__(self, "root", level)

    def __reduce__(self):
        return getLogger, ()

_loggerClass = Logger

class LoggerAdapter(object):
    """
    An adapter for loggers which makes it easier to specify contextual
    information in logging output.
    """

    def __init__(self, logger, extra):
        """
        Initialize the adapter with a logger and a dict-like object which
        provides contextual information. This constructor signature allows
        easy stacking of LoggerAdapters, if so desired.

        You can effectively pass keyword arguments as shown in the
        following example:

        adapter = LoggerAdapter(someLogger, dict(p1=v1, p2="v2"))
        """
        self.logger = logger
        self.extra = extra

    def process(self, msg, kwargs):
        """
        Process the logging message and keyword arguments passed in to
        a logging call to insert contextual information. You can either
        manipulate the message itself, the keyword args or both. Return
        the message and kwargs modified (or not) to suit your needs.

        Normally, you'll only need to override this one method in a
        LoggerAdapter subclass for your specific needs.
        """
        kwargs["extra"] = self.extra
        return msg, kwargs

    #
    # Boilerplate convenience methods
    #
    def debug(self, msg, *args, **kwargs):
        """
        Delegate a debug call to the underlying logger.
        """
        self.log(DEBUG, msg, *args, **kwargs)

    def info(self, msg, *args, **kwargs):
        """
        Delegate an info call to the underlying logger.
        """
        self.log(INFO, msg, *args, **kwargs)

    def warning(self, msg, *args, **kwargs):
        """
        Delegate a warning call to the underlying logger.
        """
        self.log(WARNING, msg, *args, **kwargs)

    def warn(self, msg, *args, **kwargs):
        warnings.warn("The 'warn' method is deprecated, "
            "use 'warning' instead", DeprecationWarning, 2)
        self.warning(msg, *args, **kwargs)

    def error(self, msg, *args, **kwargs):
        """
        Delegate an error call to the underlying logger.
        """
        self.log(ERROR, msg, *args, **kwargs)

    def exception(self, msg, *args, exc_info=True, **kwargs):
        """
        Delegate an exception call to the underlying logger.
        """
        self.log(ERROR, msg, *args, exc_info=exc_info, **kwargs)

    def critical(self, msg, *args, **kwargs):
        """
        Delegate a critical call to the underlying logger.
        """
        self.log(CRITICAL, msg, *args, **kwargs)

    def log(self, level, msg, *args, **kwargs):
        """
        Delegate a log call to the underlying logger, after adding
        contextual information from this adapter instance.
        """
        if self.isEnabledFor(level):
            msg, kwargs = self.process(msg, kwargs)
            self.logger.log(level, msg, *args, **kwargs)

    def isEnabledFor(self, level):
        """
        Is this logger enabled for level 'level'?
        """
        return self.logger.isEnabledFor(level)

    def setLevel(self, level):
        """
        Set the specified level on the underlying logger.
        """
        self.logger.setLevel(level)

    def getEffectiveLevel(self):
        """
        Get the effective level for the underlying logger.
        """
        return self.logger.getEffectiveLevel()

    def hasHandlers(self):
        """
        See if the underlying logger has any handlers.
        """
        return self.logger.hasHandlers()

    def _log(self, level, msg, args, exc_info=None, extra=None, stack_info=False):
        """
        Low-level log implementation, proxied to allow nested logger adapters.
        """
        return self.logger._log(
            level,
            msg,
            args,
            exc_info=exc_info,
            extra=extra,
            stack_info=stack_info,
        )

    @property
    def manager(self):
        return self.logger.manager

    @manager.setter
    def manager(self, value):
        self.logger.manager = value

    @property
    def name(self):
        return self.logger.name

    def __repr__(self):
        logger = self.logger
        level = getLevelName(logger.getEffectiveLevel())
        return '<%s %s (%s)>' % (self.__class__.__name__, logger.name, level)

root = RootLogger(WARNING)
Logger.root = root
Logger.manager = Manager(Logger.root)

#---------------------------------------------------------------------------
# Configuration classes and functions
#---------------------------------------------------------------------------

def basicConfig(**kwargs):
    """
    Do basic configuration for the logging system.

    This function does nothing if the root logger already has handlers
    configured. It is a convenience method intended for use by simple scripts
    to do one-shot configuration of the logging package.

    The default behaviour is to create a StreamHandler which writes to
    sys.stderr, set a formatter using the BASIC_FORMAT format string, and
    add the handler to the root logger.

    A number of optional keyword arguments may be specified, which can alter
    the default behaviour.

    filename  Specifies that a FileHandler be created, using the specified
              filename, rather than a StreamHandler.
    filemode  Specifies the mode to open the file, if filename is specified
              (if filemode is unspecified, it defaults to 'a').
    format    Use the specified format string for the handler.
    datefmt   Use the specified date/time format.
    style     If a format string is specified, use this to specify the
              type of format string (possible values '%', '{', '$', for
              %-formatting, :meth:`str.format` and :class:`string.Template`
              - defaults to '%').
    level     Set the root logger level to the specified level.
    stream    Use the specified stream to initialize the StreamHandler. Note
              that this argument is incompatible with 'filename' - if both
              are present, 'stream' is ignored.
    handlers  If specified, this should be an iterable of already created
              handlers, which will be added to the root handler. Any handler
              in the list which does not have a formatter assigned will be
              assigned the formatter created in this function.

    Note that you could specify a stream created using open(filename, mode)
    rather than passing the filename and mode in. However, it should be
    remembered that StreamHandler does not close its stream (since it may be
    using sys.stdout or sys.stderr), whereas FileHandler closes its stream
    when the handler is closed.

    .. versionchanged:: 3.2
       Added the ``style`` parameter.

    .. versionchanged:: 3.3
       Added the ``handlers`` parameter. A ``ValueError`` is now thrown for
       incompatible arguments (e.g. ``handlers`` specified together with
       ``filename``/``filemode``, or ``filename``/``filemode`` specified
       together with ``stream``, or ``handlers`` specified together with
       ``stream``.
    """
    # Add thread safety in case someone mistakenly calls
    # basicConfig() from multiple threads
    _acquireLock()
    try:
        if len(root.handlers) == 0:
            handlers = kwargs.pop("handlers", None)
            if handlers is None:
                if "stream" in kwargs and "filename" in kwargs:
                    raise ValueError("'stream' and 'filename' should not be "
                                     "specified together")
            else:
                if "stream" in kwargs or "filename" in kwargs:
                    raise ValueError("'stream' or 'filename' should not be "
                                     "specified together with 'handlers'")
            if handlers is None:
                filename = kwargs.pop("filename", None)
                mode = kwargs.pop("filemode", 'a')
                if filename:
                    h = FileHandler(filename, mode)
                else:
                    stream = kwargs.pop("stream", None)
                    h = StreamHandler(stream)
                handlers = [h]
            dfs = kwargs.pop("datefmt", None)
            style = kwargs.pop("style", '%')
            if style not in _STYLES:
                raise ValueError('Style must be one of: %s' % ','.join(
                                 _STYLES.keys()))
            fs = kwargs.pop("format", _STYLES[style][1])
            fmt = Formatter(fs, dfs, style)
            for h in handlers:
                if h.formatter is None:
                    h.setFormatter(fmt)
                root.addHandler(h)
            level = kwargs.pop("level", None)
            if level is not None:
                root.setLevel(level)
            if kwargs:
                keys = ', '.join(kwargs.keys())
                raise ValueError('Unrecognised argument(s): %s' % keys)
    finally:
        _releaseLock()

#---------------------------------------------------------------------------
# Utility functions at module level.
# Basically delegate everything to the root logger.
#---------------------------------------------------------------------------

def getLogger(name=None):
    """
    Return a logger with the specified name, creating it if necessary.

    If no name is specified, return the root logger.
    """
    if name:
        return Logger.manager.getLogger(name)
    else:
        return root

def critical(msg, *args, **kwargs):
    """
    Log a message with severity 'CRITICAL' on the root logger. If the logger
    has no handlers, call basicConfig() to add a console handler with a
    pre-defined format.
    """
    if len(root.handlers) == 0:
        basicConfig()
    root.critical(msg, *args, **kwargs)

fatal = critical

def error(msg, *args, **kwargs):
    """
    Log a message with severity 'ERROR' on the root logger. If the logger has
    no handlers, call basicConfig() to add a console handler with a pre-defined
    format.
    """
    if len(root.handlers) == 0:
        basicConfig()
    root.error(msg, *args, **kwargs)

def exception(msg, *args, exc_info=True, **kwargs):
    """
    Log a message with severity 'ERROR' on the root logger, with exception
    information. If the logger has no handlers, basicConfig() is called to add
    a console handler with a pre-defined format.
    """
    error(msg, *args, exc_info=exc_info, **kwargs)

def warning(msg, *args, **kwargs):
    """
    Log a message with severity 'WARNING' on the root logger. If the logger has
    no handlers, call basicConfig() to add a console handler with a pre-defined
    format.
    """
    if len(root.handlers) == 0:
        basicConfig()
    root.warning(msg, *args, **kwargs)

def warn(msg, *args, **kwargs):
    warnings.warn("The 'warn' function is deprecated, "
        "use 'warning' instead", DeprecationWarning, 2)
    warning(msg, *args, **kwargs)

def info(msg, *args, **kwargs):
    """
    Log a message with severity 'INFO' on the root logger. If the logger has
    no handlers, call basicConfig() to add a console handler with a pre-defined
    format.
    """
    if len(root.handlers) == 0:
        basicConfig()
    root.info(msg, *args, **kwargs)

def debug(msg, *args, **kwargs):
    """
    Log a message with severity 'DEBUG' on the root logger. If the logger has
    no handlers, call basicConfig() to add a console handler with a pre-defined
    format.
    """
    if len(root.handlers) == 0:
        basicConfig()
    root.debug(msg, *args, **kwargs)

[docs]def log(level, msg, *args, **kwargs):
    """
    Log 'msg % args' with the integer severity 'level' on the root logger. If
    the logger has no handlers, call basicConfig() to add a console handler
    with a pre-defined format.
    """
    if len(root.handlers) == 0:
        basicConfig()
    root.log(level, msg, *args, **kwargs)


def disable(level=CRITICAL):
    """
    Disable all logging calls of severity 'level' and below.
    """
    root.manager.disable = level
    root.manager._clear_cache()

def shutdown(handlerList=_handlerList):
    """
    Perform any cleanup actions in the logging system (e.g. flushing
    buffers).

    Should be called at application exit.
    """
    for wr in reversed(handlerList[:]):
        #errors might occur, for example, if files are locked
        #we just ignore them if raiseExceptions is not set
        try:
            h = wr()
            if h:
                try:
                    h.acquire()
                    h.flush()
                    h.close()
                except (OSError, ValueError):
                    # Ignore errors which might be caused
                    # because handlers have been closed but
                    # references to them are still around at
                    # application exit.
                    pass
                finally:
                    h.release()
        except: # ignore everything, as we're shutting down
            if raiseExceptions:
                raise
            #else, swallow

#Let's try and shutdown automatically on application exit...
import atexit
atexit.register(shutdown)

# Null handler

class NullHandler(Handler):
    """
    This handler does nothing. It's intended to be used to avoid the
    "No handlers could be found for logger XXX" one-off warning. This is
    important for library code, which may contain code to log events. If a user
    of the library does not configure logging, the one-off warning might be
    produced; to avoid this, the library developer simply needs to instantiate
    a NullHandler and add it to the top-level logger of the library module or
    package.
    """
    def handle(self, record):
        """Stub."""

    def emit(self, record):
        """Stub."""

    def createLock(self):
        self.lock = None

# Warnings integration

_warnings_showwarning = None

def _showwarning(message, category, filename, lineno, file=None, line=None):
    """
    Implementation of showwarnings which redirects to logging, which will first
    check to see if the file parameter is None. If a file is specified, it will
    delegate to the original warnings implementation of showwarning. Otherwise,
    it will call warnings.formatwarning and will log the resulting string to a
    warnings logger named "py.warnings" with level logging.WARNING.
    """
    if file is not None:
        if _warnings_showwarning is not None:
            _warnings_showwarning(message, category, filename, lineno, file, line)
    else:
        s = warnings.formatwarning(message, category, filename, lineno, line)
        logger = getLogger("py.warnings")
        if not logger.handlers:
            logger.addHandler(NullHandler())
        logger.warning("%s", s)

def captureWarnings(capture):
    """
    If capture is true, redirect all warnings to the logging package.
    If capture is False, ensure that warnings are not redirected to logging
    but to their original destinations.
    """
    global _warnings_showwarning
    if capture:
        if _warnings_showwarning is None:
            _warnings_showwarning = warnings.showwarning
            warnings.showwarning = _showwarning
    else:
        if _warnings_showwarning is not None:
            warnings.showwarning = _warnings_showwarning
            _warnings_showwarning = None
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  Source code for pgl.data_loader

# Copyright (c) 2019 PaddlePaddle Authors. All Rights Reserved
#
# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License.
# You may obtain a copy of the License at
#
#     http://www.apache.org/licenses/LICENSE-2.0
#
# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
# See the License for the specific language governing permissions and
# limitations under the License.
"""
This package implements some benchmark dataset for graph network
and node representation learning.
"""
import os
import io
import sys
import numpy as np
import pickle as pkl

from pgl import graph
from pgl.utils.logger import log

__all__ = [
    "CitationDataset",
    "CoraDataset",
    "ArXivDataset",
    "BlogCatalogDataset",
]


def get_default_data_dir(name):
    """Get data path name"""
    dir_path = os.path.abspath(os.path.dirname(__file__))
    dir_path = os.path.join(dir_path, 'data')
    filepath = os.path.join(dir_path, name)
    return filepath


def _pickle_load(pkl_file):
    """Load pickle"""
    if sys.version_info > (3, 0):
        return pkl.load(pkl_file, encoding='latin1')
    else:
        return pkl.load(pkl_file)


def _parse_index_file(filename):
    """Parse index file."""
    index = []
    for line in open(filename):
        index.append(int(line.strip()))
    return index


[docs]class CitationDataset(object):
    """Citation dataset helps to create data for citation dataset (Pubmed and Citeseer)

    Args:
        name: The name for the dataset ("pubmed" or "citeseer")

        symmetry_edges: Whether to create symmetry edges.

        self_loop:  Whether to contain self loop edges.

    Attributes:
        graph: The :code:`Graph` data object

        y: Labels for each nodes

        num_classes: Number of classes.

        train_index: The index for nodes in training set.

        val_index: The index for nodes in validation set.

        test_index: The index for nodes in test set.
    """

    def __init__(self, name, symmetry_edges=True, self_loop=True):
        self.path = get_default_data_dir(name)
        self.symmetry_edges = symmetry_edges
        self.self_loop = self_loop
        self.name = name
        self._load_data()

    def _load_data(self):
        """Load data
        """
        import networkx as nx
        objnames = ['x', 'y', 'tx', 'ty', 'allx', 'ally', 'graph']
        objects = []
        for i in range(len(objnames)):
            with open("{}/ind.{}.{}".format(self.path, self.name, objnames[i]),
                      'rb') as f:
                objects.append(_pickle_load(f))

        x, y, tx, ty, allx, ally, _graph = objects
        test_idx_reorder = _parse_index_file("{}/ind.{}.test.index".format(
            self.path, self.name))
        test_idx_range = np.sort(test_idx_reorder)

        allx = allx.todense()
        tx = tx.todense()
        if self.name == 'citeseer':
            # Fix citeseer dataset (there are some isolated nodes in the graph)
            # Find isolated nodes, add them as zero-vecs into the right position
            test_idx_range_full = range(
                min(test_idx_reorder), max(test_idx_reorder) + 1)
            tx_extended = np.zeros(
                (len(test_idx_range_full), x.shape[1]), dtype="float32")
            tx_extended[test_idx_range - min(test_idx_range), :] = tx
            tx = tx_extended
            ty_extended = np.zeros(
                (len(test_idx_range_full), y.shape[1]), dtype="float32")
            ty_extended[test_idx_range - min(test_idx_range), :] = ty
            ty = ty_extended

        features = np.vstack([allx, tx])
        features[test_idx_reorder, :] = features[test_idx_range, :]
        features = features / (np.sum(features, axis=-1) + 1e-15)
        features = np.array(features, dtype="float32")
        _graph = nx.DiGraph(nx.from_dict_of_lists(_graph))

        onehot_labels = np.vstack((ally, ty))
        onehot_labels[test_idx_reorder, :] = onehot_labels[test_idx_range, :]
        labels = np.argmax(onehot_labels, 1)

        idx_test = test_idx_range.tolist()
        idx_train = range(len(y))
        idx_val = range(len(y), len(y) + 500)
        all_edges = []
        for i in _graph.edges():
            u, v = tuple(i)
            all_edges.append((u, v))
            if self.symmetry_edges:
                all_edges.append((v, u))

        if self.self_loop:
            for i in range(_graph.number_of_nodes()):
                all_edges.append((i, i))
        all_edges = list(set(all_edges))

        self.graph = graph.Graph(
            num_nodes=_graph.number_of_nodes(),
            edges=all_edges,
            node_feat={"words": features})
        self.y = np.array(labels, dtype="int64")
        self.num_classes = onehot_labels.shape[1]
        self.train_index = np.array(idx_train, dtype="int32")
        self.val_index = np.array(idx_val, dtype="int32")
        self.test_index = np.array(idx_test, dtype="int32")



[docs]class CoraDataset(object):
    """Cora dataset implementation

    Args:
        symmetry_edges: Whether to create symmetry edges.

        self_loop:  Whether to contain self loop edges.

    Attributes:
        graph: The :code:`Graph` data object

        y: Labels for each nodes

        num_classes: Number of classes.

        train_index: The index for nodes in training set.

        val_index: The index for nodes in validation set.

        test_index: The index for nodes in test set.
    """

    def __init__(self, symmetry_edges=True, self_loop=True):
        self.path = get_default_data_dir("cora")
        self.symmetry_edges = symmetry_edges
        self.self_loop = self_loop
        self._load_data()

    def _load_data(self):
        """Load data"""
        content = os.path.join(self.path, 'cora.content')
        cite = os.path.join(self.path, 'cora.cites')
        node_feature = []
        paper_ids = []
        y = []
        y_dict = {}
        with open(content, 'r') as f:
            for line in f:
                line = line.strip().split()
                paper_id = int(line[0])
                paper_class = line[-1]
                if paper_class not in y_dict:
                    y_dict[paper_class] = len(y_dict)
                feature = [int(i) for i in line[1:-1]]
                feature_array = np.array(feature, dtype="float32")
                # Normalize
                feature_array = feature_array / (np.sum(feature_array) + 1e-15)
                node_feature.append(feature_array)
                y.append(y_dict[paper_class])
                paper_ids.append(paper_id)
        paper2vid = dict([(v, k) for (k, v) in enumerate(paper_ids)])
        num_nodes = len(paper_ids)
        node_feature = np.array(node_feature, dtype="float32")

        all_edges = []
        with open(cite, 'r') as f:
            for line in f:
                u, v = line.split()
                u = paper2vid[int(u)]
                v = paper2vid[int(v)]
                all_edges.append((u, v))
                if self.symmetry_edges:
                    all_edges.append((v, u))

        if self.self_loop:
            for i in range(num_nodes):
                all_edges.append((i, i))

        all_edges = list(set(all_edges))
        self.graph = graph.Graph(
            num_nodes=num_nodes,
            edges=all_edges,
            node_feat={"words": node_feature})
        perm = np.arange(0, num_nodes)
        #np.random.shuffle(perm)
        self.train_index = perm[:140]
        self.val_index = perm[200:500]
        self.test_index = perm[500:1500]
        self.y = np.array(y, dtype="int64")
        self.num_classes = len(y_dict)



[docs]class BlogCatalogDataset(object):
    """BlogCatalog dataset implementation

    Args:
        symmetry_edges: Whether to create symmetry edges.

        self_loop:  Whether to contain self loop edges.

    Attributes:
        graph: The :code:`Graph` data object.

        num_groups: Number of classes.

        train_index: The index for nodes in training set.

        test_index: The index for nodes in validation set.
    """

    def __init__(self, symmetry_edges=True, self_loop=False):
        self.path = get_default_data_dir("BlogCatalog")
        self.num_groups = 39
        self.symmetry_edges = symmetry_edges
        self.self_loop = self_loop
        self._load_data()

    def _load_data(self):
        edge_path = os.path.join(self.path, 'edges.csv')
        node_path = os.path.join(self.path, 'nodes.csv')
        group_edge_path = os.path.join(self.path, 'group-edges.csv')

        all_edges = []

        with io.open(node_path) as inf:
            num_nodes = len(inf.readlines())

        node_feature = np.zeros((num_nodes, self.num_groups))

        with io.open(group_edge_path) as inf:
            for line in inf:
                node_id, group_id = line.strip('\n').split(',')
                node_id, group_id = int(node_id) - 1, int(group_id) - 1
                node_feature[node_id][group_id] = 1

        with io.open(edge_path) as inf:
            for line in inf:
                u, v = line.strip('\n').split(',')
                u, v = int(u) - 1, int(v) - 1
                all_edges.append((u, v))
                if self.symmetry_edges:
                    all_edges.append((v, u))

        if self.self_loop:
            for i in range(num_nodes):
                all_edges.append((i, i))

        all_edges = list(set(all_edges))
        self.graph = graph.Graph(
            num_nodes=num_nodes,
            edges=all_edges,
            node_feat={"group_id": node_feature})

        perm = np.arange(0, num_nodes)
        np.random.shuffle(perm)
        train_num = int(num_nodes * 0.5)
        self.train_index = perm[:train_num]
        self.test_index = perm[train_num:]



[docs]class ArXivDataset(object):
    """ArXiv dataset implementation

    Args:
        np_random_seed: The random seed for numpy.

    Attributes:
        graph: The :code:`Graph` data object.
    """

    def __init__(self, np_random_seed=123):
        self.path = get_default_data_dir("arXiv")
        self.np_random_seed = np_random_seed
        self._load_data()

    def _load_data(self):
        np.random.seed(self.np_random_seed)
        edge_path = os.path.join(self.path, 'ca-AstroPh.txt')

        bi_edges = set()
        self.neg_edges = []
        self.pos_edges = []
        self.node2id = dict()

        def node_id(node):
            if node not in self.node2id:
                self.node2id[node] = len(self.node2id)
            return self.node2id[node]

        with io.open(edge_path) as inf:
            for _ in range(4):
                inf.readline()
            for line in inf:
                u, v = line.strip('\n').split('\t')
                u, v = node_id(u), node_id(v)
                if u < v:
                    bi_edges.add((u, v))
                else:
                    bi_edges.add((v, u))

        num_nodes = len(self.node2id)

        while len(self.neg_edges) < len(bi_edges) // 2:
            random_edges = np.random.choice(num_nodes, [len(bi_edges), 2])
            for (u, v) in random_edges:
                if u != v and (u, v) not in bi_edges and (v, u
                                                          ) not in bi_edges:
                    self.neg_edges.append((u, v))
                    if len(self.neg_edges) == len(bi_edges) // 2:
                        break

        bi_edges = list(bi_edges)
        np.random.shuffle(bi_edges)
        self.pos_edges = bi_edges[:len(bi_edges) // 2]
        bi_edges = bi_edges[len(bi_edges) // 2:]
        all_edges = []
        for edge in bi_edges:
            u, v = edge
            all_edges.append((u, v))
            all_edges.append((v, u))
        self.graph = graph.Graph(num_nodes=num_nodes, edges=all_edges)
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  Source code for pgl.graph

# Copyright (c) 2019 PaddlePaddle Authors. All Rights Reserved
#
# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License.
# You may obtain a copy of the License at
#
#     http://www.apache.org/licenses/LICENSE-2.0
#
# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
# See the License for the specific language governing permissions and
# limitations under the License.
"""
    This package implement Graph structure for handling graph data.
"""

import os
import numpy as np
import pickle as pkl
import time
import pgl.graph_kernel as graph_kernel
from collections import defaultdict

__all__ = ['Graph', 'SubGraph', 'MultiGraph']


def _hide_num_nodes(shape):
    """Set the first dimension as unknown
    """
    shape = list(shape)
    shape[0] = None
    return shape


class EdgeIndex(object):
    """Indexing edges for fast graph queries

    Sorted edges and represent edges in compressed style like csc_matrix or csr_matrix.

    Args:
        u: A list of node id to be compressed.
        v: A list of node id that are connected with u.
        num_nodes: The exactive number of nodes.
    """

    def __init__(self, u, v, num_nodes):
        self._degree, self._sorted_v, self._sorted_u, \
             self._sorted_eid, self._indptr = graph_kernel.build_index(u, v, num_nodes)

    @property
    def degree(self):
        """Return the degree of nodes.
        """
        return self._degree

    def view_v(self, u=None):
        """Return the compressed v for given u.
        """
        if u is None:
            return np.split(self._sorted_v, self._indptr[1:])
        else:
            u = np.array(u, dtype="int64")
            return graph_kernel.slice_by_index(
                self._sorted_v, self._indptr, index=u)

    def view_eid(self, u=None):
        """Return the compressed edge id for given u.
        """
        if u is None:
            return np.split(self._sorted_eid, self._indptr[1:])
        else:
            u = np.array(u, dtype="int64")
            return graph_kernel.slice_by_index(
                self._sorted_eid, self._indptr, index=u)

    def triples(self):
        """Return the sorted (u, v, eid) tuples.
        """
        return self._sorted_u, self._sorted_v, self._sorted_eid

    def dump(self, path):
        if not os.path.exists(path):
            os.makedirs(path)
        np.save(os.path.join(path, 'degree.npy'), self._degree)
        np.save(os.path.join(path, 'sorted_u.npy'), self._sorted_u)
        np.save(os.path.join(path, 'sorted_v.npy'), self._sorted_v)
        np.save(os.path.join(path, 'sorted_eid.npy'), self._sorted_eid)
        np.save(os.path.join(path, 'indptr.npy'), self._indptr)


[docs]class Graph(object):
    """Implementation of graph structure in pgl.

    This is a simple implementation of graph structure in pgl.

    Args:
        num_nodes: number of nodes in a graph
        edges: list of (u, v) tuples
        node_feat (optional): a dict of numpy array as node features
        edge_feat (optional): a dict of numpy array as edge features (should
                                have consistent order with edges)

    Examples:

        .. code-block:: python

            import numpy as np
            num_nodes = 5
            edges = [ (0, 1), (1, 2), (3, 4)]
            feature = np.random.randn(5, 100)
            edge_feature = np.random.randn(3, 100)
            graph = Graph(num_nodes=num_nodes,
                        edges=edges,
                        node_feat={
                            "feature": feature
                        },
                        edge_feat={
                            "edge_feature": edge_feature
                        })

    """

    def __init__(self, num_nodes, edges=None, node_feat=None, edge_feat=None):
        if node_feat is not None:
            self._node_feat = node_feat
        else:
            self._node_feat = {}

        if edge_feat is not None:
            self._edge_feat = edge_feat
        else:
            self._edge_feat = {}

        if isinstance(edges, np.ndarray):
            if edges.dtype != "int64":
                edges = edges.astype("int64")
        else:
            edges = np.array(edges, dtype="int64")

        self._edges = edges
        self._num_nodes = num_nodes

        self._adj_src_index = None
        self._adj_dst_index = None
        self.indegree()
        self._num_graph = 1
        self._graph_lod = np.array([0, self.num_nodes], dtype="int32")

[docs]    def dump(self, path):
        if not os.path.exists(path):
            os.makedirs(path)
        np.save(os.path.join(path, 'num_nodes.npy'), self._num_nodes)
        np.save(os.path.join(path, 'edges.npy'), self._edges)
        np.save(os.path.join(path, 'num_graph.npy'), self._num_graph)
        np.save(os.path.join(path, 'graph_lod.npy'), self._graph_lod)

        if self._adj_src_index:
            self._adj_src_index.dump(os.path.join(path, 'adj_src'))

        if self._adj_dst_index:
            self._adj_dst_index.dump(os.path.join(path, 'adj_dst'))

        def dump_feat(feat_path, feat):
            """Dump all features to .npy file.
            """
            if len(feat) == 0:
                return
            if not os.path.exists(feat_path):
                os.makedirs(feat_path)
            for key in feat:
                np.save(os.path.join(feat_path, key + ".npy"), feat[key])

        dump_feat(os.path.join(path, "node_feat"), self.node_feat)
        dump_feat(os.path.join(path, "edge_feat"), self.edge_feat)


    @property
    def adj_src_index(self):
        """Return an EdgeIndex object for src.
        """
        if self._adj_src_index is None:
            if len(self._edges) == 0:
                u = np.array([], dtype="int64")
                v = np.array([], dtype="int64")
            else:
                u = self._edges[:, 0]
                v = self._edges[:, 1]

            self._adj_src_index = EdgeIndex(
                u=u, v=v, num_nodes=self._num_nodes)
        return self._adj_src_index

    @property
    def adj_dst_index(self):
        """Return an EdgeIndex object for dst.
        """
        if self._adj_dst_index is None:
            if len(self._edges) == 0:
                v = np.array([], dtype="int64")
                u = np.array([], dtype="int64")
            else:
                v = self._edges[:, 0]
                u = self._edges[:, 1]

            self._adj_dst_index = EdgeIndex(
                u=u, v=v, num_nodes=self._num_nodes)
        return self._adj_dst_index

    @property
    def edge_feat(self):
        """Return a dictionary of edge features.
        """
        return self._edge_feat

    @property
    def node_feat(self):
        """Return a dictionary of node features.
        """
        return self._node_feat

    @property
    def num_edges(self):
        """Return the number of edges.
        """
        return len(self._edges)

    @property
    def num_nodes(self):
        """Return the number of nodes.
        """
        return self._num_nodes

    @property
    def edges(self):
        """Return all edges in numpy.ndarray with shape (num_edges, 2).
        """
        return self._edges

[docs]    def sorted_edges(self, sort_by="src"):
        """Return sorted edges with different strategies.

        This function will return sorted edges with different strategy.
        If :code:`sort_by="src"`, then edges will be sorted by :code:`src`
        nodes and otherwise :code:`dst`.

        Args:
            sort_by: The type for sorted edges. ("src" or "dst")

        Return:
            A tuple of (sorted_src, sorted_dst, sorted_eid).
        """
        if sort_by not in ["src", "dst"]:
            raise ValueError("sort_by should be in 'src' or 'dst'.")
        if sort_by == 'src':
            src, dst, eid = self.adj_src_index.triples()
        else:
            dst, src, eid = self.adj_dst_index.triples()
        return src, dst, eid


    @property
    def nodes(self):
        """Return all nodes id from 0 to :code:`num_nodes - 1`
        """
        return np.arange(self._num_nodes, dtype="int64")

[docs]    def indegree(self, nodes=None):
        """Return the indegree of the given nodes

        This function will return indegree of given nodes.

        Args:
            nodes: Return the indegree of given nodes,
                   if nodes is None, return indegree for all nodes

        Return:
            A numpy.ndarray as the given nodes' indegree.
        """
        if nodes is None:
            return self.adj_dst_index.degree
        else:
            return self.adj_dst_index.degree[nodes]


[docs]    def outdegree(self, nodes=None):
        """Return the outdegree of the given nodes.

        This function will return outdegree of given nodes.

        Args:
            nodes: Return the outdegree of given nodes,
                   if nodes is None, return outdegree for all nodes

        Return:
            A numpy.array as the given nodes' outdegree.
        """
        if nodes is None:
            return self.adj_src_index.degree
        else:
            return self.adj_src_index.degree[nodes]


[docs]    def successor(self, nodes=None, return_eids=False):
        """Find successor of given nodes.

        This function will return the successor of given nodes.

        Args:
            nodes: Return the successor of given nodes,
                   if nodes is None, return successor for all nodes.

            return_eids: If True return nodes together with corresponding eid

        Return:
            Return a list of numpy.ndarray and each numpy.ndarray represent a list
            of successor ids for given nodes. If :code:`return_eids=True`, there will
            be an additional list of numpy.ndarray and each numpy.ndarray represent
            a list of eids that connected nodes to their successors.

        Example:
            .. code-block:: python

                import numpy as np
                num_nodes = 5
                edges = [ (0, 1), (1, 2), (3, 4)]
                graph = Graph(num_nodes=num_nodes,
                        edges=edges)
                succ, succ_eid = graph.successor(return_eids=True)

            This will give output.

            .. code-block:: python

                succ:
                      [[1],
                       [2],
                       [],
                       [4],
                       []]

                succ_eid:
                      [[0],
                       [1],
                       [],
                       [2],
                       []]

        """
        if return_eids:
            return self.adj_src_index.view_v(
                nodes), self.adj_src_index.view_eid(nodes)
        else:
            return self.adj_src_index.view_v(nodes)


[docs]    def sample_successor(self,
                         nodes,
                         max_degree,
                         return_eids=False,
                         shuffle=False):
        """Sample successors of given nodes.

        Args:
            nodes: Given nodes whose successors will be sampled.

            max_degree: The max sampled successors for each nodes.

            return_eids: Whether to return the corresponding eids.

        Return:

            Return a list of numpy.ndarray and each numpy.ndarray represent a list
            of sampled successor ids for given nodes. If :code:`return_eids=True`, there will
            be an additional list of numpy.ndarray and each numpy.ndarray represent
            a list of eids that connected nodes to their successors.
        """

        node_succ = self.successor(nodes, return_eids=return_eids)
        if return_eids:
            node_succ, node_succ_eid = node_succ

        if nodes is None:
            nodes = self.nodes

        node_succ = node_succ.tolist()

        if return_eids:
            node_succ_eid = node_succ_eid.tolist()

        if return_eids:
            return graph_kernel.sample_subset_with_eid(
                node_succ, node_succ_eid, max_degree, shuffle)
        else:
            return graph_kernel.sample_subset(node_succ, max_degree, shuffle)


[docs]    def predecessor(self, nodes=None, return_eids=False):
        """Find predecessor of given nodes.

        This function will return the predecessor of given nodes.

        Args:
            nodes: Return the predecessor of given nodes,
                   if nodes is None, return predecessor for all nodes.

            return_eids: If True return nodes together with corresponding eid

        Return:
            Return a list of numpy.ndarray and each numpy.ndarray represent a list
            of predecessor ids for given nodes. If :code:`return_eids=True`, there will
            be an additional list of numpy.ndarray and each numpy.ndarray represent
            a list of eids that connected nodes to their predecessors.

        Example:
            .. code-block:: python

                import numpy as np
                num_nodes = 5
                edges = [ (0, 1), (1, 2), (3, 4)]
                graph = Graph(num_nodes=num_nodes,
                        edges=edges)
                pred, pred_eid = graph.predecessor(return_eids=True)

            This will give output.

            .. code-block:: python

                pred:
                      [[],
                       [0],
                       [1],
                       [],
                       [3]]

                pred_eid:
                      [[],
                       [0],
                       [1],
                       [],
                       [2]]

        """
        if return_eids:
            return self.adj_dst_index.view_v(
                nodes), self.adj_dst_index.view_eid(nodes)
        else:
            return self.adj_dst_index.view_v(nodes)


[docs]    def sample_predecessor(self,
                           nodes,
                           max_degree,
                           return_eids=False,
                           shuffle=False):
        """Sample predecessor of given nodes.

        Args:
            nodes: Given nodes whose predecessor will be sampled.

            max_degree: The max sampled predecessor for each nodes.

            return_eids: Whether to return the corresponding eids.

        Return:

            Return a list of numpy.ndarray and each numpy.ndarray represent a list
            of sampled predecessor ids for given nodes. If :code:`return_eids=True`, there will
            be an additional list of numpy.ndarray and each numpy.ndarray represent
            a list of eids that connected nodes to their predecessors.
        """
        node_pred = self.predecessor(nodes, return_eids=return_eids)
        if return_eids:
            node_pred, node_pred_eid = node_pred

        if nodes is None:
            nodes = self.nodes

        node_pred = node_pred.tolist()

        if return_eids:
            node_pred_eid = node_pred_eid.tolist()

        if return_eids:
            return graph_kernel.sample_subset_with_eid(
                node_pred, node_pred_eid, max_degree, shuffle)
        else:
            return graph_kernel.sample_subset(node_pred, max_degree, shuffle)


[docs]    def node_feat_info(self):
        """Return the information of node feature for GraphWrapper.

        This function return the information of node features. And this
        function is used to help constructing GraphWrapper

        Return:
            A list of tuple (name, shape, dtype) for all given node feature.

        Examples:

            .. code-block:: python

                import numpy as np
                num_nodes = 5
                edges = [ (0, 1), (1, 2), (3, 4)]
                feature = np.random.randn(5, 100)
                graph = Graph(num_nodes=num_nodes,
                        edges=edges,
                        node_feat={
                            "feature": feature
                        })
                print(graph.node_feat_info())

            The output will be:

            .. code-block:: python

                [("feature", [None, 100], "float32")]

        """
        node_feat_info = []
        for key, value in self._node_feat.items():
            node_feat_info.append(
                (key, _hide_num_nodes(value.shape), value.dtype))
        return node_feat_info


[docs]    def edge_feat_info(self):
        """Return the information of edge feature for GraphWrapper.

        This function return the information of edge features. And this
        function is used to help constructing GraphWrapper

        Return:
            A list of tuple (name, shape, dtype) for all given edge feature.

        Examples:

            .. code-block:: python

                import numpy as np
                num_nodes = 5
                edges = [ (0, 1), (1, 2), (3, 4)]
                feature = np.random.randn(3, 100)
                graph = Graph(num_nodes=num_nodes,
                        edges=edges,
                        edge_feat={
                            "feature": feature
                        })
                print(graph.edge_feat_info())

            The output will be:

            .. code-block:: python

                [("feature", [None, 100], "float32")]

        """
        edge_feat_info = []
        for key, value in self._edge_feat.items():
            edge_feat_info.append(
                (key, _hide_num_nodes(value.shape), value.dtype))
        return edge_feat_info


[docs]    def subgraph(self,
                 nodes,
                 eid=None,
                 edges=None,
                 edge_feats=None,
                 with_node_feat=True,
                 with_edge_feat=True):
        """Generate subgraph with nodes and edge ids.

        This function will generate a :code:`pgl.graph.Subgraph` object and
        copy all corresponding node and edge features. Nodes and edges will
        be reindex from 0. Eid and edges can't both be None.

        WARNING: ALL NODES IN EID MUST BE INCLUDED BY NODES

        Args:
            nodes: Node ids which will be included in the subgraph.

            eid (optional): Edge ids which will be included in the subgraph.

            edges (optional): Edge(src, dst) list which will be included in the subgraph.
    
            with_node_feat: Whether to inherit node features from parent graph.

            with_edge_feat: Whether to inherit edge features from parent graph.

        Return:
            A :code:`pgl.graph.Subgraph` object.
        """
        reindex = {}

        for ind, node in enumerate(nodes):
            reindex[node] = ind

        if eid is None and edges is None:
            raise ValueError("Eid and edges can't be None at the same time.")

        sub_edge_feat = {}
        if edges is None:
            edges = self._edges[eid]
        else:
            edges = np.array(edges, dtype="int64")

        if with_edge_feat:
            for key, value in self._edge_feat.items():
                if eid is None:
                    raise ValueError("Eid can not be None with edge features.")
                sub_edge_feat[key] = value[eid]

        if edge_feats is not None:
            sub_edge_feat.update(edge_feats)

        sub_edges = graph_kernel.map_edges(
            np.arange(
                len(edges), dtype="int64"), edges, reindex)

        sub_node_feat = {}
        if with_node_feat:
            for key, value in self._node_feat.items():
                sub_node_feat[key] = value[nodes]

        subgraph = SubGraph(
            num_nodes=len(nodes),
            edges=sub_edges,
            node_feat=sub_node_feat,
            edge_feat=sub_edge_feat,
            reindex=reindex)
        return subgraph


[docs]    def node_batch_iter(self, batch_size, shuffle=True):
        """Node batch iterator

        Iterate all node by batch.

        Args:
            batch_size: The batch size of each batch of nodes.

            shuffle: Whether shuffle the nodes.

        Return:
            Batch iterator
        """
        perm = np.arange(self._num_nodes, dtype="int64")
        if shuffle:
            np.random.shuffle(perm)
        start = 0
        while start < self._num_nodes:
            yield perm[start:start + batch_size]
            start += batch_size


[docs]    def sample_nodes(self, sample_num):
        """Sample nodes from the graph

        This function helps to sample nodes from all nodes.
        Nodes might be duplicated.

        Args:
            sample_num: The number of samples

        Return:
            A list of nodes
        """
        return np.random.randint(low=0, high=self._num_nodes, size=sample_num)


[docs]    def sample_edges(self, sample_num, replace=False):
        """Sample edges from the graph

        This function helps to sample edges from all edges.

        Args:
            sample_num: The number of samples
            replace: boolean, Whether the sample is with or without replacement.

        Return:
            (u, v), eid 
            each is a numy.array with the same shape.
        """

        sampled_eid = np.random.choice(
            np.arange(self._edges.shape[0]), sample_num, replace=replace)
        return self._edges[sampled_eid], sampled_eid


[docs]    def has_edges_between(self, u, v):
        """Check whether some edges is in graph.

        Args:
            u: a numpy.array of src nodes ID.
            v: a numpy.array of dst nodes ID.

        Return:
            exists: A numpy.array of bool, with the same shape with `u` and `v`,
                exists[i] is True if (u[i], v[i]) is a edge in graph, Flase otherwise.
        """
        assert u.shape[0] == v.shape[0], "u and v must have the same shape"
        exists = np.logical_and(u < self.num_nodes, v < self.num_nodes)
        exists_idx = np.arange(u.shape[0])[exists]
        for idx, succ in zip(exists_idx, self.successor(u[exists])):
            exists[idx] = v[idx] in succ
        return exists


[docs]    def random_walk(self, nodes, max_depth):
        """Implement of random walk.

        This function get random walks path for given nodes and depth.

        Args:
            nodes: Walk starting from nodes
            max_depth: Max walking depth

        Return:
            A list of walks.
        """
        walk = []
        # init
        for node in nodes:
            walk.append([node])

        cur_walk_ids = np.arange(0, len(nodes))
        cur_nodes = np.array(nodes)
        for l in range(max_depth):
            # select the walks not end
            outdegree = self.outdegree(cur_nodes)
            mask = (outdegree != 0)
            if np.any(mask):
                cur_walk_ids = cur_walk_ids[mask]
                cur_nodes = cur_nodes[mask]
                outdegree = outdegree[mask]
            else:
                # stop when all nodes have no successor
                break
            succ = self.successor(cur_nodes)
            sample_index = np.floor(
                np.random.rand(outdegree.shape[0]) * outdegree).astype("int64")

            nxt_cur_nodes = []
            for s, ind, walk_id in zip(succ, sample_index, cur_walk_ids):
                walk[walk_id].append(s[ind])
                nxt_cur_nodes.append(s[ind])
            cur_nodes = np.array(nxt_cur_nodes)
        return walk


[docs]    def node2vec_random_walk(self, nodes, max_depth, p=1.0, q=1.0):
        """Implement of node2vec stype random walk.

        Reference paper: https://cs.stanford.edu/~jure/pubs/node2vec-kdd16.pdf.

        Args:
            nodes: Walk starting from nodes
            max_depth: Max walking depth
            p: Return parameter
            q: In-out parameter

        Return:
            A list of walks.
        """
        if p == 1. and q == 1.:
            return self.random_walk(nodes, max_depth)

        walk = []
        # init
        for node in nodes:
            walk.append([node])

        cur_walk_ids = np.arange(0, len(nodes))
        cur_nodes = np.array(nodes)
        prev_nodes = np.array([-1] * len(nodes), dtype="int64")
        prev_succs = np.array([[]] * len(nodes), dtype="int64")
        for l in range(max_depth):
            # select the walks not end
            outdegree = self.outdegree(cur_nodes)
            mask = (outdegree != 0)
            if np.any(mask):
                cur_walk_ids = cur_walk_ids[mask]
                cur_nodes = cur_nodes[mask]
                prev_nodes = prev_nodes[mask]
                prev_succs = prev_succs[mask]
            else:
                # stop when all nodes have no successor
                break
            cur_succs = self.successor(cur_nodes)
            num_nodes = cur_nodes.shape[0]
            nxt_nodes = np.zeros(num_nodes, dtype="int64")

            for idx, (succ, prev_succ, walk_id, prev_node) in enumerate(
                    zip(cur_succs, prev_succs, cur_walk_ids, prev_nodes)):

                sampled_succ = graph_kernel.node2vec_sample(succ, prev_succ,
                                                            prev_node, p, q)
                walk[walk_id].append(sampled_succ)
                nxt_nodes[idx] = sampled_succ

            prev_nodes, prev_succs = cur_nodes, cur_succs
            cur_nodes = nxt_nodes
        return walk


    @property
    def num_graph(self):
        """ Return Number of Graphs"""
        return self._num_graph

    @property
    def graph_lod(self):
        """ Return Graph Lod Index for Paddle Computation"""
        return self._graph_lod



[docs]class SubGraph(Graph):
    """Implementation of SubGraph in pgl.

    Subgraph is inherit from :code:`Graph`. The best way to construct subgraph
    is to use :code:`Graph.subgraph` methods to generate Subgraph object.

    Args:
        num_nodes: number of nodes in a graph
        edges: list of (u, v) tuples
        node_feat (optional): a dict of numpy array as node features
        edge_feat (optional): a dict of numpy array as edge features (should
                                have consistent order with edges)
        reindex: A dictionary that maps parent graph node id to subgraph node id.
    """

    def __init__(self,
                 num_nodes,
                 edges=None,
                 node_feat=None,
                 edge_feat=None,
                 reindex=None):
        super(SubGraph, self).__init__(
            num_nodes=num_nodes,
            edges=edges,
            node_feat=node_feat,
            edge_feat=edge_feat)
        if reindex is None:
            reindex = {}
        self._from_reindex = reindex
        self._to_reindex = {u: v for v, u in reindex.items()}

[docs]    def reindex_from_parrent_nodes(self, nodes):
        """Map the given parent graph node id to subgraph id.

        Args:
            nodes: A list of nodes from parent graph.

        Return:
            A list of subgraph ids.
        """
        return graph_kernel.map_nodes(nodes, self._from_reindex)


[docs]    def reindex_to_parrent_nodes(self, nodes):
        """Map the given subgraph node id to parent graph id.

        Args:
            nodes: A list of nodes in this subgraph.

        Return:
            A list of node ids in parent graph.
        """
        return graph_kernel.map_nodes(nodes, self._to_reindex)




[docs]class MultiGraph(Graph):
    """Implementation of multiple disjoint graph structure in pgl.

    This is a simple implementation of graph structure in pgl.

    Args:
        graph_list :  A list of Graph Instances

    Examples:

        .. code-block:: python
        
            batch_graph = MultiGraph([graph1, graph2, graph3])

    """

    def __init__(self, graph_list):
        num_nodes = np.sum([g.num_nodes for g in graph_list])
        node_feat = self._join_node_feature(graph_list)
        edge_feat = self._join_edge_feature(graph_list)
        edges = self._join_edges(graph_list)
        super(MultiGraph, self).__init__(
            num_nodes=num_nodes,
            edges=edges,
            node_feat=node_feat,
            edge_feat=edge_feat)
        self._num_graph = len(graph_list)
        self._src_graph = graph_list
        graph_lod = [g.num_nodes for g in graph_list]
        graph_lod = np.cumsum(graph_lod, dtype="int32")
        graph_lod = np.insert(graph_lod, 0, 0)
        self._graph_lod = graph_lod

    def __getitem__(self, index):
        return self._src_graph[index]

    def _join_node_feature(self, graph_list):
        """join node features for multiple graph"""
        node_feat = defaultdict(lambda: [])
        for graph in graph_list:
            for key in graph.node_feat:
                node_feat[key].append(graph.node_feat[key])
        ret_node_feat = {}
        for key in node_feat:
            ret_node_feat[key] = np.vstack(node_feat[key])
        return ret_node_feat

    def _join_edge_feature(self, graph_list):
        """join edge features for multiple graph"""
        edge_feat = defaultdict(lambda: [])
        for graph in graph_list:
            for key in graph.edge_feat:
                efeat = graph.edge_feat[key]
                if len(efeat) > 0:
                    edge_feat[key].append(efeat)

        ret_edge_feat = {}
        for key in edge_feat:
            ret_edge_feat[key] = np.vstack(edge_feat[key])
        return ret_edge_feat

    def _join_edges(self, graph_list):
        """join edges for multiple graph"""
        list_edges = []
        start_offset = 0
        for graph in graph_list:
            edges = graph.edges
            if len(edges) > 0:
                edges = edges + start_offset
                list_edges.append(edges)
            start_offset += graph.num_nodes
        edges = np.vstack(list_edges)
        return edges



class MemmapEdgeIndex(EdgeIndex):
    def __init__(self, path):
        self._degree = np.load(os.path.join(path, 'degree.npy'), mmap_mode="r")
        self._sorted_u = np.load(
            os.path.join(path, 'sorted_u.npy'), mmap_mode="r")
        self._sorted_v = np.load(
            os.path.join(path, 'sorted_v.npy'), mmap_mode="r")
        self._sorted_eid = np.load(
            os.path.join(path, 'sorted_eid.npy'), mmap_mode="r")
        self._indptr = np.load(os.path.join(path, 'indptr.npy'), mmap_mode="r")


class MemmapGraph(Graph):
    def __init__(self, path):
        self._num_nodes = np.load(os.path.join(path, 'num_nodes.npy'))
        self._edges = np.load(os.path.join(path, 'edges.npy'), mmap_mode="r")
        self._num_graph = np.load(os.path.join(path, 'num_graph.npy'))
        self._graph_lod = np.load(os.path.join(path, 'graph_lod.npy'))

        if os.path.isdir(os.path.join(path, 'adj_src')):
            self._adj_src_index = MemmapEdgeIndex(
                os.path.join(path, 'adj_src'))
        else:
            self._adj_src_index = None

        if os.path.isdir(os.path.join(path, 'adj_dst')):
            self._adj_dst_index = MemmapEdgeIndex(
                os.path.join(path, 'adj_dst'))
        else:
            self._adj_dst_index = None

        def load_feat(feat_path):
            """Load features from .npy file.
            """
            feat = {}
            if os.path.isdir(feat_path):
                for feat_name in os.listdir(feat_path):
                    feat[os.path.splitext(feat_name)[0]] = np.load(
                        os.path.join(feat_path, feat_name), mmap_mode="r")
            return feat

        self._node_feat = load_feat(os.path.join(path, 'node_feat'))
        self._edge_feat = load_feat(os.path.join(path, 'edge_feat'))
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  Source code for pgl.graph_wrapper

# Copyright (c) 2019 PaddlePaddle Authors. All Rights Reserved
#
# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License.
# You may obtain a copy of the License at
#
#     http://www.apache.org/licenses/LICENSE-2.0
#
# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
# See the License for the specific language governing permissions and
# limitations under the License.
"""
This package provides interface to help building static computational graph
for PaddlePaddle.
"""

import warnings
import numpy as np
import paddle.fluid as fluid
import paddle.fluid.layers as L

from pgl.utils import op
from pgl.utils import paddle_helper
from pgl.utils.logger import log

__all__ = [
    "BaseGraphWrapper", "GraphWrapper", "StaticGraphWrapper",
    "BatchGraphWrapper"
]


def send(src, dst, nfeat, efeat, message_func):
    """Send message from src to dst.
    """
    src_feat = op.RowReader(nfeat, src)
    dst_feat = op.RowReader(nfeat, dst)
    msg = message_func(src_feat, dst_feat, efeat)
    return msg


def recv(dst, uniq_dst, bucketing_index, msg, reduce_function, num_nodes,
         num_edges):
    """Recv message from given msg to dst nodes.
    """
    if reduce_function == "sum":
        if isinstance(msg, dict):
            raise TypeError("The message for build-in function"
                            " should be Tensor not dict.")

        try:
            out_dim = msg.shape[-1]
            init_output = L.fill_constant(
                shape=[num_nodes, out_dim], value=0, dtype=msg.dtype)
            init_output.stop_gradient = False
            empty_msg_flag = L.cast(num_edges > 0, dtype=msg.dtype)
            msg = msg * empty_msg_flag
            output = paddle_helper.scatter_add(init_output, dst, msg)
            return output
        except TypeError as e:
            warnings.warn(
                "scatter_add is not supported with paddle version <= 1.5")

            def sum_func(message):
                return L.sequence_pool(message, "sum")

            reduce_function = sum_func

    bucketed_msg = op.nested_lod_reset(msg, bucketing_index)
    output = reduce_function(bucketed_msg)
    output_dim = output.shape[-1]

    empty_msg_flag = L.cast(num_edges > 0, dtype=output.dtype)
    output = output * empty_msg_flag

    init_output = L.fill_constant(
        shape=[num_nodes, output_dim], value=0, dtype=output.dtype)
    init_output.stop_gradient = True
    final_output = L.scatter(init_output, uniq_dst, output)
    return final_output


[docs]class BaseGraphWrapper(object):
    """This module implement base class for graph wrapper.

    Currently our PGL is developed based on static computational mode of
    paddle (we'll support dynamic computational model later). We need to build
    model upon a virtual data holder. BaseGraphWrapper provide a virtual
    graph structure that users can build deep learning models
    based on this virtual graph. And then feed real graph data to run
    the models. Moreover, we provide convenient message-passing interface
    (send & recv) for building graph neural networks.

    NOTICE: Don't use this BaseGraphWrapper directly. Use :code:`GraphWrapper`
    and :code:`StaticGraphWrapper` to create graph wrapper instead.
    """

    def __init__(self):
        self.node_feat_tensor_dict = {}
        self.edge_feat_tensor_dict = {}
        self._edges_src = None
        self._edges_dst = None
        self._num_nodes = None
        self._indegree = None
        self._edge_uniq_dst = None
        self._edge_uniq_dst_count = None
        self._graph_lod = None
        self._num_graph = None
        self._num_edges = None
        self._data_name_prefix = ""

    def __repr__(self):
        return self._data_name_prefix

[docs]    def send(self, message_func, nfeat_list=None, efeat_list=None):
        """Send message from all src nodes to dst nodes.

        The UDF message function should has the following format.

        .. code-block:: python

            def message_func(src_feat, dst_feat, edge_feat):
                '''
                    Args:
                        src_feat: the node feat dict attached to the src nodes.
                        dst_feat: the node feat dict attached to the dst nodes.
                        edge_feat: the edge feat dict attached to the
                                   corresponding (src, dst) edges.

                    Return:
                        It should return a tensor or a dictionary of tensor. And each tensor
                        should have a shape of (num_edges, dims).
                '''
                pass

        Args:
            message_func: UDF function.
            nfeat_list: a list of names or tuple (name, tensor)
            efeat_list: a list of names or tuple (name, tensor)

        Return:
            A dictionary of tensor representing the message. Each of the values
            in the dictionary has a shape (num_edges, dim) which should be collected
            by :code:`recv` function.
        """
        if efeat_list is None:
            efeat_list = {}
        else:
            warnings.warn(
                "The edge features in argument `efeat_list` should be fetched "
                "from a instance of `pgl.graph_wrapper.GraphWrapper`, "
                "because we have sorted the edges and the order of edges is changed.\n"
                "Therefore, if you use external edge features, "
                "the order of features of each edge may not match its edge, "
                "which can cause serious errors.\n"
                "If you use the `efeat_list` correctly, please ignore this warning."
            )

        if nfeat_list is None:
            nfeat_list = {}

        src, dst = self.edges
        nfeat = {}

        for feat in nfeat_list:
            if isinstance(feat, str):
                nfeat[feat] = self.node_feat[feat]
            else:
                name, tensor = feat
                nfeat[name] = tensor

        efeat = {}
        for feat in efeat_list:
            if isinstance(feat, str):
                efeat[feat] = self.edge_feat[feat]
            else:
                name, tensor = feat
                efeat[name] = tensor

        msg = send(src, dst, nfeat, efeat, message_func)
        return msg


[docs]    def recv(self, msg, reduce_function):
        """Recv message and aggregate the message by reduce_fucntion

        The UDF reduce_function function should has the following format.

        .. code-block:: python

            def reduce_func(msg):
                '''
                    Args:
                        msg: A LodTensor or a dictionary of LodTensor whose batch_size
                             is equals to the number of unique dst nodes.

                    Return:
                        It should return a tensor with shape (batch_size, out_dims). The
                        batch size should be the same as msg.
                '''
                pass

        Args:
            msg: A tensor or a dictionary of tensor created by send function..

            reduce_function: UDF reduce function or strings "sum" as built-in function.
                             The built-in "sum" will use scatter_add to optimized the speed.

        Return:
            A tensor with shape (num_nodes, out_dims). The output for nodes with no message
            will be zeros.
        """
        output = recv(
            dst=self._edges_dst,
            uniq_dst=self._edge_uniq_dst,
            bucketing_index=self._edge_uniq_dst_count,
            msg=msg,
            reduce_function=reduce_function,
            num_edges=self._num_edges,
            num_nodes=self._num_nodes)
        return output


    @property
    def edges(self):
        """Return a tuple of edge Tensor (src, dst).

        Return:
            A tuple of Tensor (src, dst). Src and dst are both
            tensor with shape (num_edges, ) and dtype int64.
        """
        return self._edges_src, self._edges_dst

    @property
    def num_nodes(self):
        """Return a variable of number of nodes

        Return:
            A variable with shape (1,) as the number of nodes in int64.
        """
        return self._num_nodes

    @property
    def graph_lod(self):
        """Return graph index for graphs

        Return:
            A variable with shape [None ]  as the Lod information of multiple-graph.
        """
        return self._graph_lod

    @property
    def num_graph(self):
        """Return a variable of number of graphs

        Return:
            A variable with shape (1,) as the number of Graphs in int64.
        """
        return self._num_graph

    @property
    def edge_feat(self):
        """Return a dictionary of tensor representing edge features.

        Return:
            A dictionary whose keys are the feature names and the values
            are feature tensor.
        """
        return self.edge_feat_tensor_dict

    @property
    def node_feat(self):
        """Return a dictionary of tensor representing node features.

        Return:
            A dictionary whose keys are the feature names and the values
            are feature tensor.
        """
        return self.node_feat_tensor_dict

[docs]    def indegree(self):
        """Return the indegree tensor for all nodes.

        Return:
            A tensor of shape (num_nodes, ) in int64.
        """
        return self._indegree




[docs]class StaticGraphWrapper(BaseGraphWrapper):
    """Implement a graph wrapper that the data of the graph won't
    be changed and it can be fit into the GPU or CPU memory. This
    can reduce the time of swapping large data from GPU and CPU.

    Args:
        name: The graph data prefix

        graph: The static graph that should be put into memory

        place: fluid.CPUPlace or fluid.CUDAPlace(n) indicating the
               device to hold the graph data.

    Examples:

        If we have a immutable graph and it can be fit into the GPU or CPU.
        we can just use a :code:`StaticGraphWrapper` to pre-place the graph
        data into devices.

        .. code-block:: python

            import numpy as np
            import paddle.fluid as fluid
            from pgl.graph import Graph
            from pgl.graph_wrapper import StaticGraphWrapper

            place = fluid.CPUPlace()
            exe = fluid.Excecutor(place)

            num_nodes = 5
            edges = [ (0, 1), (1, 2), (3, 4)]
            feature = np.random.randn(5, 100)
            edge_feature = np.random.randn(3, 100)
            graph = Graph(num_nodes=num_nodes,
                        edges=edges,
                        node_feat={
                            "feature": feature
                        },
                        edge_feat={
                            "edge_feature": edge_feature
                        })

            graph_wrapper = StaticGraphWrapper(name="graph",
                        graph=graph,
                        place=place)

            # build your deep graph model

            # Initialize parameters for deep graph model
            exe.run(fluid.default_startup_program())

            # Initialize graph data
            graph_wrapper.initialize(place)
    """

    def __init__(self, name, graph, place):
        super(StaticGraphWrapper, self).__init__()
        self._data_name_prefix = name
        self._initializers = []
        self.__create_graph_attr(graph)

    def __create_graph_attr(self, graph):
        """Create graph attributes for paddlepaddle.
        """
        src, dst, eid = graph.sorted_edges(sort_by="dst")
        indegree = graph.indegree()
        nodes = graph.nodes
        uniq_dst = nodes[indegree > 0]
        uniq_dst_count = indegree[indegree > 0]
        uniq_dst_count = np.cumsum(uniq_dst_count, dtype='int32')
        uniq_dst_count = np.insert(uniq_dst_count, 0, 0)
        graph_lod = graph.graph_lod
        num_graph = graph.num_graph

        num_edges = len(src)
        if num_edges == 0:
            # Fake Graph
            src = np.array([0], dtype="int64")
            dst = np.array([0], dtype="int64")
            eid = np.array([0], dtype="int64")
            uniq_dst_count = np.array([0, 1], dtype="int32")
            uniq_dst = np.array([0], dtype="int64")

        edge_feat = {}

        for key, value in graph.edge_feat.items():
            edge_feat[key] = value[eid]
        node_feat = graph.node_feat

        self.__create_graph_node_feat(node_feat, self._initializers)
        self.__create_graph_edge_feat(edge_feat, self._initializers)

        self._num_edges, init = paddle_helper.constant(
            dtype="int64",
            value=np.array(
                [num_edges], dtype="int64"),
            name=self._data_name_prefix + '/num_edges')
        self._initializers.append(init)

        self._num_graph, init = paddle_helper.constant(
            dtype="int64",
            value=np.array(
                [num_graph], dtype="int64"),
            name=self._data_name_prefix + '/num_graph')
        self._initializers.append(init)

        self._edges_src, init = paddle_helper.constant(
            dtype="int64",
            value=src,
            name=self._data_name_prefix + '/edges_src')
        self._initializers.append(init)

        self._edges_dst, init = paddle_helper.constant(
            dtype="int64",
            value=dst,
            name=self._data_name_prefix + '/edges_dst')
        self._initializers.append(init)

        self._num_nodes, init = paddle_helper.constant(
            dtype="int64",
            hide_batch_size=False,
            value=np.array([graph.num_nodes]),
            name=self._data_name_prefix + '/num_nodes')
        self._initializers.append(init)

        self._edge_uniq_dst, init = paddle_helper.constant(
            name=self._data_name_prefix + "/uniq_dst",
            dtype="int64",
            value=uniq_dst)
        self._initializers.append(init)

        self._edge_uniq_dst_count, init = paddle_helper.constant(
            name=self._data_name_prefix + "/uniq_dst_count",
            dtype="int32",
            value=uniq_dst_count)
        self._initializers.append(init)

        self._graph_lod, init = paddle_helper.constant(
            name=self._data_name_prefix + "/graph_lod",
            dtype="int32",
            value=graph_lod)
        self._initializers.append(init)

        self._indegree, init = paddle_helper.constant(
            name=self._data_name_prefix + "/indegree",
            dtype="int64",
            value=indegree)
        self._initializers.append(init)

    def __create_graph_node_feat(self, node_feat, collector):
        """Convert node features into paddlepaddle tensor.
        """
        for node_feat_name, node_feat_value in node_feat.items():
            node_feat_shape = node_feat_value.shape
            node_feat_dtype = node_feat_value.dtype
            self.node_feat_tensor_dict[
                node_feat_name], init = paddle_helper.constant(
                    name=self._data_name_prefix + '/node_feat/' +
                    node_feat_name,
                    dtype=node_feat_dtype,
                    value=node_feat_value)
            collector.append(init)

    def __create_graph_edge_feat(self, edge_feat, collector):
        """Convert edge features into paddlepaddle tensor.
        """
        for edge_feat_name, edge_feat_value in edge_feat.items():
            edge_feat_shape = edge_feat_value.shape
            edge_feat_dtype = edge_feat_value.dtype
            self.edge_feat_tensor_dict[
                edge_feat_name], init = paddle_helper.constant(
                    name=self._data_name_prefix + '/edge_feat/' +
                    edge_feat_name,
                    dtype=edge_feat_dtype,
                    value=edge_feat_value)
            collector.append(init)

[docs]    def initialize(self, place):
        """Placing the graph data into the devices.

        Args:
            place: fluid.CPUPlace or fluid.CUDAPlace(n) indicating the
                   device to hold the graph data.
        """
        log.info(
            "StaticGraphWrapper.initialize must be called after startup program"
        )
        for init_func in self._initializers:
            init_func(place)




[docs]class GraphWrapper(BaseGraphWrapper):
    """Implement a graph wrapper that creates a graph data holders
    that attributes and features in the graph are :code:`L.data`.
    And we provide interface :code:`to_feed` to help converting :code:`Graph`
    data into :code:`feed_dict`.

    Args:
        name: The graph data prefix

        node_feat: A list of tuples that decribe the details of node
                   feature tenosr. Each tuple mush be (name, shape, dtype)
                   and the first dimension of the shape must be set unknown
                   (-1 or None) or we can easily use :code:`Graph.node_feat_info()`
                   to get the node_feat settings.

        edge_feat: A list of tuples that decribe the details of edge
                   feature tenosr. Each tuple mush be (name, shape, dtype)
                   and the first dimension of the shape must be set unknown
                   (-1 or None) or we can easily use :code:`Graph.edge_feat_info()`
                   to get the edge_feat settings.

    Examples:

        .. code-block:: python

            import numpy as np
            import paddle.fluid as fluid
            from pgl.graph import Graph
            from pgl.graph_wrapper import GraphWrapper

            place = fluid.CPUPlace()
            exe = fluid.Excecutor(place)

            num_nodes = 5
            edges = [ (0, 1), (1, 2), (3, 4)]
            feature = np.random.randn(5, 100)
            edge_feature = np.random.randn(3, 100)
            graph = Graph(num_nodes=num_nodes,
                        edges=edges,
                        node_feat={
                            "feature": feature
                        },
                        edge_feat={
                            "edge_feature": edge_feature
                        })

            graph_wrapper = GraphWrapper(name="graph",
                        node_feat=graph.node_feat_info(),
                        edge_feat=graph.edge_feat_info())

            # build your deep graph model
            ...

            # Initialize parameters for deep graph model
            exe.run(fluid.default_startup_program())

            for i in range(10):
                feed_dict = graph_wrapper.to_feed(graph)
                ret = exe.run(fetch_list=[...], feed=feed_dict )
    """

    def __init__(self, name, node_feat=[], edge_feat=[], **kwargs):
        super(GraphWrapper, self).__init__()
        # collect holders for PyReader
        self._data_name_prefix = name
        self._holder_list = []
        self.__create_graph_attr_holders()
        for node_feat_name, node_feat_shape, node_feat_dtype in node_feat:
            self.__create_graph_node_feat_holders(
                node_feat_name, node_feat_shape, node_feat_dtype)

        for edge_feat_name, edge_feat_shape, edge_feat_dtype in edge_feat:
            self.__create_graph_edge_feat_holders(
                edge_feat_name, edge_feat_shape, edge_feat_dtype)

    def __create_graph_attr_holders(self):
        """Create data holders for graph attributes.
        """
        self._num_edges = L.data(
            self._data_name_prefix + '/num_edges',
            shape=[1],
            append_batch_size=False,
            dtype="int64",
            stop_gradient=True)
        self._num_graph = L.data(
            self._data_name_prefix + '/num_graph',
            shape=[1],
            append_batch_size=False,
            dtype="int64",
            stop_gradient=True)
        self._edges_src = L.data(
            self._data_name_prefix + '/edges_src',
            shape=[None],
            append_batch_size=False,
            dtype="int64",
            stop_gradient=True)
        self._edges_dst = L.data(
            self._data_name_prefix + '/edges_dst',
            shape=[None],
            append_batch_size=False,
            dtype="int64",
            stop_gradient=True)
        self._num_nodes = L.data(
            self._data_name_prefix + '/num_nodes',
            shape=[1],
            append_batch_size=False,
            dtype='int64',
            stop_gradient=True)

        self._edge_uniq_dst = L.data(
            self._data_name_prefix + "/uniq_dst",
            shape=[None],
            append_batch_size=False,
            dtype="int64",
            stop_gradient=True)

        self._graph_lod = L.data(
            self._data_name_prefix + "/graph_lod",
            shape=[None],
            append_batch_size=False,
            dtype="int32",
            stop_gradient=True)

        self._edge_uniq_dst_count = L.data(
            self._data_name_prefix + "/uniq_dst_count",
            shape=[None],
            append_batch_size=False,
            dtype="int32",
            stop_gradient=True)

        self._indegree = L.data(
            self._data_name_prefix + "/indegree",
            shape=[None],
            append_batch_size=False,
            dtype="int64",
            stop_gradient=True)
        self._holder_list.extend([
            self._edges_src,
            self._edges_dst,
            self._num_nodes,
            self._edge_uniq_dst,
            self._edge_uniq_dst_count,
            self._indegree,
            self._graph_lod,
            self._num_graph,
            self._num_edges,
        ])

    def __create_graph_node_feat_holders(self, node_feat_name, node_feat_shape,
                                         node_feat_dtype):
        """Create data holders for node features.
        """
        feat_holder = L.data(
            self._data_name_prefix + '/node_feat/' + node_feat_name,
            shape=node_feat_shape,
            append_batch_size=False,
            dtype=node_feat_dtype,
            stop_gradient=True)
        self.node_feat_tensor_dict[node_feat_name] = feat_holder
        self._holder_list.append(feat_holder)

    def __create_graph_edge_feat_holders(self, edge_feat_name, edge_feat_shape,
                                         edge_feat_dtype):
        """Create edge holders for edge features.
        """
        feat_holder = L.data(
            self._data_name_prefix + '/edge_feat/' + edge_feat_name,
            shape=edge_feat_shape,
            append_batch_size=False,
            dtype=edge_feat_dtype,
            stop_gradient=True)
        self.edge_feat_tensor_dict[edge_feat_name] = feat_holder
        self._holder_list.append(feat_holder)

[docs]    def to_feed(self, graph):
        """Convert the graph into feed_dict.

        This function helps to convert graph data into feed dict
        for :code:`fluid.Excecutor` to run the model.

        Args:
            graph: the :code:`Graph` data object

        Return:
            A dictionary contains data holder names and its corresponding
            data.
        """
        feed_dict = {}
        src, dst, eid = graph.sorted_edges(sort_by="dst")
        indegree = graph.indegree()
        nodes = graph.nodes
        num_edges = len(src)
        uniq_dst = nodes[indegree > 0]
        uniq_dst_count = indegree[indegree > 0]
        uniq_dst_count = np.cumsum(uniq_dst_count, dtype='int32')
        uniq_dst_count = np.insert(uniq_dst_count, 0, 0)
        num_graph = graph.num_graph
        graph_lod = graph.graph_lod

        if num_edges == 0:
            # Fake Graph
            src = np.array([0], dtype="int64")
            dst = np.array([0], dtype="int64")
            eid = np.array([0], dtype="int64")

            uniq_dst_count = np.array([0, 1], dtype="int32")
            uniq_dst = np.array([0], dtype="int64")

        edge_feat = {}

        for key, value in graph.edge_feat.items():
            edge_feat[key] = value[eid]
        node_feat = graph.node_feat

        feed_dict[self._data_name_prefix + '/num_edges'] = np.array(
            [num_edges], dtype="int64")
        feed_dict[self._data_name_prefix + '/edges_src'] = src
        feed_dict[self._data_name_prefix + '/edges_dst'] = dst
        feed_dict[self._data_name_prefix + '/num_nodes'] = np.array(
            [graph.num_nodes], dtype="int64")
        feed_dict[self._data_name_prefix + '/uniq_dst'] = uniq_dst
        feed_dict[self._data_name_prefix + '/uniq_dst_count'] = uniq_dst_count
        feed_dict[self._data_name_prefix + '/indegree'] = indegree
        feed_dict[self._data_name_prefix + '/graph_lod'] = graph_lod
        feed_dict[self._data_name_prefix + '/num_graph'] = np.array(
            [num_graph], dtype="int64")
        feed_dict[self._data_name_prefix + '/indegree'] = indegree

        for key in self.node_feat_tensor_dict:
            feed_dict[self._data_name_prefix + '/node_feat/' +
                      key] = node_feat[key]

        for key in self.edge_feat_tensor_dict:
            feed_dict[self._data_name_prefix + '/edge_feat/' +
                      key] = edge_feat[key]

        return feed_dict


    @property
    def holder_list(self):
        """Return the holder list.
        """
        return self._holder_list



def get_degree(edge, num_nodes):
    init_output = L.fill_constant(shape=[num_nodes], value=0, dtype="float32")
    init_output.stop_gradient = True
    final_output = L.scatter(
        init_output,
        edge,
        L.full_like(
            edge, 1, dtype="float32"),
        overwrite=False)
    return final_output


class DropEdgeWrapper(BaseGraphWrapper):
    """Implement of Edge Drop """

    def __init__(self, graph_wrapper, dropout, keep_self_loop=True):
        super(DropEdgeWrapper, self).__init__()

        # Copy Node's information
        for key, value in graph_wrapper.node_feat.items():
            self.node_feat_tensor_dict[key] = value

        self._num_nodes = graph_wrapper.num_nodes
        self._graph_lod = graph_wrapper.graph_lod
        self._num_graph = graph_wrapper.num_graph

        # Dropout Edges
        src, dst = graph_wrapper.edges
        u = L.uniform_random(
            shape=L.cast(L.shape(src), 'int64'), min=0., max=1.)

        # Avoid Empty Edges
        keeped = L.cast(u > dropout, dtype="float32")
        self._num_edges = L.reduce_sum(L.cast(keeped, "int32"))
        keeped = keeped + L.cast(self._num_edges == 0, dtype="float32")

        if keep_self_loop:
            self_loop = L.cast(src == dst, dtype="float32")
            keeped = keeped + self_loop

        keeped = (keeped > 0.5)
        src = paddle_helper.masked_select(src, keeped)
        dst = paddle_helper.masked_select(dst, keeped)
        src.stop_gradient = True
        dst.stop_gradient = True
        self._edges_src = src
        self._edges_dst = dst

        for key, value in graph_wrapper.edge_feat.items():
            self.edge_feat_tensor_dict[key] = paddle_helper.masked_select(
                value, keeped)

        self._edge_uniq_dst, _, uniq_count = L.unique_with_counts(
            dst, dtype="int32")
        self._edge_uniq_dst.stop_gradient = True
        last = L.reduce_sum(uniq_count, keep_dim=True)
        uniq_count = L.cumsum(uniq_count, exclusive=True)
        self._edge_uniq_dst_count = L.concat([uniq_count, last])
        self._edge_uniq_dst_count.stop_gradient = True
        self._indegree = get_degree(self._edges_dst, self._num_nodes)


[docs]class BatchGraphWrapper(BaseGraphWrapper):
    """Implement a graph wrapper that user can use their own data holder. 
    And this graph wrapper support multiple graphs which is benefit for data parallel algorithms.

    Args:
        num_nodes (int32 or int64): Shape [ num_graph ]. 

        num_edges (int32 or int64): Shape [ num_graph ]. 

        edges (int32 or int64): Shape [ total_num_edges_in_the_graphs, 2 ] 
                                  or Tuple with (src, dst).
   
        node_feats: A dictionary for node features. Each value should be tensor
                    with shape [ total_num_nodes_in_the_graphs, feature_size]

        edge_feats: A dictionary for edge features. Each value should be tensor
                    with shape [ total_num_edges_in_the_graphs, feature_size]

    """

    def __init__(self,
                 num_nodes,
                 num_edges,
                 edges,
                 node_feats=None,
                 edge_feats=None):
        super(BatchGraphWrapper, self).__init__()

        node_shift, edge_lod = self.__build_meta_data(num_nodes, num_edges)
        self.__build_edges(edges, node_shift, edge_lod, edge_feats)

        # assign node features
        if node_feats is not None:
            for key, value in node_feats.items():
                self.node_feat_tensor_dict[key] = value

        # other meta-data 
        self._edge_uniq_dst, _, uniq_count = L.unique_with_counts(
            self._edges_dst, dtype="int32")
        self._edge_uniq_dst.stop_gradient = True
        last = L.reduce_sum(uniq_count, keep_dim=True)
        uniq_count = L.cumsum(uniq_count, exclusive=True)
        self._edge_uniq_dst_count = L.concat([uniq_count, last])
        self._edge_uniq_dst_count.stop_gradient = True
        self._indegree = get_degree(self._edges_dst, self._num_nodes)

    def __build_meta_data(self, num_nodes, num_edges):
        """ Merge information for nodes and edges.
        """
        num_nodes = L.reshape(num_nodes, [-1])
        num_edges = L.reshape(num_edges, [-1])
        num_nodes = paddle_helper.ensure_dtype(num_nodes, dtype="int32")
        num_edges = paddle_helper.ensure_dtype(num_edges, dtype="int32")

        num_graph = L.shape(num_nodes)[0]
        sum_num_nodes = L.reduce_sum(num_nodes)
        sum_num_edges = L.reduce_sum(num_edges)
        edge_lod = L.concat(
            [L.cumsum(
                num_edges, exclusive=True), sum_num_edges])
        edge_lod = paddle_helper.lod_remove(edge_lod)

        node_shift = L.cumsum(num_nodes, exclusive=True)
        graph_lod = L.concat([node_shift, sum_num_nodes])
        graph_lod = paddle_helper.lod_remove(graph_lod)
        self._num_nodes = sum_num_nodes
        self._num_edges = sum_num_edges
        self._num_graph = num_graph
        self._graph_lod = graph_lod
        return node_shift, edge_lod

    def __build_edges(self, edges, node_shift, edge_lod, edge_feats):
        """ Merge subgraph edges. 
        """
        if isinstance(edges, tuple):
            src, dst = edges
        else:
            src = edges[:, 0]
            dst = edges[:, 1]

        src = L.reshape(src, [-1])
        dst = L.reshape(dst, [-1])
        src = paddle_helper.ensure_dtype(src, dtype="int32")
        dst = paddle_helper.ensure_dtype(dst, dtype="int32")
        # preprocess edges
        lod_dst = L.lod_reset(dst, edge_lod)
        node_shift = L.reshape(node_shift, [-1, 1])
        node_shift = L.sequence_expand_as(node_shift, lod_dst)
        node_shift = L.reshape(node_shift, [-1])
        src = src + node_shift
        dst = dst + node_shift
        # sort edges
        self._edges_dst, index = L.argsort(dst)
        self._edges_src = L.gather(src, index, overwrite=False)

        # assign edge features
        if edge_feats is not None:
            for key, efeat in edge_feats.items():
                self.edge_feat_tensor_dict[key] = L.gather(
                    efeat, index, overwrite=False)
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  Source code for pgl.heter_graph

# Copyright (c) 2019 PaddlePaddle Authors. All Rights Reserved
#
# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License.
# You may obtain a copy of the License at
#
#     http://www.apache.org/licenses/LICENSE-2.0
#
# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
# See the License for the specific language governing permissions and
# limitations under the License.
"""
    This package implement Heterogeneous Graph structure for handling Heterogeneous graph data.
"""
import os
import time
import numpy as np
import pickle as pkl
import time
import pgl.graph_kernel as graph_kernel
from pgl.graph import Graph, MemmapGraph

__all__ = ['HeterGraph', 'SubHeterGraph']


def _hide_num_nodes(shape):
    """Set the first dimension as unknown
    """
    shape = list(shape)
    shape[0] = None
    return shape


[docs]class HeterGraph(object):
    """Implementation of heterogeneous graph structure in pgl

    This is a simple implementation of heterogeneous graph structure in pgl.

    Args:
        num_nodes: number of nodes in a heterogeneous graph
        edges: dict, every element in dict is a list of (u, v) tuples.
        node_types (optional): list of (u, node_type) tuples to specify the node type of every node
        node_feat (optional): a dict of numpy array as node features
        edge_feat (optional): a dict of dict as edge features for every edge type

    Examples:
        .. code-block:: python

            import numpy as np
            num_nodes = 4
            node_types = [(0, 'user'), (1, 'item'), (2, 'item'), (3, 'user')]
            edges = {
                'edges_type1': [(0,1), (3,2)],
                'edges_type2': [(1,2), (3,1)],
            }
            node_feat = {'feature': np.random.randn(4, 16)}
            edges_feat = {
                'edges_type1': {'h': np.random.randn(2, 16)},
                'edges_type2': {'h': np.random.randn(2, 16)},
            }

            g = heter_graph.HeterGraph(
                            num_nodes=num_nodes,
                            edges=edges,
                            node_types=node_types,
                            node_feat=node_feat,
                            edge_feat=edges_feat)
    """

    def __init__(self,
                 num_nodes,
                 edges,
                 node_types=None,
                 node_feat=None,
                 edge_feat=None):
        self._num_nodes = num_nodes
        self._edges_dict = edges

        if isinstance(node_types, list):
            self._node_types = np.array(node_types, dtype=object)[:, 1]
        else:
            self._node_types = node_types

        self._nodes_type_dict = {}
        for n_type in np.unique(self._node_types):
            self._nodes_type_dict[n_type] = np.where(
                self._node_types == n_type)[0]

        if node_feat is not None:
            self._node_feat = node_feat
        else:
            self._node_feat = {}

        if edge_feat is not None:
            self._edge_feat = edge_feat
        else:
            self._edge_feat = {}

        self._multi_graph = {}

        for key, value in self._edges_dict.items():
            if not self._edge_feat:
                edge_feat = None
            else:
                edge_feat = self._edge_feat[key]

            self._multi_graph[key] = Graph(
                num_nodes=self._num_nodes,
                edges=value,
                node_feat=self._node_feat,
                edge_feat=edge_feat)

        self._edge_types = self.edge_types_info()

[docs]    def dump(self, path, indegree=False, outdegree=False):

        if indegree:
            for e_type, g in self._multi_graph.items():
                g.indegree()

        if outdegree:
            for e_type, g in self._multi_graph.items():
                g.outdegree()

        if not os.path.exists(path):
            os.makedirs(path)

        np.save(os.path.join(path, "num_nodes.npy"), self._num_nodes)
        np.save(os.path.join(path, "node_types.npy"), self._node_types)
        with open(os.path.join(path, "edge_types.pkl"), 'wb') as f:
            pkl.dump(self._edge_types, f)
        with open(os.path.join(path, "nodes_type_dict.pkl"), 'wb') as f:
            pkl.dump(self._nodes_type_dict, f)

        for e_type, g in self._multi_graph.items():
            sub_path = os.path.join(path, e_type)
            g.dump(sub_path)


    @property
    def edge_types(self):
        """Return a list of edge types.
        """
        return self._edge_types

    @property
    def num_nodes(self):
        """Return the number of nodes.
        """
        return self._num_nodes

    @property
    def num_edges(self):
        """Return edges number of all edge types.
        """
        n_edges = {}
        for e_type in self._edge_types:
            n_edges[e_type] = self._multi_graph[e_type].num_edges
        return n_edges

    @property
    def node_types(self):
        """Return the node types.
        """
        return self._node_types

    @property
    def edge_feat(self, edge_type=None):
        """Return edge features of all edge types.
        """
        return self._edge_feat

    @property
    def node_feat(self):
        """Return a dictionary of node features.
        """
        return self._node_feat

    @property
    def nodes(self):
        """Return all nodes id from 0 to :code:`num_nodes - 1`
        """
        return np.arange(self._num_nodes, dtype='int64')

    def __getitem__(self, edge_type):
        """__getitem__
        """
        return self._multi_graph[edge_type]

[docs]    def num_nodes_by_type(self, n_type=None):
        """Return the number of nodes with the specified node type.
        """
        if n_type not in self._nodes_type_dict:
            raise ("%s is not in valid node type" % n_type)
        else:
            return len(self._nodes_type_dict[n_type])


[docs]    def indegree(self, nodes=None, edge_type=None):
        """Return the indegree of the given nodes with the specified edge_type.

        Args:
            nodes: Return the indegree of given nodes.
                    if nodes is None, return indegree for all nodes.

            edge_types: Return the indegree with specified edge_type.
                    if edge_type is None, return the total indegree of the given nodes.

        Return:
            A numpy.ndarray as the given nodes' indegree.
        """
        if edge_type is None:
            indegrees = []
            for e_type in self._edge_types:
                indegrees.append(self._multi_graph[e_type].indegree(nodes))
            indegrees = np.sum(np.vstack(indegrees), axis=0)
            return indegrees
        else:
            return self._multi_graph[edge_type].indegree(nodes)


[docs]    def outdegree(self, nodes=None, edge_type=None):
        """Return the outdegree of the given nodes with the specified edge_type.

        Args:
            nodes: Return the outdegree of given nodes,
                   if nodes is None, return outdegree for all nodes

            edge_types: Return the outdegree with specified edge_type.
                    if edge_type is None, return the total outdegree of the given nodes.

        Return:
            A numpy.array as the given nodes' outdegree.
        """
        if edge_type is None:
            outdegrees = []
            for e_type in self._edge_types:
                outdegrees.append(self._multi_graph[e_type].outdegree(nodes))
            outdegrees = np.sum(np.vstack(outdegrees), axis=0)
            return outdegrees
        else:
            return self._multi_graph[edge_type].outdegree(nodes)


[docs]    def successor(self, edge_type, nodes=None, return_eids=False):
        """Find successor of given nodes with the specified edge_type.

        Args:
            nodes: Return the successor of given nodes,
                   if nodes is None, return successor for all nodes

            edge_types: Return the successor with specified edge_type.
                    if edge_type is None, return the total successor of the given nodes
                    and eids are invalid in this way.

            return_eids: If True return nodes together with corresponding eid
        """
        return self._multi_graph[edge_type].successor(nodes, return_eids)


[docs]    def sample_successor(self,
                         edge_type,
                         nodes,
                         max_degree,
                         return_eids=False,
                         shuffle=False):
        """Sample successors of given nodes with the specified edge_type.

        Args:
            edge_type: The specified edge_type.

            nodes: Given nodes whose successors will be sampled.

            max_degree: The max sampled successors for each nodes.

            return_eids: Whether to return the corresponding eids.

        Return:

            Return a list of numpy.ndarray and each numpy.ndarray represent a list
            of sampled successor ids for given nodes with specified edge type. 
            If :code:`return_eids=True`, there will be an additional list of 
            numpy.ndarray and each numpy.ndarray represent a list of eids that 
            connected nodes to their successors.
        """
        return self._multi_graph[edge_type].sample_successor(
            nodes=nodes,
            max_degree=max_degree,
            return_eids=return_eids,
            shuffle=shuffle)


[docs]    def predecessor(self, edge_type, nodes=None, return_eids=False):
        """Find predecessor of given nodes with the specified edge_type.

        Args:
            nodes: Return the predecessor of given nodes,
                   if nodes is None, return predecessor for all nodes

            edge_types: Return the predecessor with specified edge_type.

            return_eids: If True return nodes together with corresponding eid
        """
        return self._multi_graph[edge_type].predecessor(nodes, return_eids)


[docs]    def sample_predecessor(self,
                           edge_type,
                           nodes,
                           max_degree,
                           return_eids=False,
                           shuffle=False):
        """Sample predecessors of given nodes with the specified edge_type.

        Args:
            edge_type: The specified edge_type.

            nodes: Given nodes whose predecessors will be sampled.

            max_degree: The max sampled predecessors for each nodes.

            return_eids: Whether to return the corresponding eids.

        Return:

            Return a list of numpy.ndarray and each numpy.ndarray represent a list
            of sampled predecessor ids for given nodes with specified edge type. 
            If :code:`return_eids=True`, there will be an additional list of 
            numpy.ndarray and each numpy.ndarray represent a list of eids that 
            connected nodes to their predecessors.
        """
        return self._multi_graph[edge_type].sample_predecessor(
            nodes=nodes,
            max_degree=max_degree,
            return_eids=return_eids,
            shuffle=shuffle)


[docs]    def node_batch_iter(self, batch_size, shuffle=True, n_type=None):
        """Node batch iterator

        Iterate all nodes by batch with the specified node type.

        Args:
            batch_size: The batch size of each batch of nodes.

            shuffle: Whether shuffle the nodes.
            
            n_type: Iterate the nodes with the specified node type. If n_type is None, 
                    iterate all nodes by batch.

        Return:
            Batch iterator
        """
        if n_type is None:
            nodes = np.arange(self._num_nodes, dtype="int64")
        else:
            nodes = self._nodes_type_dict[n_type]

        if shuffle:
            np.random.shuffle(nodes)
        start = 0
        while start < len(nodes):
            yield nodes[start:start + batch_size]
            start += batch_size


[docs]    def sample_nodes(self, sample_num, n_type=None):
        """Sample nodes with the specified n_type from the graph

        This function helps to sample nodes with the specified n_type from the graph.
        If n_type is None, this function will sample nodes from all nodes.
        Nodes might be duplicated.

        Args:
            sample_num: The number of samples
            n_type: The nodes of type to be sampled

        Return:
            A list of nodes
        """
        if n_type is not None:
            return np.random.choice(
                self._nodes_type_dict[n_type], size=sample_num)
        else:
            return np.random.randint(
                low=0, high=self._num_nodes, size=sample_num)


[docs]    def node_feat_info(self):
        """Return the information of node feature for HeterGraphWrapper.

        This function return the information of node features of all node types. And this
        function is used to help constructing HeterGraphWrapper

        Return:
            A list of tuple (name, shape, dtype) for all given node feature.

        """
        node_feat_info = []
        for feat_name, feat in self._node_feat.items():
            node_feat_info.append(
                (feat_name, _hide_num_nodes(feat.shape), feat.dtype))

        return node_feat_info


[docs]    def edge_feat_info(self):
        """Return the information of edge feature for HeterGraphWrapper.

        This function return the information of edge features of all edge types. And this
        function is used to help constructing HeterGraphWrapper

        Return:
            A dict of list of tuple (name, shape, dtype) for all given edge feature.

        """
        edge_feat_info = {}
        for edge_type_name, feat_dict in self._edge_feat.items():
            tmp_edge_feat_info = []
            for feat_name, feat in feat_dict.items():
                full_name = feat_name
                tmp_edge_feat_info.append(
                    (full_name, _hide_num_nodes(feat.shape), feat.dtype))
            edge_feat_info[edge_type_name] = tmp_edge_feat_info
        return edge_feat_info


[docs]    def edge_types_info(self):
        """Return the information of all edge types.
        
        Return:
            A list of all edge types.
        
        """
        edge_types_info = []
        for key, _ in self._multi_graph.items():
            edge_types_info.append(key)

        return edge_types_info




[docs]class SubHeterGraph(HeterGraph):
    """Implementation of SubHeterGraph in pgl.

    SubHeterGraph is inherit from :code:`HeterGraph`. 

    Args:
        num_nodes: number of nodes in a heterogeneous graph
        edges: dict, every element in dict is a list of (u, v) tuples.
        node_types (optional): list of (u, node_type) tuples to specify the node type of every node
        node_feat (optional): a dict of numpy array as node features
        edge_feat (optional): a dict of dict as edge features for every edge type

        reindex: A dictionary that maps parent hetergraph node id to subhetergraph node id.
    """

    def __init__(self,
                 num_nodes,
                 edges,
                 node_types=None,
                 node_feat=None,
                 edge_feat=None,
                 reindex=None):
        super(SubHeterGraph, self).__init__(
            num_nodes=num_nodes,
            edges=edges,
            node_types=node_types,
            node_feat=node_feat,
            edge_feat=edge_feat)

        if reindex is None:
            reindex = {}
        self._from_reindex = reindex
        self._to_reindex = {u: v for v, u in reindex.items()}

[docs]    def reindex_from_parrent_nodes(self, nodes):
        """Map the given parent graph node id to subgraph id.

        Args:
            nodes: A list of nodes from parent graph.

        Return:
            A list of subgraph ids.
        """
        return graph_kernel.map_nodes(nodes, self._from_reindex)


[docs]    def reindex_to_parrent_nodes(self, nodes):
        """Map the given subgraph node id to parent graph id.

        Args:
            nodes: A list of nodes in this subgraph.

        Return:
            A list of node ids in parent graph.
        """
        return graph_kernel.map_nodes(nodes, self._to_reindex)




class MemmapHeterGraph(HeterGraph):
    def __init__(self, path):
        self._num_nodes = np.load(os.path.join(path, 'num_nodes.npy'))
        self._node_types = np.load(
            os.path.join(path, 'node_types.npy'), allow_pickle=True)

        with open(os.path.join(path, 'edge_types.pkl'), 'rb') as f:
            self._edge_types = pkl.load(f)

        with open(os.path.join(path, "nodes_type_dict.pkl"), 'rb') as f:
            self._nodes_type_dict = pkl.load(f)

        self._multi_graph = {}
        for e_type in self._edge_types:
            sub_path = os.path.join(path, e_type)
            self._multi_graph[e_type] = MemmapGraph(sub_path)
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  Source code for pgl.heter_graph_wrapper

# Copyright (c) 2019 PaddlePaddle Authors. All Rights Reserved
#
# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License.
# You may obtain a copy of the License at
#
#     http://www.apache.org/licenses/LICENSE-2.0
#
# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
# See the License for the specific language governing permissions and
# limitations under the License.
"""
This package provides interface to help building static computational graph
for PaddlePaddle.
"""

import warnings
import numpy as np
import paddle.fluid as fluid

from pgl.utils import op
from pgl.utils import paddle_helper
from pgl.utils.logger import log
from pgl.graph_wrapper import GraphWrapper

ALL = "__ALL__"
__all__ = ["HeterGraphWrapper"]


def is_all(arg):
    """is_all
    """
    return isinstance(arg, str) and arg == ALL


[docs]class HeterGraphWrapper(object):
    """Implement a heterogeneous graph wrapper that creates a graph data holders
    that attributes and features in the heterogeneous graph.
    And we provide interface :code:`to_feed` to help converting :code:`Graph`
    data into :code:`feed_dict`.

    Args:
        name: The heterogeneous graph data prefix

        node_feat: A dict of list of tuples that decribe the details of node
                   feature tenosr. Each tuple mush be (name, shape, dtype)
                   and the first dimension of the shape must be set unknown
                   (-1 or None) or we can easily use :code:`HeterGraph.node_feat_info()`
                   to get the node_feat settings.

        edge_feat: A dict of list of tuples that decribe the details of edge
                   feature tenosr. Each tuple mush be (name, shape, dtype)
                   and the first dimension of the shape must be set unknown
                   (-1 or None) or we can easily use :code:`HeterGraph.edge_feat_info()`
                   to get the edge_feat settings.
                   
    Examples:
        .. code-block:: python

            import paddle.fluid as fluid
            import numpy as np
            from pgl import heter_graph
            from pgl import heter_graph_wrapper
            num_nodes = 4
            node_types = [(0, 'user'), (1, 'item'), (2, 'item'), (3, 'user')]
            edges = {
                'edges_type1': [(0,1), (3,2)],
                'edges_type2': [(1,2), (3,1)],
            }
            node_feat = {'feature': np.random.randn(4, 16)}
            edges_feat = {
                'edges_type1': {'h': np.random.randn(2, 16)},
                'edges_type2': {'h': np.random.randn(2, 16)},
            }

            g = heter_graph.HeterGraph(
                            num_nodes=num_nodes,
                            edges=edges,
                            node_types=node_types,
                            node_feat=node_feat,
                            edge_feat=edges_feat)
           
            gw = heter_graph_wrapper.HeterGraphWrapper(
                                name='heter_graph', 
                                edge_types = g.edge_types_info(),
                                node_feat=g.node_feat_info(),
                                edge_feat=g.edge_feat_info())
    """

    def __init__(self, name, edge_types, node_feat={}, edge_feat={}, **kwargs):
        self.__data_name_prefix = name
        self._edge_types = edge_types
        self._multi_gw = {}
        for edge_type in self._edge_types:
            type_name = self.__data_name_prefix + '/' + edge_type
            if node_feat:
                n_feat = node_feat
            else:
                n_feat = {}

            if edge_feat:
                e_feat = edge_feat[edge_type]
            else:
                e_feat = {}

            self._multi_gw[edge_type] = GraphWrapper(
                name=type_name,
                node_feat=n_feat,
                edge_feat=e_feat)

[docs]    def to_feed(self, heterGraph, edge_types_list=ALL):
        """Convert the graph into feed_dict.

        This function helps to convert graph data into feed dict
        for :code:`fluid.Excecutor` to run the model.

        Args:
            heterGraph: the :code:`HeterGraph` data object
            edge_types_list: the edge types list to be fed

        Return:
            A dictinary contains data holder names and its coresponding data.
        """
        multi_graphs = heterGraph._multi_graph
        if is_all(edge_types_list):
            edge_types_list = self._edge_types

        feed_dict = {}
        for edge_type in edge_types_list:
            feed_d = self._multi_gw[edge_type].to_feed(multi_graphs[edge_type])
            feed_dict.update(feed_d)

        return feed_dict


    def __getitem__(self, edge_type):
        """__getitem__
        """
        return self._multi_gw[edge_type]
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  Source code for pgl.layers.conv

# Copyright (c) 2019 PaddlePaddle Authors. All Rights Reserved
#
# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License.
# You may obtain a copy of the License at
#
#     http://www.apache.org/licenses/LICENSE-2.0
#
# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
# See the License for the specific language governing permissions and
# limitations under the License.
"""This package implements common layers to help building
graph neural networks.
"""
import pgl
import paddle.fluid as fluid
import paddle.fluid.layers as L
from pgl.utils import paddle_helper
from pgl import message_passing
import numpy as np

__all__ = ['gcn', 'gat', 'gin', 'gaan', 'gen_conv', 'appnp', 'gcnii']


[docs]def gcn(gw, feature, hidden_size, activation, name, norm=None):
    """Implementation of graph convolutional neural networks (GCN)

    This is an implementation of the paper SEMI-SUPERVISED CLASSIFICATION
    WITH GRAPH CONVOLUTIONAL NETWORKS (https://arxiv.org/pdf/1609.02907.pdf).

    Args:
        gw: Graph wrapper object (:code:`StaticGraphWrapper` or :code:`GraphWrapper`)

        feature: A tensor with shape (num_nodes, feature_size).

        hidden_size: The hidden size for gcn.

        activation: The activation for the output.

        name: Gcn layer names.

        norm: If :code:`norm` is not None, then the feature will be normalized. Norm must
              be tensor with shape (num_nodes,) and dtype float32.

    Return:
        A tensor with shape (num_nodes, hidden_size)
    """

    def send_src_copy(src_feat, dst_feat, edge_feat):
        return src_feat["h"]

    size = feature.shape[-1]
    if size > hidden_size:
        feature = L.fc(feature,
                                  size=hidden_size,
                                  bias_attr=False,
                                  param_attr=fluid.ParamAttr(name=name))

    if norm is not None:
        feature = feature * norm

    msg = gw.send(send_src_copy, nfeat_list=[("h", feature)])

    if size > hidden_size:
        output = gw.recv(msg, "sum")
    else:
        output = gw.recv(msg, "sum")
        output = L.fc(output,
                                 size=hidden_size,
                                 bias_attr=False,
                                 param_attr=fluid.ParamAttr(name=name))

    if norm is not None:
        output = output * norm

    bias = L.create_parameter(
        shape=[hidden_size],
        dtype='float32',
        is_bias=True,
        name=name + '_bias')
    output = L.elementwise_add(output, bias, act=activation)
    return output



[docs]def gat(gw,
        feature,
        hidden_size,
        activation,
        name,
        num_heads=8,
        feat_drop=0.6,
        attn_drop=0.6,
        is_test=False):
    """Implementation of graph attention networks (GAT)

    This is an implementation of the paper GRAPH ATTENTION NETWORKS
    (https://arxiv.org/abs/1710.10903).

    Args:
        gw: Graph wrapper object (:code:`StaticGraphWrapper` or :code:`GraphWrapper`)

        feature: A tensor with shape (num_nodes, feature_size).

        hidden_size: The hidden size for gat.

        activation: The activation for the output.

        name: Gat layer names.

        num_heads: The head number in gat.

        feat_drop: Dropout rate for feature.

        attn_drop: Dropout rate for attention.

        is_test: Whether in test phrase.

    Return:
        A tensor with shape (num_nodes, hidden_size * num_heads)
    """

    def send_attention(src_feat, dst_feat, edge_feat):
        output = src_feat["left_a"] + dst_feat["right_a"]
        output = L.leaky_relu(
            output, alpha=0.2)  # (num_edges, num_heads)
        return {"alpha": output, "h": src_feat["h"]}

    def reduce_attention(msg):
        alpha = msg["alpha"]  # lod-tensor (batch_size, seq_len, num_heads)
        h = msg["h"]
        alpha = paddle_helper.sequence_softmax(alpha)
        old_h = h
        h = L.reshape(h, [-1, num_heads, hidden_size])
        alpha = L.reshape(alpha, [-1, num_heads, 1])
        if attn_drop > 1e-15:
            alpha = L.dropout(
                alpha,
                dropout_prob=attn_drop,
                is_test=is_test,
                dropout_implementation="upscale_in_train")
        h = h * alpha
        h = L.reshape(h, [-1, num_heads * hidden_size])
        h = L.lod_reset(h, old_h)
        return L.sequence_pool(h, "sum")

    if feat_drop > 1e-15:
        feature = L.dropout(
            feature,
            dropout_prob=feat_drop,
            is_test=is_test,
            dropout_implementation='upscale_in_train')

    ft = L.fc(feature,
                         hidden_size * num_heads,
                         bias_attr=False,
                         param_attr=fluid.ParamAttr(name=name + '_weight'))
    left_a = L.create_parameter(
        shape=[num_heads, hidden_size],
        dtype='float32',
        name=name + '_gat_l_A')
    right_a = L.create_parameter(
        shape=[num_heads, hidden_size],
        dtype='float32',
        name=name + '_gat_r_A')
    reshape_ft = L.reshape(ft, [-1, num_heads, hidden_size])
    left_a_value = L.reduce_sum(reshape_ft * left_a, -1)
    right_a_value = L.reduce_sum(reshape_ft * right_a, -1)

    msg = gw.send(
        send_attention,
        nfeat_list=[("h", ft), ("left_a", left_a_value),
                    ("right_a", right_a_value)])
    output = gw.recv(msg, reduce_attention)
    bias = L.create_parameter(
        shape=[hidden_size * num_heads],
        dtype='float32',
        is_bias=True,
        name=name + '_bias')
    bias.stop_gradient = True
    output = L.elementwise_add(output, bias, act=activation)
    return output



[docs]def gin(gw,
        feature,
        hidden_size,
        activation,
        name,
        init_eps=0.0,
        train_eps=False):
    """Implementation of Graph Isomorphism Network (GIN) layer.

    This is an implementation of the paper How Powerful are Graph Neural Networks?
    (https://arxiv.org/pdf/1810.00826.pdf).

    In their implementation, all MLPs have 2 layers. Batch normalization is applied
    on every hidden layer.

    Args:
        gw: Graph wrapper object (:code:`StaticGraphWrapper` or :code:`GraphWrapper`)

        feature: A tensor with shape (num_nodes, feature_size).

        name: GIN layer names.

        hidden_size: The hidden size for gin.

        activation: The activation for the output.

        init_eps: float, optional
            Initial :math:`\epsilon` value, default is 0.

        train_eps: bool, optional
            if True, :math:`\epsilon` will be a learnable parameter.

    Return:
        A tensor with shape (num_nodes, hidden_size).
    """

    def send_src_copy(src_feat, dst_feat, edge_feat):
        return src_feat["h"]

    epsilon = L.create_parameter(
        shape=[1, 1],
        dtype="float32",
        attr=fluid.ParamAttr(name="%s_eps" % name),
        default_initializer=fluid.initializer.ConstantInitializer(
            value=init_eps))

    if not train_eps:
        epsilon.stop_gradient = True

    msg = gw.send(send_src_copy, nfeat_list=[("h", feature)])
    output = gw.recv(msg, "sum") + feature * (epsilon + 1.0)

    output = L.fc(output,
                             size=hidden_size,
                             act=None,
                             param_attr=fluid.ParamAttr(name="%s_w_0" % name),
                             bias_attr=fluid.ParamAttr(name="%s_b_0" % name))

    output = L.layer_norm(
        output,
        begin_norm_axis=1,
        param_attr=fluid.ParamAttr(
            name="norm_scale_%s" % (name),
            initializer=fluid.initializer.Constant(1.0)),
        bias_attr=fluid.ParamAttr(
            name="norm_bias_%s" % (name),
            initializer=fluid.initializer.Constant(0.0)), )

    if activation is not None:
        output = getattr(L, activation)(output)

    output = L.fc(output,
                             size=hidden_size,
                             act=activation,
                             param_attr=fluid.ParamAttr(name="%s_w_1" % name),
                             bias_attr=fluid.ParamAttr(name="%s_b_1" % name))

    return output



[docs]def gaan(gw, feature, hidden_size_a, hidden_size_v, hidden_size_m, hidden_size_o, heads, name):
    """Implementation of GaAN"""

    def send_func(src_feat, dst_feat, edge_feat):
        # 计算每条边上的注意力分数
        # E * (M * D1), 每个 dst 点都查询它的全部邻边的 src 点
        feat_query, feat_key = dst_feat['feat_query'], src_feat['feat_key']
        # E * M * D1
        old = feat_query
        feat_query = L.reshape(feat_query, [-1, heads, hidden_size_a])
        feat_key = L.reshape(feat_key, [-1, heads, hidden_size_a])
        # E * M
        alpha = L.reduce_sum(feat_key * feat_query, dim=-1)

        return {'dst_node_feat': dst_feat['node_feat'],
                'src_node_feat': src_feat['node_feat'],
                'feat_value': src_feat['feat_value'],
                'alpha': alpha,
                'feat_gate': src_feat['feat_gate']}

    def recv_func(message):
        # 每条边的终点的特征
        dst_feat = message['dst_node_feat']
        # 每条边的出发点的特征
        src_feat = message['src_node_feat']
        # 每个中心点自己的特征
        x = L.sequence_pool(dst_feat, 'average')
        # 每个中心点的邻居的特征的平均值
        z = L.sequence_pool(src_feat, 'average')

        # 计算 gate
        feat_gate = message['feat_gate']
        g_max = L.sequence_pool(feat_gate, 'max')
        g = L.concat([x, g_max, z], axis=1)
        g = L.fc(g, heads, bias_attr=False, act="sigmoid")

        # softmax
        alpha = message['alpha']
        alpha = paddle_helper.sequence_softmax(alpha) # E * M

        feat_value = message['feat_value'] # E * (M * D2)
        old = feat_value
        feat_value = L.reshape(feat_value, [-1, heads, hidden_size_v]) # E * M * D2
        feat_value = L.elementwise_mul(feat_value, alpha, axis=0)
        feat_value = L.reshape(feat_value, [-1, heads*hidden_size_v]) # E * (M * D2)
        feat_value = L.lod_reset(feat_value, old)

        feat_value = L.sequence_pool(feat_value, 'sum') # N * (M * D2)

        feat_value = L.reshape(feat_value, [-1, heads, hidden_size_v]) # N * M * D2

        output = L.elementwise_mul(feat_value, g, axis=0)
        output = L.reshape(output, [-1, heads * hidden_size_v]) # N * (M * D2)

        output = L.concat([x, output], axis=1)

        return output

    # feature N * D

    # 计算每个点自己需要发送出去的内容
    # 投影后的特征向量
    # N * (D1 * M)
    feat_key = L.fc(feature, hidden_size_a * heads, bias_attr=False,
                     param_attr=fluid.ParamAttr(name=name + '_project_key'))
    # N * (D2 * M)
    feat_value = L.fc(feature, hidden_size_v * heads, bias_attr=False,
                     param_attr=fluid.ParamAttr(name=name + '_project_value'))
    # N * (D1 * M)
    feat_query = L.fc(feature, hidden_size_a * heads, bias_attr=False,
                     param_attr=fluid.ParamAttr(name=name + '_project_query'))
    # N * Dm
    feat_gate = L.fc(feature, hidden_size_m, bias_attr=False, 
                                param_attr=fluid.ParamAttr(name=name + '_project_gate'))

    # send 阶段

    message = gw.send(
        send_func,
        nfeat_list=[('node_feat', feature), ('feat_key', feat_key), ('feat_value', feat_value),
                    ('feat_query', feat_query), ('feat_gate', feat_gate)],
        efeat_list=None,
    )

    # 聚合邻居特征
    output = gw.recv(message, recv_func)
    output = L.fc(output, hidden_size_o, bias_attr=False,
                            param_attr=fluid.ParamAttr(name=name + '_project_output'))
    output = L.leaky_relu(output, alpha=0.1)
    output = L.dropout(output, dropout_prob=0.1)

    return output



[docs]def gen_conv(gw,
        feature,
        name,
        beta=None):
    """Implementation of GENeralized Graph Convolution (GENConv), see the paper
    "DeeperGCN: All You Need to Train Deeper GCNs" in
    https://arxiv.org/pdf/2006.07739.pdf

    Args:
        gw: Graph wrapper object (:code:`StaticGraphWrapper` or :code:`GraphWrapper`)

        feature: A tensor with shape (num_nodes, feature_size).

        beta: [0, +infinity] or "dynamic" or None

        name: deeper gcn layer names.

    Return:
        A tensor with shape (num_nodes, feature_size)
    """
   
    if beta == "dynamic":
        beta = L.create_parameter(
                shape=[1],
                dtype='float32',
                default_initializer=
                    fluid.initializer.ConstantInitializer(value=1.0),
                name=name + '_beta')
    
    # message passing
    msg = gw.send(message_passing.copy_send, nfeat_list=[("h", feature)])
    output = gw.recv(msg, message_passing.softmax_agg(beta))
    
    # msg norm
    output = message_passing.msg_norm(feature, output, name)
    output = feature + output
    
    output = L.fc(output,
                     feature.shape[-1],
                     bias_attr=False,
                     act="relu",
                     param_attr=fluid.ParamAttr(name=name + '_weight1'))
    
    output = L.fc(output,
                     feature.shape[-1],
                     bias_attr=False,
                     param_attr=fluid.ParamAttr(name=name + '_weight2'))

    return output


def get_norm(indegree):
    """Get Laplacian Normalization"""
    float_degree = L.cast(indegree, dtype="float32")
    float_degree = L.clamp(float_degree, min=1.0)
    norm = L.pow(float_degree, factor=-0.5) 
    return norm


[docs]def appnp(gw, feature, edge_dropout=0, alpha=0.2, k_hop=10):
    """Implementation of APPNP of "Predict then Propagate: Graph Neural Networks
    meet Personalized PageRank"  (ICLR 2019). 

    Args:
        gw: Graph wrapper object (:code:`StaticGraphWrapper` or :code:`GraphWrapper`)

        feature: A tensor with shape (num_nodes, feature_size).

        edge_dropout: Edge dropout rate.

        k_hop: K Steps for Propagation

    Return:
        A tensor with shape (num_nodes, hidden_size)
    """

    def send_src_copy(src_feat, dst_feat, edge_feat):
       feature = src_feat["h"]
       return feature

    h0 = feature
    ngw = gw 
    norm = get_norm(ngw.indegree())
    
    for i in range(k_hop):
        if edge_dropout > 1e-5:     
            ngw = pgl.sample.edge_drop(gw, edge_dropout) 
            norm = get_norm(ngw.indegree())
            
        feature = feature * norm

        msg = gw.send(send_src_copy, nfeat_list=[("h", feature)])

        feature = gw.recv(msg, "sum")

        feature = feature * norm

        feature = feature * (1 - alpha) + h0 * alpha
    return feature 



[docs]def gcnii(gw,
    feature,
    name,
    activation=None,
    alpha=0.5,
    lambda_l=0.5,
    k_hop=1,
    dropout=0.5,
    is_test=False):
    """Implementation of GCNII of "Simple and Deep Graph Convolutional Networks"  

    paper: https://arxiv.org/pdf/2007.02133.pdf

    Args:
        gw: Graph wrapper object (:code:`StaticGraphWrapper` or :code:`GraphWrapper`)

        feature: A tensor with shape (num_nodes, feature_size).

        activation: The activation for the output.

        k_hop: Number of layers for gcnii.
   
        lambda_l: The hyperparameter of lambda in the paper.
       
        alpha: The hyperparameter of alpha in the paper.

        dropout: Feature dropout rate.

        is_test: train / test phase.

    Return:
        A tensor with shape (num_nodes, hidden_size)
    """

    def send_src_copy(src_feat, dst_feat, edge_feat):
       feature = src_feat["h"]
       return feature

    h0 = feature
    ngw = gw 
    norm = get_norm(ngw.indegree())
    hidden_size = feature.shape[-1]
    
    for i in range(k_hop):
        beta_i = np.log(1.0 * lambda_l / (i + 1) + 1)
        feature = L.dropout(
            feature,
            dropout_prob=dropout,
            is_test=is_test,
            dropout_implementation='upscale_in_train')

        feature = feature * norm
        msg = gw.send(send_src_copy, nfeat_list=[("h", feature)])
        feature = gw.recv(msg, "sum")
        feature = feature * norm

        # appnp
        feature = feature * (1 - alpha) + h0 * alpha

        feature_transed = L.fc(feature, hidden_size,
                    act=None, bias_attr=False,
                    name=name+"_%s_w1" % i) 
        feature = feature_transed * beta_i + feature * (1 - beta_i)
        if activation is not None:
            feature = getattr(L, activation)(feature)
    return feature 
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  Source code for pgl.layers.graph_op

# Copyright (c) 2019 PaddlePaddle Authors. All Rights Reserved
#
# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License.
# You may obtain a copy of the License at
#
#     http://www.apache.org/licenses/LICENSE-2.0
#
# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
# See the License for the specific language governing permissions and
# limitations under the License.
"""This package implements common layers to help building
graph neural networks.
"""
import paddle.fluid as F 
import paddle.fluid.layers as L
from pgl import graph_wrapper
from pgl.utils import paddle_helper
from pgl.utils import op

__all__ = ['graph_pooling', 'graph_norm', 'graph_gather']


[docs]def graph_pooling(gw, node_feat, pool_type):
    """Implementation of graph pooling 

    This is an implementation of graph pooling

    Args:
        gw: Graph wrapper object (:code:`StaticGraphWrapper` or :code:`GraphWrapper`)

        node_feat: A tensor with shape (num_nodes, feature_size).

        pool_type: The type of pooling ("sum", "average" , "min")

    Return:
        A tensor with shape (num_graph, hidden_size)
    """
    graph_feat = op.nested_lod_reset(node_feat, gw.graph_lod)
    graph_feat = L.sequence_pool(graph_feat, pool_type)
    return graph_feat



[docs]def graph_norm(gw, feature):
    """Implementation of graph normalization
   
    Reference Paper: BENCHMARKING GRAPH NEURAL NETWORKS
   
    Each node features is divied by sqrt(num_nodes) per graphs.

    Args:
        gw: Graph wrapper object (:code:`StaticGraphWrapper` or :code:`GraphWrapper`)

        feature: A tensor with shape (num_nodes, hidden_size)

    Return:
        A tensor with shape (num_nodes, hidden_size)
    """
    nodes = L.fill_constant(
        [gw.num_nodes, 1], dtype="float32", value=1.0)
    norm = graph_pooling(gw, nodes, pool_type="sum")
    norm = L.sqrt(norm)
    feature_lod = op.nested_lod_reset(feature, gw.graph_lod)
    norm = L.sequence_expand_as(norm, feature_lod)
    norm.stop_gradient = True
    return feature_lod / norm



[docs]def graph_gather(gw, feature, index):
    """Implementation of graph gather 

    Gather the corresponding index for each graph.
   
    Args:
        gw: Graph wrapper object (:code:`StaticGraphWrapper` or :code:`GraphWrapper`)

        feature: A tensor with shape (num_nodes, ). 

        index (int32): A tensor with K-rank where the first dim denotes the graph.
                        Shape (num_graph, ) or (num_graph, k1, k2, k3, ..., kn).
                       WARNING: We dont support negative index.

    Return:
        A tensor with shape (num_graph, k1, k2, k3, ..., kn, hidden_size)
    """
    shape = L.shape(index)
    output_dim = int(feature.shape[-1])
    index = index + gw.graph_lod[:-1]
    index = L.reshape(index, [-1])
    feature = L.gather(feature, index, overwrite=False)
    new_shape = []
    for i in range(shape.shape[0]):
        new_shape.append(shape[i])
    new_shape.append(output_dim)
    feature = L.reshape(feature, new_shape)
    return feature
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  Source code for pgl.layers.set2set

# Copyright (c) 2019 PaddlePaddle Authors. All Rights Reserved
#
# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License.
# You may obtain a copy of the License at
#
#     http://www.apache.org/licenses/LICENSE-2.0
#
# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
# See the License for the specific language governing permissions and
# limitations under the License.
"""This package implements common layers to help building pooling operators.
"""
from __future__ import division
from __future__ import absolute_import
from __future__ import print_function
from __future__ import unicode_literals

import paddle.fluid as F
import paddle.fluid.layers as L

import pgl

__all__ = ['Set2Set']


[docs]class Set2Set(object):
    """Implementation of set2set pooling operator.

    This is an implementation of the paper ORDER MATTERS: SEQUENCE TO SEQUENCE 
    FOR SETS (https://arxiv.org/pdf/1511.06391.pdf).
    """

    def __init__(self, input_dim, n_iters, n_layers):
        """
        Args:
            input_dim: hidden size of input data.
            n_iters: number of set2set iterations.
            n_layers: number of lstm layers.
        """
        self.input_dim = input_dim
        self.output_dim = 2 * input_dim
        self.n_iters = n_iters

        # this's set2set n_layers, lstm n_layers = 1
        self.n_layers = n_layers

[docs]    def forward(self, feat):
        """
        Args:
            feat: input feature with shape [batch, n_edges, dim].
        
        Return:
            output_feat: output feature of set2set pooling with shape [batch, 2*dim].
        """

        seqlen = 1
        h = L.fill_constant_batch_size_like(
            feat, [1, self.n_layers, self.input_dim], "float32", 0)
        h = L.transpose(h, [1, 0, 2])
        c = h

        # [seqlen, batch, dim]
        q_star = L.fill_constant_batch_size_like(
            feat, [1, seqlen, self.output_dim], "float32", 0)
        q_star = L.transpose(q_star, [1, 0, 2])

        for _ in range(self.n_iters):

            # q [seqlen, batch, dim]
            # h [layer, batch, dim]
            q, h, c = L.lstm(
                q_star,
                h,
                c,
                seqlen,
                self.input_dim,
                self.n_layers,
                is_bidirec=False)

            # e [batch, seqlen, n_edges]
            e = L.matmul(L.transpose(q, [1, 0, 2]), feat, transpose_y=True)
            # alpha [batch, seqlen, n_edges]
            alpha = L.softmax(e)

            # readout [batch, seqlen, dim]
            readout = L.matmul(alpha, feat)
            readout = L.transpose(readout, [1, 0, 2])

            # q_star [seqlen, batch, dim + dim]
            q_star = L.concat([q, readout], -1)

        return L.squeeze(q_star, [0])
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  Source code for pgl.utils.mp_reader

# Copyright (c) 2019 PaddlePaddle Authors. All Rights Reserved.
#
# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License.
# You may obtain a copy of the License at
#
#     http://www.apache.org/licenses/LICENSE-2.0
#
# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
# See the License for the specific language governing permissions and
# limitations under the License.
"""Optimized Multiprocessing Reader for PaddlePaddle
"""
import logging
log = logging.getLogger(__name__)
import multiprocessing
import copy
try:
    import ujson as json
except:
    log.info("ujson not install, fail back to use json instead")
    import json
import numpy as np
import time
import paddle.fluid as fluid
from multiprocessing import Queue
import threading
from collections import namedtuple


_np_serialized_data = namedtuple("_np_serialized_data", ["value", "shape", "dtype"])

[docs]def serialize_data(data):
    """serialize_data"""
    if data is None:
        return None
    return numpy_serialize_data(data)  #, ensure_ascii=False)


[docs]def index_iter(data):
    """return indexing iter"""
    if isinstance(data, list):
        return range(len(data))
    elif isinstance(data, dict):
        return data.keys()



[docs]def numpy_serialize_data(data):
    """serialize_data"""
    ret_data = copy.deepcopy(data)

    if isinstance(ret_data, (dict, list)):
        for key in index_iter(ret_data):
            if isinstance(ret_data[key], np.ndarray):
                ret_data[key] = _np_serialized_data(value=ret_data[key].tobytes(),
                                shape=list(ret_data[key].shape), dtype="%s" % ret_data[key].dtype)
    return ret_data



[docs]def numpy_deserialize_data(data):
    """deserialize_data"""
    if data is None:
        return None

    if isinstance(data, (dict, list)):
        for key in index_iter(data):
            if isinstance(data[key], _np_serialized_data):
                data[key] = np.frombuffer(buffer=data[key].value,
                                dtype=data[key].dtype).reshape(data[key].shape)
    return data



[docs]def deserialize_data(data):
    """deserialize_data"""
    return numpy_deserialize_data(data)



[docs]def multiprocess_reader(readers, use_pipe=True, queue_size=1000, pipe_size=10):
    """
    multiprocess_reader use python multi process to read data from readers
    and then use multiprocess.Queue or multiprocess.Pipe to merge all
    data. The process number is equal to the number of input readers, each
    process call one reader.
    Multiprocess.Queue require the rw access right to /dev/shm, some
    platform does not support.
    you need to create multiple readers first, these readers should be independent
    to each other so that each process can work independently.
    An example:
    .. code-block:: python
        reader0 = reader(["file01", "file02"])
        reader1 = reader(["file11", "file12"])
        reader1 = reader(["file21", "file22"])
        reader = multiprocess_reader([reader0, reader1, reader2],
            queue_size=100, use_pipe=False)
    """

    assert type(readers) is list and len(readers) > 0

    def _read_into_queue(reader, queue):
        """read_into_queue"""
        for sample in reader():
            if sample is None:
                raise ValueError("sample has None")
            queue.put(serialize_data(sample))
        queue.put(serialize_data(None))

    def queue_reader():
        """queue_reader"""
        queues = []
        for reader in readers:
            queue = multiprocessing.Queue(queue_size)
            queues.append(queue)
            p = multiprocessing.Process(
                target=_read_into_queue, args=(reader, queue))
            p.start()

        reader_num = len(readers)
        alive_queue_indices = [i for i in range(reader_num)]
        while len(alive_queue_indices) > 0:
            for alive_queue_index in [i for i in alive_queue_indices]:
                sample = deserialize_data(queues[alive_queue_index].get())
                if sample is None:
                    alive_queue_indices.remove(alive_queue_index)
                else:
                    yield sample


    def _read_into_pipe(reader, conn, max_pipe_size):
        """read_into_pipe"""
        for sample in reader():
            if sample is None:
                raise ValueError("sample has None!")
            conn.send(serialize_data(sample))
        conn.send(serialize_data(None))
        conn.close()

    def pipe_reader():
        """pipe_reader"""
        conns = []
        for reader in readers:
            parent_conn, child_conn = multiprocessing.Pipe()
            conns.append(parent_conn)
            p = multiprocessing.Process(
                target=_read_into_pipe, args=(reader, child_conn, pipe_size))
            p.start()

        reader_num = len(readers)
        conn_to_remove = []
        finish_flag = np.zeros(len(conns), dtype="int32")

        alive_conn_indices = [i for i in range(reader_num)]
        while len(alive_conn_indices) > 0:
            for alive_conn_index in [i for i in alive_conn_indices]:
                sample = deserialize_data(conns[alive_conn_index].recv())
                if sample is None:
                    conns[alive_conn_index].close()
                    alive_conn_indices.remove(alive_conn_index)
                else:
                    yield sample
                    
    if use_pipe:
        return pipe_reader
    else:
        return queue_reader
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  Source code for pgl.utils.paddle_helper

# Copyright (c) 2019 PaddlePaddle Authors. All Rights Reserved
#
# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License.
# You may obtain a copy of the License at
#
#     http://www.apache.org/licenses/LICENSE-2.0
#
# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
# See the License for the specific language governing permissions and
# limitations under the License.
"""
paddle_helper package contain some simple function to help building
paddle models.
"""
import warnings
import numpy as np

import paddle
from paddle.fluid import core
import paddle.fluid as fluid
import paddle.fluid.layer_helper as layer_helper
import paddle.fluid.layers as L
from pgl.utils.logger import log


[docs]def gather(input, index):
    """Gather input from given index.

    Slicing input data with given index. This function rewrite paddle.L.gather
    to fix issue: https://github.com/PaddlePaddle/Paddle/issues/17509 when paddlepaddle's
    version is less than 1.5.

    Args:
        input: Input tensor to be sliced

        index: Slice index

    Return:
        A tensor that are sliced from given input data.
    """
    try:
        # PaddlePaddle 1.5
        output = L.gather(input, index, overwrite=False)
        return output
    except TypeError as e:
        warnings.warn("Your paddle version is less than 1.5"
                      " gather may be slower.")

        if index.dtype == core.VarDesc.VarType.INT32:
            index = L.cast(index, "int64")
            if index.shape[-1] != 1:
                index = L.reshape(index, shape=[-1, 1])
            index.stop_gradient = True

        helper = layer_helper.LayerHelper("gather", **locals())  #**locals())
        dtype = input.dtype
        tmp = helper.create_variable_for_type_inference(dtype)
        padding_idx = -1
        helper.append_op(
            type='lookup_table',
            inputs={'Ids': index,
                    'W': input},
            outputs={'Out': tmp},
            attrs={
                'is_sparse': False,
                'is_distributed': False,
                'remote_prefetch': False,
                'padding_idx': padding_idx
            })
        return tmp



[docs]def constant(name, value, dtype, hide_batch_size=True):
    """Create constant variable with given data.

    This function helps to create constants variable with
    given numpy.ndarray data.

    Args:
        name: variable name

        value: numpy.ndarray the value of constant

        dtype: the type of constant

        hide_batch_size: If set the first dimenstion as unknown, the explicit
                         batch size may cause some error in paddle. For example,
                         when the value has a shape of (batch_size, dim1, dim2),
                         it will return a variable with shape (-1, dim1, dim2).

    Return:
        A tuple contain the constant variable and the constant
        variable initialize function.

    Examples:
        .. code-block:: python

            import paddle.fluid as fluid
            place = fluid.CPUPlace()
            exe = fluid.Executor(place)
            constant_var, constant_var_init = constant(name="constant",
                              value=np.array([5.0],
                              dtype="float32"))
            exe.run(fluid.default_startup_program())
            # Run After default startup
            constant_var_init(place)

    """
    if not isinstance(value, np.ndarray):
        raise TypeError("value should be Numpy array.")

    value = value.astype(dtype)
    data = L.create_global_var(
        shape=value.shape,
        value=0,
        dtype=value.dtype,
        name=name,
        persistable=True)
    data.stop_gradient = True

    if hide_batch_size:
        shape = list(value.shape)
        shape[0] = -1
        data.desc.set_shape(shape)

    def initializer(place):
        if isinstance(place, fluid.CUDAPlace):
            pass
        elif isinstance(place, fluid.CUDAPinnedPlace):
            pass
        elif isinstance(place, fluid.CPUPlace):
            pass
        else:
            raise TypeError(
                "The input of initializer is not in"
                " [fluid.CUDAPlace, fluid.CPUPlace, fluid.CUDAPinnedPlace]")
        var = fluid.global_scope().var(data.name).get_tensor()
        var.set(value, place)

    return data, initializer



[docs]def lod_constant(name, value, lod, dtype):
    """Create constant lod variable with given data,

    This function helps to create constants lod variable with given numpy.ndarray data
    and lod information.

    Args:
        name: variable name

        value: numpy.ndarray the value of constant

        dtype: the type of constant

        lod: lod infos of given value.

    Return:
        A tuple contain the constant variable and the constant
        variable initialize function.

    Examples:
        .. code-block:: python

            import paddle.fluid as fluid
            place = fluid.CPUPlace()
            exe = fluid.Executor(place)
            constant_var, constant_var_init = lod_constant(name="constant",
                              value=np.array([[5.0], [1.0], [2.0]],
                              lod=[2, 1],
                              dtype="float32"))
            exe.run(fluid.default_startup_program())
            # Run After default startup
            constant_var_init(place)
    """
    data, data_initializer = constant(
        name=name, value=value, dtype=dtype, hide_batch_size=True)

    _lod = [0]
    for l in lod:
        _lod.append(_lod[-1] + l)
    output = L.lod_reset(data, target_lod=_lod)
    return output, data_initializer



[docs]def sequence_softmax(x, beta=None):
    """Compute sequence softmax over paddle LodTensor

    This function compute softmax normalization along with the length of sequence.
    This function is an extention of :code:`L.sequence_softmax` which can only
    deal with LodTensor whose last dimension is 1.

    Args:
        x: The input variable which is a LodTensor.
        beta: Inverse Temperature

    Return:
        Output of sequence_softmax
    """

    if beta is not None:
        x =  x * beta
    
    x_max = L.sequence_pool(x, "max")
    x_max = L.sequence_expand_as(x_max, x)
    x = x - x_max
    exp_x = L.exp(x)
    sum_exp_x = L.sequence_pool(exp_x, "sum")
    sum_exp_x = L.sequence_expand_as(sum_exp_x, exp_x)
    return exp_x / sum_exp_x



[docs]def scatter_add(input, index, updates):
    """Scatter add updates to input by given index.

    Adds sparse updates to input variables.

    Args:
        input: Input tensor to be updated

        index: Slice index

        updates: Must have same type as input.

    Return:
        Same type and shape as input.
    """

    output = L.scatter(input, index, updates, overwrite=False)
    return output



[docs]def scatter_max(input, index, updates):
    """Scatter max updates to input by given index.

    Adds sparse updates to input variables.

    Args:
        input: Input tensor to be updated

        index: Slice index

        updates: Must have same type as input.

    Return:
        Same type and shape as input.
    """

    output = L.scatter(input, index, updates, mode='max')
    return output


[docs]def masked_select(input, mask):
    """masked_select
    
    Slice the value from given Mask
   
    Args:
        input: Input tensor to be selected
         
        mask: A bool tensor for sliced.
  
    Return:
        Part of inputs where mask is True. 
    """
    index = L.where(mask)
    return L.gather(input, index)



[docs]def ensure_dtype(input, dtype):
    """ensure_dtype

    If input is dtype, return input

    else cast input into dtype

    Args:
        input: Input tensor  

        dtype: a string of type
 
    Return:
        If input is dtype, return input, else cast input into dtype
    """
    if str(input.dtype) == dtype:
        return input
    else:
        return L.cast(input, dtype=dtype)


[docs]def lod_remove(input):
    """Lod Remove
    
    Remove the lod for LodTensor and Flatten the data into 1D-Tensor.

    Args:
        input: A tensor to be flattend

    Return:
        A 1D input
    """
    return L.reshape(L.reshape(input, [1, -1]), [-1])
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Paddle Graph Learning (PGL)

Paddle Graph Learning (PGL) is an efficient and flexible graph learning framework based on PaddlePaddle [https://github.com/PaddlePaddle/Paddle].
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Step 1: using PGL to create a graph

Suppose we have a graph with 10 nodes and 14 edges as shown in the following figure:

[image: A simple graph]
Our purpose is to train a graph neural network to classify yellow and green nodes. So we can create this graph in such way:

import pgl
from pgl import graph  # import pgl module
import numpy as np

def build_graph():
    # define the number of nodes; we can use number to represent every node
    num_node = 10
    # add edges, we represent all edges as a list of tuple (src, dst)
    edge_list = [(2, 0), (2, 1), (3, 1),(4, 0), (5, 0),
             (6, 0), (6, 4), (6, 5), (7, 0), (7, 1),
             (7, 2), (7, 3), (8, 0), (9, 7)]

    # Each node can be represented by a d-dimensional feature vector, here for simple, the feature vectors are randomly generated.
    d = 16
    feature = np.random.randn(num_node, d).astype("float32")
    # each edge has it own weight
    edge_feature = np.random.randn(len(edge_list), 1).astype("float32")

    # create a graph
    g = graph.Graph(num_nodes = num_node,
                    edges = edge_list,
                    node_feat = {'feature':feature},
                    edge_feat ={'edge_feature': edge_feature})

    return g

# create a graph object for saving graph data
g = build_graph()





After creating a graph in PGL, we can print out some information in the graph.

print('There are %d nodes in the graph.'%g.num_nodes)
print('There are %d edges in the graph.'%g.num_edges)

# Out:
# There are 10 nodes in the graph.
# There are 14 edges in the graph.





Currently our PGL is developed based on static computational mode of paddle (we’ll support dynamic computational model later). We need to build model upon a virtual data holder. GraphWrapper provide a virtual graph structure that users can build deep learning models based on this virtual graph. And then feed real graph data to run the models.

import paddle.fluid as fluid

use_cuda = False
place = fluid.CUDAPlace(0) if use_cuda else fluid.CPUPlace()

# use GraphWrapper as a container for graph data to construct a graph neural network
gw = pgl.graph_wrapper.GraphWrapper(name='graph',
                        node_feat=g.node_feat_info(),
                        edge_feat=g.edge_feat_info())








Step 2: create a simple Graph Convolutional Network(GCN)

In this tutorial, we use a simple Graph Convolutional Network(GCN) developed by Kipf and Welling [https://arxiv.org/abs/1609.02907] to perform node classification. Here we use the simplest GCN structure. If readers want to know more about GCN, you can refer to the original paper.


	In layer \(l\)，each node \(u_i^l\) has a feature vector \(h_i^l\);


	In every layer,  the idea of GCN is that the feature vector \(h_i^{l+1}\) of each node \(u_i^{l+1}\) in the next layer are obtained by weighting the feature vectors of all the neighboring nodes and then go through a non-linear transformation.




In PGL, we can easily implement a GCN layer as follows:

# define GCN layer function
def gcn_layer(gw, nfeat, efeat, hidden_size, name, activation):
    # gw is a GraphWrapper；feature is the feature vectors of nodes

    # define message function
    def send_func(src_feat, dst_feat, edge_feat):
        # In this tutorial, we return the feature vector of the source node as message
        return src_feat['h'] * edge_feat['e']

    # define reduce function
    def recv_func(feat):
        # we sum the feature vector of the source node
        return fluid.layers.sequence_pool(feat, pool_type='sum')

    # trigger message to passing
    msg = gw.send(send_func, nfeat_list=[('h', nfeat)], efeat_list=[('e', efeat)])
    # recv funciton receives message and trigger reduce funcition to handle message
    output = gw.recv(msg, recv_func)
    output = fluid.layers.fc(output,
                    size=hidden_size,
                    bias_attr=False,
                    act=activation,
                    name=name)
    return output





After defining the GCN layer, we can construct a deeper GCN model with two GCN layers.

output = gcn_layer(gw, gw.node_feat['feature'], gw.edge_feat['edge_feature'],
                hidden_size=8, name='gcn_layer_1', activation='relu')
output = gcn_layer(gw, output, gw.edge_feat['edge_feature'],
                hidden_size=1, name='gcn_layer_2', activation=None)








Step 3:  data preprocessing

Since we implement a node binary classifier, we can use 0 and 1 to represent two classes respectively.

y = [0,1,1,1,0,0,0,1,0,1]
label = np.array(y, dtype="float32")
label = np.expand_dims(label, -1)








Step 4:  training program

The training process of GCN is the same as that of other paddle-based models.


	First we create a loss function.


	Then we create a optimizer.


	Finally, we create a executor and train the model.




# create a label layer as a container
node_label = fluid.layers.data("node_label", shape=[None, 1],
            dtype="float32", append_batch_size=False)

# using cross-entropy with sigmoid layer as the loss function
loss = fluid.layers.sigmoid_cross_entropy_with_logits(x=output, label=node_label)

# calculate the mean loss
loss = fluid.layers.mean(loss)

# choose the Adam optimizer and set the learning rate to be 0.01
adam = fluid.optimizer.Adam(learning_rate=0.01)
adam.minimize(loss)

# create the executor
exe = fluid.Executor(place)
exe.run(fluid.default_startup_program())
feed_dict = gw.to_feed(g) # gets graph data

for epoch in range(30):
    feed_dict['node_label'] = label

    train_loss = exe.run(fluid.default_main_program(),
        feed=feed_dict,
        fetch_list=[loss],
        return_numpy=True)
    print('Epoch %d | Loss: %f'%(epoch, train_loss[0]))
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Introduction

In real world, there exists many graphs contain multiple types of nodes and edges, which we call them Heterogeneous Graphs. Obviously, heterogenous graphs are more complex than homogeneous graphs.

To deal with such heterogeneous graphs, PGL develops a graph framework to support graph neural network computations and meta-path-based sampling on heterogenous graph.

The goal of this tutorial:


	example of heterogenous graph data;


	Understand how PGL supports computations in heterogenous graph;


	Using PGL to implement a simple heterogenous graph neural network model to classfiy a particular type of node in a heterogenous graph network.







Example of heterogenous graph

There are a lot of graph data that consists of edges and nodes of multiple types. For example, e-commerce network is very common heterogenous graph in real world. It contains at least two types of nodes (user and item) and two types of edges (buy and click).

The following figure depicts several users click or buy some items. This graph has two types of nodes corresponding to “user” and “item”. It also contain two types of edge “buy” and “click”.

[image: A simple heterogenous e-commerce graph]



Creating a heterogenous graph with PGL

In heterogenous graph, there exists multiple edges, so we should distinguish them. In PGL, the edges are built in below format:

edges = {
    'click': [(0, 4), (0, 7), (1, 6), (2, 5), (3, 6)],
    'buy': [(0, 5), (1, 4), (1, 6), (2, 7), (3, 5)],
        }





In heterogenous graph, nodes are also of different types. Therefore, you need to mark the type of each node, the format of the node type is as follows:

node_types = [(0, 'user'), (1, 'user'), (2, 'user'), (3, 'user'), (4, 'item'),
             (5, 'item'),(6, 'item'), (7, 'item')]





Because of the different types of edges, edge features also need to be separated by different types.

import numpy as np

num_nodes = len(node_types)

node_features = {'features': np.random.randn(num_nodes, 8).astype("float32")}

edge_num_list = []
for edge_type in edges:
    edge_num_list.append(len(edges[edge_type]))

edge_features = {
    'click': {'h': np.random.randn(edge_num_list[0], 4)},
    'buy': {'h':np.random.randn(edge_num_list[1], 4)},
}





Now, we can build a heterogenous graph by using PGL.

import paddle.fluid as fluid
import paddle.fluid.layers as fl
import pgl
from pgl import heter_graph
from pgl import heter_graph_wrapper

g = heter_graph.HeterGraph(num_nodes=num_nodes,
                            edges=edges,
                            node_types=node_types,
                            node_feat=node_features,
                            edge_feat=edge_features)





In PGL, we need to use graph_wrapper as a container for graph data, so here we need to create a graph_wrapper for each type of edge graph.

place = fluid.CPUPlace()

# create a GraphWrapper as a container for graph data
gw = heter_graph_wrapper.HeterGraphWrapper(name='heter_graph',
                                    edge_types = g.edge_types_info(),
                                    node_feat=g.node_feat_info(),
                                    edge_feat=g.edge_feat_info())








MessagePassing

After building the heterogeneous graph, we can easily carry out the message passing mode. In this case, we have two different types of edges, so we can write a function in such way:

def message_passing(gw, edge_types, features, name=''):
    def __message(src_feat, dst_feat, edge_feat):
        return src_feat['h']
    def __reduce(feat):
        return fluid.layers.sequence_pool(feat, pool_type='sum')

    assert len(edge_types) == len(features)
    output = []
    for i in range(len(edge_types)):
        msg = gw[edge_types[i]].send(__message, nfeat_list=[('h', features[i])])
        out = gw[edge_types[i]].recv(msg, __reduce)
        output.append(out)
    # list of matrix
    return output





edge_types = ['click', 'buy']
features = []
for edge_type in edge_types:
    features.append(gw[edge_type].node_feat['features'])
output = message_passing(gw, edge_types, features)

output = fl.concat(input=output, axis=1)

output = fluid.layers.fc(output, size=4, bias_attr=False, act='relu', name='fc1')
logits = fluid.layers.fc(output, size=1, bias_attr=False, act=None, name='fc2')








data preprocessing

In this case, we implement a simple node classifier, we can use 0,1 to represent two classes.

y = [0,1,0,1,0,1,1,0]
label = np.array(y, dtype="float32").reshape(-1,1)








Setting up the training program

The training process of the heterogeneous graph node classification model is the same as the training of other paddlepaddle-based models.


	First we build the loss function;


	Second, creating a optimizer;


	Finally, creating a executor and execute the training program.




node_label = fluid.layers.data("node_label", shape=[None, 1], dtype="float32", append_batch_size=False)


loss = fluid.layers.sigmoid_cross_entropy_with_logits(x=logits, label=node_label)

loss = fluid.layers.mean(loss)


adam = fluid.optimizer.Adam(learning_rate=0.01)
adam.minimize(loss)


exe = fluid.Executor(place)
exe.run(fluid.default_startup_program())
feed_dict = gw.to_feed(g)

for epoch in range(30):
    feed_dict['node_label'] = label

    train_loss = exe.run(fluid.default_main_program(), feed=feed_dict, fetch_list=[loss], return_numpy=True)
    print('Epoch %d | Loss: %f'%(epoch, train_loss[0]))
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