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ABSTRACT

Recent years have witnessed rapid advances in Graph Neural Net-
works (GNNs) that have benefited myriads of graph analytical tasks
ranging from node classification to community detection. In partic-
ular, GNNs generalize deep learning models (e.g., CNN and RNN) to
graph data to map graph nodes into a low-dimensional vector space,
such that complicated graph analysis can be conducted based on
the learned representation vectors. Thus, GNNs inherit the repre-
sentation power of deep neural networks and leverage the structure
information of graph data simultaneously, which significantly helps
them in capturing the complex information of graph data. How-
ever, compared to GNN applications from other domains, database
management systems offer many unique problems. Thus, GNN4DB
has received increasing attention, which motivates us to present a
comprehensive tutorial on this popular yet challenging topic.

Based on the techniques employed, GNNs have generally fallen
into two main categories. The first is Spectral GNNs which are mo-
tivated by spectral graph theory and graph signal processing; the
second is Spatial GNNs which borrow the idea from standard CNNs
to directly perform neighborhood aggregation on graph structure.
In this tutorial, we will introduce the theoretical foundations of
these two GNN categories and state-of-the-art GNN methods on
various applications in detail. Besides, we will highlight the appli-
cations of GNNs in database management systems. Finally, we will
discuss some current issues and future directions.

CCS CONCEPTS

+ Computing methodologies — Neural networks; « Informa-
tion systems — Data management systems.

1 INTRODUCTION

Graphs, as a ubiquitous data structure in computer science and
related fields, naturally represent complex interactions between
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(a) Input: Cora graph.

(b) Output: representations in the em-
bedding space R?.

Figure 1: An example of graph representation learning on
Cora graph. Representations are learned by a GRL method
PE-GCL [67].

elements of composite objects. Many real-world data come in the
form of graphs, such as social networks [6, 37, 49], citation net-
works [38, 58], molecular graphs [35, 52], point clouds [39, 46], and
transportation networks [3]. The aforementioned abundance of
graph structure data raises requirements for intelligent methods
that can automatically mine and analyze information from graphs
and gain valuable insights.

Representation learning as an important aspect of machine learn-
ing has been extended to graph structure data to improve the ef-
ficiency and effectiveness of graph-based analytical tasks, such
as node classification, link prediction [17, 33, 40], and community
detection [45]. Specifically, graph representation learning (GRL)
is to learn a mapping that projects nodes, edges, subgraphs, or
graphs to a low-dimensional continuous space while topological
relationships and inherent properties can be well preserved, and
the dimension of embedding space is normally far smaller than
the number of nodes. Fig. 1 shows an intuitive example of GRL.
In the last decade, network embedding (NE) [8, 16, 19] and graph
neural networks (GNNs) [51, 61, 63] have been two mainstream
approaches for graph representation learning. NE aims at repre-
senting graphs by preserving the pre-defined structural proximity
measure between nodes, where the proximity measure can be the
co-occurrence probability in random walk sequences [13, 17, 33, 40],
communities [34, 45], or metapaths [11]. However, such a learning
paradigm suffers from two inherent drawbacks. Firstly, NE methods
construct supervision signals only from the graph structure, and
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Table 1: State-of-the-art solutions for classic graph analytical
tasks.

Task State-of-the-Art Type
Node Classification GLEM [62] GNN-based
Graph Classification Graphormer [59] GNN-based
Link Prediction GIDN [47] GNN-based
Community Detection CLARE [50] GNN-based

thus they are task-independent and insensitive to attributes of the
graph. Secondly, NE methods are also regarded as “shallow” models
since they directly treat node representations as learnable parame-
ters and the encoder function is just a simple embedding looking-up,
without multilayer weight matrices to capture high-order nonlinear
graph structures.

Recent development in Deep Neural Networks (DNNs), such
as Convolutional Neural Networks (CNN) [32], Recurrent Neural
Networks (RNN) [36], and Transformer [42], have made significant
progress towards modeling for complex domains, such as computer
vision and natural language processing. Inspired by them, Graph
Neural Networks (GNNs) generalize DNN approaches to graph
structure data, inheriting the advantages of DNNs. An important
aspect is that GNN s follow the spirit of parameter sharing in DNNs,
i.e., the learnable parameter matrices of GNNs are shared across
all nodes, which are analogous to the filters in CNNs. Hence it
allows stack multi-layer parameter matrices with nonlinearity to
extract high-level node representations. On the other hand, GNNs
can be trained in an end-to-end fashion and thus the learned rep-
resentations are task-related. Besides, in the GNN framework, the
representation of a node is computed by a GNN layer aggregating
information from the node’s topological neighbors via non-linear
transformation and aggregation functions, which naturally capture
the interactions between local structures and neighborhood fea-
tures for the target node. Hence, GNNs are capable of handling
attributed graphs. So the key limitations of NE can be well resolved
by GNNss. Since the semi-supervised Graph Convolution Networks
(GCNs) were first proposed by [21], GNNs have been the most
popular GRL methods and outperform NE-based methods in most
classic graph analytical tasks, as shown in Table 1. In this tutorial,
we will give a brief introduction to NE and a comprehensive review
of GNN . Particularly, besides the traditional graph-based tasks, we
also feature the applications of GNNs for Database Management
Systems.

Related tutorials. Several tutorials with a similar topic have been
presented at recent conferences. However, those tutorials either
solely focus on GNNs or general machine learning for databases
[25-27, 56, 57]. Our tutorial can be considered as an extension of
the following tutorials: (1) Graph Neural Networks: Foundation,
Frontiers, and Applications (IJCAI 2022 and KDD 2022); (2) Graph
Neural Networks: Models and Applications (SIGIR 2021); (3) Rep-
resentation Learning on Networks (WWW 2018); (4) Al Meets
Database: AI4DB and DB4AI (SIGMOD 2021); (5) Machine Learn-
ing for Databases (VLDB 2021 and AIMLs 2021). Different from
previous tutorials focusing on general representation learning or
GNN s or general machine learning for databases, our tutorial has a
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strong focus on the most recent techniques in GNNs for database
management.

Overview of this tutorial. This tutorial on Graph Neural Networks
will cover a broad range of topics in GNNs. Specifically, we will
introduce the fundamental concepts and advanced algorithms of
GNNs, new research frontiers of GNNs, broad and emerging applica-
tions with GNNs, and current open challenges of GNNs. In addition,
we emphasize the applications of GNNs in Database Management.
To the best of our knowledge, this is the first tutorial to discuss the
GNNs in Database Management and related conferences.

2 GRAPH NEURAL NETWORKS

It is well-known that GNNs have been one of the most popular
technologies in deep learning. Its widespread use makes the division
of the current GNNs can follow different standards. For example,
GNNss can be classified based on different downstream tasks (e.g.,
node classification, link prediction, recommendation, etc.); they
can also be classified into semi-supervised GNNs and unsupervised
GNNs according to whether external labels are involved in training.
In this tutorial, we broadly divide GNNs into Spectral GNNs and
Spatial GNNs based on their theoretical frameworks.

2.1 Preliminaries
In this tutorial, we consider attributed graphs represented as G =
(V, E, XV,XE) where V = {v1,...,on} is a set of N = |[V| nodes and

E C VxVisasetof M = |E| edges between nodes. X" e RN*Fo and
XE € RMXFe denote the feature matrix for N nodes and M edges
respectively, which characterize the attributes of the graph. V and
E jointly form the adjacency matrix of G denoting as A € RNXN
with (i, j) entry equaling to 1 if there is an edge between nodes
v; and v; and 0 otherwise. For an undirected graph, it has a graph
Laplacian matrix which is defined as L = D — A € RNXN where
D;; = 2j Ajj is a diagonal degree matrix. Let I denote the identity
matrix, the symmetric normalized graph Laplacian is often used
in GNNi, which is defined as Lsym, = D" 2LD "2 =1~ D ZAD" 2,
Another version is random walk normalization: L = D™ !L. Based on
graph signal processing, x € RN is a graph signal that corresponds
to one dimension of XV L can be eigendecomposed as L = UAUT
where each column of U € RN*¥ s an eigenvector of L and A =
diag([A1,- -+, An]) is a diagonal matrix whose diagonal elements
are eigenvalues of L.

2.2 Spectral Graph Neural Networks

Spectral GNNs rely on spectral graph theory [7] and graph signal
processing [31]. The basic idea of this framework is that it first
assumes the graph is undirected and then leverages graph Fourier
transform to convert graph signals defined in spatial domain into
spectral domain. The spectral domain can be the space spanned
by the eigenvectors of the graph Laplacian in practice because it
carries the smooth geometry of the graph [2]. By transposing the
convolution theorem to graphs, the graph convolution is defined
as the multiplication of the graph signals and the parameterized
convolution filter in the spectral domain, such that the parameter
sharing property of traditional CNN can be satisfied.
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Spectral Graph CNN [2] is the first work of Spectral GNNs.
Given a graph signal x and the graph Laplacian L = UAUT, we
have Fourier transform ¥ = UT x and inverse Fourier transform
x = Uk. Taking the other signal w € RN as a parameterized filter,
the graph convolution of x with w is

x+w=U((Ux) 0 (UTw)) =UgyU'x, (1)
where © is Hadamard product and UTw=[6y..., Hn]T is a param-
eterized vector in spectral domain. Hence, gg = diag([61,...,0n])

is a diagonal matrix as spectral filter. By stacking multiple convolu-
tion layers, the I-th layer Spectral Graph CNN is:

d;
(I+1) _ DT
v =0l Y veuTH" |,

i=1

forje{l,....di.1}, (2

where d; is the number of signals (feature dimension) at the I-th
layer and dy = Fy, and dj, is the number of filters (output dimen-

sion) at the I-th layer. Hl(l) is the i-th input signal at the [-th layer,

le’] ) is the Jj-th filter for the i-th signal at the I-th layer, and o
denotes a non-linear activation function e.g., ReLU. Such a layer of
Spectral Graph CNN defined in Eq. (2) transforms the dimension of
node feature from d; to dj, ;. While spectral graph theory lends the-
oretical support to Spectral Graph CNN, this approach suffers from
several key bottlenecks. Firstly, since the graph Fourier transform
needs to compute the full eigendecompositions of the Laplacian
matrix and the parameter size is linearly related to the number
of nodes, the time complexity and parameter complexity of the
algorithm is high; secondly, the convolution operation defined in
the spectral domain is not satisfied with spatial localization; finally,
the graph filter depends on the bases of the Fourier transform of
the specific graph, so it is hard to parallelly handle multiple graphs
of different sizes.

ChebNet [10]. Note that the parameterized spectral filter gy
is not localized and its learning complexity is O(N). These two
limitations contrast with traditional CNNs where convolution filters
are localized in space and the learning complexity is independent of
the input shape. To tackle these issues, ChebNet first proposes to use
polynomials of the diagonal matrix of eigenvalues to approximate
go with gg(A), where gg(A);; = 25:0 Hj/lf and L < N. Then we
have the graph convolution:

L
go(A) *x = Ugg(A)UTx = Z Gijx. 3)
Jj=0
By this mean, the number of parameters of the filter can be reduced
from O(N) to O(L), and this expression is L-localization since it is a
L-order polynomial in the graph Laplacian, which depends only on
nodes that are at most L hops away from the central node. However,
computing the powers of L still needs computation complexity
O(N?). To solve this problem, ChebNet further uses a truncated
expansion in terms of Chebyshev polynomials Ty (x) up to the L-th
order to approximate gg(A). Eq. (3) can be approximated as follows:
L

go(A) xx~ " 0;Ti(L)x, )
j=0
where the Chebyshev polynomials are defined recursively by T (x) =

2xTje—1 (%) ~Tg—2(x) with Ty (x) = 1and Ty (x) = x,L = 2Lsym /Amax—
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I where Apax is the largest eigenvalue of L ym. Here Lisa scaling
of the graph Laplacian to map the eigenvalues from [0, Apqx] to
[—1, 1] since the Chebyshev polynomial forms an orthogonal bases
in [-1,1].

Graph Convolutional Network (GCN) [21]. As shown in Eq. (4),
ChebNet uses a single convolution filter to achieve L-localization,
i.e., ChebNet can be seen as using one neural network layer to pre-
serve L-localization. GCN proposes a first-order approximation of
ChebNet and achieves high-order localization by stacking multiple
layers. Specifically, GCN limits the layer-wise convolution filter to
L =1 and A4y is approximated by 2 to get a linear function. Then
Eq. (4) can be simplified to:

go(A) = x = 90X—91D7%AD7%X. (5)

Since {0;} are free parameters, GCN further assumes the parameters
0 = 6y = —04, leading to the following graph convolution:

go(A) xx = 0(1+D ZAD %)x. )

Then GCN flllrtherlintrodl{ce 1tl’}e}"er}ormaliZ;{tion trick which re-
placeI+ D 2AD 2 withD " 2AD" 2, where A=A +IandDisa
diagonal degree matrix of A. Finally, by generalizing the convolu-
tion to work with multiple filters in a d channel input and layering
the model with nonlinear activation functions between each layer,
the [-th layer GCN is defined as:

HM =5 (f)’%Af)’%H(”W(l)) )

wherer W) e R4UXd1s1 g o layer-specific trainable weight matrix
and o(-) denotes an activation function. Hence, we can stack L
GCN layers defined in Eq. (7) to achieve L-localization.

Spectral Graph CNN, ChebNet, and GCN are the pioneering
works of spectral GNNs, whereas GCN is also a spatial GNN which
we will discuss later. These models provide a solid mathematical
foundation that motivates the follow-up works to make improve-
ments over them.

GWNN [53] is a more flexible spectral method that replaces
the Fourier transform in spectral filters with the graph wavelet
transform. GWNN uses a set of wavelets ¥s = {{s1, ¥s2, -+, Ysn }
as bases of spectral domain, where each wavelet ¢/s; represents the
energy diffused from node v;, which describes the local structure
of v;, and s is a scaling parameter. Then Eq. (1) can be rewritten as:

x*w =¥ ((¥{x) 0 (Y] w)) = ¥Ysgg¥, x. (8)

Compared with Fourier bases, wavelet bases are localized and the
range of localization can be controlled by s. The high spareness of
wavelet bases leads to the computational complexity linear with
respect to the number of edges.

Graph Diffusion Convolution (GDC) [22] proposes to use
a generalized graph diffusion M = }° | 0S¥ to define spectral
polynomial filters, where {0} are weight coefficients and S is the
generalized transition matrix. M can be regarded as related to the
Taylor expansion of matrix-valued functions. Thus, the choice of 6
and S must at least ensure that M converges. ChebNet is an example
of GDC, and GDC also provides two special cases as diffusion, i.e.,
personalized PageRank (PPR) and Heat Kernel.
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2.3 Spatial Graph Neural Networks

Analogous to the convolution operation of CNN on image pro-
cessing, spatial GNNs define graph convolutions based on spatial
relations of nodes, rather than in the spectral domain. Spatial GNNs
are so-called Message Passing Neural Networks (MPNN) [15] which
treat graph convolutions as a message passing process in which
information can be passed from one node to another along edges
directly. Such a GNN begins with the node features as the initial
representation hEO) of a node v;, and runs L-layer message pass-
ing to let each node aggregate information propagated from its
neighborhoods. In the [-th layer, every node v; computes a new
representation from its own current representation and the multi-
set of representations in its neighborhoods; formally, the general
framework of Spatial GNN is defined as:

af” = fagq ({{P" 10j € N }).
hO = fipa (hlglﬂ), algz))

where N (v;) is the neighborhood of vj, fagy is a permutation-
invariant function to aggregate messages for v; from its neigh-

©

borhood. al@ is the aggregated message at the [-th layer. f;,54 is
a function to integrate the neighborhood message and the central
node, hgl) is the representation of v; at the I-th layer, and hl.(o) = XiV
is the input node feature of v;. For node representation, the output
of the final layer h;L) is considered as an informative representa-
tion that could be used for node-level downstream tasks. For graph
representation, another READOUT function f;.4404; is employed
to obtain the a graph-level representation hg by integrating the
final representations of nodes:

hG = freadout ({hl@)h)i € V}) (10)

Although GCN is a spectral-based method, Eq. (7) can be rewrit-
ten as:
1 -
A0

) _ Z
al. = — 3
JeN (o) 4/DiiDjjj (11)

" = a((;hgl-” +a§’>)w<”).

As we can see, GCN can be represented as a weighted sum of the

)

transformed center node representation hglﬂ

)

GCN is also a spatial GNN that establishes a relationship between
spectral methods and spatial methods.
GraphSAGE [18] is another early spatial-based GNN. The prop-

agation matrix in GCN is defined as IND_%A]S_ % which relies on the
adjacency matrix of the input graph structure. Thus GCN requires
storing the entire graph in memory which can be computationally
expensive for large graphs. GraphSAGE reduces the computational
complexity of GCN by sampling a fixed number of neighbors for
each node to remove the strong dependency on a complete graph
structure. It performs graph convolutions by:

and neighbor node

representations pi-t , which is in a message passing form. Thus,

hl(l) _ U(Wil)hl(l—l) +wgl)fagg ({h§1—1)|vj c Sample(N(vi),k)})),

(12)
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Table 2: A summary of different GNN models.

Model Type Filter Time Complexity
Spectral Graph CNN [2] Spectral Interpolation kernel O(N?%)
ChebNet [10] Spectral Polynomial O(M)
GWNN [53] Spectral Wavelet transform O(M)
GDC [22] Spectral PPR/Heat Kernel O(M)
CayleyNet [24] Spectral Polynomial O(M)
AGCN [28] Spectral Residual Adjacency Matrix O(N?)
DualGCN [66] Spectral PPMI o(M)
S?GC [65] Spectral Markov Diffusion Kernel o(M)
GCN [21] Spectral/Spatial ~ Normalized Adjacency Matrix O(M)
GraphSAGE [18] Spatial Sampled Neighborhoods O(NkKL)
GAT [43] Spatial Attention Weighted Neighbors O(M)
GIN [54] Spatial Neighborhoods O(M)
PPNP [14] Spatial PPR o(M)
DGI [44] Spatial Neighborhoods Oo(M)
FastGCN [4] Spatial Sampled Neighborhoods O(NKL)
JK-Net [55] Spatial multi-hop neighborhoods O(NKL)

where Sample(N (v;), k) denotes randomly sampling k neighbors
with replacement for v;.

GAT [43]. The convolution filters in CNN are learnable matrices
to adaptively learn the local pattern for each pixel. But for GCN,
the convolution filters are deterministic, i.e., GCN directly uses the
normalized adjacency matrix D~ 2AD"7 as neighborhood aggrega-
tion weights for each node. GAT adopts an attention mechanism to
learn the contribution of each neighboring node to the central node.
The graph convolution operation according to GAT is defined as:

ool 3

v;e N(v;)Uy;

DRI | (13

where the attention weight «;; is given by:
1 - I—
al)) = softmax (T (aT [WOR{™ W On{])), ag

where T'(-) is a LeakyReLU activation function and a is a vector of
parameters that transforms concatenated node hidden representa-
tions into a scalar weight. GAT further performs the multi-head
attention to stabilize the learning process of self-attention, i.e., the
operations of the convolution layer defined as Eq. (13) are indepen-
dently replicated K times, and outputs are feature-wise aggregated
by concatenation:

) _ K () (D 7 (1-1)
B =l YL a Wi R (15)
UjEN(U,’)Uvi

GIN [54] theoretically studies the expressive power of spatial
GNNs and finds that their expressive power is upper bounded by
the 1-dimensional form of Weisfeiler-Lehman (1-WL) test [48] of
graph isomorphism. Guided by this insight, the proposed method
GIN has expressive power equal to the 1-WL test. The key is to
design injective functions for fagq(-), fupa () and freadous (+). It uses
multilayer perceptron (MLP) to approximate injective functions,
then the graph convolution form of GIN as follows:

pD =My (1) n0 e S ey (a07Y) |,
v;eN(v;)
(16)
where €(!) is an irrational number to distinguish the central node
from its neighbors when they are combined together, thus is able
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to injectively encode the rooted depth-1 subtree of the central
node, the same as how the Weisfeiler-Lehman test color nodes. And
freadout 1 @ sum pooling function with MLP to ensure injectiveness.

2.4 Comparison between spectral and spatial
GNNs

Spectral GNNs have a complete theoretical foundation based on
the convolution theorem and spectral graph theory. They convert
graph data to spectral domain data by using the eigenvectors of
the Laplacian operator on the graph data and perform learning on
the transformed data. These methods rely on a fixed graph and
can not learn node representations for a dynamic graph where
new nodes are constantly being added to the graph. Spatial GNNs
directly adopt neighborhood aggregation to imitate the standard
CNN, and the representation of each node only depends on its
neighborhoods rather than the whole graph. Thus, these methods
are preferred over spectral models due to generality and flexibility
issues. We summarize the main characteristics of GCNs surveyed
in this tutorial in Table 2.

3 GNNS FOR DATA MANAGEMENT
RESEARCH

In recent years, various artificial intelligence techniques have been
proposed to optimize different tasks in databases. Unlike traditional
machine learning and general deep learning models, GNNs show
their superiority on multiple tasks due to their powerful representa-
tion capabilities. In this section, we will review the state-of-the-art
progress of GNNs for databases. Table 3 summarizes the recent
works on GNNs for databases.

First, we could encode the database schema to complete some
tasks. Semantic parsing (e.g., transforming natural language to
SQL queries) is an important problem in databases. To employ
the structure information of the database schema, [1] proposes an
encoder-decoder semantic parser, where the structure of the data-
base schema is encoded with a graph neural network. The GNN
model is a gated graph sequence neural network that could learn
the global schema structure. The encoder and decoder then use the
graph representation of the database schema to generate the SQL
queries. Similar to [1], the authors of [41] also utilize GNNs to en-
code the database schema but they use the graph representation for
anumber of different tasks, including cardinality estimation, cost es-
timation, query clustering, and SQL-to-Text Generation. Instead of
feeding the whole huge schema embedding into the learning mod-
els, [41] exploits the query-aware method to generate a sub-graph
that only contains SQL-related schema information. Compared
with other encoding techniques (e.g., one-hot-encoding), this GNN-
based schema embedding could improve the model generalization
by encoding the query semantics into the model.

Besides the database schema, the related information of SQL
queries (e.g., query graphs, join graphs, join trees, and query plans)
could also be encoded into feature vectors as input for learning
models to accomplish different tasks, such as materialized view man-
agement [20], join order selection [5, 60], and query performance
prediction [64]. For materialized view management, estimating the
benefit of using an MV to answer a query (i.e., the execution time
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reduction of answering the query using the view) is extremely chal-
lenging, especially for dynamic workloads. [20] leverages GNNs
to estimate the benefit of an MV to achieve efficient and effective
dynamic MV management. Specifically, it maintains the dynamic
workloads as a query graph and encodes key features of queries
to model a GNN. To handle large graphs of continuously coming
queries, it extracts a small subgraph for benefit estimation. The ad-
vantages of using GNN to estimate the benefit are from two aspects:
(1) for each node on the query graph, GNNs could well capture the
benefit from different types of neighbor nodes through several iter-
ations of feature propagations and thereby provide accurate benefit
estimation; (2) the graph structure makes the benefit estimation in
parallel for each iteration, which is efficient for query rewrite and
MV set maintenance. Join order selection is another essential NP-
hard problem in relational databases. Different from the previous
DRL-based works [23, 29], [5] uses the graph-based representation
to solve this problem. It first constructs a schema graph based on
the primary-foreign key relationships, from which table represen-
tations are learned to capture the correlations between tables. Then
a graph convolutional network (GCN) is utilized for encoding the
query graph, and a tailored-tree-based attention module is designed
to encode the join plan. Compared with the simple concatenation
of column embeddings in previous studies, these learned table rep-
resentations could capture the correlations between tables and
include more semantic information about joins. Moreover, as GCNs
have relatively small-scale networks with fewer parameters, the
training is more efficient than general deep-learning approaches.
Unlike [5] which encodes the join graph, [60] uses a Tree-LSTM
to encode the join trees for join order selection. Compared with
simple one-hot-encoding for join tress [23, 29], Tree-LSTM has
some advantages: 1) the learned vectors can capture the structural
information of a join tree, which could lead to better plans, and 2)
the learned optimizers could handle database schema changes (e.g.,
adding columns/tables) and multi-alias table names, which requires
to retrain the neural network. Query performance prediction (e.g.,
execution time and resource demand) prior to execution is useful in
many tasks, including admission control, query scheduling, and re-
source management. To capture the correlations between different
concurrent queries, such as lock conflict and buffer sharing, [64]
proposes a Graph Embedding Network to encode the graph fea-
tures of concurrent query plans. The benefits of Graph Embedding
Network are two-fold: 1) it effectively reduces computation work
by extracting local structure instead of searching the whole graph,
and 2) it can concurrently process the local graphs of all the vertices.
Compared with previous linear regression [12] and general DNN
models [30], graph embedding networks could effectively predict
the performance of concurrent queries by learning the potential
relationships between those queries.

Finally, we could also directly encode the data in the relational
tables. [9] presents a model that uses GNNs to perform supervised
learning directly on the data in relational databases. Given a rela-
tional database and a prediction target, this method first assembles
all related information in the database to form a graph. Then this
graph is processed by a GNN to produce a prediction on a specific
column, such as time series forecasting or predicting relationships
between entities. Compared with other methods, this approach has
some strengths, including 1) avoiding data extraction and feature
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Table 3: An overview of recent works on Graph Neural Networks for databases

Ref. | Year | Encoding Item GNN Model Tasks
[1] 2019 | Database Schema Gated Graph Sequence Neural Networks | Text-to-SQL Parsing

uery Clustering, Cardinality Estimation,
(41] 2022 | Database Schema General GNN %ost};istimation,gSQL—to—Tex}t, Generation
[20] | 2022 | Query Graph'! General GNN Dynamic Materialized View Management
[5] 2022 | Query Graph 2 Graph Convolutional Network Join Order Selection
[60] | 2020 | Join Trees Tree-LSTM Join Order Selection
[64] | 2020 | Concurrent Query Plans | Graph Embedding Network Query Performance Prediction
[9] 2020 | Relational Tables Graph Convolutional Network Prediction in a Particular Column

! In this paper, a query graph is built by merging query plan trees of queries in the workload.
2 In this paper, a query graph is an undirected graph where each node represents a table and each edge represents the join predicate between two tables.

engineering efforts, and 2) preserving the relational structure of
the original data.

4 OPEN PROBLEMS AND CHALLENGES

While some progress has already been made, the research on GNNs
for databases has just begun, and there are many opportunities and
open problems for further exploration.

From the database perspective. GNNs have been proposed to
solve some data management tasks in recent years. However, there
are still some open problems from the database perspective view.
Some possible problems include:

(1) Besides database schema, query graph, query plan, and join
tree, what other structures in databases are in the form of
trees or graphs, or what structures can be modeled or trans-
formed into graphs?

(2) Considering the current learning models in databases, which
component could be replaced or enhanced with GNNs, such
as the query encoding part of cardinality estimation or the
join tree encoding part of join order selection?

(3) For the current learning models for databases, is it necessary
to replace all the pipelines with GNNs or only replace the
encoding component with GNNs?

From the GNNs perspective. From the perspective view of GNNs,
some basic problems also need to be further researched, such as:

(1) What are the advantages of using GNNs for databases com-
pared to traditional machine learning and general deep learn-
ing models? Are the GNN algorithms really suitable for re-
placing other deep learning approaches for databases?

(2) Considering that there are already many works about AI4DB,
could we replace the previous learning models with GNNs
to further improve the performance, such as generalization
ability, adaptability, and training efficiency?

(3) Since we have so many GNN models and algorithms, how
to find the most suitable GNN model for specific database
problems?

5 TUTORIAL ORGANIZATION

The tutorial is planned for 1.5 hours (90 minutes) and is divided
into the following parts:

Background and Introduction (5’). We introduce the background
and remarkable progress of GNNs. We show that GNNs are suitable
for solving a lot of database problems.

Graph Neural Networks (45’). We introduce the basics of GNNs,
including the theoretical foundations and state-of-the-art GNN
methods on various applications.

GNN s for Databases (30’). We present recent research progress
of GNNss in various database tasks.

Open Problems and Challenges (10’). We discuss open problems
and open challenges to apply GNNs for databases.

6 GOALS OF THE TUTORIAL

Learning Outcomes. The main learning outcomes of this tuto-
rial include: (1) understanding the differences between GNNs and
general DNNs. (2) learning the fundamentals and techniques of
modern GNNs. (3) knowing the recent research work of GNNs in
databases. (4) identifying some open problems and future challenges
of applying GNNs in databases.

Intended Audience. This tutorial is intended for a broad scope of
audience ranging from database systems researchers to industry
practitioners, with a focus on GNN and its application in databases.
Basic knowledge of graph theory, deep learning, and databases is
sufficient to follow this tutorial. Some background in graph machine
learning techniques would be fairly helpful.
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