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Abstract

Graphs are everywhere, from e-commerce to knowledge graphs, abstracting in-
teractions among individual data entities. Various real-world applications running on
graph-structured data require effective representations for each part of the graph —
nodes, edges, subgraphs, and the entire graph — that encode its essential characteristics.

In recent yearsDeep Learning on Graphs (DLG) has broken ground across
diverse domains by learning graph representations that successfully capture the un-
derlying inductive bias in graphs. However, these groundbreaking DLG algorithms
sometimes face limitations when applied to real-world scenarios. First, as graphs
can be built on any domain that has interactions among entities, real-world graphs
are diverse. Thus, for every new application, domain expertise and tedious work are
required for hyperparameter tuning to nd an optimal DLG algorithm. Second, scales
of real-world graphs keep increasing to billions with un Itered noise. This requires
redundant preprocessing such as graph sampling/noise lItering in advance of DLG
to be realized in applications. Next, real-world graphs are mostly proprietary, while
many DLG algorithms often assume they have full access to external graphs to learn
their distributions or extract knowledge to transfer to other graphs. Finally, the advent
of single-modal foundation models in language and vision elds has catalyzed the
assembly of diverse modalities, resulting in the formulation of multimodal graphs with
diverse modalities on nodes and edges. However, learning on multimodal graphs while
exploiting the generative capabilities of each modality's foundation models is an open
question in DLG.

In this thesis, | propose to make DLG more practical across four dimensions: 1)
automation, 2) scalability, 3) privacy, and 4)multimodality . First, we automate
algorithm search and hyperparameter tuning under the message-passing framework.
Then, we propose to sample each node's neighborhood to regulate the computation cost
while ltering out noisy neighbors adaptively for the target task to handle scalability
issues. For privacy, we rede ne conventional problem de nitions, including graph
generation and transfer learning, to be aware of the proprietary and privacy-restricted
nature of real-world graphs. Finally, | proposed a new multimodal graph learning
algorithm that is built on unimodal foundation models and generates content based on
multimodal neighbor information.

As the data collected by humanity increases in scale and diversity, the relationships
among individual elements increase quadratically in scale and complexity. By mak-
ing DLG more scalble, privacy-certi ed, and multimodal, we hope to enable better
processing of these relationships and positively impact a wide array of domains.
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Chapter 1

Introduction

Amidst the recent successes in computer vision and natural language processing, a critical aspect of
real-world data—relational information—remains underexplored in Al models. Traditional models
primarily process single data entities, such as an image or a sentence, individually during training
and inference. In contrast, many real-world applications inherently involve data with rich relational
structures, naturally represented as graphs, where nodes symbolize data entities and edges encode
relationships among them. Understanding each data entity within a graph provides a holistic view
of how it is relevant/related to other entities. For instance, in e-commerce, a product's context is
discerned not just through its description but through its neighbor nodes in an e-commerce graph
that incorporates user reviews, merchant information, or co-purchased products.

Deep Learning on Graphs (DLG)has proposed various Deep Learning methodologies to learn
effective representations for node, edge, subgraph, and graph by capturing the underlying inductive
biases on graph£0, 75. DLG has broken grounds across various domains, from traditional graph
applications such as product/friend recommendations in e-commerce/social pla88rmad,
misinformation detection on social networkH)], and fraud detection in nancial transaction
networks [L56 to newly introduced graph applications, including ETA prediction in navigation
applications 29], pandemic forecasting in epidemiolog22 117, and drug development in
biology [70].

1.1 Challenges

DLG aims to learn from this interconnected world and improve understanding of each data entity

using graph structures and neighboring information. However, when we try to realize DLG in

practice, we face notable challenges arising from the characteristics of real-world graphs.

* Diversity: As graphs can be built on any domain that has interactions among entities, real-world
graphs are diverse, from e-commerce graphs to knowledge graphs. These diverse graphs require
different optimal hyperparameter sets for each DLG algorithms.

* Scale: Scales of real-world graphs keep increasing to billions or trillions with un Itered noise.
This requires redundant graph sampling/noise ltering in advance of DLG to be realized in
applications.

* Privacy: The rise of privacy concerns and the enactment of relevant laws have constrained the
sharing of real-world graphs derived from various industries. This introduces unprecedented
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challenges to DLG research, including restricted access to graph datasets of interest and disrupted
research assumptions regarding accessibility to external graphs.

* Multimodality: The advent of single-modal foundation models in language and vision elds
has catalyzed the assembly of diverse modalities across domains, resulting in the formulation
of multimodal graphs with diverse modalities on nodes and edges. Learning from multimodal
graphs while exploiting the potent generative capabilities of each modality's foundation models is
an open question in DLG.

Due to these challenges, an array of DLG research could not fully deliver their impact shown in the

academic setting to newly emerged graphs in the industrial setting.

1.2 Contributions

Given the above four challenges hyperparameter tuning, scalability, privacy, multimodalty

that hamper the broad adoption of DLG to real-world applications, | de ne new problems that

pave new ways to solve these challenges and propose practical solutions that can be deployable on

real-world graphs.

¢ Automation: To democratize DLG for practitioners by removing redundant works, | automate
neural architecture search (i.e., hyperparameter tuning) and nd the optimal message-passing
algorithms given a graph, a task, and a resource budget (Chapter 3).

* Scalability: Instead of using the full neighborhoods given in the original graphs, | sample
neighbors for each node to regulate the computation cost of DLG algorithms. | adaptively
sample neighbors that are informative for a given task, ltering out noisy neighbors automatically
(Chapter 4).

* Privacy: Instead of resorting to external (likely to be proprietary) graphs, | propose new transfer
learning that transfers knowledge within a fully-owned heterogeneous graph, avoiding any access
to external graphs (Chapter 5). Additionally, | de ne a novel graph generation problem that
generates substitute graphs following distributions of proprietary graphs in a privacy-enhanced
way and diversify benchmark graphs for DLG research (Chapter 6).

* Multimodality: | proposed a new multimodal graph learning algorithm that is built on unimodal
foundation models and generates content based on multimodal neighbor information. This
paradigm holds potential as a foundational approach for applications necessitating intricate
multimodal data processing, including decision-making, planning, and recommendation systems
(Chapter 7).

Based on this array of works, we help DLG to be easily applied to broader domains, thus bringing a

larger impact to the real world.

1.3 Thesis Organization

The rest of the thesis proposal is organized as follows. See Table 1.1 for the main problems of each
chapter in the form of questions. In Chapter 2, we give preliminaries on different types of graphs,
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graph convolutional networks, and an end-to-end pipeline for DLG. In Chapter 3, we present our
work on the automation of DLG hyperparameter search. In Chapters 4, 5 and 6, we present our
work on scalable and privacy-enhanced modeling. In Chapter 7, we present our work on multimodal
graph learning using pretrained foundation models. Finally, in Chapter 8, we provide conclusions
and discuss future research directions.

Table 1.1:0rganization of the thesis.

Challenge | Research Problem | Chapter
Diversity How can we nd the optimal hyperparameter sets for diver§e
types of real-world graphs automatically?
Scalability How can we process large-scale graphs with noise 4
Privacy How can we learn on proprietary graphs without breachiig 6
privacy?
Multimodality How can we learn on multimodal graphs while exploiting
each modality's foundation models?







Chapter 2

Background

In this chapter, we introduce some key concepts and notations that are used throughout this thesis.
The notations are also listed in Table 2.1, which is at the end of this chapter.

2.1 Graph-related Concepts and Notations

Homogeneous graphslenote graphs composed of nodes and edges of the same type/modality.
When we state a graph without any additional adjective, it commonly denotes homogeneous
graphs. Most of the recent DLG models consume either 1) one single large-scale graph or 2) a
set of small/medium-scale graphs. Denotidg (V; E) a graph withn nodesv; 2 V and edges

(vi;Vv;) 2 E, each graph is given with three components as follows:

* Adjacency matrix A = (a(vi;Vvj)) 2 R" " wherea(v;; v;) is set tol when there is an edge from
v; tov;, otherwise0.

* Node attribute matrix X 2 R" 9 wherex; denotes the-dimensional attribute vector of.

* Node label matrix Y 2 R" wherey; denotes the label of.

Sometimes, instead of node labels, a single graph label is provided for each graph (e.g., molecule
graphs). However, in this thesis, we focus on graphs with node labels.
Heterogeneous graphsnodel the relational data of multi-modal systems. Formally, a heterogeneous
graphisde ned a&s= (V;E; T;R) where:
* Node setV consisting of nodes if®.
* Edge setE consisting of ordered tupless := (i;j) withi;j 2 V, wheree; 2 E iff an edge

exists fromi to .

* Node type sefl with associated map:V 7! T .

* Relation type setR with associated map: E 7! R.

This exible formulation allows directed multi-type edges. Similarly to homogeneous graphs, we

additionally assume the existence of node attributes and labels as follows:

* A set of node attribute matricesfX : t 2 T g whereX; is a node attribute matrix speci c to
nodes of typé and a node attribute vectyr 2 X () for eachi 2 V.

* A set of node label matricedY : t 2 T g whereY;, is a node label matrix speci c to nodes of
typet and a node labsf 2Y ;) foreachi 2 V.
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Note that the data modality of each node type is not necessarily exclusive (e.g., two node types
can share either the same or different attribute spaces).

2.2 Graph Neural Networks

First, we brie y review Graph Convolutional Networks (GCNS)9, one of the most popular

DLG algorithms, which is also repeatedly mentioned throughout this thesis. GCNs stack layers
of rst-order spectral Iters followed by nonlinear activation functions to learn node embeddings.
Whenhi(') denotes the hidden embeddings of nedim thel-th layer, the simple and general form

of GCNs is as follows:

X
hi'™ = (Wli) a(vi;v)h'W®); 1=0;::55L 1 (2.1)
j=1

wheren(i) = P i, a(vi;v)) isthe degree of node; () is anonlinear functioriv @ 2 R &
is the learnable transformation matrix in thth layer withd®) denoting the hidden dimension at
thel-th Iayer.hi(o) is set with the input node attribuig. The last layer embeddingé” are then
fed into the downstream task.

GCNs require the full expansion of neighborhoods across layers, leading to high computation
and memory costs. To circumvent this issue, GraphSafgeaflds sampling operations to GCNSs to
regulate the size of neighborhood. We rst recast Equation 2.1 as follows:

™ = W el 1205050 1 (2.2)

where we combine the transformation mat¥" into the activation function ) () for conci-
a(vi;vj)

sion; p(j ji) = =7~ de nes the probability of sampling; givenvi. Then we approximate the
expectation by Monte-Carlo sampling as follows:

1 X
h{*™ = W(')(g hj(')); l=0;:::;L 1 (2.3)
iop(in
wheres is the number of sampled neighbors for each node. Now, we can regulate the size of
neighborhood using, in other words, the computational footprint for each minibatch.

2.3 Heterogeneous Graph Neural Networks

We brie y describe heterogeneous graph neural networks (HGNN) models that extend GNN to apply
on heterogeneous graphs. MPNN (message passing neural netw@ks)driginally designed for
homogeneous graphs. We extend MPNN to process heterogeneous graphs by adding projection
matrices that project input attributes of different node types into the same feature space before
running the original MPNN. R-GCN125 extends MPNN by specializing message matrices in each
edge type, while HMPNN specializes all transformation and message matrices in each node/edge
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Figure 2.1:DLG pipeline. DLG can be decomposed into data, representation, and application layers.

type in MPNN. HGT p5] extends HMPNN by adding attention modules. The attention modules
have node-type-speci ¢ key/query projection matrices and edge-type-speci ¢ key-query similarity
matrices, following the transformer architecture. HAN§ is a meta-path-based model who
specializes parameters in each meta-path. HAN exploits meta-path-speci c attention modules to
aggregate features of neighboring nodes connected by each meta-path. Then HAN aggregates
embeddings of different meta-paths with semantic-level attention modules. MAG@]i [another
meta-path-based HGNN model. MAGNN aggregates features of all nearby nodes sitting on each
meta-path using intra-meta-path attention modules. Then MAGNN aggregates features of different
meta-paths using inter-meta-path attention modules.

2.4 Graph Neural Networks on Multimodal Graphs

Heterogeneous Graph Neural Networks (HGNNSs) extend Graph Neural Networks (GMNISs) [

to learn from multimodal heterogeneous graphs. This is done through precomputing input node
embeddings using frozen encoders, and training the GNN to map different modality embeddings
either at the input layerlpY, intermediate §5], or late layers 187. However, most HGNN
models focus on node classi cation, and are dif cult to adapt for generative tasks. Recently,
various approaches have been proposed to ne-tune Large Language Models (LLMs) with GNNs
on text-attributed graph26, 57, 196. These methods specialize in node/edge classi cation tasks
by putting GNN models after LLMs, making them dif cult to adapt for use in generative tasks.

2.5 End-to-End Pipeline in Deep Learning on Graphs (DLG)

A broad array of problems are studied in DLG, including graph generative models, graph sampling
strategies, or node/edge/graph embedding algorithms. These diverse problem domains could puzzle
practitioners with questions like “How are those problems related to each other? How could | use
them together?”. Here, we dissect an end-to-end pipeline of DLG and introduce where our proposed
methods are located in the pipeline.

The DLG pipeline receives noisy graphs or unstructured data and outputs interesting patterns
hidden in the graphs to solve real-world problems, including clustering, classi cation, recommenda-
tion, and anomaly detection. As shown in Figure 2.1, we dissect this pipeline into three layers, data
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layer, representation layer, and application layer, as follows:

* Data layer: We generate graphs from users' unstructured data or generate synthetic graphs
following distributions of any source graphs. We also improve a given graph by ltering noisy
edges. Importance neighborhood sampling described in Chapter 4 and graph generation models
described in Chapter 6 belong to the data layer.

* Representation layer We assign scores or embeddings to nodes/edges/subgraphs that encode the
graph structure. Chapter 3 describes how to nd the optimal representation learning algorithms
under the message-passing framework. Chapter 5 describes how to transfer a representation
learning model trained on one node type to another node type with different modalities. Chapter 7
presents how to encode multimodal graph context into sequences of node embeddings.

* Application layer: We extract patterns from the representations, as required by the users'
application (e.g., classify nodes with high scores as anomalies).

| have also conducted several works in the representation and application layers during my Ph.D.

studies, which are excluded from this thesis. In the representation layer, we proposed robust

representation learning based on a low-pass message-passing mechafjsin fhe application

layer, we proposedl[/7] and [18( to detect anomalies on static and dynamic graphs, respectively,

using Personalized PageRank scores. We also proposed to track edge statistics and detect anomalies

on streaming graphs[12].



Chapter 3

Automation

The pervasiveness of graphs today has raised the demand for algorithms to answer various questions:
Which products would a user like to purchase given her order list? Which users are buying fake
followers? Myriads of new graph algorithms are proposed every year to answer such questions
— each with a distinct problem formulation, computational time, and memory footprint. This
lack of unity makes it dif cult for practitioners to compare different algorithms and pick the most
suitable one for their application. These challenges create a gap in which state-of-the-art techniques
developed in academia fail to be optimally deployed in real-world applications.

To bridge this gap, we propogeuToGM, an automated system for graph mining algorithm
development. We rst de ne a uni ed frameworkINIFIEDGM for message-passing-based graph
algorithms.UNIFIEDGM de nes a search space in which ve parameters are required to determine a
graph algorithm. Under this search spage;ToGM explicitly optimizes for the optimal parameter
set ofUNIFIEDGM using Bayesian Optimizatio®uTOGM de nes a novel budget-aware objective
function for the optimization to nd the best speed-accuracy trade-off in algorithms under a
computation budget. On various real-world datas&tstoGM generates novel graph algorithms
with the best speed/accuracy trade-off compared to existing models with heuristic parameters.

3.1 Motivation

Many real-world problems are naturally modeled using graphs: who-buys-which-products in online
marketplacesl80, who-follows-whom in social networkslLO, 179, and protein relationships in
biological networks 16, 153. Graph mining provides solutions to practical problems such as clas-
si cation of web documents][74, 187, clustering in market segmentatiobd7], recommendation

in streaming services [11], and fraud detection in banking [32, 104].

A dizzying array of new graph mining algorithms is introduced every year to solve these
real-world problems, giving rise to the question: Which algorithm should we choose for a speci c
application? Graph mining algorithms designed to solve the same task often have distinct conceptual
formulations. Concretely, to estimate the similarity between two nodes — in social recommender
systems for example — classical graph mining algorithms (like Personalized PagéRaokjpute
similarity scores by iterating a closed-form expression, while graph neural network algoritleé@s [

rst learn node embeddings using deep learning, then estimate similarity scores with a distance
metric in this embedding space. This lack of unity makes it hard for practitioners to determine
which aspect of a method contributes to differences in computation time, accuracy, and memory
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footprint — signi cantly complicating the choice of the algorithm. Currently, selecting a graph
mining algorithm suitable for a speci ¢ task among dozens of candidates is a resource-intensive
process requiring expert experience and brute-force search.

To mitigate the cost and complexity of the algorithm selection process, the machine learning
community has developed AutoM[Z2, 95 — which automates the process of algorithm selection
and hyperparameter optimization. The success of AutoML depends on the size of the search space:
it should be small enough to be tractable in a reasonable amount of time. However, AutoML
techniques cannot be directly applied to graph mining because the hyperparameter search space is
not even de ned due to the lack of unity among graph mining algorithms.

(a) Accuracy constraints on the Citeseer dataset (b) Time constraints on the Citeseer dataset

Figure 3.1:AuTOoGM nds novel graph algorithms with the best accuracy/inference time trade-off on

the node classi cation task.(a) Given three accuracy lower bounds (i®58; 0:63; 0:68), AUTOGM gener-

ates three novel graph algorithms minimizing inference time. (b) Given three inference time upper bounds
(i.e.,0:004 0:01; 0:1 seconds), ATOGM generates three novel graph algorithms maximizing accuracy.

Hence, in this paper, we rst unify various graph mining algorithms undet&urIEDGM
framework, then propose an automated system for graph algorithm develogreaic M. We
target graph algorithms that pass messages — propagate scores in the PageRank terminology [78,
110 — along edges to summarize the graph structure into nodes statigtiecsl EDGM manipulates
ve parameters of the message passing mechanism: the dimension of the communicated messages,
the number of neighbors to communicate with (width), the number of steps to communicate for
(length), the nonlinearity of the communication, and the message aggregation strategy. Different
parameter settings yield novel graph algorithms, as well as existing algorithms, ranging from
conventional graph mining algorithms (like PageRank) to graph neural networks.

Additionally, we introducdJNIFIEDGM-EXT that extend$JNIFIEDGM to embrace various
attention and sampling methodologies in the message aggregation step. Recently, graph neural
networks have adopted attention and importance sampling methodologies to improve their per-
formance and scalability. The attention methodology computes importance/relevance scores of
each neighbor with regard to a source node, then uses those scores as weights when we aggregate
messages from the neighbors. Importance sampling goes one step further from attention and samples
only neighbors with high relevance scores. By extendingrIEDGM to embrace attention and
importance sampling concepts, we can apply techniques used by graph neural networks to the
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conventional graph mining eld.

Based orlUNIFIEDGM (andUNIFIEDGM-EXT), we propose an automated system for graph
algorithm developmenAuToGM. AUTOGM leverages the parameter search space de ned in
UNIFIEDGM to address a practical problem: given a real-world scenario, what is the graph mining
algorithm with the best speed/accuracy trade-off? In real-world scenarios, practitioners optimize
performance under a computational buddg, P0]. AuTOoGM de nes a novel budget-aware
objective function capturing the speed/accuracy trade-off, then maximizes the objective function to
nd the optimal parameter set & NIFIEDGM, resulting in a novel graph mining algorithm tailored
for the given scenario.

The goal of our work is to empower practitioners without much expertise in graph mining to
deploy algorithms tailored to their speci ¢ scenarios. The main contributions of this paper are as
follows:

* Uni cation: UNIFIEDGM uni es various message-passing based graph algorithms as instantia-
tions of a message-passing framework with ve parameters: dimension, width, length, nonlinearity,
and aggregation strategyNIFIEDGM-EXT extenddUNIFIEDGM with attention and sampling
options in the message aggregation step.

* Design space for graph mining algorithms:UNIFIEDGM provides the parameter search space
necessary to automate graph mining algorithm development.

¢ Automation: AuTOGM is an automated system for graph mining algorithm development. Based
on the search space de ned IWIFIEDGM, AUTOGM nds the optimal graph algorithm using
Bayesian optimization.

* Budget awareness AUTOGM maximizes accuracy of an algorithm under a computational time
budget, or minimizes the computational time of an algorithm under a lower bound constraint on
accuracy.

* Effectiveness: AUTOGM nds novel graph mining algorithms with the best speed/accuracy
trade-off compared to existing models with heuristic parameters (Figure 3.1).

Table 3.1 gives a list of symbols and de nitions.
Reproducibility : Our code is publicly available

3.2 Unied Graph Mining Framework

In this section, we rst motivate the message passing scheme (Section 3.2.1). We then propose
our uni ed frameworkUNIFIEDGM (Section 3.2.2), explain how existing algorithms t in the
framework (Section 3.2.3), and further analyze hdwiFIEDGM bridges the conceptual gap
between conventional graph mining and graph neural networks (Section 3.2.4). Finally, we outline
how to choose parameters ofNWIEDGM given a speci ¢ scenario (Section 3.2.5).

https://github.com/minjiyoon/ICDM20-AutoGM
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Table 3.1:Commonly used notation in AUTOGM.

Symbol De nition

G input graph
n;m  numbers of nodes and edge<3n
A (n n) binary adjacency matrix
do dimension of input feature vectors
d dimension of communicated messages
k number of message passing steps
w number of neighbors sampled per node
I binary indicator for nonlinearity
a categorical aggregation strategy
Xo (n  dp) input feature vectors
X (n  d)i-th layer message vectofis= 1 :::Kk)
W, (dg d) 1stlayer transformation matrix
W, (d d)i-th layer transformation matrix
(i =2:::k)
ReLU(x) if | = True
(x) :
X otherwise

3.2.1 Message Passing

A goal common to many graph mining algorithms is to answer queries at the node level (e.g.,
node clustering, classi cation, or recommendation) based on global graph information (e.g., edge
structure and feature information from other nodes). To transmit the information necessary to
answer such queries, in classical graph mining algorithms, nmdeagate scalar scores tbeir
neighbors, while in graph neural networks, nodggregate feature vectors frotneir neighbors. In

short, both families of algorithms pass messages among neighbors: scalars or vectors, inbound or
outbound. The intuition behind these message passing algorithms is that whatever the task at hand,
connectivity/locality matters: connected/nearby nodes are more similar (clustering), informative
(classi cation), or relevant (recommendation) to each other than disconnected/distant nodes. Our
uni ed framework targets graph algorithms that use the message passing mechanism.

3.2.2 WNIFIED GM

We propose a uni ed framewordNIFIEDGM for graph mining algorithms that employ the message

passing scheme. UFIEDGM de nes the message passing mechanism based on ve parameters:

* Dimensiond 2 Z. o of passed messagesdiE 1, messages are scalar scores, otherwise they are
d-dimensional embedding vectors.

* Width w2 Z[f 1gdecides the number of neighbors each node communicates with= If 1,
nodes communicate with all their neighbors.
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Figure 3.2:Uni ed Graph Mining framework. UNIFIEDGM de nes the message passing mechanism
based on ve parameters: the dimensthdengthk, widthw, nonlinearityl, and aggregation strategy

* Length k 2 Z decides the number of message passing steps.

* Nonlinearity | 2 f True Falsey decides whether to use nonlinearities in the message passing or
not.

* Aggregation strategya decides if a node sends a message to itself and how to normalize the sum
of incoming messages.
Figure 3.2 shows how each parameter regulates message passing NrFIEDG M.

The input ofUNIFIEDGM is a graphG = (V; E) and a matrixX of size(n  dy) containing
do-dimensional initial node statistics for allnodes — either scalar scores or feature vectors. Note
thatd, could be different frond, the dimension of the passed messages. The outptigiEDGM
is a set ofd-dimensional node embeddings. These embeddings contain information from the node's
neighborhood and can be exploited in an output layer which is specialized to a given application
(e.g., a logistic regression for node classi cation.)

Algorithm 1 outlines howUNIFIEDGM passes messages across a graph based on a set of
ve parametersd; k; w; l;a). UNIFIEDGM rst initializes node statistics (line 1), then iteratively
passes messages among neighboring nlbdeses. In the -th message passing stépNIFIEDGM
randomly samplew neighbors to communicate with for each node (line 3) and aggregates mes-
sages from sampled neighbors with a strategy decided by the paranflters 4 and 5). Then
UNIFIEDGM transforms the aggregated messages linearly with a matriiine 6) and nally
passes them through a functiordecided by the parametk(line 7).

Let us explain in further detail the neighbor sampling and message aggregation steps. Neighbor
sampling (line 3) can be expressed as generating a matgx, = Sampl€A) by randomly
zeroing out entries of the binary adjacency matkix Message aggregation (lines 4 and 5) is
de ned by the aggregation strategy?2 {SA, SS, SN, NA, NS, NN}. The rst letter in {S, N}
determines whether a node sends a message to itself or not (Self-loop or No-self-loop). The second
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Algorithm 1: UNIFIEDGM Algorithm
Require: initial node statisticX g, binary adjacency matrif
Ensure: node embeddingX «
1: Initialize node statisticX g
2: for message passingstep 1;i k;i++do
3:  Sample neighbors for each nodesamp  Sampl€A)

4:  Generate aggregation matrikagg  Aggregat€Asamp
5:  Aggregate messages AageXi 1
6:  Multiply with transformation matrixX; XiW(

. . ReLU (X;) if I = True
7:  Pass through nonlinear functioX; (Xji) = ( ')_

X otherwise

8: end for
9: return Xy

letter in {A, S, N} determines how to normalize the sum of incoming messages (Asymmetric,
Symmetric, or No-normalization). Each aggregation strageggsults in an aggregation matrix
Aagg = Aggregat€Asamy, explained in Table 3.2. Multiplying messages ; from the previous
step by the matriX 53¢ COrresponds to aggregating messages from neighboring nodes.

Lettingf; denote theth layer of message passing, we can summasigeciIEDGM as follows:

Asamp= Sampl¢A)
Aagg = AggregatéAsamp
Xk =Xk 1) = (AageXk 1Wk)
= fu(fk 1(:::1(X0)))

Xoisthe o dy) matrix of initial statistic vectorsX; is the i d) matrix of statistic vectors at
stepi for (i =1:::k). Wy andW; ared, d)and d d)transformation matrices respectively
(i=2:::k).

3.2.3 Reproduction of Existing Algorithms

In this section, we introduce the most popular graph mining algorithms exploiting the message
passing scheme and show how they can be presented UndeeDGM. Table 3.3 shows how

to set initial node statistics and paramet@k; w; I; a) of UNIFIEDGM to reproduce the original
graph algorithms.

PageRank[11( scores nodes in a graph based on their global relevance/importance, and was
initially used by Google for webpage recommendation. PageRank initializasnhaltles in the
graph with a score o% Then, every node iteratively propagates its score across the graph with a
decay coef cient0 < ¢ < 1to ensure convergence. UndegnIFIEDGM, PageRank propagates
scalar scored(= 1) to all neighbors\W = 1) with no nonlinear unitl(= Falsg until scores have
convergedK = 1 ), and aggregates messages with no self-loop and asymmetric normalization (
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Table 3.2:Various aggregation strategies inJNIFIED GM. The aggregation strategydecides if a node

sends a message to itself or not (Self-loop or No-self-loop) and how to normalize the sum of incoming
messages (Asymmetric, Symmetric, or No-normalization). Each combination corresponds to an aggregation
matrix Aagg = AggregatéA) in the table. Notationn is the numbegof nodes in a graphjsa (@ n)

binary adjacency matrbD isa (@  n) diagonal matrix wher®; = ; Aj, andl, is an identity matrix
of sizen.
| Self-loop (S) No-self-loop (N)
Asymmetric (A) D Y(A+1,) D A
Symmetric (S) D ¥’(A+1,D ¥ D ¥AD 172
No-normalization (N)| (A + I,) A

NA). Note that thgd d) transformation matrixV in UNIFIEDGM becomes a scalar value and
corresponds to the decay coef cient

Personalized PageRankKPPR) [6] andRandom Walk with Restart (RWR) [178, 179] build
on PageRank to estimate the relevance of nodes in the perspective of a speci ¢ set of seed nodes
thus enable personalized recommendation. UktdeFIEDGM, the only difference of PPR/RWR
from PageRank is the initial node scores: RWR/PPR place varying positive scores on the set of seed
nodes and zero scores on others. PPR/RWR have the samddgk;af; |; a) as PageRank.

Pixie [35], introduced by Pinterest, complements the ideas of PPR and RWR with neighbor
sampling to deal with billions of nodes in real-time. Pixie xes the number of message passing
operations and stays within a computation budget. To reproduce this UnaleleDGM, Pixie
xes the product ofk andw to a constant number (e.@;,000from [35]): afterk is sampledw
is decided ag¥®. Pixie has the same initial node statistics and parantetet ;| = False and
a = NA with PPR/RWR.

Graph Convolutional Networks (GCNs) [75] are a variant of Convolutional Neural Networks
that operates directly on graphs. GCNs stack layers of rst-order spectral Iters followed by a
nonlinear activation function to learn node embeddings. UhdaFIEDGM, given node feature
vectors as initial node statistics, GCN passes message vetto®4() to all neighbors\W = 1)
with nonlinear unitsl(= True) across two-layered networkks € 2) and aggregates messages with
a self-loop and symmetric normalizatiom€ SS).

GraphSAGE [55] extends GCN with neighbor sampling. GraphSage with a mean aggregator
averages statistics of a node and its sampled neighbors. UnderebGM, GraphSAGE-mean
has the same parameters as GCN exeephda. GraphSAGE-mean samples a xed number of
neighbors to communicate witkv(= 25) and normalizes the aggregated messages asymmetrically
(a= SA).

Simplied GCN (SGCN) [167 reduces the excess complexity of GCN by removing the nonlin-
earities between GCN layers and collapsing the resulting function into a single linear transformation.
With fewer parameters to train, SGCN is computationally more ef cient than GCN but shows
comparable performance on various tasks. UndleiriIEDGM, SGCN has the same parameters
with GCN except. SGCN does not use any nonlinear uhit(False).

Table 3.3 presents the original message passing equations of the existing graph algorithms.
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Those equations can be fully reproduced from Algorithm 1 with the proper inital node statistics and
parameter sets listed in Table 3.3.

Here, we introduce two more graph algorithms that are uni ed uhtdeFIEDGM with slight
modi cations: K-cores 143 and Belief Propagationlfl4 — two of the most popular graph
mining algorithms. Although these algorithms do not contain trainable parameters and thus do not
bene t from AuTOGM, they t under UNIFIEDGM's message-passing framework. This shows that
UNIFIEDGM is general enough to cover various graph mining algorithms.

* K-core [143 is the maximal subgraph in which every node is adjacent to at keastlies. The
most straightforward algorithm to compute k-cores is the so-called "shaving" metBad [
repeatedly deleting nodes with a degree less than k until no such node is left. The shaving method
is presented in an iterative equation as follows:

Xke1 = (AkXk k1)

wherexy is an indicator vector fok-cores where(i) is 1 wheni-th node is part ok-cores,
otherwise set t®; Ay is the binary adjacency matrix where only edges amqifg = 1 are set
to 1, otherwised. When we multiplyAx with x,, the output vector contains the degree of each
node ink-cores. (x) is a nonlinear operation wherg¢x) = 1 whenx > Oelse (x) =0. In
AxXx kI, only nodes whose degree is higher thkalnave positive values. Thus, by passing
AXx kIto (x),we outputxy.;, the indicator vector fok + 1-cores. UndetJNIFIEDGM, k-
cores propagates scalar scorgs (1) to all neighbors\y = 1) with a nonlinear unitl(= True)

k times, and aggregates messages with no self-loop and no normalizatioN [\l ). The slight
modi cations toUNIFIEDGM are that the adjacency matricg&s are iteratively updated, and we
perform a subtraction operation k) instead of the transformation operatioi'J. Note that the
(d d) transformation matri¥V in UNIFIEDGM becomes the constant vallie

* Belief Propagation(BP) [114] calculates the marginal belief distribution for unobserved nodes,
conditional on any observed nodes' belief. FastBH [s one of the most widely used approxima-
tion algorithms for BP. While BP does not guarantee convergence, FastBP provides convergence
in addition to speed and accuracy improvement. FastBP linearizes BP as follows:

[l + a(D bOA]X = BP

wherel; D, andA denotesy  n identity, diagonal, and adjacency matrices, respectia@lgnd
I are hyperparameters decided by the BP propagation matisxthe nal belief vector and gp
is the prior beliefs. The equation is presented in an iteration equation as follows:

X = [boA a(D]X+ BP

This iteration equation has the same form as PageRank. WhadereDGM, the only difference
between FastBP and PageRank is the initial node scores and the aggregation strategy: FastBP sets
the initial node scoreX o with the prior beliefs gp and does not normalize the aggregation but

adds self-loop with coef cientss®  IPA). FastBP has the same set of paramedyk; w; |) as
PageRank.
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3.2.4 Conventional GM vs. GNNs

As shown, conventional graph algorithms (e.g., PPR, RWR, Pixie) and recent GNNs are uni ed
underUNIFIEDGM. However, before this work, these algorithms were not analyzed in the same
framework. What has prevented them from being combined? Two main differences — the use of
node feature information and trainability — are the culprits. While GNNs exploit additional node
feature information and labels with semi-supervised learning, conventional graph algorithms do not.
We analyze this apparent gap and show hawRIEDGM reconciles both families of algorithms.

Node feature information: Conventional graph algorithms do not exploit node features, but
instead, choose a set of seed nodes to initialize with scores suitable for a given application. Under
UNIFIEDGM, these algorithms are also applicable with node features by maintaining the same
values for parametefsl = 1; k; w; [; @), but setting initial input dimensiod, to be the input feature
dimension and using &st layer tranformation matriX/; of size(dy 1). This would yield a new
version of PageRank or PPR that exploits feature information.

Semi-supervised learning: In GNNSs, the transformation matriw is trained with semi-
supervised learning using node labels. On the other hand, conventional graph algorithms do not have
a training phase in advance of an inference phase. However, conventional algorithms are trainable:
the decay coef cient in PageRank, PPR, and RWR corresponds t¢lan 1) transformation
matrix W underUNIFIEDGM. Because of its low dimension, tfig 1) transformation matrix
could be set heuristically (e.gz= 0:85in PageRank). But we could use label information to train
this(1 1) matrix W with gradient descent as we train it in GNNSs.

In our experiments, we show how to train conventional algorithms (PageRank and Pixie) with
feature information.

3.2.5 Parameter Selection

We explain the effects of parameteds K; w; |; a) on the performance of graph algorithms and how
to choose the proper parameters by illustrating the existing algorithm design.

* Dimensiond: High dimensions of messages enrich the expressiveness of graph algorithms by
sacri cing speed. If an application prioritizes fast and simple algorithms, scalar messages (e.g.,
d = 1 in Pixie) are suitable. In contrast, when applications prioritize rich expressiveness of
messages and accuracy, high dimensional vectors e=g64 in GNNS) are more appropriate.

* Length k: By deciding the number of message passing stepegulates the size of neighborhoods
where a graph algorithm assumes locality — where nearby nodes are considered informative. For
instance, GCNs assume that a small neighborhood is reldvan® j. However, when there are
label sparsity issues, GNNs propagate toward large scéped | to transmit label information
from distant nodes. Lardgeresults in a long computation time but does not guarantee a high
accuracy.

* Width w: Largew lets algorithms aggregate information from more neighbors, leading to a
possible increase in accuracy. At the same time, largequires more message passing operations,
resulting in longer computation time. In graphs with billions of nodes, like the Pinterest social
network, smallv is necessary to answer queries in real-time (as done by Pixie).
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* Nonlinearity |: Nonlinearities enhance the expressiveness of graph algorithms at the cost of
speed. They are suitable for anomaly detection systems that require high accuracy (e.g., GNNs
for infection detection in medical applications). In contrast, omitting nonlinearity is appropriate
for fast recommender systems in social networks (e.g., Pixie in Pinterest).

* Aggregation strategya: The self-loop decides whether a node processes its own embedding dur-
ing message passing. GNNs include a self-loop to complement a node's features with information
from its neighborhood. Conversely, PageRank and RWR do not include a self-loop as they want
to spread information from a source node to the rest of the graph to gure out the graph structure.
Normalization prevents numerical instabilities and exploding/vanishing gradients in GNNs.

In our experiments, we explore how the ve parameters affect the performance of graph algorithms
empirically.

3.3 Extended Uni edGM

We introduceJNIFIEDGM-EXT that extends the message-aggregation stejnimiEDGM with two
additional building blocks: attention and importance sampling. Recently, graph neural networks have
been improved in various ways to improve their performance and scalability. These improvements
focus on the aggregation step in the message passing mechanism. In the original form of the
message passing mechanism, nodes pass/receive messages uniformly from their directly connected
neighbors, assuming that these neighbors are informative. Questions have been raised about this
assumption: are all neighbors informative enough to communicate with? In real-world graphs,
few connections are made by mistake, and some are valid only for a speci c application. For
instance, in member-to-member networks in LinkedIn, connections could be made not only among
colleagues but also among personal friends and families. When we apply the message passing
mechanism on the LinkedIn network to make job recommendations, we aggregate information
not only from the colleagues who are crucial information for the job recommendation task, but
also from personal friends and families who are from different areas and often irrelevant. The
motivations are summarized as follows: which neighbors are informative to pass/receive messages?
and how trustworthy are they?

Attention and importance sampling methodologies are proposed on graph neural networks
to handle these problems. The attention-based GNNs compute importance/relevance scores of
each neighbor with regard to a source node, then use those scores as weights when they aggregate
messages from the neighbors and compute a weighted sum of the aggregated messages. Importance
sampling goes one step further from attention and samples only neighbors with high relevance
scores. Importance sampling does not only handle different importance scores among neighbors,
but also solves scalability issues by reducing the size of graphs through sampling.

As we described in Section 3.24NIFIEDGM uni es the conventional graph mining algorithms
and graph neural networks. By extendibgliiFIEDGM to embrace attention and importance
sampling concepts)NIFIEDGM-EXT allows applying techniques used by graph neural networks to
the conventional graph mining eld. To adopt attention intalBIEDGM-EXT, we add additional
options to the aggregation paramegerTo apply importance sampling ddNIFIEDGM-EXT,
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Figure 3.3:Attention module in UNIFIED GM. UNIFIEDGM computes attention between a source node
A and its neighbors based on their relevance to nddéJnrelated or adversarial neighbors have small
attentions.

we add a new parametstthat decides the sampling strategy. The following section shows how
UNIFIEDGM-EXT embraces the concepts of attention and importance sampling concretely.

3.3.1 Attention

Graph attention networks (GAT155 is the rst attention-based graph neural network model. It
estimates the relevance between a source node and its neighbors using their hidden embeddings.
Then the computed relevance scores (attentions) are used as weights in a weighted sum in the
aggregation step. How to estimate relevance between two nodes or how to design the attention
model varies across different methodlnIFIEDGM-EXT extends the aggregation parametevith

new options: concatenation-based attention, dot-product-based attention, and low-pass attention.
We describe how each attention model works underAtEDGM-EXT.

* Concatenation-based attentiorproposed in [155] computes a relevance scqf€ j ) between
nodei andj at thel-th layer as follows:

(@ [Mi(D)jjhi()D)
engy (@a  [Mi(D)ijhi(k)])

whereay; denotes 41  2d) learnable parameter(x) = exp(LeakyReLU(x)) is a nonlinear

operation for attention computatioh,(i) = x,;(k)W, denotes hidden embedding of node
at thel-th layer after multiplying with the transformation mati¥,;, andN (i) denotes the
neighbors of node Since we concatenate the hidden embeddifig&)jjh;(j )])), we name it

as a concatenation-based attention model. Then we aggregate mebgag@esdm neighbors

using the computed attention(i;j ) as follows:

()= P

X
v (1) = ( 1HPLI(D)

12N (D)
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where (x) is the operation decided by the nonlinearity parameterUNIFIEDGM (refer to
Table 3.1). Therx,.; is used agl + 1) -th layer hidden embeddings.

* Dotproduct-based attentioncalculates a relevance scorgi; | ) between nodeandj as follows:

(Watt hI (') Watt hI (J ))

riY= P
(i) ong (Warhi(i) Waghi(K))

whereW,; denotes 4d,x  d) learnable parameter which maps hidden embeduliig) from
d-dimensional space i, -dimensional space. On tlug, -dimensional space, we compute the
relevance score between nadendj by dot-producing their hidden embeddings.

* Low-pass attentionreduces the impact of adversarial edge additions/deletions on graphs. To
Iter out adversarial nodes,1b9 introduces a low-pass Iter to GCNs that decrease weights of
neighbors who are excessively different from a source node in the hidden embedding space. They
de ne a low-pass attention as follows:

R

8

2 1(i),)=d ifj 2 N(i)nfig
(B1)= 01 jangyrig 1(G1)=d if ] =

"0 otherwise

whereR > 0is a threshold for controlling the low-pass message passingiandN (i)j denotes

the number of neighbors of node |(i;j ) assigns a weight dE if h,(i) andh,(i) are less thaiR
apart, while gradually reducing the weight as the distance between them ekReddse distant
from the source nodein the embedding space, the neighbor npdas a smaller weight,(i;j ).
Then, the nal attention (i;] ) acts as a low-pass lIter to prevent the source node from being
excessively affected by suspicious neighbors by giving small attentions.

In Section 3.2, the aggregation parameddras six options (NN, NS, NA, SN, SS, SA from
Table 3.2). By merely adding three more options (concatenation, dot product, low- Iter attentions)
to the parametes, UNIFIEDGM-EXT successfully embraces attention-based models.

3.3.2 Importance sampling

In Section 3.2, we introduce uniform samplingimiFIEDGM-EXT where the sampling number

is decided by the sampling parameterWhile uniform sampling resolves high computation and
memory footprints problems by reducing the graph's size, it leads to a possible loss of crucial
information. Uniform sampling does not discriminate informative neighbors from uninformative
ones in the sampling process. Thus it could sample only uninformative or irrelevant neighbors for
aggregation, resulting in low-quality embeddings. To deal with this limitation of uniform sampling,
importance sampling has been adopted in GCNs. Importance sampling samples each neighbor
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(a) Uniform sampling

(b) Importance sampling

Figure 3.4:Various sampling strategies inUNIFIED GM . Uniform sampling samples informative and
uninformative neighbors with an equal probability. It could sample only uninformative or irrelevant neighbors.
On the other hand, importance sampling samples each neighbor following their distinct sampling probabilities,
and the sampling probabilities are computed based on their relevance with regard to a source node.

following their distinct sampling probabilities, and the sampling probabilities are computed based
on their relevance with regard to a source node.

We expandJNIFIEDGM-EXT with new parametes that regulates the message passing mecha-
nism's sampling strategy. The sampling strategy decides 1) how to de ne sampling probabilities,
2) whether the sampling probabilities are learnable or not, and 3) when to sample neighbors.
We describe each component of the sampling strategy and its effect on the sampling process in
UNIFIEDGM-EXT.

* How to de ne sampling probabilities: Sampling probabilityp(j ji) of a neighbor nod¢ given a
source node could be computed individually or by a shared function with other edgesvidual
sampling probabilityp(j ji) is given as a scalar value that is decided ir[gjependently from other
edges’ sampling probabilities. The only requirement is the sum should be,  ;, P(j ji)). The
individual sampling probabilities could be all same (uniform samplip(@ji) = 15N (i)j) or
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proportional to their degree as follows:

ING)I
ken iy IN (K)]

p(ii)= P

whereN (i) denotes the degree of nodelrheshared functiormp(j ji) could have various forms
including the three attention models we described above. Whdigidual sampling probabilities
are intuitive and easy to interpresharedsampling probability functions share a small number of
parameters, thus less likely to be over tted to the training set.

* Learnability of sampling probabilities: The sampling probabilities de ned as either individual
scalar values or a shared function could be set heuristically and xed to the initial values. They
could also be trained by gradient back-propagation. Whelgristicsampling probabilities are
cost-ef cient without additional sampling probability trainingarnablesampling probabilities
are customized to a given application, leading to a performance improvement.

* When to sample neighbors:Static samplinggamples neighbors of each node before the message
passing mechanism. Biatic samplinga set of sampled neighbors is xed during the message
passing mechanism. Thus nodes keep interacting with the same set of their sampled neighbors
in every layer. On the other handynamic samplingamples a new set of neighbors every time
a source node is engaged in the message passing mechanism as described in Algorithm 1. In
dynamic samplingnodes receive/pass messages with a new set of the sampled neighbors at each
layer. Whilestatic samplingeduces the computation time by running the sampling process
only once dynamic samplingncreases accuracy. Randomness indyreamic samplindprings a
regularization effect, which helps with generalization.

In Table 3.4, the sampling parameg=nass (two heuristics and three shared model&)(heuris-
tic/learnable) 2 (static/dynamic¥ 20 options. With the addition of the paramettUNIFIEDG M-

EXT now has six parameterd;(w; k; I; a; s) to de ne a graph mining algorithm based on a message-
passing mechanism. Users decide whether to append new attention options to the paranteter

add a sampling parameteto UNIFIEDGM. This section showetdNIFIEDGM-EXT is general
enough to embrace new approaches with very few modi cations. The following section about an
automated system for graph algorithm development is based on the otigimaEDGM from

Section 3.2. However, the number of parameters or the number of options for each parameter does
not affect the algorithm we describe in the next section.

3.4 Automation of Graph Mining Algorithm Development

With the proper parameter selectiddNIFIEDGM could output a graph algorithm tailored for

a speci c application. However, the parameter selection process still relies on the intuition and
domain knowledge of practitioners, which would prevent non-experts in graph mining from fully
exploiting UNIFIEDGM. How can we empower practitioners without much expertise to deploy
customized algorithms? We introduéeToGM, which generates an optimal graph algorithm
autonomously given a user's scenario.
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When designing an algorithm for an application, we need to consider two primary metrics:
computation time and accuracy, which usually trade off each other. Take, for example, a developer
who aims to develop an online recommender system that makes personalized recommendations
to a large number of users at the same time. At rst, she employs a state-of-the-art GNN model
(in terms of accuracy) but nds that the computation time is too long for her application. Then
the developer seeks an alternative simple graph algorithm that runs faster than a time budget by
sacri cing accuracyAuTOGM incorporates this practical issue of nding the best speed-accuracy
trade-off into the graph algorithm generation probleéduToGM answers two questions: 1) given
the maximum acceptable computation time, which graph algorithm maximizes accuracy? 2) given
minimum accuracy requirements, which graph algorithm minimizes computation time?

We rst formalize our budget-aware graph algorithm generation problem as a constrained
optimization problem. Then we replace the constrained problem with an unconstrained optimization
problem using barrier methods (Section 3.4.1). We explain why Bayesian optimization is well-
suited for this unconstrained problem (Section 3.4.2). Then we describ& bo@wGM solves the
optimization problem using Bayesian optimization (Section 3.4.3). Finally, we analyze the time
complexities of AITOGM (Section 3.4.4).

3.4.1 Budget-aware objective function

Letting x denote a graph algorithmg(x) andh(x) indicate the computation time and accuracypf
respectively. Then an optimal graph algorithm generation problem with an accuracy lower bound
hmin IS presented as a constrained optimization as follows:

Xopt = argmin, g(x) subjecttoh(x) hmin O (3.1)

One of the common ways to solve a constrained optimization problem is using a barrier nié&ijpd [
replacing inequality constraints by a penalizing term in the objective function. We re-formulate the
original constrained problem in Equation 3.1 as an equivalent unconstrained problem as follows:

Xopt = argmir}( g(X) + Ih(x) Nmin O(X) (32)

where the indicator functiohyx) n,, o(X) =0 if h(x) hm, 0Oandl if the constraint is

violated. Equation 3.2 eliminates the inequality constraints, but introduces a discontinuous objective

function, which is challenging to optimize. Thus we approximate the discontinuous indicator

function with an optimization-friendly log barrier function. The log barrier function, de ned as
log(h(x) hmin) is a continuous function whose value on a point increases to in nitiog 0) as

the point approaches the boundalfx) hn,, = 0 of the feasible region. Replacing the indicator

function with the log barrier function yields the following optimization problem:

fom (X) = g(x)  log(h(x) hmin) (3.3)
Xopt = argmin, fem (X) (3.4)

f em is our novel budget-aware objective function axd 0 is a penalty coef cient. Equation 3.4 is
not equivalent to our original optimization problem, Equation 3.1. However,agroaches zero, it
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Algorithm 2: AuTOGM Algorithm
Require: minimum accuracy (or maximum inference time) constraint, target dataset, BO search budget
Ensure: a graph algorithm (i.e. ve parameters oNUFIEDGM)
1: for iterationi = 1;i < BO search budget:++ do
2:  Choose a pointd; k; w; I; a) to evaluate
3:  Generate a graph mining algorithdnfrom (d; k; w; I; &)
4:  Train A on the training set
5:  EvaluateA and measuracg time on the validation set
6
7
8:

:  Evaluatef g (acc;time) and update posterior gy
end for
return a parameter set with the minimuirg

becomes an ever-better approximation (i.e.,log(h(x) hmin) approachesnx) n,, o(x))[15]].
The solution of Equation 3.4 ideally converges to the solution of the original constrained problem.
Now, our budget-aware graph algorithm generation problem is formulated as a minimization
problem off gy .

Given a minimum accuracy constraetG,,, we setg(x) = time to minimize andh(x)
hmin = acc acG,, 0as a constraint. On the other hand, given a maximum inference time
constraintime ., We want to maximize accuracy while observing the time constraint. Then we
setg(x) = accto minimize anch(x) hpi, = time,ax  time  0as a constraint.

3.4.2 Bayesian optimization

UnderUNIFIEDGM, a graph algorithnx is de ned by a set of paramete(d; k; w;|;a). Then
search spac¥ for the optimization problem becomes a ve-dimensional space of parameters
(d; k;w; I; @). Suppose we set cardinalities for each paramet808s30; 50, 2; and6, respectively
(ie.,0<d 2 Z 3000 <k 2 Z 300 <w 2 Z 501 2 fTrue;Falseg;a 2
fNA;NS;NN; SA;SS; SN g). Then the number of unique architectures within our search space
is300 30 50 2 6=5:4 1P, whichis quite overwhelming. Moreover, training and validating
a graph algorithm, especially on large datasets, takes signi cant time. Thus it is impractical to
search the space exhaustively. Most importantly, even if we could measure the computation time
and accuracyg(x) andh(x)) of a graph algorithm and calculate the objective funcfigi (x) =
a(x) log(h(x) hmin), we do not know the exact closed-formfefy (x) = fom (d; k; w;l; @)
in terms of the paramete(sl; k; w;l; a) nor its derivatives. Thus, we cannot exploit classical
optimization techniques that use derivative information. To cope with these problems — expensive
evaluation and no closed-form expression nor derivatives — which optimization technique is
appropriate?

Bayesian optimization (BO)LE] is the most widely-used approach to nd the global optimum
of a black-box cost function — a function that we can evaluate but for which we do not have a
closed-form expression or derivatives. Also, BO is cost-ef cient with as few expensive evaluations
as possible (more details in Section 3.6.2). Therefore BO is well-suited to our problem to nd the
best parameter séd; k; w; |; a) given the expensive black-box objective functiagy (x).
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3.43 AUTOGM

Users supply three inputs BuTOGM: 1) a budget constraint (the minimum accuracy or maximum
computation time), 2) a target dataset on which they want an optimized algorithm — containing a
graph, initial node scores, and labels for supervised learning — and 3) a search budget for Bayesian
Optimization. The search budget is given as the total number of evaluations in BOATh@tG M
outputs the optimal graph mining algorithm (i.e., parameter senoFIBDGM).

Algorithm 2 outlines howAuTOGM works. Until it has exhausted its search budgei;ToGM
repeats the process: 1) Pick a point (d; k;w;l;a) 2 X to evaluate using an acquisition function
of BO (line 2) then generate a graph algoritérirom parametergd; k; w; I; a) (line 3). 2) TrainA
on the training set (line 4) and measure accuracy and inference til@wofthe validation set (line
5). 3) Evaluate the objective functidiy given the accuracy and inference time2qfthen update
a posterior model fofgy in BO (line 6). After all iterationsAUTOGM returns the parameter set
x = (d; k;w; I; a) with the minimumf gy among the evaluated points.

The search space 8fuTOGM is not affected by the input but xed to a ve-dimensional space
of parameter¢d; k; w; |; @). The search time cAUTOGM is determined by the BO search budget
(total number of evaluations) and evaluation time. Since the evaluation time of a graph algorithm is
often proportional to the input dataset's size, the total search tirdeJo©GM is decided by the
dataset. BO's minimization of the number of evaluations is especially ef cient for large datasets
which result in the long evaluation time. Our main contribution is de ning the graph algorithm
generation problem as an optimization problem on a novel search space.

3.4.4 Time Complexity Analysis

We analyze the time complexities oNIFIEDGM and AUTOGM.

Theorem 1 (Time Complexity ofUNIFIEDGM). A graph mining algorithmA generated from
UNIFIEDGM with a parameter sefd; k; w; |; a) takesO(kdwn) time wheren is the number of
nodes in a given graph.

Proof. Under UNIFIEDGM, matrix-vector multiplication operations represent the bulk of the
computation time. In the matrix-vector multiplication operations, the matrix corresponds to the
adjacency matrix whose number of nonzero®(svn). UnderUNIFIEDGM, every node samples
neighbors, summing up ©(wn) edges in the sampled graph. In the matrix-vector multiplication
operations, the vector corresponds to node embeddngs R" 9. Then one matrix-vector
multiplication operation take®(dwn). Under UNIFIEDGM, the matrix-vector multiplication
operation is executeld times acrosk layers. The nonlinear operation decided Ibgnd the
normalization operation decided bytakeO(n) time each. Thus the algorithA takesO(kdwn)

time in total. O

In Theorem 1, we show the time complexity of the graph algorithm generateddramEDGM in

terms of the parameteds k; w; |; a. However, in Theorem 2 below, we express the time complexity
of AUTOGM in different terms. Intuitively, the computation time AUTOGM is proportional to

the number of times we train a graph algorithm — i.e., evaluate a con guratidn \{; I; a) —

times the time it takes to train the algorithm. To represent the time it takes to train an algorithm,
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we cannot rely on the parametets K; w; |; a) as they keep changing whileuToGM searches

the space. Instead, we note that the computation time of one epoch of training is mainly decided
by the size of the graph, which we represent by the number of edg&se training time is then
proportional toEm, whereE is the number of training epochs. The total timéBtam whereB is

the number of times we train the algorithm (the number of evaluations allowed by the BO search
budget).

Theorem 2(Time Complexity ofAUTOGM). AUTOGM takesO(BEm) for searching the optimal

graph mining algorithm wheren is the number of edges in a given grajihjs the number of
epochs for the training, anB is the BO search budget.

Proof. The computation time cAUTOGM is proportional to the number of times we train a graph
algorithm (evaluate a hyper-parameter con guration) times the time it takes to train the algorithm.
The graph algorithm executes several adjacency matrix-embedding vector multiplication operations
in the forward and backward pass, which t&kgn). This is repeated for every batch {imes),

for a total training timeEm. Finally, AUTOGM trains the algorithnB times as described in
Algorithm 2. Thus the overall computation time obAoGM is O(BEm). ]

3.5 Experiments

In this section, we evaluate the performanceAafToGM compared to existing models with
heuristic parameters. We aim to answer the following questions:

* Q1. Effectiveness oAUTOGM : Do algorithms found byAuTOGM outperform their state-of-
the-art competitors? Given an upper bound on inference time/a lower bound on accuracy, does
AuTOGM nd the algorithm with the best accuracy/the fastest inference time? (Section 3.5.2)

* Q2. Search ef ciency of AUTOGM: How long doesAuUTOGM take to nd the optimal graph
algorithm? How ef cient it is compared to random search? (Section 3.5.3)

* Q3. Effect of UNIFIED GM parameters: How do parameteréd; k; w; I; a) affect the accuracy
and inference time of a graph mining algorithm? (Section 3.5.4)

3.5.1 Experimental Setting

We evaluate the performance of graph mining algorithms on two semi-supervised tasks, node
classi cation and link prediction. All experiments were conducted on identical machines using the
Amazon EC2 service (p2.xlarge with 4 vCPUs, 1 GPU and 61 GB RAM).
Dataset: We use the three citation networks (Cora, Citeseer, and Pubrh2g) fwo Amazon
co-purchase graphs (Amazon Computers and Amazon PHd#d) fnd two co-authorship graphs
(MS CoauthorCS and MS CoauthorPhysics) [127]. We report their statistics in Table 3.5.
Baseline: Our baselines are PageRaidld ()}, GCN [75], GraphSaged5], and SGCN 162. We
generate each algorithm undenlBIEDGM by setting the ve parameters as follows:

* PageRankd=1;k=30;w=1;1 = Falsea= NA

* GCN:d=64;k=2;w= 11 = Truga= SS
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(a) Accuracy constraints on the Cora dataset (b) Time constraints on the Cora dataset

(c) Accuracy constraints on the Pubmed dataset  (d) Time constraints on the Pubmed dataset

Figure 3.5:AUTOGM nds the algorithms with the best accuracy/inference time trade-off on the node
classi cation task. Given three different accuracy/inference time constrdin?s3, AUTOGM generates
three novel graph algorithms,uxoGM-1; 2; 3, respectively.

* GraphSAGEd =64;k =2;w =25;] = Truea= SA

* SGCN:d=64;k=2;w= 1;]1 = Falsea= SS
Whenw is larger than the number of neighbors, we sample neighbors with replacement. For
PFageRank, the original algorithm outputs the sum of intermediate scores that each node receives
( Xj), but we use only the nal scoresy in our experiments. The goal of our experiments
is to compare PageRank with other algorithms in terms of its main featweliREDGM, low
dimensiond =1).
Bayesian optimization: We use an open-sourced Bayesian optimization paék&ge the parame-
tersd, k, andw which take integer values, we round the real-valued parameters chosen by BO to
integer values. For the parameteanda, which take boolean and categorical values, we bound
the search spacé € | < landO<a< 6), round the real-valued parameters chosen by BO to the
closest integer values, and md)p False,l: True,0: NN, 1: NS,2: NA, 3: SN, 4: SS,5: SA). We
set the BO search budget (total number of evaluation2pésr all datasets. The resulting search
time of each dataset is reported in Table 3.7. For the penalty coef cighie smaller brings the
tighter budget constraints. To make our budget constraints strict, weasdio 1°.

We use the Adam optimize7 8] and tune each baseline with a grid search on each dataset. Most

2https://github.com/fmfn/BayesianOptimization
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baselines perform best on most datasets with a learning r@@hfweight decay o6 10 4, and
dropout probability o0:5. We x these parameters in our autonomous graph mining algorithm
search through Bayesian Optimization. We report the average performanceldnoss for each
experiment.

3.5.2 Effectiveness of ATOGM

In this section, we demonstrate hé\wwTOoGM trades off accuracy and inference time on real-world
graphs with two different tasks, node classi cation and link prediction. We compare the best
algorithms found byAuTOoGM with baselines in terms of accuracy and inference time. For each
dataset, we ruUTOGM with three different accuracy lower bounds and three inference time
upper bounds, as illustrated in Figures 3.1 and 3.5. For each consfrardGM generates a novel
graph algorithm corresponding to a set of ve parameterdfFIEDGM. For space ef ciency, we
show the result on the Cora, Citeseer, and Pubmed datasets.

Node Classi cation Inthe node classi cation task, each graph mining algorithm predicts the label

of a given node. Among algorithms satisfying an accuracy lower bound, the algorithms generated by
AUTOGM show the best trade-off between accuracy and inference time. For instance, in the Citeseer
dataset in Figure 3.1(aAUTOGM-2 has the fastest inference time above accuracy cons#aint
among PageRank (PR), GCN, SGCN, and GraphSage. Given the highest or tightest accuracy
constraint3, only AUTOGM-3 satis es it. Conversely, among algorithms satisfying inference time
upper bounds, the algorithms generateddayroGM have the highest accuracy. For instance, in

the Pubmed dataset in Figure 3.5@)yToGM-1 has the highest accuracy below time constraint
among PR and SGCN. Given the most generous time consgaiiToGM-3 achieves the highest
accuracy among all algorithms.

The empirical performance of our baselines is consistent with our guidelines for how to choose
the parametergd(k; w; I; a) in Section 3.2.5. PageRank achieves fast inference time with a low
dimension of messaged € 1) and no nonlinearitied & Falsg, but sacri ce accuracy. GCN and
GraphSage achieve high accuracy with a high dimension of messhge®l( and nonlinearities
(I = True) at the cost of a high inference time. SGCN removes nonlinearitresHalsg to decrease
the inference time while maintaining high accuracy.

Table 3.6 shows the parameter setlofIFIEDGM that corresponds to the algorithms found by
AUTOGM on the Citeseer dataset. When encouraged to nd higher accuracy algorithms (through
a larger time upper bound or higher accuracy lower bouAd)TOGM is likely to use high
values ofd andw and nonlinearitiesl (= True). For instanceAUTOGM chooses higher values
d = 255; w = 45 for the larger time upper bourtane < 0:01than the valued = 70; w = 25 for
the boundime < 0:004 With the largest upper bouriotne < 0:1, AUTOGM chooses$ = True
to use nonlinearities. This result is consistent with our intuition over the parameter selection in
Section 3.2.5. Vastly different parameter sets for each algorithm in Table 3.6 showuthaGM
searches the parameter space beyond human intuition, which underlines the value of autonomous
graph mining algorithm development.
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(a) Accuracy constraints on the Cora dataset (b) Time constraints on the Cora dataset

(c) Accuracy constraints on the Citeseer dataset  (d) Time constraints on the Citeseer dataset

(e) Accuracy constraints on the Pubmed dataset  (f) Time constraints on the Pubmed dataset

Figure 3.6:AUTOGM nds the algorithms with the best accuracy/inference time trade-off on the link
prediction task. Given three different accuracy/inference time constraing 3, AUTOGM generates three
novel graph algorithms, BroGM-1; 2; 3, respectively.

Link Prediction In the link prediction task, the algorithm predicts whether there exists an edge
between two given nodes. To build our training set, we randomly 3@8¢of edges in the original

graph, use the remaining edges as positive ground-truth labels, and sample an equal number of
disconnected node pairs as negative ground-truth labels. Our test set consists of th&dddden
edges as positive ground-truth labels and an equal number of random disconnected node pairs
as negative ground-truth labels. After we get the node embeddings for a graph algorithm, we
dot-product each pair of node embeddings to predict the probability of edge existence for the given
node pair.
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Among algorithms satisfying accuracy lower bounds, the algorithms generatedinyGM
have the fastest inference time. For instance, in the Pubmed dataset in FigureA3,6(®jM-3
has the fastest inference time above accuracy consgaimong GCN and GraphSage. Conversely,
among algorithms satisfying inference time upper bounds, the algorithms generated b M
show the best trade-off between accuracy and inference time. For instance, in the Citeseer dataset in
Figure 3.6(d) AuTOGM-1 has the highest accuracy below time constraiamong PR and SGCN.
A noteworthy phenomenon in the link prediction task is that algorithms generateduamGM
have similar inference times but diverse accuracies. This shows that it's easier to manipulate
accuracy by designing graph algorithms, while the dataset largely determines the inference time.

3.5.3 Search ef ciency of ATOGM

AUTOGM searches for the optimal graph algorithm in a ve-dimensional spagde w; |; a) de ned

by UNIFIEDGM. To show the search ef ciency &#uToGM, we give the same maximum search

time and budget constraints £JTOGM and RandomSearch, then compare the performance of

the best graph algorithms each method nds. RandomSearch samples each padrketer; a)
randomly and de nes a graph algorithm based on the sampled parameters. We set the maximum
search time proportional to the size of the dataset. The budget constraints are chosen based on the
best performance among the baseline methods (PageRank, GCN, GraphSage, SGCN). We select
the tightest constraints (i.e., fastest inference time and highest accuracy among the baselines) to
examine the search ef ciency.

Table 3.7 shows the inference time and accuracy of the optimal graph algoAtbmsGM
and RandomSearch nd. RandomSearch fails to nd any algorithm satisfying the given accuracy
constraints on the Cora, Pubmed, and CoauthorP datasets. It also fails to nd any algorithm
satisfying the inference time constraints on the Citeseer, AmazonC, and AmazonP datasets. When
RandomSearch nds graph algorithms satisfying the given constraints, their performance is still
lower than the algorithms found BYuTOGM. For instance, given the inference time upper bound
(t < 0:02 on the CoauthorC dataséauTOGM nds an algorithm with accurac®:83 while
RandomSearch nds an algorithm with accurd&cys.

Table 3.7 presents how much accuracy/inference time is used under the given budgets to nd the
optimal graph algorithms (colun®) 7 and11; 12). AuTOGM generates algorithms whose accuracy
(time) is as close as possible to the given accuracy (time) budgets. For ingkan;M nds
the fastest graph algorithm with an accuracp@when the accuracy lower bound is given(s8
on the CoauthorC dataset. By exhausting the budgetoGM improves the target metric time
(accuracy) and brings the best trade-off between computation time and accuracy.

3.5.4 Effect of INIFIED GM parameters

In this section, we investigate the effects of parametek$naFIEDGM on the performance of a
graph mining algorithm. Given a set of parameters 64;k =2;w = 1;1 = Truga= S9, we

vary one parameter while xing the others and measure the performance of the generated algorithm.
For the experiment where we vary the aggregation pararagtee use a different set of parameters
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(a) Parameted (b) Parametek

(c) Parametew (d) Parameter

(e) Parametea

Figure 3.7:Effects of the ve parameters (d; k;w;1;a) of UNIFIED GM on the performance of graph
algorithms.
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(d=16;k =2;w =10;| = False) to better illustrate changes in accuracy and inference time. For
brevity, we show the result on the Pubmed dataset.

* Dimensiond: Figure 3.7(a) shows that inference time increases linearlydyivhile accuracy
increases only untdl > 20. For the Pubmed datas@0-dimensional messages are expressive
enough that the accuracy stops increasing. Larger datasets would likely bene t from higher
dimensional messages.

* Length k: In Figure 3.7(b), wheik increases, inference time increases linearly, but accuracy de-
creases fok > 3. The decrease in accuracy is due to oversmoothing: repeated graph aggregations
eventually make node embeddings indistinguishable.

¢ Width w: In Figure 3.7(c), whemwv increases, inference time increases umt# 15, but accuracy
does not change noticeably. The plateau in accuracy is due to most nodes having few neighbors
and nearby nodes sharing similar feature information, which makes a single sampled node be a
representative of a node's whole neighborhood. The plateau in inference time indicates that nodes
have fewer thaii5neighbors on average on the Pubmed dataset.

* Nonlinearity |: Figure 3.7(d) shows that adding nonlinearities (True) increases accuracy due
to richer expressiveness, but also inference time.

* Aggregation strategya: Figure 3.7(e) shows that the choice of aggregation straddips a
considerable effect on the accuracy of a graph mining algorithm. Still, we cannot conclude that
any aggregation strategy is always superior to others.

Figure 3.7 shows the general tendency in the effects of the parameters. Different datasets have
slightly different results (e.g., whicl stops increasing accuracy or whiklstarts bringing over-
smoothing). This shows the need ®UTOGM, which chooses the best parameter set automatically

for the dataset we employ.

3.5.5 Discussion

In this section, we discuss few interesting observations we nd during the experiments.

* Linear model is fast: As shown in Section 3.5.2, linear models including PageRank and SGCN
are faster than nonlinear models. The fast speed of linear models does not merely come from the
absence of a nonlinear operation at each layer. Without the nonlinear operation, multi-layers of
linear transformation operations could be compressed to one layer as follows:

X3= (A (AXWp)W,)
= A(AX oWo)W; = A2X W

where (X) = x is a linear operationX; denotes hidden embeddings at tké layer,A is the
adjacency matrixyV; denotes the transformation matrix at thth layer, andvV.. = WyW;, is

the compressed matrix. Then, in the linear model, we can precomgitg in advance and
multiply it only with W during training. On the other hand, in the nonlinear model, we need
to execute matrix multiplicationAX ;W,) in every layer. This explains the fast speed of linear
models compared to nonlinear models.

32



* Winning strategy: It is hard to de ne a single winning strategy for graph mining algorithm
development that is generalizable to various graphs and applications. However, we observe a few
tendencies. High dimensions of messages generally bring high accuracy with a negligible increase
in computation time. For instance, SGCN which has high dimenslon §4) shows higher
accuracy than PageRank which has low dimensiba () across different tasks (Figure 3.5
and 3.6). Second, nonlinear operations are not necessarily required for high accuracy. For example,
SGCN shows comparably high accuracy with GCN and GraphSage in both node classi cation
and link prediction tasks. While maintaining similar accuracy, SGCN is faster than GCN and
GraphSage due to the absence of nonlinear operations.

* Performance is affected by input graphs:In Figures 3.6(b), 3.6(d), 3.6(f), the graph algorithms
AUTOGM-1,2,3 that are generated ByyTOGM with different time constraints show similar
inference times (sometimes even similar accuracies). The performance of graph algorithms is
not only decided by the algorithms but also by input graphs. When graphs are sparse and have
simple structures, the graph algorithms will have short inference times regardless of how long
inference time constraints we give AAJTOGM. Likewise, when graphs are well-clustered, and
features are well-aligned with labels, the tasks become easy, and any graph algorithms would
easily get high accuracy. In Figures 3.6(b) and 3.6(d), the algorithms generated with longer time
constraints show higher accuracies while having similar inference times. Longer time constraints
allow AuTOGM to explore broader scope in the search space and nd better algorithms with
higher accuracies, while all algorithms end up showing similar inference times thanks to simple
input graph structures.

3.6 Related work

3.6.1 AutoML

AutoML is the closest line of related work and the main inspiration for this paper. AutoML
algorithms are developed to automate the process of algorithm selection and hyperparameter
optimization in the machine learning community. The most closely related to our work in AutoML

is Neural Architecture Search (NAS), which focuses on the problem of searching for the deep neural
network architecture with the best performance. The search space includes the number of layers,
the number of neurons, and the type of activation functions, among other design decisions. NAS
broadly falls into three categories: evolutionary algorithms (EA), reinforcement learning (RL), and
Bayesian optimization (BO).

EA-based NAS 43, 77, 94] explores the space of architectures by making a sequence of
changes (inspired by evolutionary mutations) to networks that have already been evaluated. In
RL-based NAS 198 201], a recurrent neural network iteratively decides if and how to extend
a neural architecture; the non-differentiable cost function is optimized with stochastic gradient
techniques borrowed from the RL literature. Finally, BO-based NA%inodels the cost function
probabilistically and carefully determines future evaluations to minimize the total number of
evaluated architectures. Since EA and RL-based NAS need to evaluate a vast number of architectures
to nd the optimum, these approaches are not ideally suited for neural architecture s&grch |
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On the other hand, BO emphasizes being cautious in selecting which architecture to try next to
minimize the number of evaluations. As we discuss later, this makes BO suitable for our problem.
In the following section, we give a brief description of Bayesian Optimization.

3.6.2 Bayesian Optimization

Given a black-box objective functidnwith domainX , BO sequentially updates a Gaussian Process
prior overf . Attimet, it incorporates results of previous evaluatidns:;t 1into a posterior
P(fjDy¢ 1) whereDyt 1 = fX1¢ 1;f (X1t 1)g. BO uses this posterior to construct an acquisition
function ((x) that is an approximate measure of evaluafifg) at timet. BO evaluate$ at

the maximizer of the acquisition function = arg maxy.x ((X). The evaluatiorf (x;) is then
incorporated into the posterié¥(f jD ), and the process is iterated.

The evaluation point; chosen by the acquisition function is an approximation of the maximizer
of f. After T iterations, BO returns the parameter set of the maximhuamongx,.t. When
choosing the point, to evaluate, the acquisition functiop(x) trades off exploration (sampling
from areas of high uncertainty) with exploitation (sampling areas likely to offer an improvement over
the current best observation). This cautious trade-off helps to minimize the number of evaluations
of f . More details about BO can be found in [15].

These AutoML techniques cannot be directly applied to graph mining, as they require rst
formalizing autonomous algorithm selection as an optimization problem in a hyperparameter search
space. Befor&NIFIEDGM, the hyperparameter search space for graph mining was not even de ned
due to the lack of unity among algorithms. Hence, our propasenriEDGM allows the graph
mining eld to exploit state-of-the-art techniques developed in AutoML.

3.6.3 Graph Neural Architecture Search

Various discussiond P4 on graph neural architecture search have been initiatelaflopts the RL-

based neural architecture search approad8j.|ses a recurrent neural network to generate variable-
length strings that describe the architectures of graph neural networks, and trains the recurrent
network with policy gradient to maximize the expected accuracy of the generated architectures
on a validation data setl85 focuses on designing general space for graph neural networks, that
includes three crucial aspects of graph neural architecture design: intra-layer design, inter-layer
design, and learning con guration. Based on this design sp&8#} flevelops a controlled random
search evaluation procedure to understand the trade-offs of each design dimeBS8jdb ([

and [L84 focus on how to make the graph neural architecture search process more scalable. While
most previous works focus on graph neural networks, we broaden the scope to embrace conventional
graph mining algorithms such as PageRatil(], Pixie [35], and K-core 143. We analyze why
conventional graph mining algorithms and recent graph neural networks look unrelated at rst
glance and describe how they could be uni ed under one framework (Section 3.2.4).
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3.7 Summary

Graph mining is generally application-driven. The development of a new mining algorithm is
usually motivated by solving a speci c real-world problem. Given how general graphs are as an
abstraction, the resulting algorithm is usually customized to a dataset, application, and domain.
Sometimes, to squeeze out the best performance, graph mining uses various heuristics specialized to
certain scenarios -8:85for the decaying coef cient in PageRank for web recommendatldij|
2-layered GCNs for citation network8%], 3-layer GCNs for open academic grapb§][ These
heuristics make graph mining algorithms less generalizable. Practitioners cannot simply apply
existing graph algorithms to their problems but must do trial-and-errors until they nd optimal
(sometimes suboptimal) algorithms for their scenarios. This widens a gap in which state-of-the-art
technigues developed in academic settings fail to be optimally deployed in real-world applications.
This paper shows graph mining has enough room to be further generalized. Various message-
passing-based graph algorithms stem from the same intuition, homophily, applied in different ways.
Based on this shared intuitiokNIFIEDGM uni es graph algorithms using ve parameters of
the message-passing mechanism: the dimension of the communicated messages, the number of
neighbors to communicate with, the number of steps to communicate for, the nonlinearity of the
communication, and the message aggregation stratbgyEDGM-EXT extenddUNIFIEDGM
with attention and sampling methodologies and uni es a broader scope of graph algorithms under
one framework. This uni cation helps users understand which aspect of algorithms leads to different
accuracy/computation time/memory ef ciency and which part of algorithms they should tune to
achieve their goals. Furthermore, we automate graph mining algorithm development under this
uni ed framework to prevent users from running trial-and-error and reaching suboptimal algorithms.
Our main contributions are:

* Uni cation: UNIFIEDGM andUNIFIEDGM-EXT allow conventional graph mining and graph
neural network algorithms to be uni ed under the same framework for the rst time, helping
practitioners to understand the rst principles in message-passing-based algorithms.

* Design space for graph mining algorithms:UNIFIEDGM provides the parameter search space
necessary to automate graph mining algorithm development.

* Automation: Based on the search space de neddyiFIEDGM, AUTOGM nds the optimal
graph algorithm using Bayesian optimization.

* Budget awareness: AUTOGM maximizes the performance of an algorithm under a given
time/accuracy budget.

* Effectiveness:AUTOGM nds novel graph algorithms with the best speed/accuracy trade-off on
real-world datasets.

We hope this paper will spark further research in this direction and empower practitioners without
much expertise in graph mining to deploy graph algorithms tailored to their scenarios. In this era of
big data, new graphs and tasks are generated every day. We believe automated graph mining will
bring even more impact on a wider range of users across academia and industry in the future.
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Table 3.3:Example graph mining algorithms under UNIFIED GM. Graph mining algorithms can be fully reproduced undenFIEDGM with
the respective initial node statistics and parametéris; (v; _wwv. Notation:n is the number of node#, denotes ann( n) binary adjacency
matrix, D denotes ann n) diagonal matrix wher®;; = i Aij In denotes an identity matrix of size s is the number of seedhl(u)
denotes the set of sampled neighbors of nodend0 < ¢ < 1is a decay coef cient. For PageRank, see the formulation given in [179].

Algorithm | Original message passing equation | Initial node statistics | d K wo a

PageRank | Xy = c(D *A)Xy ;+ L° 1 for all nodes 1 1 -1 False NA

Pixie Xk =¢(D *A)Xy 1+ X, 1forsseeds, Oothers1 sample %2 False NA

GCN Xk = ReLU (D z(A+1,)D 2)Xy 1Wq feature vectors 64 2 -1 True SS
_U

GraphSAGE| X(u) = ReLU  imr  vanqypu Xk 1(V)Wk | feature vectors 64 2 25 True SA

SGCN Xk=D 2(A+ 1,)D X, 1Wyk feature vectors 64 2 -1 False SS
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Table 3.4:Sampling strategies inUNIFIED GM-EXT. UNIFIEDGM-EXT de nes a sampling strategy based

on 1) where the sampling probabilities are learnable, 2) how the sampling probabilities are designed, and 3)

when the sampling is executed.

Learnability Sampling probability Sa_lm.pllng
model form timing
Uniform distribution Lﬂc.
Heuristic Dynamic
Proportional Static
to degree Dynamic
Concatenation-based Static
attention model Dynamic
Dot-product-based Static
Learnable : —
attention model Dynamic
Low-pass lter Static
attention model Dynamic

Table 3.5:Dataset statistics. AmazonC and AmazonP denote the Amazon Computer and Amazon Photo
datasets, respectively. CoauthorC and CoauthorP denote the MS Coauthor CS and Physics, repectively.

Dataset \ Node Edge Feature Label Train/Val/Test
Cora 2,485 5,069 1,433 7 140/500/1,000
Citeseer 2,110 3,668 3,703 6 120/500/1,000
Pubmed | 19,717 44,324 500 3 60/500/1,000
AmazonC | 13,381 245,778 767 10 410/1,380/12,000
AmazonP | 7,487 119,043 745 8 230/760/6,650
CoauthorC| 18,333 81,894 6,805 15 550/1,830/15,950
CoauthorP| 34,493 247,962 8,415 5 1,030/3,450/30,010

Table 3.6:Parameters corresponding to algorithms found byAuToGM in Figures 3.1. The Budget
column denotes the constraint input to 20GM to generate an algorithm.

Dataset | Budget|d k w | a [Time Acc
t<0.004, 70 4 25 F SA|0.0039 0.674
t<0.01 | 255 4 45 F SS|0.004 0.683

Citeseer t<0.1 68 1 47 T SS|0.0134 0.686
a>058 | 138 1 36 F SA| 0.0039 0.622
a>0.63 125 4 54 F NA| 0.0039 0.665
a>068 |39 1 10 T SS|0.0121 0.69
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Table 3.7:Search ef ciency of AUTOGM . Given the same search time (column 2) and accuracy lower bounds (coluAn®)GM nds
faster algorithms than RandomSearch across all datasets; similarly, given the same search time (column 2) and inference time upper bounds
(column 8), A~TOGM nds more accurate algorithms than RandomSearch across all datasets.

Fastest Inference (s) Accuracy Highest Accuracy Inference (s)
Dataset Search(s)| Min.Acc. | AutoGM Rand  AutoGM Rand | Max.Time(s) | AutoGM Rand AutoGM Rand
Cora 450 0.78 0.0034 - 0.79 - 0.004 0.77 0.77  0.0036 0.0033 X
Citeseer 800 0.67 0.0039 0.0039 0.67 0.67 0.004 0.67 - 0.0039 -
Pubmed 1,800 0.75 0.021 - 0.77 - 0.004 0.76 0.71 0.0036  0.0039
AmazonC 5,700 0.85 0.032 0.033 0.89 0.87 0.04 0.85 - 0.032 -
AmazonP 18,000 0.93 0.047 0.065 0.94 0.93 0.05 0.94 - 0.048 -
CoauthorC 2,500 0.8 0.015 0.016 0.8 0.82 0.02 0.83 0.75 0.015 0.02
CoauthorP 1,500 0.9 0.01 - 0.91 - 0.01 0.92 0.86 0.01 0.01




Chapter 4

Scalability

The main challenge of adapting Graph convolutional networks (GCNSs) to large-scale graphs is the
scalability issue due to the uncontrollable neighborhood expansion in the aggregation stage. Several
sampling algorithms have been proposed to limit the neighborhood expansion. However, these
algorithms focus on minimizing the variance in sampling to approximate the original aggregation.
This leads to two critical problems: 1) low accuracy because the sampling policy is agnostic to the
performance of the target task, and 2) vulnerability to noise or adversarial attacks on the graph.

In this paper, we propose a performance-adaptive sampling stlafeg§$that samples neigh-
bors informative for a target taskRASSoptimizes directly towards task performance, as opposed to
variance reductionPAS Strains a sampling policy by propagating gradients of the task performance
loss through GCNs and the non-differentiable sampling operation. We dissect the back-propagation
process and analyze hdwASSlearns from the gradients which neighbors are informative and
assigned high sampling probabilities. In our extensive experimBAIS Soutperforms state-of-the-
art sampling methods by up fd@%accuracy on public benchmarks and ugp8%accuracy in the
presence of adversarial attacks.

4.1 Motivation

Graph convolutional networks (GCNJ%| have garnered considerable attention as a powerful deep
learning tool for representation learning of graph d&d 9. For instance, GCNs demonstrate
state-of-the-art performance on node classi cati@i[ link prediction [L25 163, and graph
property prediction tasksifl]. Motivated by convolutional neural networks, GCNs aggregate
information from a node's neighbors analogously to how convolution lters process text or image
data [60, 82].

The main challenge of adapting GCNSs to large-scale graphs is that GCNs expand neighbors
recursively in the aggregation operations, leading to high computation and memory footprints. For
instance, given a graph whose average degrdelislayer GCNs acces# neighbors per node
on average. If the graph is dense or has many high degree nodes, GCNs need to aggregate a huge
number of neighbors for most of the training/test examples. The only way to alleviate this neighbor
explosion problem is to sample a xed number of neighbors in the aggregation operation, thereby
regulating the computation time and memory usage [55].

Most samplers minimize the variance in sampling to approximate the original aggregation
of the full neighborhoodZ3, 68, 97, 202. These sampling policies learn neighbors helpful for
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(a) Neighborhood for a software engineer member (b) Neighborhood for a registered nurse
member

Figure 4.1: PASSlearns which neighbors are informative for the job industry classi cation task

on the LinkedIn member-to-member network. (a) Given Member A from the "Computer software”
industry,PAS Slearns high sampling probabilities for Members B, C, and D from similar industries but low
probabilities for Members E and F from different industries. (b) Given Member G from the "Ho&pital
health care" industryPAS Sassigns a low sampling probability to Member I, who has an unrelated career as
a "Program Analyst" although he works in the same industry. This siR&v&Sis able to determine that the
attributes of Member | are different from Member G's and thus not informative. For space ef ciency, we
show part of neighbors; thus, the sum of sampling probabilities does not suns&e Section 4.5 for details.

variance reduction, not neighbors informative for the target task’s performance. Thus, those variance
reduction-oriented samplers suffer from two critical problems: 1) low accuracy because the sampling
policy is agnostic to the performance, and 2) vulnerability to noise or adversarial attacks on the
graph because the sampling policy cannot distinguish relevant neighbors from irrelevant ones or
true neighbors from adversarially added fake neighbors.

Then what is the optimal sampling policy for GCNs? To answer this question, we come back
to the motivation of the aggregation operation. In GCNs, each node aggregates its neighbors'
embeddings assuming that neighbors are informative for the target task. We extend this motivation
to the sampling policy and sample neighbors informative for the target task. In other words, we
aim for a sampler that maximizes the target task's performance instead of minimizing sampling
variance.

Here we proposPASS a performance-adaptive sampling strategy that optimizes a sampling
policy directly for task performancd?AS Strains the sampling policy based on gradients of the
performance loss passed through the GCN. To receive the gradients from the GCN, we need to pass
them through the sampling operations, which is non-differentiable. To addresBAI8Sborrows
the log derivative trick commonly used in the reinforcement learning community to train stochastic
policies [L06 142. PASSoptimizes the sampling policy jointly with the GCN to minimize the task
performance loss, resulting in a considerable performance improvement.

Graph attention networks (GATs)$5 share the same objective of learning the importance
of neighbors. They select neighbors through an attention mechanism trained by back-propagating
gradients of the performance loss. This mechanism was originally designed as a continuous
approximation of the non-differentiable hard selection (i.e., sampling) oper&tid®¥$. However,

GATs suffer from the same scalability issues as GCNs. Since sampling is inevitable in large
scale graphs, we embed the informative neighbor selection directly in the sampler, instead of
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Table 4.1:Commonly used notation in PASS.

Symbol  De nition

G=(V;E) inputgraph with nodeg; 2 V
and edgesgvi;vj) 2E

L number of layers in GCN model
D" dimension of thé-th hidden layer
wherel =0; 1; L
HO N DO input node feature matrix
H®O N DO hidden embeddings at theh layer
w® DO DU+ transformation matrix
at thel-th layer wherd = 0; L1
() nonlinear activation function

wn () abbreviation of (W(® )
p(jji)  probability of sampling nodg given nodey;
qd ji) approximation of(j ji)

approximating it downstream with an attention mechanism. In our experiments, we show how
PASS not only alleviates scalability issues of GATs but also shows higher performance.

Another advantage dPAS Scompared to previous sampling-based methods is that we provide
theoretical foundations on how sampling policy is updated to optimize the task performance. While
other samplers present the back-propagation algorithm to learn the sampling policy as a black box,
PASScracks it open. We present a transparent reasoning process dPAfe@iearns whether a
neighbor is informative from the back-propagated gradients and why it assigns a certain sampling
probability to a neighbor.

Through extensive experiments on seven public benchmarks and one LinkedIn production
dataset, we demonstrate the superior performand®&Sover existing sampling algorithms.
We also present various case studies examining the effectivenBssS8on real-world datasets
(Figure 4.1). Our main contributions are:

* Performance-adaptivenessPAS Slearns a sampling policy that samples neighbors informative
for the task performance.

* Effectiveness:PASS outperforms state-of-the-art samplers, being U@:# more accurate.

* Robustness:PASSshows up tb3:1% higher accuracy than the baselines in the presence of
adversarial attacks.

* Theoretical foundation: PASSpresents a transparent reasoning process on how it learns whether
a neighbor is informative.
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4.2 Preliminaries

In this section, we brie y review graph convolutional networks (GCNSs) then describe how sampling
operations operate and solve the scalability issue in GCNs.

Notations. Let G = (V; E) denote a graph withl nodesv; 2 V and edge$v;; v;) 2 E. Denote an
adjacency matribA = (a(vi;V;)) 2 RN N and a feature matrild @ 2 RN 2@ whereh® denotes
the D © -dimensional feature vector of nosle Table 4.1 gives a list of symbols and de nitions.
GCN. The GCN models stack layers of rst-order spectral Iters followed by a nonlinear activation

functions to learn node embeddings. WHEh denotes the hidden embeddings of nedia the
I-th layer, the simple and general form of GCNs is as follows [23]:

X
h*™ = (Nti) a(vi;vj)hj(')W(')); l=0;:::;L 1 (4.1)
=1

P
wherea(vi;v;) is set tol when there is an edge fromto v;, otherwise0. N (i) = sz1 a(vi; V)
is the degree of node; () is a nonlinear functionyv® 2 RP"” P s the learnable transfor-
mation matrix in thd-th layer withD () denoting the hidden dimension at thh layer.
Sampling operation in GCN. GCNs require the full expansion of neighborhoods across layers,

leading to high computation and memory costs. To circumvent this issue, sampling operations are
added to GCNs to regulate the size of neighborhood. We rst recast Equation 4.1 as follows:

™= W pginh D 1=0iL 1 (4.2)

where we combine the transformation mat" into the activation function ) () for conci-
sion; p(jji) = {52 de nes the probability of sampling; givenv;. Then we approximate the
expectation by Monte-Carlo sampling as follows:

1 X
h{*D = W(l)(E hj(')); l=0;:::;L 1 (4.3)
iopGii)

wherek is the number of sampled neighbors for each node. Now, we regulate the size of neighbor-
hood using.

Scalability solution. Equations 4.1 and 4.3 describe the computation alt-thdayer in the original

GCN and GCN with sampling, respectively. In Equation 4.1, the numbers of nodes that participate in
thel-th and(l + 1) -th layers are both up t0(N ), resulting in a time complexity d(EjD ("D (1))
wherejE| denotes the number of edges. On the other hand, we can regulate the number of nodes
engaged at each layer in the GCN with sampling. When we set the number of nodes sampled for the
I-th and(l + 1) -th layers tok, the number of edges engaged in Equation 4.3 is {(ic), leading

to a time complexity oD(k’DMD*D ) Withk N, sampling solves the scalability issue in the
GCN successfully [68, 97].
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Table 4.2:PASSout-features competitors Comparison of our proposd@ASSand existing sampling
methods for GCNSs.

28585
Method o Z QL2 20,
S 5w d a2
n O 0|
< (_2 L O =z |a

Property g 2 <DE B O
Importance Sampling X X X X [X
Learnability X X | X
Performance adaptiveness X

4.3 Proposed Method

What is the optimal sampling policy for GCNs? To answer this question, we come back to the

motivation of the aggregation operation in GCNs. The aggregation operation intends to complement
node embeddings with neighbors' embeddings on the assumption that neighbors are informative for
the target task. We extend this motivation to the sampling policy and sample neighbors informative
for the target task. In other words, we train a sampler that directly maximizes the GCN performance.

The key idea behind our approach is that we learn a sampling policy by propagating gradients
of the GCN performance loss through the non-differentiable sampling operation. We rst describe
a learnable sampling policy function and how it operates in the GCN (i.e., forward propagation)
in Section 4.3.1. We then describe how to learn the parameters of the sampling policy by back-
propagating gradients through the sampling operation in Section 4.3.2. Finally, we present the
overall algorithm and discuss implementation considerations in Section 4.3.3.

4.3.1 Sampling Policy

Fig. 4.2 shows an overview d?ASS In the forward passPASSsamples neighbors with its
sampling policy (Fig. 4.2(a)), then propagates their embeddings through the GCN (Fig. 4.2(b)). In
this section, we introduce our parameterized sampling pgfit§j ji) that estimates the probability

of sampling node; given nodey; at thel-th layer.

The policy " (j ji) is composed of two methodologies, importarqﬁ',%;, (jji) and random
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(&) Sampling process (b) Forward propagation

(c) Backward propagation

Figure 4.2:PASSis composed of three steps: 1) sampling, 2) feedforward propagation, and 3) back-
propagation. In the backpropagation process, the GCN and the sampling policy are optimized jointly to
minimize the GCN performance loss.

samplingq(;)nd (jji) as follows:

d0 (i =(Ws h") (ws h") (4.4)

M oy 1

Crand (i) = N (i) (4.5)

d(iji) = as (o (i1)i  Gang (1)) (4.6)
(i)

a"Gi) = 4"Gi)= o (ki) (4.7)
k=1

whereW ¢ 2 RP"® P s a transformation matrix with (9 denoting the hidden dimension in
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the sampling policy an® ) denoting the hidden dimension of theh layer;h(" is the hidden
embedding of node; at thel-th layer;N (i) is the degree of nodg; as 2 R 2 is an attention
vector; andy"( ji) is normalized to sum to MV s andas are learnable parameters of our sampling
policy, which will be updated toward performance improvement.

We describe each component in the sampling policy.

Importance Sampling. The rst term q(,'gp (jji) computes the intermediate score of sampling

given nodey; in thel-th layer, corresponding to importance sampling. We rst map the hidden
embeddings{’ andh" into the D®-dimension through the transformation mattis, then
compute the similarity between these two embeddings by dot product. We describe the intuition
behind this dot product-based importance sampling in Section 4.4.

Random Sampling. The second terrq(;)nd (jji) assigns the same sampling probability to each
node the neighborhood. When a graph is well-clustered, nodes are connected with all informative
neighbors. Then random sampling becomes effective since its randomness helps aggregate diverse
neighbors, thus preventing the GCN from over tting. By capitalizing on both importance and
random samplings, our sampling policy better generalizes across various graphs. We show how
random sampling complements importance sampling experimentally in Section 4.5.
Attention of Sampling. The attentioras regulates the tradeoff between importance sampling
q(,lq)p (jji) and random samplind;)nd (jj1)- as learns which sampling methodology is more effective
on a given task. We initializes with higher attention to the random sampling than the importance
sampling and allow the model to examine a broad scope of neighbors at rst.

While our sampling policy(" (j ji) assigns a distinct sampling probability to each edge at each
layer, it shares the parameteW (; a;) across all edges and all layers. This parameter sharing helps
our model generalize and prevents the sampling policy from over tting to the training set.

4.3.2 Training the Sampling Policy

As shown in Fig. 4.2(c), after a forward pass with sampling, the GCN computes the performance
loss (e.g., cross-entropy for node classi cation) then back-propagates gradients of the loss. Next,
we describe how the gradients of the loss pass through the non-differentiable sampling operation to
update our sampling policy.

When denotes parameter®\/(s; as) in our sampling policyq('), we can write the sampling

operation withq(')(j ji) as follows:
h(* = wo (E; q(')(jji)[hj(l)])i I=0;::5L 1 (4.8)

Before being fed as input to the GCN transformatiog,, the hidden embeddings go through

a non-differentiable expectation under the sampling policy, which is non-differentiable. To pass
gradients of the loss through the expectation, we apply the log derivative 16€k idely used in
reinforcement learning to compute gradients of stochastic policies. Then the gradienf the

lossL w.r.t. the sampling policg"’(j ji) is computed as follows:

Theorem 3. Given the los§ and the hidden embeddirhé') of nodev; at thel-th layer, the gradient

45



of L w.rt. the parameter of the sampling policg"’(j ji) is computed as follows:

o M i i1y ()
" b ™D’ wo B ol 109a(inhy]

Proof. By the chain rule,‘;',—L is decomposed as follows:

d. _ dL dn"™?
d dhD  d
I

We compute the gradient hf“l) w.rt. as follows:

dh(+D) n
(lji:r W(')(Ej q(l)(jji)[hj ])
(i)
= wol ¢ (ukjiy)h{)
k=0
(i)
= wol r d”uii)h()
k=0
Xt [ |
= wol  q”ur logg® (uji)h()
k=0

= OFTEEYNQ
= wolE o4, loga™(inh"])

where the nodefsukgsz(li) are neighbors of;. The log derivative trick leveraging the property of

the logarithmr logg = r g =q to tranform the sum into an expectation undethat we can
sample is applied in the fourth equation. O

In Theorem 3, we describe the gradient of the loss w.r.t the sampling policy of a single edge
(i.e., sampling probabilitxq(')(j ji) of nodej given nodd). In the implementation, we average the
gradients L passed through all edges. Also, to show how the gradients w.r.t. the sampling policy
is passed through GCN parameterg | more ef ciently, we omit how the gradients pass through
the ReLU. Except for the ReLU conditior & 0), there is no difference in the nal result.

Based on Theorem 3, we pass the gradients of the GCN performance loss to the sampling policy
through the non-differentiable sampling operation and optimize the sampling policy for the GCN
performance.

4.3.3 Algorithm

Algorithms 3 and 4 describe how we train graph convolutional networks with our sampling policy.
Our algorithm's framework is composed of three steps: 1) sampling, 2) feedforward propagation,
and 3) backpropagation.

In the sampling process, we de ne a computation graph. The computation graphlayar
network composed of nodes and edges participating in a minibatch. We generate the computation
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Algorithm 3: One minibatch in PASS

Require: a minibatch of labeled nodeby;; yigf-, , sample numberk, GCN model:f W (Dg
sampling policy:q"(j ji)

Ensure: updated GCN model and sampling policy

. Geomp = Sampler(f v gib=1 D ji), k)

2: for | fromltoL 1do

3 for vj in Geomp[l +1] do

4 Neighbor(vl-b) = neighbor nodes of; in Gomp|l]

50 h"Y = (L Neighbor vy WD)

. j2Neighbor (vi) ''j

7

8

9

L 1
=1

[

end for
. end for
. L =loss¢h™);yigh,)
s forlfromL 1toldo
10:  updatew ) usingr oL
11:  updateq®)(j ji) usingr 4 i)k
12: end for

13: return fW g+ andq®(jji)

Algorithm 4: Sampler
Require: a minibatch of nodestvig’., , sampling policy:g(’ (j ji), sample numberk
Ensure: computation grapkomp
1: GeomplL] = fVigib:o
cforl=L 1toldo
for vi in Geomp[l + 1] do
Geompll] = Geompll] + vy g}<=1 o (u;ji)
end for
end for

return Geomp

A

graph using our sampling policy” (j ji) in a top-down mannet ¢ L ! 1). When a minibatch of
sizebis given, thebnodes are located at theth layer; each node samplesieighbors following
the sampling policy(")(j ji); the sampledbnodes are located at the ( 1)-th layer; each node
samplesk neighbors following the sampling poliey- V) (j ji); the sampled?bnodes are located
atthe L 2)-th layer; repeat until thé-st layer.

After acquiring the computation graph, we do feedforward propagation in a bottom-up mianner (
1! L), e, iteratively aggregate neighboring embeddings and pass them through transformations.
After computing the loss, we do backpropagation and update parameters using gradients of the loss
in a top-down manned ( L ! 1). In the backpropagation phase, we update the parameters of
both the GCN and the sampling policy. In practice, we nd that the gradients frorh¢héayer
are suf cient to successfully update the sampling policy. We repeat the whole process with each
minibatch.
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Implementation In the backpropagation phag@ASSuses the log derivative trickLp( to pass
gradients of the loss from the GCN to the sampling policy through an expectation operation. In
reinforcement learning, the log derivative trick is used to compute the gradient of the expectation of
a scalar function (e.g., a reward functiodpp, 160. However, our model applies the log derivative
trick to compute the gradient of an expectation of vectors (matrices for a batch implementation)
located in the middle of the neural network. The implementation of the log derivative trick in this
context requires hand-crafted backpropagation. If we were to brute-force the implementation, we
would need to computél =di", computedh’=d using the log derivative trick, multiply them to
outputdL=d , and nally update manually usinglL=d .

Here, we introduce an addition8UB-LOS Strick that allows us to leverage the backpropaga-
tion mechanisms built in deep learning frameworks (e.g., PyTorch, TensorFlow).

Theorem 4(SUB-LOSStrick). Given 2 RP" | a hidden embedding( ) 2 R°", and a loss
L (h) 2 R, the gradient of the loss w.r.t. is presented as follows:

dl _ ddi

d - dla "
with an assumptioff- (%) = 0.
Proof. Proofs are given in Appendix 4.8.1 O

With the SUB-LOS Strick, we compute an auxiliary lods,,, = dL=dh{’ h" and simply call
the backpropagation function of our deep learning framework gr to compute the gradient w.r.t.
. More details are in Appendix 4.8.1.

4.4 Theoretical Foundation

In this section, we dissect the back-propagation proceBa\&Sand analyze how?ASSlearns
whether a neighbor is informative for the target task from gradients of the performance loss (i.e.,
why it assigns a certain sampling probability to the neighbor).

GCNs train their parameters to move the node embeddiiﬁl?g'm the direction that minimizes
the performance lods, i.e., the gradient dL :dh('). PASSpromotes this process by sampling
neighbors whose embeddings are aligned with the gradidhtdh('). Whenhi(') is aggregated
with the embeddinc_mj(') of a sampled neighbor aligned with the gradient, it moves in the direction
that reduces the lods.

In other wordsPASSdecides a neighbor node is informative when its embeddirrgj') is
aligned with the gradient dL :dh('). In Fig.4.3,PASSconsiders/s more informative tharvs
sinceh(s') Is better aligned with dL :drg), thereby heIpingh(z') move towards loss reduction. In
Theorem 5, we show hoRAS Smeasures the alignment betweedL :dh(') andhj(') and how it
increases the sampling probabiliy (j ji) in proportion to this alignment.

Theorem 5. Given a source nodeg and its neighbor nodg; , PASSincreases a sampling proba-
bility ¢ (j ji) in proportion to the dot product of dL=dh’ and hj(').

48



Figure 4.3:Interpretation of why PASSassigns higher sampling probability to nodevs than vs given
source nodev,. Nodevas's embedding1(3') helpsv,'s embedding'l(z') move in the direction dL :dh(z') that

decreases the performance laswhile aggregating the embedding of nogewould movev, in the opposite
direction.

Proof. Let zi(') = g qm(jji)[hj(')] denote an intermediate hidden embedding of ngds thel-th

layer after the aggregation operation. By the chain ruldl, =dd"(j ji) decomposes into
dL=dz"  dz"=dd"(jji) . The rstcomponent dL=dz" is the directiorz!" needs to move

towards to decrease the IdssThe second componeds’ =dd" (j ji) is computed as follows:
dZi(I) _ d "
do(jji) dq(l)(jji)Ek a0 (kjiy [ic]
__d X
A1) \ o
d
Oiivpy = ()

where the nodeu,g,., are neighbors of;. In the third equation;, ;;i,q(uji) is zero for nodes
ug 6 j. Then dL=dd"(jji) is presented as follows:

g (ukjiyh)

. _ o dz" (o
de(j ji) dz0

= (M
0z a0 )y (4.9)

SincedL=d7" = dL=dK", dL=dd"(jji) is decided by the dot product ofdL=dK" andh{".
When dL=dH" andhj(') have similar directions, dL=dd" (j ji) becomes large and the probability
a(jji) is updated to increase by the gradient descent. O

In Theorem 5PAS Sestimates the alignment betweedL :dh(') andhj(') from their dot product.
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Table 4.3:Dataset statistics.LinkedIn dataset on member networks has two labels, member industry and job
title.

Dataset \ Nodes Edges Features Labels
Cora 2,485 5,069 1,433 7
Citeseer 2,110 3,668 3,703 6
Pubmed 19,717 44,324 500 3
AmazonC | 13,381 245,778 767 10
AmazonP | 7,487 119,043 745 8
MsCS 18,333 81,894 6,805 15
MsPhysics| 34,493 247,962 8,415 5
. (industry) 150
LinkedIn 39K+  1.7M+ 20+ (title) 8,000

However, the dot product as a measure of alignment prbfarwith alarge L1 norm. To prevent
this issue, we normalijeq(') in our experiments.

This reasoning process leads to two important considerations. First, it crystallizes our un-
derstanding of the aggregation operation in GCNs. The aggregation operation enables a node's
embedding to move towards its neighbors' to reduce the performance loss. Second, this reasoning
process shows the bene ts of jointly optimizing the GCN and the sampling policy. Optimizing the
sampling policy for task performance allows an embedding to choose which neighbors to move
towards, leading to the minimum loss more ef ciently.

4.4.1 Design of Sampling Policy

In Equation 4.9, dL=dd"(j ji) measures alignment/similarity betweedL =dz" andhj(') by a

dot product. We choose the same similarity measurer, the dot product, to estimate the importance of
neighbors in our sampling policy (Equation 4.4). When we choose another similarity measurer, for
instance, a concatenation-based measa(grv;) = a [W h{’jjw h{"Jused in graph attention
networks (GAT), we observe up &8%drop in accuracy (more details in Section 4.5). This shows

a careful design of the sampling policy has a large impact on performance.

4.5 EXxperiments

In this section, we evaluate the performanceP#SS compared to state-of-the-art sampling
algorithms on GCNSs.
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4.5.1 Experimental setting

We compare the performance BASSand other sampling algorithms on semi-supervised node
classi cation tasks. All experiments were conducted on the same p2.xlarge Amazon EC2 instance.
Datasets.We use seven public datasets — three citation networks (Cora, Citeseer, and Pui#fed) [
two co-purchase graphs (Amazon Computers and Amazon PH@&d) and two co-authorship
graphs (MS CS and MS Physic9)47. In addition, we also evaluate on a subset of LinkedIn social
networks where nodes are alumni from a US university, and edges are connections between them.
We use members' latest joB§] title and their industry as labels. We s@i®%=10%~40%of the
datasets into the training/validation/test sets, respectively. We report their statistics in Table 4.3.
Baselines. We comparePASSwith four state-of-the-art sampling methods: GraghS&gg [
FastGCN R3], AS-GCN [68], and GCN-BS 97]; and one attention method: GAL%5. For fair
comparison, all methods share the same network structure, two-hidden-layer GCN with all hidden
dimensions set t64. Please refer to Appendix 4.8.2 for more details.

Uni ed time complexity bound. With the batch size set t64, layer-wise sampling methods
(FastGCN, AS-GCN) samplé4 nodes per layer. For a fair comparison, node-wise sampling
methods (GraghSage, GCN-BS, @SS sample one neighbor per node, thus sampidtgodes

per layer in total. You can nd the results with larger numbers of samples in Appendix 4.8.4.
Evaluation with Sampling. Previous worksZ3, 68, 97] sample during training but not during
testing: they compute node embeddings on the test set by aggregating full neighborhoods. This
setting is unrealistic: the prohibitive time and memory costs from the full neighborhood expansion
that prompted us to sample during training are also issues during tdstitis work, we sample

both during training and testing. This results in a signi cant drop in accuracy for certain baselines,
especially layer-wise samplers.

45.2 Effectiveness

We measure the accuracy of each sampling algorithm on the node classi cation tasks. In Table 4.4,
our proposed®AS Sshows the highest accuracy among all baselines across all datasets. Layer-wise
methods (FastGCN, AS-GCN) show lower accuracy than node-wise methods (GraphSage, GCN-BS,
PASS).

Layer-wise samplers de ne the probability of sampling neggiven a set of source nodes
kag}(":il asq(jjiz;  ;in). Since they sample from a union pool of each source node's neighbor-
hood, there is no guarantee for each source node to fairly sample their neighbors. Moreover, a
node's sampling probability in a layer-wise sampler is proportional to its degree, which follows a
power-law distribution39]. If a source node;'s neighbors all have smaller degrees than neighbors
of other source nodes, nonewk neighbors are likely to be sampled, andails to aggregate any
neighbor information. This results in sparse connections between layers and poor performance for
layer-wise samplers.

Among node-wise sampling method®\ S Soutperforms GraphSage and GCN-BS. One inter-
esting result is that GraphSage, which just samples neighbor randomly, still shows good performance
among carefully-designed sampling algorithms. The seven public datasets are well-clustered; thus
there is not much room to be improved by importance sampling. In the following Section, we show
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when the graphs have noise (e.g., random connections between different communities), GraphSage
plummets in accuracy. GCN-BS shows higher accuracy than other baselines but lower than our
method. WhilePASSlearns ashared sampling policgcross all edges with thgerformance loss
GCN-BS traingndividual sampling probabilitieor each edge witlvariance reduction lossThis

result presents the effectiveness of the parameter sharing and the performance loss of PASS.

45.3 Robustness

To examine the robustness of sampling algorithms, we inject noise into graphs. We investigate two
different noise scenarios: 1) fake connections among existing nodes, and 2) fake neighbors with
random feature vectors. These two scenarios are common in real-world graphs. The rst "fake
connection" scenario simulates connections made by mistake or un t for purpose (e.g., connections
between family members in a job search platform). The second scenario simulates fake accounts
with random attributes used for fraudulent activities. For each node, we generate ve true neighbors
and ve fake neighbors for each scenario. We keep the rest of the experimental setting as in
Section 4.5.1.

Table 4.5 shows thaPASS consistently has high accuracy across all scenarios, while the
performance of all other methods plummets. The sparse connection problems of layer-wise sampling
methods (FastGCN, AS-GCN) become worse with graph noise. Node-wise sampling methods
also show much lower accuracy than on the original graphs (Table 4.4). GraphSage gives the
same sampling probability to true neighbors and fake neighbors, resulting in a sharp drop in
accuracy. GCN-BS is likely to sample high-degree or dense-feature nodes, which help stabilize the
sampling variance, regardless of their relationship with the source node. Thus GCN-BS fails to
distinguish fake neighbors from true neighbors. On the other Haf8,Slearns which neighbors
are informative or fake from gradients of the performance loss (Theorem 5). These results show
that the optimization of the sampling policy toward performance brings robustness to graph noise.

4.5.4 Convergenc& Variance

In this section, we analyze the convergence and variance of sampling algorithms across epochs. We
train each algorithn®d times and plot the mean and standard deviatAS Sshows the highest
accuracy by a signi cant margintb :5%) with a slightly higher varianceX5 1:2%) than baselines

(0:1 0:6%). Static algorithms, including GraphSage and FastGCN, show low variance since their
sampling policy is decided heuristically and xed. Learnable algorithms, including AS-GCN and
GCN-BS, show low variance because their sampling policy is optimized for variance reduction. On
the other handPAS Soptimizes for performance improvemeMAS Sexplores neighbors to nd

the most informative, leading to slightly higher variance and much higher accuracy than baselines
that exploit the neighbors that minimize variance.

4.5.5 Comparison with GAT

In this section, we compail@AS Swith GATs. PASSand GATs share the same objective of learning
the importance of neighbors, respectively through sampling probabilities and attention scores. While
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(&) Amazon Computer

(b) Amazon Photo

Figure 4.4:The convergence of PASS on the test set in terms of epochs.

PASSsolves the scalability issues of GCNs with sampling, GATs suffer from high computation
and memory footprints. To investigate their scalability, we train GATsRA8 Son a GPU with
16GB of memory. We rurPASSwith both1 and5 sampled neighbors (denotedR&SS1 and
PASS-5), trading-off speed for accuracy.

Table 4.6 show$ASSis scalable across all datasets while GAT runs out of memory on the
Pubmed, Amazon Computer, MS CS, and MS Physics datasets. On the few datasets where GATs
are applicable (Cora, Citeseer, and Amazon Ph&8)SS1 shows up to 60 shorter training
time and 8 shorter test time than GAT while havirt§o lower accuracy. When sampling more
neighbors to increase accuracy at the price of spea&S5 shows comparable or higher accuracy
as GATs while maintaining shorter training and test times. On the Amazon Photo dataset, where
neighbors have0neighbors on averagPASS5 showss% higher accuracy than GATs while only
sampling5 neighbors when GATs consider the full neighborhood. This sH&SSis scalable
and learns neighbors informative for performance improvement.

4.5.6 Ablation Study

In this section, we examine the effectiveness of importance and random sam@A&R We
compare the performance of our dot-product-based importance sampling with the importance
sampling mechanism introduced in GATSs, presented as

dxr Gi)=a W h"%iw h"
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Table 4.7:Ablation study of PASS Our dot-product-based importance samplifg, outperforms the
GAT-version importance sampling mechanism. Random samgling complements importance sampling

Gmp -

Dataset | GAT-version Gmp  Gmp * Gand

Cora 0.574 0.779 0.821
Citeseer 0.456 0.706 0.715
Pubmed 0.606 0.862 0.858
AmazonC 0.482 0.746 0.757
AmazonP 0.575 0.854 0.855
MsCS 0.661 0.883 0.884
MsPhysics 0.683 0.933 0.934

whereW anda are a trainabl¢D® D®) matrixand 1 2D ®)) vector, respectively.

Table 4.7 shows our dot-product-based importance sampling outperforms the GATs version by
up to27:.9%accuracy. The addition of random sampling improves accuracy by up to add2Ber
accuracy as the noise helps aggregate diverse neighbors (i.e., exploration), preventing the GCN
from over tting.

4.5.7 Case Study

Figure 4.1 shows a case study wh&#&SSis used to classify the job industry of nodes in the
LinkedIn social networkPAS Slearns which neighbors are informative for the task. Given Member

A from the "Computer software" industriAS Slearns high sampling probabilities for Members

B, C, and D from similar industries but low probabilities for Members E and F from different
industries. Given Member G from the "Hospi&lhealth care" industryfPASSassigns a low
sampling probability to Member I, who has an unrelated career as a "Program Analyst" although he
works in the same industry. This shoWASSis able to determine that the attributes of Member |

are different from Member G's and thus not informative. These case studies show the effectiveness
of PASSat identifying informative neighbors on real-world graphs. Additional case studies on the
Cora and Amazon photo datasets are in Appendix 4.8.

45.8 Visualization of PASS

In Section 4.4, we saw th&®®ASSdecides whether a neighbwgr is informative based on the

alignment between its embeddihﬂ) and the gradient dL :dh(') of the loss w.r.t the source node

v;. Figure 4.5 shows the hidden-layer embeddings projectedtaa t-SNE [L7]. Numbers denote

the increase/decrease in sampling probabilities. The neighbors in the red area, which are close to the
gradient (the red cross), see an increase in their sampling probabilities. Conversely, the neighbors in

the blue area, which are far from the gradient, see a decrease in their sampling probabilities. This

result shows our theoretical foundation holds on real-world datasets.
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Figure 4.5: Visualization of PASS The hidden-layer embeddings of a neighborhood in the Amazon
Computer dataset (visualized by t-SNE/]). The red cross denotes the gradient of the loss w.r.t the source
node and green points denote the embeddings of neighbor nodes. Numbers denote the increase/decrease in
sampling probabilitiesPASSincreases sampling probabilities for neighbors in the red area, close to the
gradient, while decreasing probabilities for the neighbors in the blue zone, which are far from the gradients.

4.6 Related Work

The sampling algorithms for GCNs broadly fall into two categories: node-wise sampling and
layer-wise sampling.

* Node-Wise Sampling.The sampling distributioq(j ji) is de ned as a probability of sampling
nodey; given a source nodg. In node-wise sampling, each node sampl@egighbors from its
sampling distribution, then the total number of nodes inlttielayer become®(k'). Graph-
Sage b5 is one of the most well-known node-wise sampling method with the uniform sampling
distributionq(j ji) = N+|) GCN-BS P7] introduces a variance reduced sampler based on multi-
armed bandits. GCN-BS de nes an individual sampling probabdfyi) for each edge and
trains them toward minimum sampling variance.

* Layer-Wise Sampling. To alleviate the exponential neighbor expangik') of the node-wise
samplers, layer-wise samplers de ne the sampling distribud{ppn,;  ;in) as a probability
of sampling node; given a set of nodeb/kgL”:il. Each layer sampldsneighbors from their
sampling distributiorq(j ji;;  ;in), then the number of sampled nodes in each layer becomes
O(k). FastGCN 23] de nes q(jji;; ;in) proportional to the degree of the target nogle
thus every layer has independent-identical-distributions. LADEX][adopts the same iid as
FastGCN but limits the sampling domain to the neighborhood of the sampler layer. AS&SCN [

the layer-wise samplers successfully regulate the neighbor expansion, they suffer from sparse
connection problems — some nodes fail to sample any neighbors while other nodes sample their
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neighbors repeatedly in a given layer.
Learnable Sampling Policy. GraphSaged5], FastGCN R3], and LADIES [202 use the heuristic
sampling probability distributions (e.g., proportional to degrees of nodes). GCN-B3rd AS-
GCN [69] train their sampling distributions towards minimum sampling variance. They compute
the optimal sampling probability model with the minimum variance theoretically, then update their
sampling models towards the optimal variance.

Our proposed®ASSis a learnable node-wise sampler. Table 4.2 compaAe3Swith existing

sampling methods.

4.7 Summary

In this paper, we propose a novel sampling algorife Sfor graph convolutional networks. Our
main contributions are:
* Performance-adaptive sampler:PASSsamples neighbors informative for the task performance.

* Effectiveness:PASS outperforms state-of-the-art samplers, being U@:# more accurate.

* Robustness:PASSshows up tb3:1% higher accuracy than the baselines in the presence of
adversarial attacks.

* Theoretical foundation: PASSexplains why a neighbor is considered informative and assigned
a high sampling probability.

Future works include learning an edge imputation policy and combining it with our proposed edge

sampling policy to improve the overall performance of graph neural networks.

4.8 Appendix

4.8.1 Proofof SUB-LOSS trick

Our model applies the log derivative trick to compute the gradient of an expectation of vectors (ma-
trices for a batch implementation) located in the middle of the neural network. The implementation
of the log derivative trick in this context requires hand-crafted backpropagation. Here, we introduce
an additionaSUB-LOSStrick that allows us to leverage the backpropagation mechanisms built in
deep learning frameworks (e.g., PyTorch, TensorFlow).
Theorem 6 (SUB-LOSStrick). Given 2 RP", a hidden embeddinig( ) 2 R°", and a loss
L(h) 2 R, the gradient of the losls with respect to is presented as follows:

d_ dd

d d‘dnh
with an assumptiod-($) = 0.
Proof. By the chain rule,‘c’,—L is decomposed as follows:

d. _ dL dh

d dh d
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whered:isan(l D®) matrix and{" is a(D" D) matrix. Thei-th component off- is
presented as follows:

d _ X" dL dh

CRR T T

The dot product of‘;—h andh is presented as follows:

dL dL dL dL

"= h= o—hg+ ——hi+ +-——h

dh dng ° dhy * dhoo 5 @D
wher_eg—h his a scalar value. With an assumptigh(g:) = 0, the gradient ofj= h with respect
to ; is presented as follows:

i(dil_ h) = diL% + diL% + + dL dh(D(l) 1)
d; dh dhod; dhyd, dhpow 1) di

_ XLy
o dhyd,
_d
=g
Then§- = &-(§ h) foreveryd i<D ©). This shows} is equal tof (G h). O

With the SUB-LOS Strick, we compute an auxiliary lods,,x = dL =dh(') hi(') and simply
call the backpropagation function of our deep learning framework Qg to compute the gradient
w.rt. .

4.8.2 Experimental Setting

Hyper-parameters. We use the Adam optimize7 ] and tune each baseline with a grid search
on each dataset. Most baselines perform best on most datasets with a learnin@:@tevedight
decay o5 10 “. We report the average performance acfass for each experiment.
Baselines.We refer to the following websites when implementing the baseline models:

* FastGCN: https://github.com/matenure/FastGCN

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

* GraphSage:https://github.com/williamleif/GraphSAGE

* GCN-BS: https://github.com/xavierzw/ogb-geniepath-bs
* GAT: https://github.com/PetarV-/GAT

4.8.3 Case Study

In Figure 4.6(a), we ndPASSdistinguishes informative neighbors (same labels) from less infor-
mative ones (different labels). The nod@4with label0 has a high sampling probabilitp:@7)
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(a) Nodes and subset of neighbors from the Cora dataset

(b) Nodes and subset of neighbors from the Amazon Photo dataset

Figure 4.6:PASSlearns which neighbors are informative or not. The numbers in nodes denote node ids
and labels. The numbers in edges denote sampling probabilities computed by PASS.

for the node2240with label 0 while low probabilities Q:09) for the nodes1940and 1892with
different labels. In Figure 4.6(b), the no@d3with label1 gives a high sampling probabilit@21)
to the nodes572with different labeld. The node572has a high sampling probabilitp:Q0) for
the neighbor nod&454with label 1; thus, the nodé&572contains information of labél. In the
two-layer GCNSs, the nodé43aggregates the nod&54through the nodé572and supplements
its embedding with another lab&hode.

4.8.4 Different sample numbers

In Section 4.5, we sample one neighbor per node for a fair comparison between layer-wise samplers
and node-wise samplers. With the batch size sédidoth the layer-wise and node-wise samplers
samples$4 nodes in total for each layer. Under the same time/memory ef ciency, the node-wise
samplers outperform the layer-wise sampler in accuracy. Here, we compare the performance of the
node-wise samplers with larger numbers of samies ().

In Table 4.8,PASSshows higher or similar accuracy with its competitors. The accuracy gap
betweenPASSand its competitors is smaller than when the sampling numiderTike large sample
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Table 4.8:Comparison between node-wise samplers with large numbers of samples.

Dataset | #sample| GraphSage GCN-BS PASS

Cora 3 0.845 0.840 0.844
Citeseer 3 0.740 0.708 0.735
Pubmed 3 0.839 0.877 0.874
AmazonC 5 0.844 0.880 0.889
AmazonC 10 0.862 0.898 0.885
AmazonP 5 0.900 0.919 0.942
AmazonP 10 0.923 0.937 0.945
MsCS 3 0.862 0.909 0.912

number allows the informative neighbors sampled at some point by GraphSage and GCN-BS.
Thus the accuracy of GraphSage and GCN-BS could catch up with our accuracy, not surpass ours.
In addition, the accuracy is saturated arofB and0:94 from the sampling numbes on the
AmazonC and AmazonP datasets, respectively. This shows the number of informative neighbors is
under5. Thus sampling neighbors more thadoes not bring further increase in accuracy. These
results show that our experimental setting with one sample per node is more effective at comparing
the performance of the sampling algorithms.
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Chapter 5

Privacy l: transfer learning within a hetero-
geneous graph

Data continuously emitted from industrial ecosystems such as social or e-commerce platforms
are commonly represented as heterogeneous graphs (HG) composed of multiple node/edge types.
State-of-the-art graph learning methods for HGs known as heterogeneous graph neural networks
(HGNNSs) are applied to learn deep context-informed node representations. However, many HG
datasets from industrial applications suffer from label imbalance between node types. As there is no
direct way to learn using labels rooted at different node types, HGNNs have been applied on only a
few node types with abundant labels. We propose a zero-shot transfer learning module for HGNNs
called a Knowledge Transfer NetworKTN) that transfers knowledge frotabel-abundanhode

types tozero-labelednode types through rich relational information given in the KGN is

derived from the theoretical relationship, which we introduce in this work, between difgatate
extractorsfor each node types given in a HGNN modKITN improves performance & different

types of HGNN models by up ©60%for inference on zero-labeled node types and outperforms
state-of-the-art transfer learning baselines by up3hacrossl8 different transfer learning tasks

on HGs.

5.1 Motivation

Large technology companies commonly maintain large relational datasets, derived from their internal
logs, that can be represented as or joined into a massive heterogeneous graph (HG) composed of
nodes and edges with multiple typd<ifl]. For instance, in e-commerce networks, there are product,
user, and review nodes, all interconnected by many edge types that represent forms of interactions
such as spending (user-product), reviewing (user-review), and reviews-of (product-review). To learn
powerful features representing the complex multimodal structure of HGs, various heterogeneous
graph neural networks (HGNN) have been proposed [65, 125, 158, 191].

A common issue in these industrial applications of HGNNs is the label imbalance among
different node types. For instance, publicly availatibatentnodes — such as those representing
video, text, and image content — are abundantly labelled, whereas labels for other types (such as
useror accountnodes) may be much more expensive to collect (or even not available, e.g. due to
privacy restrictions). This means that in most standard training settings, HGNN models can only
learn to make good inferences for a few label-abundant node types, and can usually not make any
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inferences for the remaining node types, given the absence of any labels for them.

If there is a pair oflabel-abundantand zero-labelednode types which share an inference
task, could we transfer knowledge between them? One body of work has focused on transferring
knowledge between nodes of th@metype from twodifferentHGs (i.e., graph-to-graph transfer
learning) b7, 171]. However, these approaches are not applicable in many real-world scenarios for
three reasons. First, any external large-scale HG that could be used in a graph-to-graph transfer
learning setting would almost surely be proprietary. Second, even if practitioners could obtain
access to an external industrial HG, it is unlikely the distribution of that (source) graph would match
their target graph well enough to apply transfer learning. Finally, node types suffering label scarcity
are likely to suffer the same issue on other HGs (e.g. user nodes).

In this paper, we introduce a zero-shot transfer learning approachsiogle HG (assumed
to be fully-owned by the practitioners), transferring knowledge from labelled to unlabelled node
types. This setting is distinct from any graph-to-graph transfer learning scenarios, since the source
and target domains exist in the same HG dataset, and are assumed to have different node types.
Our model utilizes the shared context between source and target node types; for instance, in
the e-commerce network, the latent (unknown) labels of user nodes can be strongly correlated
with spending/reviewing patterns that are encoded in the cross-edges between user nodes and
product/review nodes. We propose a novel zero-shot transfer learning problem for this HG learning
setting as follows:

Informal Problem De nition 1. Zero-shot cross-type transfer learning running on a HG:
Given a heterogeneous gra@with node type$s;t; g with abundant labels for source tyge
but no labels for target type, can we train HGNNS to infer the labels of target-type nodes?

A naive solution to this problem would be to re-use an HGNN pre-trained on the source nodes
for target node inference, given that both domains exist in the same HG. However, as we show in our
paper, HGNNs have distinct parameter sets for each node &gheefige type 125, and meta-path
type (46, 158. These facts cause HGNNSs to learn entirely diffeffeature extractorgéor nodes
and edges of different types — in other words, the nal embeddings for source and target nodes are
computed by different sets of parameters in HGNNSs. Thus, a classi er pre-trained on source nodes
will fail to perform well on inference tasks for target nodes. The eld of domain adaptation (DA)
targets this setting, seeking to transfer knowledge from a source domain with abundant labels to a
target domain which lacks themT, 99, 100, 128. However, distinct feature extractors across node
types in HGNNSs break a standard assumption of DA setting, namely that source and target domains
share the same feature extractors (e.g., CNNs for both source and target image domains). As we
demonstrate in this paper, in our problem setting, DA approaches fail to achieve the outstanding
performance they are known for in computer vision and NLP.

In our work, we rst dissect the gradient path of HGNN models to see how feature extrac-
tors are designed independently for each node type, and some empirical consequences. Then
we theoretically analyze how feature extractors across node types relate to each other and how
their output distributions could be represented in terms of each other. We model this theoretical
relationship between two feature extractors as a Knowledge Transfer Net/dh)(which can
be optimized to transform target embeddings to t the source domain distribution. We perform
an extensive evaluation of our method on 18 different transfer learning tasks on HGs where we
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compare against state-of-the-art domain adaptation baselines. Additionally, in order to understand

which environments are ideal for transferring knowledge between different node types for HGs, we

formulate a synthetic heterogeneous graph generator that allows us to study the sensitivity of these
methods.
Our main contributions are:

* Novel and practical problem de nition: To the best of our knowledg&TN is the rst zero-shot
cross-type transfer learning method running on a heterogeneous graph — transfer knowledge
across different node types within a heterogeneous graph.

* Generality: KTN is a principled approach analytically induced from the architecture of HGNNSs,
thus applicable to any HGNN models, showing u@é®%performance improvement for zero-
labeled node inference acragdifferent HGNN models.

 Effectiveness: We show thatK TN outperforms state-of-the-art domain adaptation methods,
being up to73:3% higher in MRR onl8different transfer learning tasks on HGs.

* Sensitivity Analysis: We provide a HG generator model to analyze how the node attribute and
edge distributions of HGs affect the performance of KTN and other methods on the task.

5.2 Preliminaries

In this section we review heterogeneous graphs and heterogeneous graph neural networks (HGNNS).

5.2.1 Heterogeneous graph

Heterogeneous graphs (HGs) are an important abstraction for modeling the relational data of multi-
modal systems. Formally, a heterogeneous graph is de n&i=a¢V; E; T ; R) where the node set

V; the edge sdE consisting of ordered tuplesg := (i;j ) withi;j 2V, whereg; 2 E iff an edge

exists fromi to j ; the set of node typeB with associated map: V 7! T ; the set of relation types

R with associated map : E 7! R. This exible formulation allows directed, multi-type edges. We
additionally assume the existence of a node attribute ve¢tdrX () for eachi 2 V, whereX; is

an attribute matrix speci c to nodes of type

5.2.2 Heterogeneous Graph Neural Networks (HGNN)

Various HGNN models have been proposé8 [L25 158 172 191]. Fully-speci ed HGNN models

have specialized parameters for each node t§pg ¢dge type 125, and meta-path typetf] to

most effectively utilize the complex relationships encoded in the HG data structure. In this paper,
we use a avor of HGNN known as a Heterogeneous Message-Passing Neural Network (HMPNN)
as our base model on which to demonstiglieéN (thoughKTN can be implemented in almost

any HGNN, as we show in experiments in Section 5.5). The HMPNN merely extends the standard
MPNN [49] by specializing all transformation and message matrices in each node/edge type. With
its generality, HMPNN is itself a base model for RGCINeH and HGT [65], and is also widely used

as a default HGNN model in popular GNN libraries (e.g., pyG [41], TF-GNN [40], DGL [157]).
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In a HMPNN, for any nod¢, the embedding of nodeat thel-th layer is obtained with the
following generic formulation:

hj(') = Transform®  Aggregaté” (E(j)) (5.1)

whereE(j) = f(i;j) 2 E :i;j 2 Vg denotes all the edges which connect (directionally).t®éhe
above operations typically involve type-speci ¢ parameters to exploit the inherent multiplicity of
modalities in heterogeneous graphs. First, we de ne a liMsssageunction:

V()
Messagd(i;j) = M,

h! Ykh{ Y (5.2)
whereM " are the speci ¢ message passing parameters for each edge 2ygeand each ot
HMPNN layers. Then de ningdg (j ) as the set of edges of typgointing to nodg , the Aggregate
function mean-pools messages by edge type, and concatenates:
Aggregaté(E())) = Kk =4y Messagé) (e) (5.3)
r2R e2E:; (j)

Finally, theTransform function maps the message into a type-speci c latent space:

Transform®(j) = (W('(}) Aggregate” (E(j))) (5.4)
whereWt(') are the speci c transformation parameters for each node typelr and each of

L HMPNN layers. By stackind. layers, HMPNN outputs highly contextualized nal node
representations, and the nal node representations can be fed into another model to perform
downstream heterogeneous network tasks, such as node classi cation or link prediction.

5.2.3 Problem de nition

Using notations de ned above, we formalize our novel transfer learning problem on HGs.
Problem 1. Zero-shot cross-type transfer learning running on a HG:

In a given heterogeneous gra@= (V; E; T; R) with node attributeX = [ (o1 X;, assume node
typess andt share a classi cation task(i;y;) : i 2 Vs; V;g. During the training phase, using
labelsf (i;yi) : i 2 Vsgonly for source-type nodes, we train an HGNN mddefi(G; X) = h; to
get node embeddindp for all nodesi 2 V and a classi erg : g(h;) = 4; to predict labelsp; from
the node embeddinds. During the test phase, our task is to predict labi(gy;) : j 2 Vg of
target-type nodes where none of labels of target-type nodes were used for training.

5.3 Cross-Type Feature Extractor Transformations in HGNNs

We de nef; : G 7! RY to be the “feature extractor" of a HGNN, which is composed of parameters
participating to map input node attributes of tytgato a shared feature spaRé. In this section,
we derive a strict transformation between feature extractors within a HMPNN. Speci cally, for any
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two nodesq;j with types (i) = sand (j) = t, we derive an expression fbg in terms off ;, and
use that expression to inspire a trainable transfer learning module &allldin the following
section. For simplicity, throughout this section we ignore the activatiohwithin the Transform
function in Equation (5.4).

5.3.1 Feature extractors in HMPNNSs

We rst reason intuitively about the differences betwdgnandf, whens 6 t, using a toy
heterogeneous graph shown in Figure 5.1(a). Consider ngdeslv,, noticing that (1) 6 (2).
Using HMPNN's equations (5.2)-(5.4) from Section 5.2.2, for a@yf 0;:::;L 1g we have

h |

h’ =w® MQ h§ Ykh{ ¥ kMQ hj Ykh{ ¥ (5.5)
h i

hY =w® MP hl Yknd P km{ n§ Yknd Y (5.6)

Wherehj(o) = X;. From these equations, we see th%?t and h(z'), which are features of different

types, are extracted usimsjoint sets of model parameterslath layer. In a 2-layer HMPNN,

this creates unique gradient backpropagation paths between the two node types, as illustrated in
Figures 5.1(b)-5.1(c). In other words, even though the same HMPNN is applied to nods ymets

t, the feature extractoffg andf, have different computational paths. Therefore they project node
features into different latent spaces, and have different update equations during training.

5.3.2 Empirical gap betweerfs andf;

Here we study the experimental consequences of the above observation via simulation. We rst
construct a synthetic graph extending the 2-type graph in Figure 5.1(a) to have multiple nodes per-
type, and multiple classes. To maximize the effects of having different feature extractors, we sample
source and target nodes from the same feature distributions and each classes are well-separated in
the both the graph and feature space (more details available in Appendix 5.8.7).

On such a well-aligned heterogeneous graph, without considering the observation in Sec-
tion 5.3.1, there may seem to be no need for domain adaptatiorf framfis. However, when we
train the HMPNN model solely os-type nodes, as shown in Figure 5.2(a) we nd the test accuracy
for s-type nodes to be higl®0% blue line) and the test accuracy tetype nodes to be quite low
(25% green line). Now if instead we make théype nodes use the source feature extraicipr
much more transfer learning is possible66% orange line). This shows that the different feature
extractors present in the HMPNN model result in the signi cant performance drop, and simply
matching input data distributions can not solve the problem.

To analyze this phenomenon at the level of backpropagation, in Figures 5.2(b)-5.2(c) we show
the magnitude of gradients passed to parameters of source and target node types. As illustrated in
Figures 5.1(b)-5.1(c), we nd that the nal-laydiransform parametek/vt(z) for typet nodes have
zero gradients (Figure 5.2(b)), and similarly for the nal-lajessageparameters (Figure 5.2(c)).
Additionally, those same parameters in the rst-layertfdype nodes have much smaller gradients
than theirs-type counterpartswt(l) (blue line in Figure 5.2(b)M s(tl) anth(tl) (blue and orange
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