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ABSTRACT

Graphs are useful data structures in complex real-life applications such as modeling physical systems, learning molecular fingerprints, controlling traffic networks, and recommending friends in social networks. However, these tasks require dealing with non-Euclidean graph data that contains rich relational information between elements and cannot be well handled by traditional deep learning models (e.g., convolutional neural networks (CNNs) or recurrent neural networks (RNNs)). Nodes in graphs usually contain useful feature information that cannot be well addressed in most unsupervised representation learning methods (e.g., network embedding methods). Graph neural networks (GNNs) are proposed to combine the feature information and the graph structure to learn better representations on graphs via feature propagation and aggregation. Due to its convincing performance and high interpretability, GNN has recently become a widely applied graph analysis tool.

This book provides a comprehensive introduction to the basic concepts, models, and applications of graph neural networks. It starts with the introduction of the vanilla GNN model. Then several variants of the vanilla model are introduced such as graph convolutional networks, graph recurrent networks, graph attention networks, graph residual networks, and several general frameworks. Variants for different graph types and advanced training methods are also included. As for the applications of GNNs, the book categorizes them into structural, non-structural, and other scenarios, and then it introduces several typical models on solving these tasks. Finally, the closing chapters provide GNN open resources and the outlook of several future directions.
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Preface

Deep learning has achieved promising progress in many fields such as computer vision and natural language processing. The data in these tasks are usually represented in the Euclidean domain. However, many learning tasks require dealing with non-Euclidean graph data that contains rich relational information between elements, such as modeling physical systems, learning molecular fingerprints, predicting protein interface, etc. Graph neural networks (GNNs) are deep learning-based methods that operate on graph domains. Due to its convincing performance and high interpretability, GNN has recently been a widely applied graph analysis method.

The book provides a comprehensive introduction to the basic concepts, models, and applications of graph neural networks. It starts with the basics of mathematics and neural networks. In the first chapters, it gives an introduction to the basic concepts of GNNs, which aims to provide a general overview for readers. Then it introduces different variants of GNNs: graph convolutional networks, graph recurrent networks, graph attention networks, graph residual networks, and several general frameworks. These variants tend to generalize different deep learning techniques into graphs, such as convolutional neural network, recurrent neural network, attention mechanism, and skip connections. Further, the book introduces different applications of GNNs in structural scenarios (physics, chemistry, knowledge graph), non-structural scenarios (image, text) and other scenarios (generative models, combinatorial optimization). Finally, the book lists relevant datasets, open source platforms, and implementations of GNNs.

This book is organized as follows. After an overview in Chapter 1, we introduce some basic knowledge of math and graph theory in Chapter 2. We show the basics of neural networks in Chapter 3 and then give a brief introduction to the vanilla GNN in Chapter 4. Four types of models are introduced in Chapters 5, 6, 7, and 8, respectively. Other variants for different graph types and advanced training methods are introduced in Chapters 9 and 10. Then we propose several general GNN frameworks in Chapter 11. Applications of GNN in structural scenarios, nonstructural scenarios, and other scenarios are presented in Chapters 12, 13, and 14. And finally, we provide some open resources in Chapter 15 and conclude the book in Chapter 16.

Zhiyuan Liu and Jie Zhou

March 2020
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CHAPTER 1

Introduction

Graphs are a kind of data structure which models a set of objects (nodes) and their relationships (edges). Recently, researches of analyzing graphs with machine learning have received more and more attention because of the great expressive power of graphs, i.e., graphs can be used as denotation of a large number of systems across various areas including social science (social networks) [Hamilton et al., 2017b, Kipf and Welling, 2017], natural science (physical systems [Battaglia et al., 2016, Sanchez et al., 2018] and protein-protein interaction networks [Fout et al., 2017]), knowledge graphs [Hamaguchi et al., 2017] and many other research areas [Khalil et al., 2017]. As a unique non-Euclidean data structure for machine learning, graph draws attention on analyses that focus on node classification, link prediction, and clustering. Graph neural networks (GNNs) are deep learning-based methods that operate on graph domain. Due to its convincing performance and high interpretability, GNN has been a widely applied graph analysis method recently. In the following paragraphs, we will illustrate the fundamental motivations of GNNs.

1.1    MOTIVATIONS

1.1.1    CONVOLUTIONAL NEURAL NETWORKS

Firstly, GNNs are motivated by convolutional neural networks (CNNs) LeCun et al. [1998]. CNNs is capable of extracting and composing multi-scale localized spatial features for features of high representation power, which have result in breakthroughs in almost all machine learning areas and the revolution of deep learning. As we go deeper into CNNs and graphs, we find the keys of CNNs: local connection, shared weights, and the use of multi-layer [LeCun et al., 2015]. These are also of great importance in solving problems of graph domain, because (1) graphs are the most typical locally connected structure, (2) shared weights reduce the computational cost compared with traditional spectral graph theory [Chung and Graham, 1997], (3) multi-layer structure is the key to deal with hierarchical patterns, which captures the features of various sizes. However, CNNs can only operate on regular Euclidean data like images (2D grid) and text (1D sequence), which can also be regarded as instances of graphs. Therefore, it is straightforward to think of finding the generalization of CNNs to graphs. As shown in Figure 1.1, it is hard to define localized convolutional filters and pooling operators, which hinders the transformation of CNN from Euclidean to non-Euclidean domain.

[image: Image]

Figure 1.1: Left: image in Euclidean space. Right: graph in non-Euclidean space.

1.1.2    NETWORK EMBEDDING

The other motivation comes from graph embedding [Cai et al., 2018, Cui et al., 2018, Goyal and Ferrara, 2018, Hamilton et al., 2017a, Zhang et al., 2018a], which learns to represent graph nodes, edges, or subgraphs in low-dimensional vectors. In graph analysis, traditional machine learning approaches usually rely on hand-engineered features and are limited by its inflexibility and high cost. Following the idea of representation learning and the success of word embedding [Mikolov et al., 2013], DeepWalk [Perozzi et al., 2014], which is regarded as the first graph embedding method based on representation learning, applies SkipGram model [Mikolov et al., 2013] on the generated random walks. Similar approaches such as node2vec [Grover and Leskovec, 2016], LINE [Tang et al., 2015], and TADW [Yang et al., 2015b] also achieved breakthroughs. However, these methods suffer from two severe drawbacks [Hamilton et al., 2017a]. First, no parameters are shared between nodes in the encoder, which leads to computational inefficiency, since it means the number of parameters grows linearly with the number of nodes. Second, the direct embedding methods lack the ability of generalization, which means they cannot deal with dynamic graphs or be generalized to new graphs.

1.2    RELATED WORK

There exist several comprehensive reviews on GNNs. Monti et al. [2017] propose a unified framework, MoNet, to generalize CNN architectures to non-Euclidean domains (graphs and manifolds) and the framework could generalize several spectral methods on graphs [Atwood and Towsley, 2016, Kipf and Welling, 2017] as well as some models on manifolds [Boscaini et al., 2016, Masci et al., 2015]. Bronstein et al. [2017] provide a thorough review of geometric deep learning, which presents its problems, difficulties, solutions, applications, and future directions. Monti et al. [2017] and Bronstein et al. [2017] focus on generalizing convolutions to graphs or manifolds, while in this book we only focus on problems defined on graphs and we also investigate other mechanisms used in GNNs such as gate mechanism, attention mechanism, and skip connections. Gilmer et al. [2017] propose the message passing neural network (MPNN) which could generalize several GNN and graph convolutional network approaches. Wang et al. [2018b] propose the non-local neural network (NLNN) which unifies several “self-attention”-style methods. However, in the original paper, the model is not explicitly defined on graphs. Focusing on specific application domains, Gilmer et al. [2017] and Wang et al. [2018b] only give examples of how to generalize other models using their framework and they do not provide a review over other GNN models. Lee et al. [2018b] provides a review over graph attention models. Battaglia et al. [2018] propose the graph network (GN) framework which has a strong capability to generalize other models. However, the graph network model is highly abstract and Battaglia et al. [2018] only give a rough classification of the applications.

Zhang et al. [2018f] and Wu et al. [2019c] are two comprehensive survey papers on GNNs and they mainly focus on models of GNN. Wu et al. [2019c] categorize GNNs into four groups: recurrent graph neural networks (RecGNNs), convolutional graph neural networks (ConvGNNs), graph auto-encoders (GAEs), and spatial-temporal graph neural networks (STGNNs). Our book has a different taxonomy with Wu et al. [2019c]. We present graph recurrent networks in Chapter 6. Graph convolutional networks are introduced in Chapter 5 and a special variant of ConvGNNs, graph attention networks, are introduced in Chapter 7. We present the graph spatial-temporal networks in Section 9.4 as the models are usually used on dynamic graphs. We introduce graph auto-encoders in Section 10.4 as they are trained in an unsupervised fashion.

In this book, we provide a thorough introduction to different GNN models as well as a systematic taxonomy of the applications. To summarize, the major contents of this book are as follows.

•  We provide a detailed review over existing GNN models. We introduce the original model, its variants and several general frameworks. We examine various models in this area and provide a unified representation to present different propagation steps in different models. One can easily make a distinction between different models using our representation by recognizing corresponding aggregators and updaters.

•  We systematically categorize the applications and divide them into structural scenarios, non-structural scenarios, and other scenarios. For each scenario, we present several major applications and their corresponding methods.


CHAPTER 2

Basics of Math and Graph

2.1    LINEAR ALGEBRA

The language and concepts of linear algebra have come into widespread usage in many fields in computer science, and machine learning is no exception. A good comprehension of machine learning is based upon a thoroughly understanding of linear algebra. In this section, we will briefly review some important concepts and calculations in linear algebra, which are necessary for understanding the rest of the book. In this section, we review some basic concepts and calculations in linear algebra which are necessary for understanding the rest of the book.

2.1.1  BASIC CONCEPTS

•  Scalar: A number.

•  Vector: A column of ordered numbers, which can be expressed as the following:

[image: Image]

The norm of a vector measures its length. The Lp norm is defined as follows:

[image: Image]

The L1 norm, L2 norm and L∞ norm are often used in machine learning.

The L1 norm can be simplified as

[image: Image]

In Euclidean space ℝn, the L2 norm is used to measure the length of vectors, where

[image: Image]

The L∞ norm is also called the max norm, as

[image: Image]

With Lp norm, the distance of two vectors x1, x2 (where x1 and x2 are in the same linear space) can be defined as

[image: Image]

A set of vectors x1, x2, …, xm are linearly independent if and only if there does not exist a set of scalars λ1, λ2 …, λm, which are not all 0, such that

[image: Image]

•  Matrix: A two-dimensional array, which can be expressed as the following:

[image: Image]

where A ∈ ℝm × n.

Given two matrices A ∈ ℝm × n and B ∈ ℝn × p, the matrix product of AB can be denoted as C ∈ ℝm × p, where

[image: Image]

It can be proved that matrix product is associative but not necessarily commutative. In mathematical language,

[image: Image]

holds for arbitrary matrices A, B, and C (presuming that the multiplication is legitimate). Yet

[image: Image]

is not always true.

For each n × n square matrix A, its determinant (also denoted as |A|) is defined as

[image: Image]

where k1k2 … kn is a permutation of 1, 2, …, n and τ(k1k2 … kn) is the inversion number of the permutation k1k2 … kn, which is the number of inverted sequence in the permutation.

If matrix A is a square matrix, which means that m = n, the inverse matrix of A (denoted as A−1) satisfies that

[image: Image]

where I is the n × n identity matrix. A−1 exists if and only if |A| ≠ 0.

The transpose of matrix A is represented as AT, where

[image: Image]

There is another frequently used product between matrices called Hadamard product. The Hadamard product of two matrices A ∈ ℝm × n and B ∈ ℝm × n is a matrix C ∈ ℝm × n, where

[image: Image]

•  Tensor: An array with arbitrary dimension. Most matrix operations can also be applied to tensors.

2.1.2    EIGENDECOMPOSITION

Let A be a matrix in ℝn × n. A nonzero vector v ∈ ℂn is called an eigenvector of A if there exists such scalar λ ∈ ℂ that

[image: Image]

Here scalar λ is an eigenvalue of A corresponding to the eigenvector v. If matrix A has n eigenvectors {v1, v2, …, vn} that are linearly independent, corresponding to the eigenvalue {λ1, λ2, … λn}, then it can be deduced that

[image: Image]

Let V = [v1 v2 … vn]; then it is clear that V is an invertible matrix. We have the eigendecomposition of A (also called diagonalization)

[image: Image]

It can also be written in the following form:

[image: Image]

However, not all square matrices can be diagonalized in such form because a matrix may not have as many as n linear independent eigenvectors. Fortunately, it can be proved that every real symmetric matrix has an eigendecomposition.

2.1.3    SINGULAR VALUE DECOMPOSITION

As eigendecomposition can only be applied to certain matrices, we introduce the singular value decomposition, which is a generalization to all matrices.

First we need to introduce the concept of singular value. Let r denote the rank of AT A, then there exist r positive scalars σ1 ≥ σ2 ≥ … σr > 0 such that for 1 ≤ i ≤ r, vi is an eigenvector of AT A with corresponding eigenvalue [image: Image]. Note that v1, v2, …, vr are linearly independent. The r positive scalars σ1, σ2, …, σr are called singular values of A. Then we have the singular value decomposition

[image: Image]

where U ∈ ℝm × m and V (n × n) are orthogonal matrices and Σ is an m × n matrix defined as follows:

[image: Image]

In fact, the column vectors of U are eigenvectors of AAT, and the eigenvectors of AT A are made up of the the column vectors of V.

2.2    PROBABILITY THEORY

Uncertainty is ubiquitous in the field of machine learning, thus we need to use probability theory to quantify and manipulate the uncertainty. In this section, we review some basic concepts and classic distributions in probability theory which are essential for understanding the rest of the book.

2.2.1    BASIC CONCEPTS AND FORMULAS

In probability theory, a random variable is a variable that has a random value. For instance, if we denote a random value by X, which has two possible values x1 and x2, then the probability of X equals to x1 is P(X = x1). Clearly, the following equation remains true:

[image: Image]

Suppose there is another random variable Y that has y1 as a possible value. The probability that X = x1 and Y = y1 is written as P(X = x1; Y = y1), which is called the joint probability of X = x1 and Y = y1.

Sometimes we need to know the relationship between random variables, like the probability of X = x1 on the condition that Y = y1, which can be written as P(X = x1|Y = y1). We call this the conditional probability of X = x1 given Y = y1. With the concepts above, we can write the following two fundamental rules of probability theory:

[image: Image]

[image: Image]

The former is the sum rule while the latter is the product rule. Slightly modifying the form of product rule, we get another useful formula:

[image: Image]

which is the famous Bayes formula. Note that it also holds for more than two variables:

[image: Image]

Using product rule, we can deduce the chain rule:

[image: Image]

where X1, X2, …, Xn are n random variables.

The average value of some function f(x) (where x is the value of a certain random variable) under a probability distribution P(x) is called the expectation of f(x). For a discrete distribution, it can be written as

[image: Image]

Usually, when f(x) = x, 𝔼[x] stands for the expectation of x.

To measure the dispersion level of f(x) around its mean value E[f(x)], we introduce the variance of f(x):

[image: Image]

The standard deviation is the square root of variance. In some level, covariance expresses the degree to which two variables vary together:

[image: Image]

Greater covariance indicates higher relevance between f(x) and g(y).

2.2.2    PROBABILITY DISTRIBUTIONS

Probability distributions describe the probability of a random variable or several random variables on every state. Several distributions that are useful in the area of machine learning are listed as follows.

•  Gaussian distribution: it is also known as normal distribution and can be expressed as:

[image: Image]

where μ is the mean of variable x and σ2 is the variance.

•  Bernoulli distribution: random variable X can either be 0 or 1, with a probability P(X = 1) = p. Then the distribution function is

[image: Image]

It is quite obvious that E(X = p and Var(X) = p(1 − p).

•  Binomial distribution: repeat the Bernoulli experiment for N times and the times that X equals to 1 is denote by Y, then

[image: Image]

is the Binomial distribution satisfying that E(Y = np) and Var(Y) = np(1 − p).

•  Laplace distribution: the Laplace distribution is described as

[image: Image]

2.3    GRAPH THEORY

Graphs are the basic subjects in the study of GNNs. Therefore, to get a comprehensive understanding of GNN, the fundamental graph theory is required.

2.3.1    BASIC CONCEPTS

A graph is often denoted by G = (V, E), where V is the set of vertices and E is the set of edges. An edge e = u, v has two endpoints u and v, which are said to be joined by e. In this case, u is called a neighbor of v, or in other words, these two vertices are adjacent. Note that an edge can either be directed or undirected. A graph is called a directed graph if all edges are directed or undirected graph if all edges are undirected. The degree of vertice v, denoted by d(v), is the number of edges connected with v.

2.3.2    ALGEBRA REPRESENTATIONS OF GRAPHS

There are a few useful algebra representations for graphs, which are listed as follows.

•  Adjacency matrix: for a simple graph G = (V, E) with n-vertices, it can be described by an adjacency matrix A ∈ ℝn × n, where

[image: Image]

It is obvious that such matrix is a symmetric matrix when G is an undirected graph.

•  Degree matrix: for a graph G = (V, E) with n-vertices, its degree matrix D ∈ ℝn × n is a diagonal matrix, where

[image: Image]

•  Laplacian matrix: for a simple graph G = (V, E) with n-vertices, if we consider all edges in G to be undirected, then its Laplacian matrix L = ℝn × n can be defined as

[image: Image]

Thus, we have the elements:

[image: Image]

Note that the graph is considered to be an undirected graph for the adjacency matrix.

•  Symmetric normalized Laplacian: the symmetric normalized Laplacian is defined as:

[image: Image]

The elements are given by:

[image: Image]

•  Random walk normalized Laplacian: it is defined as:

[image: Image]

The elements can be computed by:

[image: Image]

•  Incidence matrix: another common used matrix in representing a graph is incidence matrix. For a directed graph G = (V, E) with n-vertices and m-edges, the corresponding incidence matrix is M ∈ ℝn × m, where
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For a undirected graph, the corresponding incidence matrix satisfies that
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CHAPTER 3

Basics of Neural Networks

Neural networks are one of the most important models in machine learning. The structure of artificial neural networks, which consists of numerous neurons with connections to each other, bears great resemblance to that of biological neural networks. A neural network learns in the following way: initiated with random weights or values, the connections between neurons updates its weights or values by the back propagation algorithm repeatedly till the model performs rather precisely. In the end, the knowledge that a neural network learned is stored in the connections in a digital manner. Most of the researches on neural network try to change the way it learns (with different algorithms or different structures), aiming to improve the generalization ability of the model.

3.1    NEURON

The basic units of neural networks are neurons, which can receive a series of inputs and return the corresponding output. A classic neuron is as shown in Figure 3.1. Where the neuron receives n inputs x1, x2, …, xn with corresponding weights w1, w2, …, wn and an offset b. Then the weighted summation [image: Image] passes through an activation function f and the neuron returns the output z = f(y). Note that the output will be the input of the next neuron. The activation function is a kind of function that maps a real number to a number between 0 and 1 (with rare exceptions), which represents the activation of the neuron, where 0 indicates deactivated and 1 indicates fully activated. Several useful activation functions are shown as follows.

•  Sigmoid Function (Figure 3.2):
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•  Tanh Function (Figure 3.3):
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•  ReLU (Rectified Linear Unit) (Figure 3.4):
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Figure 3.1: A classic neuron structure.
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Figure 3.2: The Sigmoid function.

In fact, there are many other activation functions and each has its corresponding derivatives. But do remember that a good activation function is always smooth (which means that it is a continuous differentiable function) and easily calculated (in order to minimize the computational complexity of the neural network). During the training of a neural network, the choice of activation function is usually essential to the outcome.

3.2    BACK PROPAGATION

During the training of a neural network, the back propagation algorithm is most commonly used. It is an algorithm based on gradient descend to optimize the parameters in a model. Let’s take the single neuron model illustrated above for an example. Suppose the optimization target for the output z is z0, which will be approached by adjusting the parameters w1, w2, …, wn, b.

[image: Image]

Figure 3.3: The Tanh function.
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Figure 3.4: The ReLU (Rectified Linear Unit) function.

By the chain rule, we can deduce the derivative of z with respect to wi and b:
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With a learning rate of η, the update for each parameter will be:
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Figure 3.5: Feedforward neural network.
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In summary, the process of the back propagation consists of the following two steps.

•  Forward calculation: given a set of parameters and an input, the neural network computes the values at each neuron in a forward order.

•  Backward propagation: compute the error at each variable to be optimized, and update the parameters with their corresponding partial derivatives in a backward order.

The above two steps will go on repeatedly until the optimization target is acquired.

3.3    NEURAL NETWORKS

Recently, there is a booming development in the field of machine learning (especially deep learning), represented by the appearance of a variety of neural network structures. Though varying widely, the current neural network structures can be classified into several categories: feedforward neural networks, convolutional neural networks, recurrent neural networks, and GNNs.

•  Feedforward neural network: The feedforward neural network (FNN) (Figure 3.5) is the first and simplest network architecture of artificial neural network. The FNN usually contains an input layer, several hidden layers, and an output layer. The feedforward neural network has a clear hierarchical structure, which always consists of multiple layers of neurons, and each layer is only connected to its neighbor layers. There are no loops in this network.

•  Convolutional neural network: Convolutional neural networks (CNNs) are special versions of FNNs. FNNs are usually fully connected networks while CNNs preserve the local connectivity. The CNN architecture usually contains convolutional layers, pooling layers, and several fully connected layers. There exist several classical CNN architectures such as LeNet5 [LeCun et al., 1998], AlexNet [Krizhevsky et al., 2012] (Figure 3.6), VGG [Simonyan and Zisserman, 2014], and GoogLeNet [Szegedy et al., 2015]. CNNs are widely used in the area of computer vision and proven to be effective in many other research fields.

•  Recurrent neural network: In comparison with FNN, the neurons in recurrent neural network (RNN) receive not only signals and inputs from other neurons, but also its own historical information. The memory mechanism in recurrent neural network (RNN) help the model to process series data effectively. However, the RNN usually suffers from the problem of long-term dependencies [Bengio et al., 1994, Hochreiter et al., 2001]. Several variants are proposed to solve the problem by incorporating the gate mechanism such as GRU [Cho et al., 2014] and LSTM [Hochreiter and Schmidhuber, 1997]. The RNN is widely used in the area of speech and natural language processing.

•  Graph neural network: The GNN is designed specifically to handle graph-structured data, such as social networks, molecular structures, knowledge graphs, etc. Detailed descriptions of GNNs will be covered in the later chapters of this book.

[image: Image]

Figure 3.6: The AlexNet architecture from Krizhevsky et al. [2012].


CHAPTER 4

Vanilla Graph Neural Networks

In this section, we describe the vanilla GNNs proposed in Scarselli et al. [2009]. We also list the limitations of the vanilla GNN in representation capability and training efficiency. After this chapter we will talk about several variants of the vanilla GNN model.

4.1    INTRODUCTION

The concept of GNN was first proposed in Gori et al. [2005], Scarselli et al. [2004, 2009]. For simplicity, we will talk about the model proposed in Scarselli et al. [2009], which aims to extend existing neural networks for processing graph-structured data.

A node is naturally defined by its features and related nodes in the graph. The target of GNN is to learn a state embedding hv ∈ ℝs, which encodes the information of the neighborhood, for each node. The state embedding hv is used to produce an output ov, such as the distribution of the predicted node label.

In Scarselli et al. [2009], a typical graph is illustrated in Figure 4.1. The vanilla GNN model deals with the undirected homogeneous graph where each node in the graph has its input features xv and each edge may also have its features. The paper uses co[v] and ne[v] to denote the set of edges and neighbors of node v. For processing other more complicated graphs such as heterogeneous graphs, the corresponding variants of GNNs could be found in later chapters.

4.2    MODEL

Given the input features of nodes and edges, next we will talk about how the model obtains the node embedding hv and the output embedding ov.

In order to update the node state according to the input neighborhood, there is a parametric function f, called local transition function, shared among all nodes. In order to produce the output of the node, there is a parametric function g, called local output function. Then, hv and ov are defined as follows:
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where x denotes the input feature and h denotes the hidden state. co[v] is the set of edges connected to node v and ne[v] is set of neighbors of node v. So that xv, xco[v], hne[v], xne[v] are the features of v, the features of its edges, the states and the features of the nodes in the neighborhood of v, respectively. In the example of node l1 in Figure 4.1, xl1 is the input feature of l1. co[l1] contains edges l(1,4), l(1,6), l(1,2), and l(3.1). ne[l1] contains nodes l2, l3, l4, and l6.
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Figure 4.1: An example of the graph based on Scarselli et al. [2009].

Let H, O, X, and XN be the matrices constructed by stacking all the states, all the outputs, all the features, and all the node features, respectively. Then we have a compact form as:
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where F, the global transition function, and G is the global output function. They are stacked versions of the local transition function f and the local output function g for all nodes in a graph, respectively. The value of H is the fixed point of Eq. (4.3) and is uniquely defined with the assumption that F is a contraction map.

With the suggestion of Banach’s fixed point theorem [Khamsi and Kirk, 2011], GNN uses the following classic iterative scheme to compute the state:
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where Ht denotes the t th iteration of H. The dynamical system Eq. (4.5) converges exponentially fast to the solution of Eq. (4.3) for any initial value of H(0). Note that the computations described in f and g can be interpreted as the FNNs.

After the introduction of the framework of GNN, the next question is how to learn the parameters of the local transition function f and local output function g. With the target information (tv for a specific node) for the supervision, the loss can be written as:
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where p is the number of supervised nodes. The learning algorithm is based on a gradient-descent strategy and is composed of the following steps.

•  The states [image: Image] are iteratively updated by Eq. (4.1) until a time step T. Then we obtain an approximate fixed point solution of Eq. (4.3): H(T) ≈ H.

•  The gradient of weights W is computed from the loss.

•  The weights W are updated according to the gradient computed in the last step.

After running the algorithm, we can get a model trained for a specific supervised/semi-supervised task as well as hidden states of nodes in the graph. The vanilla GNN model provides an effective way to model graphic data and it is the first step toward incorporating neural networks into graph domain.

4.3    LIMITATIONS

Though experimental results showed that GNN is a powerful architecture for modeling structural data, there are still several limitations of the vanilla GNN.

•  First, it is computationally inefficient to update the hidden states of nodes iteratively to get the fixed point. The model needs T steps of computation to approximate the fixed point. If relaxing the assumption of the fixed point, we can design a multi-layer GNN to get a stable representation of the node and its neighborhood.

•  Second, vanilla GNN uses the same parameters in the iteration while most popular neural networks use different parameters in different layers, which serves as a hierarchical feature extraction method. Moreover, the update of node hidden states is a sequential process which can benefit from the RNN kernels like GRU and LSTM.

•  Third, there are also some informative features on the edges which cannot be effectively modeled in the vanilla GNN. For example, the edges in the knowledge graph have the type of relations and the message propagation through different edges should be different according to their types. Besides, how to learn the hidden states of edges is also an important problem.

•  Last, if T is pretty large, it is unsuitable to use the fixed points if we focus on the representation of nodes instead of graphs because the distribution of representation in the fixed point will be much more smooth in value and less informative for distinguishing each node.

Beyond the vanilla GNN, several variants are proposed to release these limitations. For example, Gated Graph Neural Network (GGNN) [Li et al., 2016] is proposed to solve the first problem. Relational GCN (R-GCN) [Schlichtkrull et al., 2018] is proposed to deal with directed graphs. More details could be found in the following chapters.


CHAPTER 5

Graph Convolutional Networks

In this chapter, we will talk about graph convolutional networks (GCNs), which aim to generalize convolutions to the graph domain. As convolutional neural networks (CNNs) have achieved great success in the area of deep learning, it is intuitive to define the convolution operation on graphs. Advances in this direction are often categorized as spectral approaches and spatial approaches. As there may have vast variants in each direction, we only list several classic models in this chapter.

5.1    SPECTRAL METHODS

Spectral approaches work with a spectral representation of the graphs. In this section we will talk about four classic models (Spectral Network, ChebNet, GCN, and AGCN).

5.1.1    SPECTRAL NETWORK

Bruna et al. [2014] propose the spectral network. The convolution operation is defined in the Fourier domain by computing the eigendecomposition of the graph Laplacian. The operation can be defined as the multiplication of a signal x ∈ ℝN (a scalar for each node) with a filter gθ = diag(θ) parameterized by θ ∈ ℝN:
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where U is the matrix of eigenvectors of the normalized graph Laplacian L = IN D[image: Image] AD[image: Image] = U Λ UT (D is the degree matrix and A is the adjacency matrix of the graph), with a diagonal matrix of its eigenvalues Λ.

This operation results in potentially intense computations and non-spatially localized filters. Henaff et al. [2015] attempt to make the spectral filters spatially localized by introducing a parameterization with smooth coefficients.

5.1.2    CHEBNET

Hammond et al. [2011] suggest that gθ(Λ) can be approximated by a truncated expansion in terms of Chebyshev polynomials Tk(x) up to Kth order. Thus, the operation is:
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with [image: Image]. λmax denotes the largest eigenvalue of L. θ ∈ ℝK is now a vector of Chebyshev coefficients. The Chebyshev polynomials are defined as Tk(x) = 2xTk−1(x) − Tk−2(x), with T0(x) = 1 and T1(x) = x. It can be observed that the operation is K-localized since it is a Kth-order polynomial in the Laplacian.

Defferrard et al. [2016] propose the ChebNet. It uses this K-localized convolution to define a convolutional neural network which could remove the need to compute the eigenvectors of the Laplacian.

5.1.3    GCN

Kipf and Welling [2017] limit the layer-wise convolution operation to K = 1 to alleviate the problem of overfitting on local neighborhood structures for graphs with very wide node degree distributions. It further approximates λmax ≈ 2 and the equation simplifies to:
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with two free parameters [image: Image] and [image: Image]. After constraining the number of parameters with [image: Image] = [image: Image], we can obtain the following expression:
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Note that stacking this operator could lead to numerical instabilities and exploding/vanishing gradients, Kipf and Welling [2017] introduce the renormalization trick: IN + [image: Image], with [image: Image]. Finally, Kipf and Welling [2017] generalize the definition to a signal X ∈ ℝN × C with C input channels and F filters for feature maps as follows:
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where Θ ∈ ℝC × F is a matrix of filter parameters and Z ∈ ℝN × F is the convolved signal matrix.

As a simplification of spectral methods, the GCN model could also be regarded as a spatial method as we listed in Section 5.2.

5.1.4    AGCN

All of the above models use the original graph structure to denote relations between nodes. However, there may have implicit relations between different nodes and the Adaptive Graph Convolution Network (AGCN) is proposed to learn the underlying relations [Li et al., 2018b]. AGCN learns a “residual” graph Laplacian Lres and add it to the original Laplacian matrix:
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where α is a parameter.

Lres is computed by a learned graph adjacency matrix [image: Image]

[image: Image]

and [image: Image] is computed via a learned metric. The idea behind the adaptive metric is that Euclidean distance is not suitable for graph structured data and the metric should be adaptive to the task and input features. AGCN uses the generalized Mahalanobis distance:
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where M is a learned parameter that satisfies [image: Image]. Wd is the transform basis to the adaptive space. Then AGCN calucates the Gaussian kernel and normalize G to obtain the dense adjacency matrix [image: Image]:

[image: Image]

5.2    SPATIAL METHODS

In all of the spectral approaches mentioned above, the learned filters depend on the Laplacian eigenbasis, which depends on the graph structure. That means a model trained on a specific structure could not be directly applied to a graph with a different structure.

In contrast, spatial approaches define convolutions directly on the graph, operating on spatially close neighbors. The major challenge of spatial approaches is defining the convolution operation with differently sized neighborhoods and maintaining the local invariance of CNNs.

5.2.1    NEURAL FPS

Duvenaud et al. [2015] use different weight matrices for nodes with different degrees,
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where [image: Image] is the weight matrix for nodes with degree [Nv] at layer t, Nv denotes the set of neighbors of node v, [image: Image] is the embedding of node v at layer t. We can see from the equations that the model first adds the embeddings from itself as well as its neighbors, then it uses [image: Image] to do the transformation. The model defines different matrices [image: Image] for nodes with different degrees. And the main drawback of the method is that it cannot be applied to large-scale graphs with more node degrees.

5.2.2    PATCHY-SAN

The PATCHY-SAN model [Niepert et al., 2016] first selects and normalizes exactly k neighbors for each node. Then the normalized neighborhood serves as the receptive filed and the convolutional operation is applied. In detail, the method has four steps.

Node Sequence Selection. This method does not process with all nodes in the graph. Instead it selects a sequence of nodes for processing. It first uses a graph labeling procedure to get the order of the nodes and obtain the sequence of the nodes. Then the method uses a stride s to select nodes from the sequence until a number of w nodes are selected.

Neighborhood Assembly. In this step, the receptive fields of nodes selected from last step are constructed. The neighbors of each node are the candidates and the model uses a simple breadth-first search to collect k neighbors for each node. It first extracts the 1-hop neighbors of the node, then it considers high-order neighbors until the total number of k neighbors are extracted.

Graph Normalization. In this step, the algorithm aims to give an order to nodes in the receptive field, so that this step maps from the unordered graph space to a vector space. This is the most important step and the idea behind this step is to assign nodes from two different graphs similar relative positions if they have similar structural roles. More details of this algorithm could be found in Niepert et al. [2016].

Convolutional Architecture. After the receptive fields are normalized in last step, CNN architectures can be used. The normalized neighborhoods serve as receptive fields and node and edge attributes are regarded as channels.

An illustration of this model could be found in Figure 5.1. This method tries to convert the graph learning problem to the traditional euclidean data learning problem.

5.2.3    DCNN

Atwood and Towsley [2016] propose the diffusion-convolutional neural networks (DCNNs). Transition matrices are used to define the neighborhood for nodes in DCNN. For node classification, it has
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where X is an N × F tensor of input features (N is the number of nodes and F is the number of features). P* is an N × K × N tensor which contains the power series {P, P2, …, PK} of matrix P. And P is the degree-normalized transition matrix from the graphs adjacency matrix A. Each entity is transformed to a diffusion convolutional representation which is a K × F matrix defined by K hops of graph diffusion over F features. And then it will be defined by a K × F weight matrix and a nonlinear activation function σ. Finally, H (which is N × K × F) denotes the diffusion representations of each node in the graph.
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Figure 5.1: An illustration of the architecture of PATCHY-SAN. Note the figure is only for illustration and it is not the true algorithm output.

As for graph classification, DCNN simply takes the average of nodes’ representation,
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and 1N here is an N × 1 vector of ones. DCNN can also be applied to edge classification tasks, which requires converting edges to nodes and augmenting the adjacency matrix.

5.2.4    DGCN

Zhuang and Ma [2018] propose the dual graph convolutional network (DGCN) to jointly consider the local consistency and global consistency on graphs. It uses two convolutional networks to capture the local/global consistency and adopts an unsupervised loss to ensemble them. The first convolutional network is the same as Eq. (5.5). And the second network replaces the adjacency matrix with positive pointwise mutual information (PPMI) matrix:
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where XP is the PPMI matrix and DP is the diagonal degree matrix of XP, σ is a nonlinear activation function.

The motivations of jointly using the two perspectives are: (1) Eq. (5.5) models the local consistency, which indicates that nearby nodes may have similar labels, and (2) Eq. (5.13) models the global consistency which assumes that nodes with similar context may have similar labels. The local consistency convolution and global consistency convolution are named as ConvA and ConvP.

Zhuang and Ma [2018] further ensemble these two convolutions via the final loss function. It can be written as:
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λ(t) is the dynamic weight to balance the importance of these two loss functions. L0(ConvA) is the supervised loss function with given node labels. If we have c different labels to predict, ZA denotes the output matrix of ConvA and [image: Image] denotes the output of ZA after a softmax operation, then the loss L0(ConvA), which is the cross-entropy error, can be written as:
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where yL is the set of training data indices and Y is the ground truth.
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Figure 5.2: Architecture of the dual graph convolutional network (DGCN) model.

The calculation of Lreg can be written as:
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where [image: Image] denotes the output of ConvP after the softmax operation. Thus, Lreg(ConvA, ConvP) is the unsupervised loss function to measure the differences between [image: Image] and [image: Image]. As a result, the architecture of this model is shown in Figure 5.2.

5.2.5    LGCN

Gao et al. [2018] propose the learnable graph convolutional networks (LGCN). The network is based on the learnable graph convolutional layer (LGCL) and the sub-graph training strategy. We will give the details of the learnable graph convolutional layer in this section.

LGCL leverages CNNs as aggregators. It performs max pooling on nodes’ neighborhood matrices to get top-k feature elements and then applies 1-D CNN to compute hidden representations. The propagation step of LGCL is formulated as:
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where A is the adjacency matrix, g(·) is the k-largest node selection operation, and c(·) denotes the regular 1-D CNN.

The model uses the k-largest node selection operation to gather information for each node. For a given node x, the features of its neighbors are firstly gathered; suppose it has n neighbors and each node has c features, then a matrix M ∈ ℝn × c is obtained. If n is less than k, then M is padded with columns of zeros. Then the k-largest node selection is conducted that we rank the values in each column and select the top-k values. After that, the embedding of the node x is inserted into the first row of the matrix and finally we get a matrix [image: Image].
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Figure 5.3: An example of the learnable graph convolutional layer (LGCL). Each node has three three features and this layer selects k = 4 neighbors. The node has five neighbors and four of them are selected. The k-largest node selection procedure is shown in the left part and four largest values are selected in each column. Then a 1-D CNN is performed to get the final output.

After the matrix [image: Image] is obtained, then the model uses the regular 1-D CNN to aggregate the features. The function c(·) should take a matrix of N × (k + 1) × C as input and output a matrix of dimension N × D or N × 1 × D. Figure 5.3 gives an example of the LGCL.

5.2.6    MONET

Monti et al. [2017] propose a spatial-domain model (MoNet) on non-Euclidean domains which could generalize several previous techniques. The Geodesic CNN (GCNN) [Masci et al., 2015] and Anisotropic CNN (ACNN) [Boscaini et al., 2016] on manifolds or GCN [Kipf and Welling, 2017] and DCNN [Atwood and Towsley, 2016] on graphs could be formulated as particular instances of MoNet.

We use x to denote the node in the graph and y ∈ Nx to denote the neighbor node of x. The MoNet model computes the pseudo-coordinates u(x, y) between the node and its neighbor and uses a weighting function among these coordinates:
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Table 5.1: Different settings for different methods in the MoNet framework
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where the parameters are wΘ(u) = (w1(u), …, wJ(u)) and J represents the size of the extracted patch. Then a spatial generalization of the convolution on non-Euclidean domains is defined as:
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Then other methods can be regarded as a special case with different coordinates u and weight functions w(u). As we only focus on deep learning on graphs, we list several settings in Table 5.1. More details could be found in the original paper.

5.2.7    GRAPHSAGE

Hamilton et al. [2017b] propose the GraphSAGE, a general inductive framework. The framework generates embeddings by sampling and aggregating features from a node’s local neighborhood. The propagation step of GraphSAGE is:
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where Wt is the parameter at layer t.

However, Hamilton et al. [2017b] do not utilize the full set of neighbors in Eq. (5.20) but a fixed-size set of neighbors by uniformly sampling. The AGGREGATE function can have various forms. And Hamilton et al. [2017b] suggest three aggregator functions.

•  Mean aggregator. It could be viewed as an approximation of the convolutional operation from the transductive GCN framework [Kipf and Welling, 2017], so that the inductive version of the GCN variant could be derived by
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The mean aggregator is different from other aggregators because it does not perform the concatenation operation which concatenates [image: Image] and [image: Image] in Eq. (5.20). It could be viewed as a form of “skip connection” [He et al., 2016b] and could achieve better performance.

•  LSTM aggregator. Hamilton et al. [2017b] also use an LSTM-based aggregator which has a larger expressive capability. However, LSTMs process inputs in a sequential manner so that they are not permutation invariant. Hamilton et al. [2017b] adapt LSTMs to operate on an unordered set by permutating node’s neighbors.

•  Pooling aggregator. In the pooling aggregator, each neighbor’s hidden state is fed through a fully connected layer and then a max-pooling operation is applied to the set of the node’s neighbors:
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Note that any symmetric functions could be used in place of the max-pooling operation here.

To learn better representations, GraphSAGE further proposes an unsupervised loss function which encourages nearby nodes to have similar representations while distant nodes have different representations:
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where v is the neighbor of node u and Pn is a negative sampling distribution. Q is the number of negative samples.


CHAPTER 6

Graph Recurrent Networks

There is another trend to use the gate mechanism from RNNs like GRU [Cho et al., 2014] or LSTM [Hochreiter and Schmidhuber, 1997] in the propagation step to diminish the restrictions from the vanilla GNN model and improve the effectiveness of the long-term information propagation across the graph. In this chapter, we will talk about several variants and we call them Graph Recurrent Networks (GRNs).

6.1    GATED GRAPH NEURAL NETWORKS

Li et al. [2016] propose the GGNN which uses the Gate Recurrent Units (GRU) in the propagation step. It unrolls the recurrent neural network for a fixed number of T steps and back-propagates through time to compute gradients.

Specifically, the basic recurrence of the propagation model is
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The node v first aggregates message from its neighbors, where Av is the sub-matrix of the graph adjacency matrix A and denotes the connection of node v with its neighbors. The GRU-like update functions use information from each node’s neighbors and from the previous timestep to update node’s hidden state. Vector a gathers the neighborhood information of node v, z, and r are the update and reset gates, ⊙ is the Hardamard product operation.

The GGNN model is designed for problems defined on graphs which require outputting sequences while existing models focus on producing single outputs such as node-level or graph-level classifications.

Li et al. [2016] further propose Gated Graph Sequence Neural Networks (GGS-NNs) which uses several GGNNs to produce an output sequence o(1) … o(K). As shown in Figure 6.1, for the kth output step, the matrix of node annotations is denoted as Xk). Two GGNNs are used in this architecture: (1) [image: Image] for predicting o(k) from X(k) and (2) [image: Image] for predicting X(k+1) from X(k). We use H(k,t) to denote the t-th propagation step of the k-th output step. The value of H(k,1) at each step k is initialized by X(k). The value of H(t,1) at each step t is initialized by [image: Image] and [image: Image] can be different models or share the same parameters.

[image: Image]

Figure 6.1: Architecture of Gated Graph Sequence Neural Network models.

The model is used on the bAbI task as well as the program verification task and has demonstrated its effectiveness.

6.2    TREE LSTM

LSTMs are also used in a similar way as GRU through the propagation process based on a tree or a graph.

Tai et al. [2015] propose two extensions to the basic LSTM architecture: the Child-Sum Tree-LSTM and the N-ary Tree-LSTM. Like in standard LSTM units, each Tree-LSTM unit (indexed by v) contains input and output gates iv and ov, a memory cell cv, and hidden state hv. The Tree-LSTM unit abandons the single forget gate but uses a forget gate fvk for each child k, allowing node v to aggregate information from its child accordingly. The equations for the Child-Sum Tree-LSTM are:
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where [image: Image] is the input vector at time t in the standard LSTM setting, ⊙ is the Hardamard product operation.

If the number of children of each node in a tree is at most K and the children can be ordered from 1 to K, then the N -array Tree-LSTM can be applied. For node v, [image: Image] and [image: Image] denote the hidden state and memory cell of its k-th child at time t, respectively. The transition equations are the following:
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Compared to the Child-Sum Tree-LSTM, the N -ary Tree-LSTM introduces separate parameter matrices for each child k, which allows the model to learn more fine-grained representations for each node conditioned on the it’s children.

6.3    GRAPH LSTM

The two types of Tree-LSTMs can be easily adapted to the graph. The graph-structured LSTM in Zayats and Ostendorf [2018] is an example of the N -ary Tree-LSTM applied to the graph. However, it is a simplified version since each node in the graph has at most two incoming edges (from its parent and sibling predecessor). Peng et al. [2017] propose another variant of the Graph LSTM based on the relation extraction task. The main difference between graphs and trees is that edges of graphs have their labels. And Peng et al. [2017] utilize different weight matrices to represent different labels:
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where m(v, k) denotes the edge label between node v and k, ⊙ is the Hardamard product operation.

Liang et al. [2016] propose a Graph LSTM network to address the semantic object parsing task. It uses the confidence-driven scheme to adaptively select the starting node and determine the node updating sequence. It follows the same idea of generalizing the existing LSTMs into the graph-structured data but has a specific updating sequence while methods we mentioned above are agnostic to the order of nodes.

6.4    SENTENCE LSTM

Zhang et al. [2018c] propose the Sentence-LSTM (S-LSTM) for improving text encoding. It converts text into a graph and utilizes the Graph-LSTM to learn the representation. The S-LSTM shows strong representation power in many NLP problems.

In detail, the S-LSTM model regards each word as a node in the graph and it adds a supernode. For each layer, the word node could aggregate information from its adjacent words as well as the supernode. The supernode could aggregate information from all of the word nodes as well as itself. The connections of different nodes can be found in Figure 6.2.

The reason behind these settings of connections is that the supernode can provide global information to solve the long-distance dependency problem and the word node can model context information from its adjacent words. Thus, each word could obtain sufficient information and model both local and global information.

The S-LSTM model could be used in many natural language processing (NLP) tasks. The hidden states of words can be used to solve the word-level tasks such as sequence labeling, part-of-speech (POS) tagging and so on. The hidden state of the supernode can be used to solve sentence-level tasks such as sentence classification. The model has achieved promising results on several tasks and it also outperforms the powerful Transformer [Vaswani et al., 2017] model.

[image: Image]

Figure 6.2: The propagation step of the S-LSTM model. The dash lines connect the supernode g with its neighbors from last layer. The solid lines connect the word node with its neighbors from last layer.


CHAPTER 7

Graph Attention Networks

The attention mechanism has been successfully used in many sequence-based tasks such as machine translation [Bahdanau et al., 2015, Gehring et al., 2017, Vaswani et al., 2017], machine reading [Cheng et al., 2016], and so on. Compared with GCN which treats all neighbors of a node equally, the attention mechanism could assign different attention score to each neighbor, thus identifying more important neighbors. It is intuitive to incorporate the attention mechanism into the propagation steps of Graph Neural Networks. In this chapter, we will talk about two variants: GAT and GAAN.

Note that graph attention networks can also be regarded as a method from the graph convolutional network family. We introduce this variant in a separate chapter to give more details.

7.1    GAT

Velickovic et al. [2018] propose a graph attention network (GAT) which incorporates the attention mechanism into the propagation steps. It follows the self-attention strategy and the hidden state of each node is computed by attending over its neighbors.

Velickovic et al. [2018] define a single graph attentional layer and constructs arbitrary graph attention networks by stacking this layer. The layer computes the coefficients in the attention mechanism of the node pair (i, j) by:

[image: Image]

where αij is the attention coefficient of node j to i, Ni represents the neighborhoods of node i in the graph. The input node features are denoted as h = {h1, h2, …, hN}, hi ∈ ℝF, where N is the number of nodes and F is the dimension, the output node features (with cardinality F′) are denoted as [image: Image]. W ∈ ℝF′ × F is the weight matrix of a shared linear transformation which applied to every node, a ∈ ℝ2F′ is the weight vector. It is normalized by a softmax function and the LeakyReLU nonlinearity (with negative input slop α = 0:2) is applied.

Then the final output features of each node can be obtained by (after applying a nonlinearity σ):

[image: Image]

Moreover, the layer utilizes the multi-head attention similarly to Vaswani et al. [2017] to stabilize the learning process. It applies K independent attention mechanisms to compute the hidden states and then concatenates their features (or computes the average), resulting in the following two output representations:
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Figure 7.1: The illustration of the GAT model. Left: The attention mechanism employed in the model. Right: An illustration of multihead attention (with three heads denoted by different colors) by node 1 on its neighborhood.

where [image: Image] is normalized attention coefficient computed by the kth attention mechanism, ∥ is the concatenation operation. The detailed model is illustrated in Figure 7.1.

The attention architecture in Velickovic et al. [2018] has several properties: (1) the computation of the node-neighbor pairs is parallelizable thus the operation is efficient; (2) it can deal with nodes with different degrees and assign corresponding weights to their neighbors; and (3) it can be applied to the inductive learning problems easily. As a result, GAT outperforms GCN in several tasks, such as semi-supervised node classification, link prediction, and so on.

7.2    GAAN

Besides GAT, Gated Attention Network (GaAN) [Zhang et al., 2018b] also uses the multi-head attention mechanism. The difference between the attention aggregator in GaAN and the one in GAT is that GaAN uses the key-value attention mechanism and the dot product attention while GAT uses a fully connected layer to compute the attention coefficients.

Furthermore, GaAN assigns different weights for different heads by computing an additional soft gate. This aggregator is called the gated attention aggregator. In detail, GaAN uses a convolutional network that takes the features of the center node and it neighbors to generate gate values. And as a result, it could outperform GAT as well as other GNN models with different aggregators in the inductive node classification problem.


CHAPTER 8

Graph Residual Networks

Many applications unroll or stack the graph neural network layer aiming to achieve better results as more layers (i.e., k layers) make each node aggregate more information from neighbors k hops away. However, it has been observed in many experiments that deeper models could not improve the performance and deeper models could even perform worse [Kipf and Welling, 2017]. This is mainly because more layers could also propagate the noisy information from an exponentially increasing number of expanded neighborhood members.

A straightforward method to address the problem, the residual network [He et al., 2016a], could be found from the computer vision community. But, even with residual connections, GCNs with more layers do not perform as well as the two-layer GCN on many datasets [Kipf and Welling, 2017]. In this chapter, we will talk about methods using skip connections to solve the problem and we call these models as GRNs.

8.1    HIGHWAY GCN

Rahimi et al. [2018] borrow ideas from the highway network [Zilly et al., 2016] and propose a Highway GCN which uses layer-wise gates. In each layer, the input is multiplied by gating weights and summed with the output (is the Hardamard product operation):
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The aim of adding the highway gates is to provide the network the ability to select from new and old hidden states. Thus, an early hidden state could be propagated to the final state if it is needed. By adding the highway gates, the performance peaks at four layers and does not change much after adding more layers in a specific problem discussed in Rahimi et al. [2018].

The Column Network (CLN) proposed in Pham et al. [2017] also utilizes the highway network. But it has different function to compute the gating weights, which is selected based on the specific task.

8.2    JUMP KNOWLEDGE NETWORK

Xu et al. [2018] study the properties and limitations of neighborhood aggregation schemes. It shows that different nodes in graphs may need different receptive fields for better representation learning. For example, for a core node in a graph, the number of its neighbors may grow exponentially, thus much more noise may also be incorporated and the representation could be more smooth. For a node which is far from the core of the graph, the number of its neighbors could be very relatively small even if we expand its receptive field. Thus, this kind of nodes lacks sufficient information to learn better representations.

[image: Image]

Figure 8.1: The illustration of Jump Knowledge Network. N.A. stands for neighborhood aggregation.

Xu et al. [2018] propose the Jump Knowledge Network which could learn adaptive, structure-aware representations. The Jump Knowledge Network selects from all of the intermediate representations (which “jump” to the last layer) for each node at the last layer, which enables each node to select effective neighborhood size as needed. Xu et al. [2018] used three approaches of concatenation, max-pooling, and LSTM-attention in the experiments to aggregate information. The illustration of JKN could be found in Figure 8.1.

The idea of Jump Knowledge Network is straightforward and it performs well on the experiments in social, bioinformatics and citation networks. It could also be combined with models like GCNs, GraphSAGE, and Graph Attention Networks to improve their performance.

8.3    DEEPGCNS

Li et al. [2019] borrow ideas from CNNs to add skip connections into graph neural networks. There are two major challenges to stack more layers of GNNs: vanishing gradient and over smoothing. Li et al. [2019] use residual connections and dense connections from ResNet [He et al., 2016b] and DenseNet [Huang et al., 2017] to solve the vanishing gradient problem and uses dilated convolutions [Yu and Koltun, 2015] to solve the over smoothing problem.

Li et al. [2019] denote the vanilla GCN as PlainGCN and further propose ResGCN and DenseGCN. In PlainGCN, the computation of hidden states is
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where ℱ is a general graph convolution operation and Wt is the parameter at layer t.

For ResGCN, the computation can be denoted as

[image: Image]

where the matrix of hidden states Ht is directly added to the matrix after the graph convolution.

For DenseGCN, the computation is

[image: Image]

where 𝒯 is a vertex-wise concatenation function. Thus, the dimension of the hidden states grows with the graph layer. Figure 8.2 gives a straightforward demonstration of these three architectures.

Li et al. [2019] further use dilated convolutions [Yu and Koltun, 2015] to solve the over smoothing problem. The paper uses a Dilated k-NN method with dilation rate d. For each node, the method first computes the k * d nearest neighbors using a pre-defined metric and then selects neighbors by skipping every d neighbors. For example, if (u1, u2, …, uk*d) are the k * d nearest neighbors for a node v, then the dilated neighborhood of node v is(u1, u1+d, u1+2d, …, u1+(k−1)d). The dilated convolution leverages information from different context and enlarges the receptive field of node v and is proven to be effective. Figure 8.3 shows the dilated convolution.

The dilated k-NN is added to the ResGCN and DenseGCN model. Li et al. [2019] conduct experiments on the task of point cloud semantic segmentation and built a 56-layer GCN to achieve promising results.

[image: Image]

Figure 8.2: DeepGCN blocks (PlainGCN, ResGCN, DenseGCN) proposed in Li et al. [2019].

[image: Image]

Figure 8.3: An example of the dilated convolution. The dilation rate is 1, 2, 3 for figures from left to right.


CHAPTER 9

Variants for Different Graph Types

The original GNN [Scarselli et al., 2009] works on the graphs that consist of nodes with label information and undirected edges, which is the simplest graph format. However, there are many variants of graphs in the world and modeling different graph types requires different GNN structures. In this chapter, we investigate graph neural networks designed for specific graph types.

9.1    DIRECTED GRAPHS

The first variant of graph is directed graph. Undirected edge which can be treated as two directed edges shows that there is a relation between two nodes. However, directed edges can bring more information than undirected edges. For example, in a knowledge graph where the edge starts from the head entity and ends at the tail entity, the head entity is the parent class of the tail entity, which suggests that we should treat the information propagation process from parent classes and child classes differently. Dense Graph Propagation (DGP) [Kampffmeyer et al., 2019] uses two kinds of weight matrix, Wa and Wd, to incorporate more precise structural information. For each target node, it receives knowledge information from both all its descendants and its ancestors. The propagation rule is shown as follows:
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where [image: Image] are the normalized adjacency matrix for parents and children, respectively. Since the various neighbors in the dense graph have different influence according to the distance, DGP proposed a weighting scheme that weighs a given node’s neighbors in the dense graph. The authors use [image: Image] and [image: Image] to denote the weights for ancestors and descendants. The weighted propagation rule becomes

[image: Image]

where [image: Image] denotes the part of the adjacency matrice that contains the k-hop edges for the ancestor propagation phase and [image: Image] contains the k-hop edges for the descendant propagation phase. [image: Image] and [image: Image] are the corresponding degree matrices for [image: Image] and [image: Image].

9.2    HETEROGENEOUS GRAPHS

The second variant of graph is heterogeneous graph, where there are several kinds of nodes.

Definition 9.1 A heterogeneous graph can be represented as a directed graph 𝒢 = {𝒱. ℰ} with a node type mapping ϕ : 𝒱 → A and a relation type mapping ψ : ℰ → R. 𝒱 denotes the node set and ℰ denotes the edge set. A denotes the node type set while R denotes the edge type set. |A| > 1 or |R| > 1 holds.

The simplest way to process heterogeneous graph is to convert the type of each node to a one-hot feature vector which is concatenated with the original feature. GraphInception [Zhang et al., 2018e] introduces the concept of metapath into the propagation on the heterogeneous graph.

Definition 9.2 A meta-path 𝒫 of heterogeneous graph 𝒢 = {𝒱. ℰ} is a path of the form [image: Image] is the length of P.

With metapath, we can group the neighbors according to their node types and distances. In this way, the heterogeneous graph can be transformed to a set of homogeneous graphs and this is called multi-channel network. Formally, given a set of meta paths 𝒮 = {𝒫1, … 𝒫|𝒮|}, the translated multi-channel network G′ is defined as
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where 𝒱1, …, 𝒱m denote node sets with m different types, 𝒱1 is the target node type set, ℰ1ℓ ⊆ 𝒱1 × 𝒱1 denotes the meta-path instances in 𝒫ℓ. For each neighbor group, GraphInception treats it as a sub-graph in a homogeneous graph to do propagation and concatenates the propagation results from different homogeneous graphs to do a collective node representation. Instead of Laplacian matrix L, GraphInception uses transition probability matrix P as the Fourier basis.

Recently, Wang et al. [2019b] propose the heterogeneous graph attention network (HAN) which utilizes node-level and semantic-level attentions. First for each meta-path, HAN learns a specific node embedding through node-level attention aggregation. Then with the meta-path specific embeddings, HAN presents semantic-level attention for a more comprehensive node embedding. Overall, the model have the ability to consider node importance and meta-paths importance simultaneously.

On event detection task, Peng et al. [2019] propose Pairwise Popularity Graph Convolutional Network (PP-GCN) to detect events on social networks. The model first calculates a weighted average between events for different meta-paths on event graphs. Then builds a weighted adjacent matrix to annotate social event instances and perform GCN [Kipf and Welling, 2017] on it to learn event embeddings.

In order to reduce training cost, ActiveHNE [Chen et al., 2019] introduces active learning into heterogeneous graph learning. Based on uncertainty and representativeness, ActiveHNE selects the most valuable nodes in training set for label acquisition. This method significantly saves the query cost and achieves state-of-the-art performance on real-world datasets simultaneously.

[image: Image]

Figure 9.1: An example of AMR graph and its corresponding Levi graph. Left: The AMR graph of sentence The boy wants to ride the red horse. Right: The Levi transformation of the AMR graph.

9.3    GRAPHS WITH EDGE INFORMATION

In another variant of graph, each edge has additional information like the weight or the type of the edge. We list two ways to handle this kind of graphs: first, we can convert the graph to a bipartite graph where the original edges also become nodes and one original edge is split into two new edges which means there are two new edges between the edge node and begin/end nodes. This kind of graph transformation is called Levi graph transformation [Gross and Yellen, 2004, Levi, 1942]. Formally, given a graph 𝒢 = {𝒱; ℰ; L𝒱, Lℰ}, where L𝒱 and Lℰ are labels of vertex set and edge set. Its corresponding Levi graph is defined as 𝒢′ = {𝒱′, ℰ′, L𝒱′, Lℰ′}, where 𝒱′ = 𝒱 ∪ ℰ, L𝒱′ = L𝒱 ∪ Lℰ and Lℰ′ = Ø. The new edge set ℰ′ contains edges from origin nodes and newly added edge nodes and edges in Levi graphs have no labels. In the work of G2S [Beck et al., 2018], the authors transform AMR graphs to their Levi graphs and apply gated graph neural networks. The encoder of G2S uses the following aggregation function for neighbors:
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where [image: Image] is the reset gate in GRU for node v at layer t, Wr and br are the propagation parameters for different types of edges (relations), σ is the nonlinear activation function, and ⊙ is the Hardamard product operation.

Second, we can adapt different weight matrices for the propagation on different kinds of edges. When the number of relations is very large, R-GCN [Schlichtkrull et al., 2018] introduces two kinds of regularization to reduce the number of parameters for modeling amounts of relations: basis- and block-diagonal-decomposition. With the basis decomposition, each Wr is defined as follows:
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Here each Wr is a linear combination of basis transformations which can be viewed as some kind of weight sharing strategy. [image: Image] with coefficients arb. In the block-diagonal decomposition, R-GCN defines each Wr through the direct sum over a set of low-dimensional matrices, which needs more parameters than the first one:
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Thereby, Wr = diag(𝒬1r, …, 𝒬Br) is composed by [image: Image]. Block-diagonal-decomposition constrains the sparsity of weight matrices and encodes the hypothesis that latent vectors can be grouped into some small parts.

9.4    DYNAMIC GRAPHS

Spatial temporal forecasting is a crucial task which is widely applied in traffic forecasting, human action recognition, and climate prediction. Some of the forecasting tasks can be modeled as prediction tasks on dynamic graphs, which has static graph structure and dynamic input signals. As shown in Figure 9.2, given historical graph states, the goal is to predict the future graph states.

To capture both spatial and temporal information, DCRNN [Li et al., 2018d] and STGCN [Yu et al., 2018a] collect spatial and temporal information using independent modules. DCRNN [Li et al., 2018d] models the spatial graph flows as diffusion process on the graph. The diffusion convolution layers propagate spatial information and update nodes’ hidden states. For temporal dependency, DCRNN leverages RNNs in which the matrix multiplication is replaced by diffusion convolution. The whole model is built under sequence-to-sequence architecture for multiple step forward forecasting. STGCN [Yu et al., 2018a] consists of multiple spatial-temporal convolutional blocks. In a spatial-temporal convolutional block, there are two temporal gated convolutional layers and one spatial graph convolutional layer between them. The residual connection and bottleneck strategy are adopted inside the blocks.

[image: Image]

Figure 9.2: An example of spatial temporal graph. Each 𝒢t indicates a frame of current graph state at time t.

Differently, Structural-RNN [Jain et al., 2016] and ST-GCN [Yan et al., 2018] collect spatial and temporal messages at the same time. They extend static graph structure with temporal connections so they can apply traditional GNNs on the extended graphs. Structural-RNN adds edges between the same node at time step t and t + 1 to construct the comprehension representation of spatio-temporal graphs. Then, the model represents each node with a nodeRNN and each edge with an edgeRNN. The edgeRNNs and nodeRNNs form a bipartite graph and forward-pass for each node.

ST-GCN [Yan et al., 2018] stacks graph frames of all time steps to construct spatial-temporal graphs. The model partitions the graph and assigns a weight vector for each node, then performs graph convolution directly on the weighted spatial-temporal graph.

Graph WaveNet [Wu et al., 2019d] considers a more challenging setting where the adjacency matrix of the static graph doesn’t reflect the genuine spatial dependencies, i.e., some dependencies are missing or some are deceptive, which are ubiquitous because the distance of nodes doesn’t necessarily mean a causal relationship. They propose a self-adaptive adjacency matrix which is learned in the framework and use a Temporal Convolution Network (TCN) together with a GCN to address the problem.

9.5    MULTI-DIMENSIONAL GRAPHS

So far we have considered the graph with binary edges. However, in the real world, nodes in a graph are connected by multiple relationship, forming a “multi-dimensional graph” (a.k.a. multiview graph, multi-graph). For example, in the website YouTube for video sharing, interaction type among users can be either “subscription,” “sharing,” and “comment” [Ma et al., 2019]. Because relation types are not assumed independent with each other naturally, directly applying the models of “single-dimensional” graph might not be an optimal solution.

[image: Image]

Figure 9.3: An example multi-dimensional graph, with its single graph and expansion.

Early works on multi-dimensional graph mainly focus on community detection and clustering. In Berlingerio et al. [2011], they give the illustration of “multidimensional community” and provide two different measures to disambiguate the definition of density in multidimensional graph. Papalexakis et al. [2013] provide concrete algorithms to find clusters across all the dimensions.

More recently, special types of GCN suitable for multi-dimensional graphs were designed. Ma et al. [2019] handle the problem by providing separate embeddings for a node in different dimensions, and these embeddings are viewed as projections from a general representation. They design an aggregation mechanism of graph neural network by taking into account the interactions between different nodes in the same dimension and the interactions between different dimensions of a single node. Khan and Blumenstock [2019] reduce the multi-dimensional graph to a single-dimensional one through two steps. They first merge the multiple view by subspace analysis and then prune the graph through manifold learning. The single-dimensional graph is passed into a normal GCN to perform learning. Sun et al. [2018] mainly focus on studying node embedding of the network and extends the node embedding algorithm (SVNE) to a multi-dimensional setting.


CHAPTER 10

Variants for Advanced Training Methods

As the original graph neural networks have some drawbacks in training and optimizing, in this section we introduce several variants with advanced training methods. We first introduce the sampling and the receptive filed control methods for effectiveness and scalability. Then we introduce several graph pooling methods. Finally, we introduce the data augmentation method and several unsupervised training methods.

10.1    SAMPLING

The original graph neural network has several drawbacks in training and optimization. For example, GCN requires the full-graph Laplacian, which is computational-consuming for large graphs. Furthermore, GCN is trained independently for a fixed graph, which lacks the ability for inductive learning.

GraphSAGE [Hamilton et al., 2017b] is a comprehensive improvement of the original GCN. To solve the problems mentioned above, GraphSAGE replaced full-graph Laplacian with learnable aggregation functions, which are key to perform message passing and generalize to unseen nodes. As shown in Eq. (5.20), they first aggregate neighborhood embeddings, concatenate with target node’s embedding, then propagate to the next layer. With learned aggregation and propagation functions, GraphSAGE could generate embeddings for unseen nodes. Also, GraphSAGE uses a random neighbor sampling method to alleviate receptive field expansion.

Compared to GCN [Kipf and Welling, 2017], GraphSAGE proposes a way to train the model via batches of nodes instead of the full-graph Laplacian. This enables the training of large graphs though it may be time-consuming.

PinSage [Ying et al., 2018a] is an extension version of GraphSAGE on large graphs. It uses the importance-based sampling method. Simple random sampling is suboptimal because of the increase of variance. PinSage defines importance-based neighborhoods of node u as the T nodes that exert the most influence on node u. By simulating random walks starting from target nodes, this approach calculate the L1-normalized visit count of nodes visited by the random walk. Then the top T nodes with the highest normalized visit counts with respect to u are selected to be the neighborhood of node u.

[image: Image]

Figure 10.1: The illustration of sampled neighborhood on an example graph, K denotes the hop of neighborhood.

Opposed to node-wise sampling methods that should be performed independently for each node, layer-wise sampling only needs to be performed once. FastGCN [Chen et al., 2018a] further improves the sampling algorithm by interpreting graph convolution as integral transform of embedding functions under probability measure. Instead of sampling neighbors for each node, FastGCN directly samples the receptive field for each layer for variance reduction. FastGCN also incorporates importance sampling, in which the importance factor is calculated as below:

[image: Image]

where Nv is the neighborhood of node v. The sampling distribution is the same for each layer.

In contrast to fixed sampling methods above, Huang et al. [2018] introduce a parameterized and trainable sampler to perform layer-wise sampling. The authors try to learn a self-dependent function g(x(uj)) of each node to determine its importance for sampling based on the node feature x(uj). The sampling distribution is defined as
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Furthermore, this adaptive sampler could find optimal sampling importance and reduce variance simultaneously.

Many graph analytic problems are solved iteratively and finally achieve steady states. Following the idea of reinforcement learning, SSE [Dai et al., 2018] proposes Stochastic Fixed-Point Gradient Descent for GNN training to obtain the same steady-state solutions automatically from examples. This method views embedding update as value function and parameter update as policy function. In training, the algorithm samples nodes to update embeddings and samples labeled nodes to update parameters alternately.

Chen et al. [2018b] propose a control-variate based stochastic approximation algorithm for GCN by utilizing the historical activations of nodes as a control variate. This method maintains the historical average activations [image: Image] to approximate the true activation [image: Image]. The advantage of this approach is it limits the receptive field of nodes in the 1-hop neighborhood by using the historical hidden state as an affordable approximation, and the approximation are further proved to have zero variance.

10.2    HIERARCHICAL POOLING

In the area of computer vision, a convolutional layer is usually followed by a pooling layer to get more general features. Similar to these pooling layers, a lot of work focus on designing hierarchical pooling layers on graphs. Complicated and large-scale graphs usually carry rich hierarchical structures which are of great importance for node-level and graph-level classification tasks.

To explore such inner features, Edge-Conditioned Convolution (ECC) [Simonovsky and Komodakis, 2017] designs its pooling module with recursively downsampling operation. The downsampling method is based on splitting the graph into two components by the sign of the largest eigenvector of the Laplacian.

DIFFPOOL [Ying et al., 2018b] proposes a learnable hierarchical clustering module by training an assignment matrix in each layer:
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where Xt is the matrix of node features and At is the coarsened adjacency matrix of layer t.

10.3    DATA AUGMENTATION

Li et al. [2018a] focus on the limitations of GCN, which include that GCN requires many additional labeled data for validation and also suffers from the localized nature of the convolutional filter. To solve the limitations, the authors propose Co-Training GCN and Self-Training GCN to enlarge the training dataset. The former method finds the nearest neighbors of training data while the latter one follows a boosting-like way.

10.4    UNSUPERVISED TRAINING

GNNs are typically used for supervised or semi-supervised learning problems. Recently, there has been a trend to extend auto-encoder (AE) to graph domains. Graph auto-encoders aim at representing nodes into low-dimensional vectors by an unsupervised training manner.

Graph Auto-Encoder (GAE) [Kipf and Welling, 2016] first uses GCNs to encode nodes in the graph. Then it uses a simple decoder to reconstruct the adjacency matrix and computes the loss from the similarity between the original adjacency matrix and the reconstructed matrix (σ is the nonlinear activation function):
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Kipf and Welling [2016] also train the GAE model in a variational manner and the model is named as the variational graph auto-encoder (VGAE). Furthermore, Berg et al. use GAE in recommender systems and have proposed the graph convolutional matrix completion model (GC-MC) [van den Berg et al., 2017], which outperforms other baseline models on the Movie-Lens dataset.

Adversarially Regularized Graph Auto-encoder (ARGA) [Pan et al., 2018] employs generative adversarial networks (GANs) to regularize a GCN-based graph auto-encoder to follow a prior distribution.

Deep Graph Infomax (DGI) [Veličković et al., 2019] aims to maximize the local-global mutual information to learn representations. The local information comes from each node’s hidden state after the graph convolution function ℱ. The global information [image: Image] of a graph is computed by the readout function ℛ. This function aggregates all node presentations and is set to an average function in the paper. The paper uses node shuﬄing to get negative examples (by changing node features from X to [image: Image] with a corruption function 𝒞). Then it use a discriminator 𝒟 to classify the positive samples and negative samples. The architecture of DGI is shown in Figure 10.2.

There are also several graph auto-encoders such as NetRA [Yu et al., 2018b], DNGR [Cao et al., 2016], SDNE [Wang et al., 2016], and DRNE [Tu et al., 2018], however, they don’t use GNNs in their framework.
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Figure 10.2: The architecture of Deep Graph Infomax.


CHAPTER 11

General Frameworks

Apart from different variants of graph neural networks, several general frameworks are proposed aiming to integrate different models into one single framework. Gilmer et al. [2017] propose the message passing neural network (MPNN) and it is a unified framework to generalize several graph neural network and graph convolutional network methods. Wang et al. [2018b] propose the non-local neural network (NLNN) which is used to solve computer vision tasks. It could generalize several “self-attention”-style methods [Hoshen, 2017, Vaswani et al., 2017, Velickovic et al., 2018]. Battaglia et al. [2018] propose the graph network (GN) which unified the MPNN and NLNN methods as well as many other variants like Interaction Networks [Battaglia et al., 2016, Watters et al., 2017], Neural Physics Engine [Chang et al., 2017], CommNet [Sukhbaatar et al., 2016], structure2vec [Dai et al., 2016, Khalil et al., 2017], GGNN [Li et al., 2016], Relation Network [Raposo et al., 2017, Santoro et al., 2017], Deep Sets [Zaheer et al., 2017], and Point Net [Qi et al., 2017a].

11.1    MESSAGE PASSING NEURAL NETWORKS

Gilmer et al. [2017] propose a general framework for supervised learning on graphs called message passing neural networks (MPNNs). The MPNN provides a unified framework by considering the commonalities among several popular graph models such as spectral approaches [Bruna et al., 2014, Defferrard et al., 2016, Kipf and Welling, 2017] and non-spectral approaches [Duvenaud et al., 2015] in graph convolution, gated graph neural networks [Li et al., 2016], interaction networks [Battaglia et al., 2016], molecular graph convolutions [Kearnes et al., 2016], deep tensor neural networks [Schütt et al., 2017], and so on.

The model contains two phases, a message passing phase and a readout phase. The message passing phase (namely, the propagation step) runs for T time steps and contains two sub-functions: a message function Mt and a vertex update function Ut. Using messages [image: Image], the updating functions of hidden states [image: Image] are as follows:
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where evw represents features of the edge from node v to w. The readout phase uses a readout function R to compute a representation for the whole graph
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Figure 11.1: A spacetime non-local operation in the network trained for video classification. The response of xi is computed as the weighted sum of all positions xj where in this figure only the highest weighted ones are shown.

where T denotes the total time steps. The message function Mt, vertex update function Ut, and readout function R could have different settings. Hence, the MPNN framework could generalize several different models via different function settings. Here we give an example of generalizing GGNN, and other models’ function settings could be found in Gilmer et al. [2017]. The function settings for GGNNs are:

[image: Image]

where Aevw is the adjacency matrix, one for each edge label e. GRU is the Gated Recurrent Unit introduced in Cho et al. [2014]. i and j are neural networks in function R.

11.2    NON-LOCAL NEURAL NETWORKS

Wang et al. [2018b] propose the Non-local Neural Networks (NLNN) for capturing long-range dependencies with deep neural networks (DNNs). The non-local operation is a generalization of the classical non-local mean operation [Buades et al., 2005] in computer vision. The non-local operation computes the weighted sum of the features at all positions for a specific position. The set of positions can come from both the time dimension and the space dimension. An example of NLNN used on the video classification task could be found in Figure 11.1.

The NLNN can be viewed as a unification of different “self-attention”-style methods [Hoshen, 2017, Vaswani et al., 2017, Velickovic et al., 2018]. We will first introduce the general definition of non-local operations and then some specific instantiations.

Following the non-local mean operation [Buades et al., 2005], the generic non-local operation is defined as:

[image: Image]

where i is the target position and the selection of j should enumerate all possible positions. f(hi, hj) is used to compute the “attention” between position i and j. g(hj) denotes a transformation of the input hj and a factor [image: Image] is utilized to normalize the results.

There are several instantiations with different f and g settings. For simplicity, Wang et al. [2018b] use the linear transformation as the function g. That means g(hj) = Wghj, where Wg is a learned weight matrix. Next, we list the choices for function f in the following.

Gaussian. The Gaussian function is a natural choice according to the non-local mean [Buades et al., 2005] and bilateral filters [Tomasi and Manduchi, 1998]. Thus:

[image: Image]

here [image: Image] is dot-product similarity and 𝒞(h) = Σ∀j f(hi, hj).

Embedded Gaussian. It is straightforward to extend the Gaussian function by computing similarity in the embedding space, which means:

[image: Image]

where θ(hi) = Wθ hi, ϕ(hj) = Wϕhj and 𝒞(h) = Σ∀j f(hi, hj).

It could be found that the self-attention proposed in Vaswani et al. [2017] is a special case of the Embedded Gaussian version. For a given i, [image: Image] becomes the softmax computation along dimension j. So that [image: Image], which matches the form of self-attention in Vaswani et al. [2017].

Dot product. The function f can also be implemented as dot-product similarity:

[image: Image]

Here the factor 𝒞(h) = N, where N is the number of positions in h.

Concatenation. Here we have:

[image: Image]

where wf is a weight vector projecting the vector to a scalar and 𝒞(h) = N.

Wang et al. [2018b] further propose a non-local block by using the non-local operation mentioned above:

[image: Image]

where [image: Image] is given in Eq. (11.4) and “Chi” denotes the residual connection [He et al., 2016a]. Hence, the non-local block could be insert into any pre-trained model, which makes the block more applicable. Wang et al. [2018b] conduct experiments on the tasks of video classification, object detection and segmentation, and pose estimation. And on these tasks, the simple addition of non-local blocks leads to a significant improvement over baselines.

11.3    GRAPH NETWORKS

Battaglia et al. [2018] propose the GN framework which generalizes and extends various graph neural network, MPNN and NLNN approaches [Gilmer et al., 2017, Scarselli et al., 2009, Wang et al., 2018b]. We first introduce the graph definition in Battaglia et al. [2018], then we describe the GN block, a core GN computation unit, and its computational steps, and finally we will introduce its basic design principles.

Graph definition. In Battaglia et al. [2018], a graph is defined as a 3-tuple G = (u, H, E) (here we use H instead of V for notation’s consistency). u is a global attribute, H = {hi}i=1:Nv is the node set (with dimension Nv), where each hi denotes the feature of the node. E = {(ek, rk, sk)k=1:Ne is the edge set (with dimension Ne), where each ek denotes the feature of the edge, rk denotes the receiver node and sk denotes the sender node.

GN block. A GN block contains three “update” functions, ϕ, and three “aggregation” functions, ρ,

[image: Image]

where [image: Image], and [image: Image] [image: Image]. The design of the ρ functions should consider the number and the order of the inputs. The results of these functions must be invariant to these factors.

Computation steps. The computation steps of a GN block are as follows.

1.  ϕe is applied per edge. The result set of each edge for node i is denoted as [image: Image] [image: Image]. And [image: Image] is the set of all outputs of the edges.

2.  ρe→h uses [image: Image] to aggregate corresponding edge updates for node i and get the result [image: Image]

3.  ϕh is used to compute the updated node representation [image: Image] for node i. The set of all nodes’ representations is [image: Image].

4.  ρe→u uses E′ to aggregate all edge updates into ē′. It will be further used in the computation of the global state.

5.  ρh→u uses H′ to aggregate all node updates into [image: Image], which will be used in the update of the global state.

6.  ϕu is designed to compute an update for the global attribute u′ with the information from ē′, [image: Image] and u.

Note here the order is not strictly enforced. For example, it is possible to proceed from global, to per-node, to per-edge updates. And the ϕ and ρ functions need not be neural networks though in this paper we only focus on neural network implementations.

Design Principles. The design of GN based on three basic principles: flexible representations, configurable within-block structure, and composable multi-block architectures.

•  Flexible representations. The GN framework supports flexible representations of the attributes as well as different graph structures. The global, node, and edge attributes can use different kinds of representations and researchers usually use real-valued vectors and tensors. One can simply tailor the output of a GN block according to specific demands of tasks. For example, Battaglia et al. [2018] list several edge-focused [Hamrick et al., 2018, Kipf et al., 2018], node-focused [Battaglia et al., 2016, Chang et al., 2017, Sanchez et al., 2018, Wang et al., 2018a], and graph-focused [Battaglia et al., 2016, Gilmer et al., 2017, Santoro et al., 2017] GNs. In terms of graph structures, the framework can be applied to both structural scenarios where the graph structure is explicit and non-structural scenarios where the relational structure should be inferred or assumed.

•  Configurable within-block structure. The functions and their inputs within a GN block can have different settings so that the GN framework provides flexibility in within-block structure configuration. For example, Hamrick et al. [2018] and Sanchez et al. [2018] use the full GN blocks. Their ϕ implementations use neural networks and their ρ functions use the elementwise summation. Based on different structure and functions settings, a variety of models (such as MPNN, NLNN, and other variants) could be expressed by the GN framework. Figure 11.2a gives an illustration of a full GN block and other models can be regarded as special variants of the GN block. For example, the MPNN uses the features of nodes and edges as input and outputs graph-level and node-level representations. The MPNN model does not use the graph-level input features and omits the learning process of edge embeddings.

•  Composable multi-block architectures. GN blocks could be composed to construct complex architectures. Arbitrary numbers of GN blocks could be composed in sequence with shared or unshared parameters. Battaglia et al. [2018] utilize GN blocks to construct an encode-process-decode architecture and a recurrent GN-based architecture. These architectures are demonstrated in Figure 11.3. Other techniques for building GN-based architectures could also be useful, such as skip connections, LSTM-, or GRU-style gating schemes and so on.

In conclusion, GN is a general and flexible framework for deep learning on graphs. It can be used for various tasks including physical systems, traffic networks and so on. However, the GNs still has its limitations. For example, it cannot solve some classes of problems like discriminating between certain non-isomorphic graphs.

[image: Image]

Figure 11.2: Different internal GN block configurations. (a) a full GN block [Battaglia et al., 2018]; (b) an independent recurrent block [Sanchez et al., 2018]; (c) an MPNN [Gilmer et al., 2017]; (d) a NLNN [Wang et al., 2018b]; (e) a relation network [Raposo et al., 2017]; and (f) a deep set [Zaheer et al., 2017].

[image: Image]

Figure 11.3: Examples of architectures composed by GN blocks. (a) The sequential processing architecture; (b) The encode-process-decode architecture; and (c) The recurrent architecture.


CHAPTER 12

Applications – Structural Scenarios

In the following sections, we will introduce GNN’s applications in structural scenarios, where the data are naturally performed in the graph structure. For example, GNNs are widely being used in social network prediction [Hamilton et al., 2017b, Kipf and Welling, 2017], traffic prediction [Rahimi et al., 2018], recommender systems [van den Berg et al., 2017, Ying et al., 2018a], and graph representation [Ying et al., 2018b]. Specifically, we are discussing how to model real-world physical systems with object-relationship graphs, how to predict chemical properties of molecules and biological interaction properties of proteins and the methods of reasoning about the out-of-knowledge-base (OOKB) entities in knowledge graphs.

12.1    PHYSICS

Modeling real-world physical systems is one of the most basic aspects of understanding human intelligence. By representing objects as nodes and relations as edges, we can perform GNN-based reasoning about objects, relations, and physics in a simplified but effective way.

Battaglia et al. [2016] propose Interaction Networks to make predictions and inferences about various physical systems. In current state, we input objects and relations into GNN to model their interactions, then the physical dynamics are adopted to predict future states. They separately model relation-centric and object-centric models, making it easier to generalize across different systems.

In CommNet [Sukhbaatar et al., 2016], interactions are not modeled explicitly. Instead, an interaction vector is obtained by averaging all other agents’ hidden vectors.

VAIN [Hoshen, 2017] further introduces attentional methods into agent interaction process, which preserves both the complexity advantages and computational efficiency as well.

Visual Interaction Networks [Watters et al., 2017] could make predictions from pixels. It learns a state code from two consecutive input frames for each object. Then, after adding their interaction effect by an Interaction Net block, the state decoder converts state codes to next step’s state.

Sanchez et al. [2018] propose a GN-based model which could either perform state prediction or inductive inference. The inference model takes partially observed information as input and constructs a hidden graph for implicit system classification. Kipf et al. [2018] also build graphs from object trajectories, they adopt an encoder-decoder architecture for neural relational inference process. In detail, the encoder returns a factorized distribution of interaction graph [image: Image] through GNN while the decoder generates trajectory predictions conditioned on both the latent code of the encoder and the previous time step of the trajectory.

[image: Image]

Figure 12.1: A physical system and its corresponding graph representation. Colored nodes denote different objects and edges denote interaction between them.

On the problem of solving partial differential equations, inspired by finite element methods [Hughes, 2012], graph element networks [Alet et al., 2019] place nodes in the continuous space. Each node represents the local state of the system, and the model establishes a connectivity graph among the nodes. GNN propagates state information to simulate the dynamic system.

12.2    CHEMISTRY AND BIOLOGY

Molecules and proteins are structured entities that can be represented by graphs. As shown in Figure 12.2, atoms or residues are nodes and chemical bonds or chains are edges. By GNN-based representation learning, the learned vectors can help with drug design, chemical reaction prediction and interaction prediction.

12.2.1    MOLECULAR FINGERPRINTS

Molecular fingerprints are features vectors representing molecules, which play a key role in computer-aided drug design. Traditional molecular fingerprints rely on heuristic methods which are hand-crafted. GNN provides more flexible approaches for better fingerprints. Duvenaud et al. [2015] propose neural graph fingerprints which calculate substructure feature vectors via GCN and sum to get overall representation. The aggregation function is
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Figure 12.2: A single CH3OH molecular and its graph representation. Nodes are elements and edges are bonds.

where euv is the edge feature of edge (u, v). Then update node representation by

[image: Image]

where deg(v) is the degree of node v and [image: Image] is a learned matrix for each time step t and node degree N.

Kearnes et al. [2016] further explicitly model atom and atom pairs independently to emphasize atom interactions. It introduces edge representation [image: Image] instead of aggregation function, i.e., [image: Image]. The node update function is

[image: Image]

while the edge update function is

[image: Image]

Beyond atom molecular graphs, some works [Jin et al., 2018, 2019] represent molecules as junction trees. A junction tree is generated by contracting certain vertices in corresponding molecular graph into a single node. The nodes in a junction tree are molecular substructures such as rings and bonds. Jin et al. [2018] leverage variational auto-encoder to generate molecular graphs. Their model follows a two-step process, first generating a junction tree scaffold over chemical substructures, then combining them into a molecule with a graph message passing network. Jin et al. [2019] focus on molecular optimization. This task aims to map one molecule to another molecular graph which preserves better properties. The proposed VJTNN uses graph attention to decode the junction tree and incorporates GAN for adversarial training to avoid valid graph translation.

To better explain the function of each substructure in a molecule, Lee et al. [2019] propose a game-theoretic approach to exhibit the transparency in structured data. The model is set up as a two-player co-operative game between a predictor and a witness. The predictor is trained to minimize the discrepancy while the goal of the witness is to test how well the predictor conforms to the transparency.

12.2.2    CHEMICAL REACTION PREDICTION

Chemical reaction product prediction is a fundamental problem in organic chemistry. Do et al. [2019] view chemical reaction as graph transformation process and introduces GTPN model. GTPN uses GNN to learn representation vectors of reactant and reagent molecules, then leverages reinforcement learning to predict the optimal reaction path in the form of bond change which transforms the reactants into products. Bradshaw et al. [2019] give another view that chemical reactions can be described as the stepwise redistribution of electrons in molecules. Their model tries to predict the electron paths by learning path distribution over the electron movements. They represent node and graph embeddings with a four-layer GGNN, and then optimize the factorized path generation probability.

12.2.3    MEDICATION RECOMMENDATION

Using deep learning algorithms to help recommend medications has been explored by researchers and doctors extensively. The traditional methods can be categorized into instance-based and longitudinal electronic health records (EHR)-based medication recommendation methods.

To fill the gap between them, Shang et al. [2019c] propose GAMENet which takes both longitudinal patient EHR data and drug knowledge based on drug-drug interactions (DDI) as inputs. GAMENet embeds both EHR graph and DDI graph, then feed them into Memory Bank for final output.

To further exploit the hierarchical knowledge for meditation recommendation, Shang et al. [2019b] combine the power of GNN and BERT for medical code representation. The authors first encode the internal hierarchical structure with GNN, and then feed the embeddings into the pre-trained EHR encoder and the fine-tuned classifier for downstream predictive tasks.

12.2.4    PROTEIN AND MOLECULAR INTERACTION PREDICTION

Fout et al. [2017] focus on the task named protein interface prediction, which is a challenging problem to predict the interaction between proteins and the interfaces they occur. The proposed GCN-based method, respectively, learns ligand and receptor protein residue representation and merges them for pairwise classification. Xu et al. [2019b] introduce MR-GNN which utilizes a multi-resolution model to capture multi-scale node features. The model also utilizes two long short-term memory networks to capture the interaction between two graphs step-by-step.

GNN can also be used in biomedical engineering. With Protein-Protein Interaction Network, Rhee et al. [2018] leverage graph convolution and relation network for breast cancer subtype classification. Zitnik et al. [2018] also suggest a GCN-based model for polypharmacy side effects prediction. Their work models the drug and protein interaction network and separately deals with edges in different types.

[image: Image]

Figure 12.3: Example of knowledge base fragment. The nodes are entities and the edges are relations. The dashed line is missing edge information to be inferred.

12.3    KNOWLEDGE GRAPHS

Knowledge graphs (KGs) represent knowledge bases (KBs) as a directed graph whose nodes and edges represent entities and relations between entities, respectively. The relationships are organized in the forms of (head, relation, tail) (denoted (h,r,t)) triplets. These KGs are widely used in recommendation, web search, and question answering.

12.3.1    KNOWLEDGE GRAPH COMPLETION

To effectively encode knowledge graphs into a low-dimensional continuous vector space, GNN has been a widely used efficient tool for incorporating the topological structure of knowledge graphs. Link prediction and entity classification are two major tasks in KB completion.

R-GCN proposed by Schlichtkrull et al. [2018] is the first GNN-based framework for modeling relational data with parameter sharing techniques to enforce sparsity constraints. They also proved combining conventional factorization model like DistMult [Yang et al., 2015a] with GCN structure as decoder achieved better performance on standard link prediction benchmarks.

Shang et al. [2019a] take the benefits of GNN and ConvE [Dettmers et al., 2018] together and introduces a novel end-to-end Structure-Aware Convolutional Network (SACN). SACN consists of a GCN-based encoder and a CNN-based decoder. The encoder uses a stack of GCN layers to learn entity and relation embeddings while the decoder feeds the embeddings into multi-channel CNN for vectorization and projection, the output vectors are matched with all candidates by inner product.

Nathani et al. [2019] apply GATs as encoders to capture the diversity of roles played by an entity in various relations. Furthermore, to alleviate the contribution decrease in message propagation process, the authors introduce auxiliary edges between multi-hop neighbors, which allow the direct flow of knowledge between entities.

12.3.2    INDUCTIVE KNOWLEDGE GRAPH EMBEDDING

The inductive knowledge graph embedding aims to answer queries concerning out-of-knowledge-base entities, which are test entities that are not observed at training time.

Hamaguchi et al. [2017] utilize GNNs to solve the out-of-knowledge-base (OOKB) entity problem in knowledge base completion (KBC). The OOKB entities in Hamaguchi et al. [2017] are directly connected to the existing entities thus the embeddings of OOKB entities can be aggregated from the existing entities. The method achieves satisfying performance both in the standard KBC setting and the OOKB setting.

For finer aggregation process, Wang et al. [2019a] designs a attention aggregator to learn the embeddings of OOKB entities. The attention weights have two parts: statistical logic rule mechanism to measure the neighboring relations’ usefulness and neural network mechanism to measure the importance of neighboring nodes.

12.3.3    KNOWLEDGE GRAPH ALIGNMENT

Knowledge graphs encode rich knowledge in single language or domain but lack cross-lingual or cross-domain links to bridge the gap. Therefore, the knowledge graph alignment task is proposed to solve the problem.

Wang et al. [2018f] use GCNs to solve the cross-lingual knowledge graph alignment problem. The model embeds entities from different languages into a unified embedding space and aligns them based on the embedding similarity.

To better leverage context information, Xu et al. [2019a] propose topic entity graph to represent the KG contextual environment of an entity. The topic entity graph consists of the target entity and its 1-hop neighborhood. For alignment task, Xu et al. [2019a] use a graph matching network to match the two topic entity graphs, and propagates the local matching information by another GCN.

Focusing on linking two large-scale heterogeneous academic entity graphs, Zhang et al. [2019] adopt three specific modules to align venues, papers and authors. The venue linking module is based on LSTM to deal with name sequences, the paper-linking module consists of local sensitive hashing and CNN for effective linking and the author linking module uses graph attention networks to learn from the subgraph of linked venues and papers.
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Figure 12.4: Users, items, and attributes are nodes on the graph and interactions between them are edges. In this way, we can convert rating prediction task to link prediction task.

12.4    RECOMMENDER SYSTEMS

In order to take the impact of content information and user-item interaction on recommendation into account at the same time, recommendation systems based on user-item rating graph have received more and more attention. Specifically, this kind of approaches views the users, items, and attributes as nodes of the graph, and the relationships and behavior between users, items, and attributes as edges, and the values on the edges represent the results of the interaction. In this way, as shown in Figure 12.4, the recommendation problem is transformed into a link prediction problem on the graph. Due to the strong representation ability and high interpretability of GNN, GNN-based recommendation methods has been popular.

12.4.1    MATRIX COMPLETION

sRMGCNN (separable Recurrent Muti-Graph CNN) [Monti et al., 2017] was proposed in 2017, which considers the combination of Muti-Graph CNN and RNN. Using the similarity information encoded by the rows and columns of user-item graphs, Muti-Graph CNN could extract local stationary features from the rating matrix. Then these local features are feed into a RNN, the RNN propagates rating values and reconstructs the rating matrix. sRMGCNN inherits the traditional graph convolution methods. It converts a graph to the spectral domain by graph Fourier transformation to guarantee the correctness and convergence. Also, sRMGCNN incorporates matrix factorization model, improves efficiency by factorizing rating matrix into two low-rank matrices.

Different from the spectral convolutional methods, GCMC [van den Berg et al., 2017] is based on spatial GNN which directly aggregates and updates in spatial domain. GCMC can be interpreted as an encoder-decoder model, which gets the user and item nodes embeddings by a graph encoder and obtains the prediction scores by a decoder.

To predict the “instance of” relation between items and collections in web-scale scenarios, PinSage [Ying et al., 2018a] gives a highly efficient model which adopts several useful techniques. The overall structure of PinSage is the same as GraphSage [Hamilton et al., 2017b], it also adopts a sampling strategy to construct computational graphs dynamically. However, in GraphSage, the sampling strategy is random sampling, which is suboptimal when there are large amount of neighbors. PinSage utilizes random walk to generate samples. This technique starts short random walks from target node and assigns weights for the visited nodes. In addition, in order to further improve the computational efficiency of the graph neural network, PinSage designs a computational pipeline to reduce repeated computation. This pipeline method uses the bipartite graph feature of the rating graph to alternately update the representation vector of the items and the representation vector of the collections. Only one half of the node representation is needed for each update.

12.4.2    SOCIAL RECOMMENDATION

Compared to the traditional recommendation setting, social recommendation uses useful social information from social networks of users to enhance the performance. When purchasing online, people are easily affected by others, especially friends. So it is important for recommendation systems to model users’ social influence and social correlation. There have been some works using GNN to capture social information.

Wu et al. [2019a] design a neural diffusion model to simulate how the recursive social diffusion process influences users. User embeddings are propagated in social network by a GNN, and combined with pooled item embeddings as output.

To coherently model social network and user-item interaction graph, Fan et al. [2019] propose GraphRec. In this approach, user embeddings aggregate from both social neighborhood and item neighborhood. GraphRec also adopts attention mechanism as aggregator to assign different weights for each node.

Wu et al. [2019b] argue that social effects should not be modeled as static effects, however, they propose to detect four different social effects in recommender situation, including user/item homophily and influence effect. The two kinds of effects jointly affect user preference and item attributes. Wu et al. [2019b] further leverage four GATs to model the four social effects independently.


CHAPTER 13

Applications – Non-Structural Scenarios

In this chapter we will talk about applications on non-structural scenarios such as image, text, programming source code [Allamanis et al., 2018, Li et al., 2016], and multi-agent systems [Hoshen, 2017, Kipf et al., 2018, Sukhbaatar et al., 2016]. We will only give detailed introduction to the first two scenarios due to the length limit. Roughly, there are two ways to apply the graph neural networks on non-structural scenarios: (1) incorporate structural information from other domains to improve the performance, for example using information from knowledge graphs to alleviate the zero-shot problems in image tasks; and (2) infer or assume the relational structure in the scenario and then apply GNN model to solve the problems defined on graphs, such as the method in Zhang et al. [2018c] which models text into graphs.

13.1    IMAGE

13.1.1    IMAGE CLASSIFICATION

Image classification is a very basic and important task in the field of computer vision, which attracts much attention and has many famous datasets like ImageNet [Russakovsky et al., 2015]. Recent progress in image classification benefits from big data and the strong power of GPU computation, which allows us to train a classifier without extracting structural information from images. However, zero-shot and few-shot learning are becoming more and more popular in the field of image classification, because most models can achieve similar performance with enough data. There are several works leveraging graph neural networks to incorporate structural information in image classification.

First, knowledge graphs can be used as extra information to guide zero-short recognition classification [Kampffmeyer et al., 2019, Wang et al., 2018c]. Wang et al. [2018c] builds a knowledge graph where each node corresponds to an object category and takes the word embeddings of nodes as input for predicting the classifier of different categories. As over-smoothing effect happens with the deep depth of convolution architecture, the six-layer GCN used in Wang et al. [2018c] would wash out much useful information in the representation. To solve the smoothing problem in the propagation of GCN, Kampffmeyer et al. [2019] managed to use single layer GCN with a larger neighborhood which includes both one-hop and multi-hops nodes in the graph. And it is proved effective in building a zero-shot classifier with existing ones. Figure 13.1 shows an example of the propagation step in Kampffmeyer et al. [2019] and Wang et al. [2018c].
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Figure 13.1: The black lines represent the propagation step from previous methods. The red and blues lines represent the propagation step in Kampffmeyer et al. [2019], where the node could aggregate information from ancestor and descendent nodes.

Besides the knowledge graph, the similarity between images in the dataset is also helpful for the few-shot learning [Garcia and Bruna, 2018]. Garcia and Bruna [2018] propose to build a weighted fully-connected image network based on the similarity and do message passing in the graph for few-shot recognition.

As most knowledge graphs are large for reasoning, Marino et al. [2017] select some related entities to build a sub-graph based on the result of object detection and apply GGNN to the extracted graph for prediction. Besides, Lee et al. [2018a] propose to construct a new knowledge graph where the entities are all the categories. And, they defined three types of label relations: super-subordinate, positive correlation, and negative correlation and propagate the confidence of labels in the graph directly.
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Figure 13.2: The method in Teney et al. [2017] for visual question answering. The scene graph from the picture and the syntactic graph from the question are first constructed and then combined for question answering.

13.1.2    VISUAL REASONING

Computer-vision systems usually need to perform reasoning by incorporating both spatial and semantic information. So it is natural to generate graphs for reasoning tasks.

A typical visual reasoning task is visual question answering (VQA). As shown in Figure 13.2, Teney et al. [2017], respectively, constructs image scene graph and question syntactic graph. Then they apply GGNN to train the embeddings for predicting the final answer. Despite spatial connections among objects, Norcliffebrown et al. [2018] builds the relational graphs conditioned on the questions. With knowledge graphs, Narasimhan et al. [2018] and Wang et al. [2018e] could perform finer relation exploration and more interpretable reasoning process.

Other applications of visual reasoning include object detection, interaction detection, and region classification. In object detection [Gu et al., 2018, Hu et al., 2018], GNNs are used to calculate RoI features. In interaction detection [Jain et al., 2016, Qi et al., 2018], GNNs are used as message passing tools between human and objects. In region classification [Chen et al., 2018c], GNNs perform reasoning on graphs which connects regions and classes.

13.1.3    SEMANTIC SEGMENTATION

Semantic segmentation is a crucial step toward image understanding. The task here is to assign a unique label (or category) to every single pixel in the image, which can be considered as a dense classification problem. However, regions in images are often not grid-like and need non-local information, which leads to the failure of traditional CNN. Several works utilized graph-structured data to handle it.

Liang et al. [2016] propose Graph-LSTM to model long-term dependency together with spatial connections by building graphs in form of distance-based superpixel map and applying LSTM to propagate neighborhood information globally. Subsequent work improved it from the perspective of encoding hierarchical information [Liang et al., 2017].

Furthermore, 3D semantic segmentation (RGBD semantic segmentation) and point clouds classification utilize more geometric information and therefore are hard to model by a 2D CNN. Qi et al. [2017b] construct a K-nearest neighbors (KNN) graph and use a 3D GNN as propagation model. After unrolling for several steps, the prediction model takes the hidden state of each node as input and predict its semantic label.

As there are always too many points, Landrieu and Simonovsky [2018] solved large-scale 3D point clouds segmentation by building superpoint graphs and generating embeddings for them. To classify supernodes, Landrieu and Simonovsky [2018] leverage GGNN and graph convolution.

Wang et al. [2018d] propose to model point interactions through edges. They calculate edge representation vectors by feeding the coordinates of its terminal nodes. Then node embeddings are updated by edge aggregation.

13.2    TEXT

The graph neural networks could be applied to several tasks based on text. It could be applied to both sentence-level tasks (e.g., text classification) as well as word-level tasks (e.g., sequence labeling). We will introduce several major applications on text in the following.

13.2.1    TEXT CLASSIFICATION

Text classification is an important and classical problem in natural language processing. The classical GCN models [Atwood and Towsley, 2016, Defferrard et al., 2016, Hamilton et al., 2017b, Henaff et al., 2015, Kipf and Welling, 2017, Monti et al., 2017] and GAT model [Velickovic et al., 2018] are applied to solve the problem, but they only use the structural information among documents and they don’t use much text information.

Peng et al. [2018] propose a graph-CNN-based deep learning model. It first turns texts to graph-of-words, and then conducts the convolution operations in [Niepert et al., 2016] on the word graph.

Zhang et al. [2018c] propose the S-LSTM to encode text. The whole sentence is represented in a single state which contains an overall global state and several sub-states for individual words. It uses the global sentence-level representation for classification tasks.

These methods either view a document or a sentence as a graph of word nodes or rely on the document citation relation to construct the graph. Yao et al. [2019] regard the documents and words as nodes to construct the corpus graph (hence heterogeneous graph) and use the Text GCN to learn embeddings of words and documents.

Sentiment classification could also be regarded as a text classification problem and a Tree-LSTM approach is propose by Tai et al. [2015].

13.2.2    SEQUENCE LABELING

As each node in GNNs has its hidden state, we can utilize the hidden state to address the sequence labeling problem if we consider every word in the sentence as a node. Zhang et al. [2018c] utilize the S-LSTM to label the sequence. They have conducted experiments on POS-tagging and NER tasks and achieves promising performance.

Semantic role labeling is another task of sequence labeling. Marcheggiani and Titov [2017] propose a Syntactic GCN to solve the problem. The Syntactic GCN which operates on the direct graph with labeled edges is a special variant of the GCN [Kipf and Welling, 2017]. It applies edge-wise gates that enable the model to regulate the contribution of each dependency edge. The Syntactic GCNs over syntactic dependency trees are used as sentence encoders to learn latent feature representations of words in the sentence. Marcheggiani and Titov [2017] also reveal that GCNs and LSTMs are functionally complementary in the task. An example of Syntactic GCN could be found in Figure 13.3.

13.2.3    NEURAL MACHINE TRANSLATION

The neural machine translation task is usually considered as a sequence-to-sequence task. Vaswani et al. [2017] introduce the attention mechanisms and replaces the most commonly used recurrent or convolutional layers. In fact, the Transformer assumes a fully connected graph structure between linguistic entities.

One popular application of GNN is to incorporate the syntactic or semantic information into the NMT task. Bastings et al. [2017] utilize the Syntactic GCN on syntax-aware NMT tasks. Marcheggiani et al. [2018] incorporate information about the predicate-argument structure of source sentences (namely, semantic-role representations) using Syntactic GCN and compares the results of incorporating only syntactic or semantic information or both of the information into the task. Beck et al. [2018] utilize the GGNN in syntax-aware NMT. It converts the syntactic dependency graph into a new structure called the Levi graph by turning the edges into additional nodes and thus edge labels can be represented as embeddings.

13.2.4    RELATION EXTRACTION

Extracting semantic relations between entities in texts is an important and well-studied task. Some systems treat this task as a pipeline of two separated tasks, named entity recognition and relation extraction. Miwa and Bansal [2016] propose an end-to-end relation extraction model by using bidirectional sequential and bidirectional tree-structured LSTM-RNNs. Zhang et al. [2018d] propose an extension of graph convolutional networks that is tailored for relation extraction and they have applied a pruning strategy to the input trees.

Zhu et al. [2019a] propose a variant of graph neural network with generated parameters (GP-GNN) for relation extraction. Existing relation extraction methods could easily extract the facts from the text but fail to infer the relations which require multi-hop relational reasoning. GNNs can process multi-hop relational reasoning on graphs but cannot be directly applied on text. So GP-GNN is propose to solve the relational reasoning task on text.
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Figure 13.3: An example of Syntactic GCN. This figure shows the example with two Syntactic GCN layers.

Cross-sentence N-ary relation extraction detects relations among n entities across multiple sentences. Peng et al. [2017] explore a general framework for cross-sentence n-ary relation extraction based on graph LSTMs. It splits the input graph into two DAGs while in this procedure useful information can be lost. Song et al. [2018c] propose a graph-state LSTM model that keeps the original graph structure. Furthermore, the model allows more parallelization to speed up the computation.

13.2.5    EVENT EXTRACTION

Event extraction is an important information extraction task to recognize instances of specified types of events in texts. Nguyen and Grishman [2018] investigate a CNN (which is the Syntactic GCN exactly) based on dependency trees to perform event detection. Liu et al. [2018] propose a Jointly Multiple Events Extraction (JMEE) framework which extracts event triggers and arguments jointly. It uses an attention-based GCN to model graph information and uses shortcut arcs from syntactic structures to enhance information flow.

13.2.6    FACT VERIFICATION

Fact verification (FV) is a challenging task which requires to retrieve relevant evidence from plain text and use the evidence to verify given claims. More specifically, given a claim, an FV system is asked to label it as “SUPPORTED,” “REFUTED,” or “NOT ENOUGH INFO,” which indicate that the evidence support, refute, or is not sufficient for the claim.

Existing FV methods formulate FV as a natural language inference (NLI) [Angeli and Manning, 2014] task. However, they utilize simple evidence combination methods such as concatenating the evidence or just dealing with each evidence-claim pair. These methods are unable to grasp sufficient relational and logical information among the evidence. In fact, many claims require to simultaneously integrate and reason over several pieces of evidence for verification.

To integrate and reason over information from multiple pieces of evidence, [Zhou et al., 2019] propose a graph-based evidence aggregating and reasoning (GEAR) framework. Specifically, it first builds a fully connected evidence graph and encourages information propagation among the evidence. Then, it aggregates the pieces of evidence and adopts a classifier to decide whether the evidence can support, refute, or is not sufficient for the claim.

As shown in Figure 13.4, given a claim and the retrieved evidence, GEAR first utilizes a sentence encoder to obtain representations for the claim and the evidence. Then it builds a fully connected evidence graph and proposes an evidence reasoning network (ERNet) to propagate information among evidence and reason over the graph. Finally, it utilizes an evidence aggregator to infer the final results.

The ERNet used in the evidence reasoning step is a modified version of GAT. More details of ERNet could be found in Zhou et al. [2019].

13.2.7    OTHER APPLICATIONS

GNNs could also be applied to many other applications. There are several works focus on the AMR to text generation task. An S-LSTM based method [Song et al., 2018b] and a GGNN-based method [Beck et al., 2018] have been proposed in this area. Tai et al. [2015] use the Tree-LSTM to model the semantic relatedness of two sentences. And Song et al. [2018a] exploit the Sentence LSTM to solve the multi-hop reading comprehension problem. Another important direction is relational reasoning, relational networks [Santoro et al., 2017], interaction networks [Battaglia et al., 2016], and recurrent relational networks [Palm et al., 2018] are proposed to solve the relational reasoning task based on text. The works cited above are not an exhaustive list, and we encourage our readers to find more works and application domains of graph neural networks that they are interested in.
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Figure 13.4: The GEAR framework described in Zhou et al. [2019].


CHAPTER 14

Applications – Other Scenarios

Besides structural and non-structural scenarios, there are some other scenarios where graph neural networks play an important role. In this subsection, we will introduce generative graph models and combinatorial optimization with GNNs.

14.1    GENERATIVE MODELS

Generative models for real-world graphs have drawn significant attention for its important applications including modeling social interactions, discovering new chemical structures, and constructing knowledge graphs. As deep learning methods have powerful ability to learn the implicit distribution of graphs, there is a surge in neural graph generative models recently.

NetGAN [Shchur et al., 2018] is one of the first work to build neural graph generative model, which generates graphs via random walks. It transformed the problem of graph generation to the problem of walk generation which takes the random walks from a specific graph as input and trains a walk generative model using GAN architecture. While the generated graph preserves important topological properties of the original graph, the number of nodes is unable to change in the generating process, which is the same as the original graph. GraphRNN [You et al., 2018b] manages to generate the adjacency matrix of a graph by generating the adjacency vector of each node step by step, which can output required networks with different numbers of nodes.

Instead of generating adjacency matrix sequentially, MolGAN [De Cao and Kipf, 2018] predicts discrete graph structure (the adjacency matrix) at once and utilizes a permutation-invariant discriminator to solve the node variant problem in the adjacency matrix. Besides, it applies a reward network for reinforcement learning-based optimization toward desired chemical properties.

Ma et al. [2018] propose constrained variational autoencoders to ensure the semantic validity of generated graphs. The authors apply penalty terms to regularize the distributions of the existence and types of nodes and edges simultaneously. The regularization focuses on ghost nodes and valence, connectivity and node compatibility.

GCPN [You et al., 2018a] incorporated domain-specific rules through reinforcement learning. To successively construct a molecule graph, GCPN follows current policy to decide whether adding an atom or substructure to an existing molecular graph, or adding a bond to connect exiting atoms. The model is trained by molecular property reward and adversarial loss collectively.
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Figure 14.1: A small example of traveling salesman problem (TSP). The nodes denote different cities and edges denote paths between cities. The edge weights are path lengths. The red line shows the shortest possible loop that connects every city.

Li et al. [2018c] propose a model which generates edges and nodes sequentially and utilize a graph neural network to extract the hidden state of the current graph which is used to decide the action in the next step during the sequential generative process.

Rather than small graphs like molecules, Graphite [Grover et al., 2019] is particularly suited for large graphs. The model learns a parameterized distribution of adjacent matrix. Graphite adopts an encoder-decoder architecture, where the encoder is a GNN. For the proposed decoder, the model constructs an intermediate graph and iteratively refine the graph by message passing.

Source code generation is an interesting structured prediction task which requires satisfying semantic and syntactic constraints simultaneously. Brockschmidt et al. [2019] propose to solve this problem by graph generation. They design a novel model which builds a graph from a partial AST by adding edges encoding attribute relationships. A graph neural network performs message passing on the graph helps better guide the generation procedure.

14.2    COMBINATORIAL OPTIMIZATION

Combinatorial optimization problems over graphs are a set of NP-hard problems which attract much attention from scientists of all fields. Some specific problems like traveling salesman problem (TSP) have got various heuristic solutions. Recently, using a DNN for solving such problems has been a hotspot, and some of the solutions further leverage graph neural network because of their graph structure.

Bello et al. [2017] first propose a deep-learning approach to tackle TSP. Their method consists of two parts: a Pointer Network [Vinyals et al., 2015] for parameterizing rewards and a policy gradient [Sutton and Barto, 2018] module for training. This work has been proved to be comparable with traditional approaches. However, Pointer Networks are designed for sequential data like texts, while order-invariant encoders are more appropriate for such work.

Khalil et al. [2017] and Kool et al. [2019] improved the above method by including graph neural networks. The former work first obtain the node embeddings from structure2vec [Dai et al., 2016] then feed them into a Q-learning module for making decisions. The latter one builds an attention-based encoder-decoder system. By replacing reinforcement learning module with an attention-based decoder, it is more efficient for training. These work achieved better performance than previous algorithms, which proved the representation power of graph neural networks. Prates et al. [2019] propose another GNN-based model to tackle TSP. The model assigns a weight for each edge for message passing. The network is trained with a set of dual examples.

Nowak et al. [2018] focus on Quadratic Assignment Problem, i.e., measuring the similarity of two graphs. The GNN-based model learns node embeddings for each graph independently and matches them using attention mechanism. Even in situations where traditional relaxation-based methods appear to suffer, this model offers satisfying performance.


CHAPTER 15

Open Resources

15.1    DATASETS

Many tasks related to graphs are released to test the performance of various graph neural networks. Such tasks are based on the following commonly used datasets.

A series of datasets based on citation networks are as follows:

•  Pubmed [Yang et al., 2016]

•  Cora [Yang et al., 2016]

•  Citeseer [Yang et al., 2016]

•  DBLP [Tang et al., 2008]

A series of datasets based on Biochemical graphs are as follows:

•  MUTAG [Debnath et al., 1991]

•  NCI-1 [Wale et al., 2008]

•  PPI [Zitnik and Leskovec, 2017]

•  D&D [Dobson and Doig, 2003]

•  PROTEIN [Borgwardt et al., 2005]

•  PTC [Toivonen et al., 2003]

A series of datasets based on Social Networks are as follows:

•  Reddit [Hamilton et al., 2017c]

•  BlogCatalog [Zafarani and Liu, 2009]

A series of datasets based on Knowledge Graphs are as follows:

•  FB13 [Socher et al., 2013]

•  FB15K [Bordes et al., 2013]

•  FB15K237 [Toutanova et al., 2015]

•  WN11 [Socher et al., 2013]

•  WN18 [Bordes et al., 2013]

•  WN18RR [Dettmers et al., 2018]

A broader range of opensource dataset repositories are as follows:

•  Network Repository

A scientific network data repository with interactive visualization and mining tools. http://networkrepository.com

•  Graph Kernel Datasets

Benchmark datasets for graph kernels.

https://ls11-www.cs.tu-dortmund.de/staff/morris/graphkerneldatasets

•  Relational Dataset Repository

To support the growth of relational machine learning.

https://relational.fit.cvut.cz

•  Stanford Large Network Dataset Collection

The SNAP library is developed to study large social and information networks.

https://snap.stanford.edu/data/

•  Open Graph Benchmark

Open Graph Benchmark (OGB) is a collection of benchmark datasets, data-loaders, and evaluators for graph machine learning in PyTorch.

https://ogb.stanford.edu/

15.2    IMPLEMENTATIONS

We first list several platforms that provide codes for graph computing in Table 15.1.

Next, we list the hyperlinks of the current opensource implementations of some famous GNN models in Table 15.2.

As the research filed grows rapidly, we recommend our readers the paper list published by our team, GNNPapers (https://github.com/thunlp/gnnpapers), for recent studies.

Table 15.1: Codes for graph computing




	Platform

	Link

	Reference






	PyTorch Geometric

	https://github.com/rusty1s/pytorch_geometric

	[Fey and Lenssen, 2019]




	Deep Graph Library

	https://github.com/dmlc/dgl

	[Wang et al., 2019a]




	AliGraph

	https://github.com/alibaba/aligraph

	[Zhu et al., 2019b]




	GraphVite

	https://github.com/DeepGraphLearning/graphvite

	[Zhu et al., 2019c]




	Paddle Graph Learning

	https://github.com/PaddlePaddle/PGL

	




	Euler

	https://github.com/alibaba/euler

	




	Plato

	https://github.com/tencent/plato

	




	CogDL

	https://github.com/THUDM/cogdl/

	






Table 15.2: Opensource implementations of GNN models




	Model

	Link






	GGNN (2015)

	https://github.com/yujiali/ggnn




	Neurals FPs (2015)

	https://github.com/HIPS/neural-fingerprint




	ChebNet (2016)

	https://github.com/mdeff/cnn_graph




	DNGR (2016)

	https://github.com/ShelsonCao/DNGR




	SDNE (2016)

	https://github.com/suanrong/SDNE




	GAE (2016)

	https://github.com/limaosen0/Variational-Graph-Auto-Encoders




	DRNE (2016)

	https://github.com/tadpole/DRNE




	Structural RNN (2016)

	https://github.com/asheshjain399/RNNexp




	DCNN (2016)

	https://github.com/jcatw/dcnn




	GCN (2017)

	https://github.com/tkipf/gcn




	CayleyNet (2017)

	https://github.com/amoliu/CayleyNet




	GraphSage (2017)

	https://github.com/williamleif/GraphSAGE




	GAT (2017)

	https://github.com/PetarV-/GAT




	CLN(2017)

	https://github.com/trangptm/Column_networks




	ECC (2017)

	https://github.com/mys007/ecc




	MPNNs (2017)

	https://github.com/brain-research/mpnn




	MoNet (2017)

	https://github.com/pierrebaque/GeometricConvolutionsBench




	JK-Net (2018)

	https://github.com/ShinKyuY/Representation_Learning_on_Graphs_with_Jumping_Knowledge_Networks




	SSE (2018)

	https://github.com/Hanjun-Dai/steady_state_embedding




	LGCN (2018)

	https://github.com/divelab/lgcn/




	FastGCN (2018)

	https://github.com/matenure/FastGCN




	DiffPool (2018)

	https://github.com/RexYing/diffpool




	GraphRNN (2018)

	https://github.com/snap-stanford/GraphRNN




	MolGAN (2018)

	https://github.com/nicola-decao/MolGAN




	NetGAN (2018)

	https://github.com/danielzuegner/netgan




	DCRNN (2018)

	https://github.com/liyaguang/DCRNN




	ST-GCN (2018)

	https://github.com/yysijie/st-gcn




	RGCN (2018)

	https://github.com/tkipf/relational-gcn




	AS-GCN (2018)

	https://github.com/huangwb/AS-GCN




	DGCN (2018)

	https://github.com/ZhuangCY/DGCN




	GaAN (2018)

	https://github.com/jennyzhang0215/GaAN




	DGI (2019)

	https://github.com/PetarV-/DGI




	GraphWaveNet (2019)

	https://github.com/nnzhan/Graph-WaveNet




	HAN (2019)

	https://github.com/Jhy1993/HAN







CHAPTER 16

Conclusion

Although GNNs have achieved great success in different fields, it is remarkable that GNN models are not good enough to offer satisfying solutions for any graph in any condition. In this section, we will state some open problems for further researches.

Shallow Structure. Traditional DNNs can stack hundreds of layers to get better performance, because deeper structure has more parameters, which improve the expressive power significantly. However, graph neural networks are always shallow, most of which are no more than three layers. As experiments in Li et al. [2018a] show, stacking multiple GCN layers will result in over-smoothing, that is to say, all vertices will converge to the same value. Although some researchers have managed to tackle this problem [Li et al., 2018a, 2016], it remains to be the biggest limitation of GNN. Designing real deep GNN is an exciting challenge for future research, and will be a considerable contribution to the understanding of GNN.

Dynamic Graphs. Another challenging problem is how to deal with graphs with dynamic structures. Static graphs are stable so they can be modeled feasibly, while dynamic graphs introduce changing structures. When edges and nodes appear or disappear, GNN cannot change adaptively. Dynamic GNN is being actively researched on and we believe it to be a big milestone about the stability and adaptability of general GNN.

Non-Structural Scenarios. Although we have discussed the applications of GNN on non-structural scenarios, we found that there is no optimal methods to generate graphs from raw data. In image domain, some work utilizes CNN to obtain feature maps then upsamples them to form superpixels as nodes [Liang et al., 2016], while other ones directly leverage some object detection algorithms to get object nodes. In the text domain [Chen et al., 2018c], some work employs syntactic trees as syntactic graphs while others adopt fully connected graphs. Therefore, finding the best graph generation approach will offer a wider range of fields where GNN could make a contribution.

Scalability. How to apply embedding methods in web-scale conditions like social networks or recommendation systems has been a fatal problem for almost all graph-embedding algorithms, and GNN is not an exception. Scaling up GNN is difficult because many of the core steps are computational consuming in big data environment. There are several examples about this phenomenon. First, graph data are not regular Euclidean, each node has its own neighborhood structure so batches cannot be applied. Then, calculating graph Laplacian is also unfeasible when there are millions of nodes and edges. Moreover, we need to point out that scaling determines whether an algorithm is able to be applied into practical use. Several works have proposed their solutions to this problem [Ying et al., 2018a] and recent research is paying more attention to this direction.

In conclusion, graph neural networks have become powerful and practical tools for machine learning tasks in graph domain. This progress owes to advances in expressive power, model flexibility, and training algorithms. In this book, we give a detailed introduction to graph neural networks. For GNN models, we introduce its variants categorized by graph convolutional networks, graph recurrent networks, graph attention networks and graph residual networks. Moreover, we also summarize several general frameworks to uniformly represent different variants. In terms of application taxonomy, we divide the GNN applications into structural scenarios, nonstructural scenarios, and other scenarios, then give a detailed review for applications in each scenario. Finally, we suggest four open problems indicating the major challenges and future research directions of graph neural networks, including model depth, scalability, the ability to deal with dynamic graphs, and non-structural scenarios.
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