Algorithm and System Co-design for

Efficient and Scalable Graph Learning

ERTEN NANYANG
TECHNOLOGICAL
UNIVERSITY

SINGAPORE

Meng Zhang

College of Computing and Data Science

A thesis submitted to the Nanyang Technological University
in partial fulfillment of the requirements for the degree of

Doctor of Philosophy

2026


http://www.ntu.edu.sg
https://tonyhao.xyz/
https://www.ntu.edu.sg/scse

Statement of Originality

I hereby certify that the work embodied in this thesis is the result
of original research, is free of plagiarised materials, and has not been

submitted for a higher degree to any other University or Institution.

04/06/2025 Z \/‘ OW\@ {\/\M/ﬁ

Date Meng Zhang


https://tonyhao.xyz/

Supervisor Declaration Statement

I have reviewed the content and presentation style of this thesis and
declare it is free of plagiarism and of sufficient grammatical clarity to
be examined. To the best of my knowledge, the research and writing
are those of the candidate except as acknowledged in the Author Attri-
bution Statement. I confirm that the investigations were conducted in
accord with the ethics policies and integrity standards of Nanyang Tech-
nological University and that the research data are presented honestly

and without prejudice.

04,/06,/2025

Date Prof. Tianwei Zhang



Authorship Attribution Statement

This thesis contains material from 2 papers published in the following peer-reviewed

journal(s) / from papers accepted at conferences in which I am listed as an author.

Chapter 3 is published as Meng Zhang, Qinghao Hu, Cheng Wan, Haozhao Wang,
Peng Sun, Yonggang Wen, Tianwei Zhang. Sylvie: 3D-adaptive and Universal
System for Large-scale Graph Neural Network Training. In IEEFE Interna-
tional Conference on Data Engineering, ICDE 24, 2024.

The contributions of the co-authors are as follows:

e [ was the lead author. The idea was proposed by me, followed by the imple-
mentation of the system framework, execution of the experiments, and writing
of the manuscript draft.

e Prof. Tianwei Zhang, Prof. Yonggang Wen, and Dr. Peng Sun were instrumen-
tal in guiding the project’s early direction, providing critical insights, participat-
ing in thoughtful discussions on system design, and contributing substantially
to revising the manuscript draft.

e Dr. Qinghao Hu assisted me much in locking research direction, shaping the
initial ideas and writing an integrated academic paper.

e Dr. Haozhao Wang and Dr. Cheng Wan made significant revisions to the paper

manuscript. Dr. Cheng Wan helped me to improve and correct my initial design
ideas. He also assisted in manuscript checking and formula writing.

Chapter 4 is published as Meng Zhang, Jie Sun, Qinghao Hu, Peng Sun, Zeke Wang,
Yonggang Wen, Tianwei Zhang. TorchGT: A Holistic System for Large-scale
Graph Transformer Training. In Proceedings of the International Conference for
High Performance Computing, Networking, Storage and Analysis, SC 24, 2024.

The contributions of the co-authors are as follows:

e [ was the lead author. The idea was proposed by me, followed by the imple-
mentation of the system framework, execution of the experiments, and writing
of the manuscript draft.

e Jie Sun played a key role in assisting me in conducting ablation experiments
and collecting some experimental data.

e Prof. Tianwei Zhang, Prof. Yonggang Wen, and Dr. Peng Sun were instrumen-
tal in guiding the project’s early direction, providing critical insights, participat-
ing in thoughtful discussions on system design, and contributing substantially
to revising the manuscript draft.

e Dr. Qinghao Hu provided thoughtful discussions on my system designs, and
provided many suggestions on the manuscript writing.



04/06/2025

Meng Zhang


https://tonyhao.xyz/

Acknowledgements

Looking back on my arrival in Singapore, I could never have imagined that one of
the most significant chapters in my life would come to such a fulfilling close here —
that my doctoral journey at Nanyang Technological University would conclude today.
These past few years as a Ph.D. student have been among the most transformative
and enriching periods of my life. What this experience has bestowed upon me extends

far beyond mere knowledge; it is an enduring legacy that I will cherish for a lifetime.

[ am deeply grateful to the mentors and friends who enriched my journey. Their wis-
dom and support propelled my research and brightened my time abroad with warmth
and strength. Firstly, I owe my deepest gratitude to my advisor, Prof. Tianwei
Zhang, whose guidance has profoundly shaped my academic journey. Looking back
to the start of my Ph.D., I consider myself truly fortunate to have joined his group
of doctoral students. Despite my limited research background at the time, Tianwei’s
patience, encouragement, and kindness gave me the confidence to take my first steps
into the world of research — a support 1 will always remember with appreciation.
Under his mentorship, I was introduced to the field of graph learning optimization.
He encouraged me to begin with foundational graph neural network studies and then
gradually explore at my own pace. I still remember vividly when I was preparing
my first research manuscript, Sylvie, Prof. Zhang printed out my draft and went
through it meticulously, marking every section that needed refinement. At that time,
I was still inexperienced and sometimes struggled with gaps in my knowledge. Yet
Prof. Zhang’s unwavering encouragement consistently lifted my spirits and motivated
me to keep going. Beyond that, Tianwei generously created opportunities for me to
collaborate with industry professionals and supported my participation in several con-
ferences, where I had the privilege to present my work and broaden my perspective.
In short, my experience in his group has been transformative, and I have no doubt it

will continue to benefit my future in many meaningful ways.

Moreover, I received a lot of guidance and advice from a senior collaborator in our
group, Dr. Qinghao Hu. Drawing on his academic expertise and experience, he has

offered me selfless and invaluable guidance that has profoundly shaped my research

\%



vi

direction and illuminated the path of my academic journey. Whether it was identifying
the next research direction, designing experiments, or writing papers, he consistently
offered me thoughtful and practical advice. Whenever I was preparing my research
manuscript, he always reviewed the content carefully, providing thoughtful feedback
and guiding me in polishing the work. He also actively introduced me to industry-
related opportunities, allowing me to learn from many remarkable individuals. Beyond
academia, he also shared much practical advice about living in Singapore, which
enriched my years as a Ph.D. student here and made my experience all the more
vibrant. All in all, I am deeply and sincerely grateful for his tremendous support,
both academically and personally, throughout my doctoral journey — support that

has greatly contributed to my growth and development.

I would also like to express my heartfelt gratitude to my industrial mentor, Dr. Peng
Sun. His extensive practical experience at Shanghai AI Laboratory offered me valuable
insights into the real-world challenges inherent in machine learning systems. Notably,
his support in securing experimental hardware resources from the company greatly
contributed to my research work, for which I am deeply appreciative. The guidance
I received from him has had a significant impact on my work, particularly in the

development of Sylvie and TorchGT.

In addition, I would like to extend my sincere thanks to Prof. Zeke Wang and Prof.
Yonggang Wen for their generous help and guidance. Their insightful feedback and
thoughtful suggestions have greatly enhanced the quality of my work.

The research works would not have been possible without the collective efforts of
the talented members. I feel fortunate to have collaborated with such remarkable
co-authors: Dr. Haozhao Wang, Dr. Zhisheng Ye, Qiaoling Chen, and Cheng Wan.
I truly cherish every stimulating discussion and creative brainstorming session we

shared along the way.

In our group, I am grateful to work alongside many amiable fellow members: Dr. Wei
Gao, Dr. Guanlin Li, Shengwei Li, Shenggui Li, Dr. Kangjie Chen, Dr. Xiaoxuan
Lou, Dr. Xingshuo Han, Dr. Gelei Deng, Xiaobei Yan, Hui En Pang, Dr. Meng Hao,
Dr. Hanxiao Chen and Jiale Meng. Their enthusiastic assistance and warmth when I
first joined the group remain etched in my heart, transforming my apprehension into
belonging. They have cultivated a vibrant and collegial atmosphere that encourages
open dialogue and fosters genuine collaboration among students. I also became ac-
quainted with many talented and friendly colleagues in S-Lab where I spent my Ph.D.
life: Dr. Chenxi Liu, Dr. Haoying Li, Zhexin Liang, Dr. Yuen Fei Wong, Dr. Geong
Sen Poh, Wei Tang, Chee Guan Koh, Eunice Yeo and Ng Jin Boon. Furthermore, I



Vil

was grateful for the chance to collaborate with exceptional colleagues at Shanghai Al

Laboratory: Yingtong Xiong, Guoteng Wang, Xun Chen, and Ting Huang.

Beyond my academic and professional journey, my heartfelt thanks go to my dearest
friends who have always stood by my side, whether in Singapore or across the world.
It is their unwavering and unconditional support over the years that has sustained and
encouraged me, no matter where life took them or me. Every reunion with them has
been a solace to my soul, a cherished respite that fuels my spirit amidst the relentless

pursuit of my academic endeavors.

Finally, and most importantly, I owe my deepest gratitude to my family, especially
my parents and my beloved husband. To my parents, for their boundless support and
steadfast encouragement that sustained me during my entire Ph.D. journey despite
the geographical distance. With profound tenderness, I dedicate special thanks to my
soulmate and life’s companion, Yuxin Liu, for his steadfast presence through the long
way. Many times when I doubted and research faltered, it was his quiet strength and
enduring patience that kept me persevering. At every crossroad, he stood beside me
not merely as a supporter, but as the wind beneath my wings, instilling in me the
audacity to soar beyond perceived limits. This dissertation bears his fingerprints as

surely as mine—every page a testimony to our shared triumph.

With heart full, I thank every soul who made this journey meaningful.

Meng Zhang, Jul 2025



Abstract

In today’s digital era, graph data has become a cornerstone of information representa-
tion and analysis. By modeling relationships through nodes and edges, graphs provide
a powerful framework for understanding complex systems. Beyond revealing hidden
patterns and insights, graphs enable predictive modeling and data-driven decision-
making. As organizations seek deeper intelligence from interconnected datasets, mas-

tering graph data has become essential, transforming the future of modern analytics.

In modern applications, real-world graphs often contain millions of nodes, leading to
prohibitively long sequence lengths. For instance, processing the oghn-papers100M
dataset, a citation graph with over 100 million nodes, requires high dimensional inputs
with prohibitive memory demand. Efficient machine learning methods for large-scale
graphs are thus critical for model performance and enabling diverse graph learning
applications. Besides, deep graph learning models are able to achieve state-of-the-art
(SOTA) performance over shallow ones on large graphs. However, existing research
on graph learning is confined to small scales due to system limitations and excessive
memory requirements. Hence, current graph processing systems primarily suffer from
several deficiencies: (1) low efficiency, (2) sacrificing accuracy, (3) incompatible for
systematic optimizations. To bridge these gaps, this thesis focuses on efficient systems
to advance various graph learning methodologies from the algorithm and system co-

design perspective.

This thesis bridges the gap between advanced graph learning algorithms and practical
system scalability through a unified framework of system-algorithm co-design. We ar-
gue that efficient large-scale graph learning requires moving beyond generic optimiza-
tions to exploit intrinsic graph topology-induced sparsity, communication patterns,
and heterogeneous computation dynamics. We substantiate this thesis through three

progressive system contributions that tackle distinct frontiers of graph learning.

First, we address GNN training scalability by introducing Sylvie, a system that ex-
ploits input-level graph properties to optimize training across data, time, and execu-
tion dimensions. By pioneering node-aware communication quantization and dynamic
scheduling, Sylvie achieves up to 17.2x speedup while strictly preserving theoretical

convergence guarantees for deep GNNs.
viii
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Second, we extend these principles to long-range dependency modeling with TorchGT,
the first system capable of scaling Graph Transformers to billion-edge graphs. TorchGT
overcomes the quadratic complexity of attention mechanisms by introducing topology-
induced sparse attention and communication-light parallelism. This co-design ap-
proach enables the processing of sequence lengths exceeding one million nodes, achiev-

ing a 62.7x speedup over existing baselines.

Third, we tackle the multimodal convergence of texts and graphs with UniTG, a uni-
fied system for graph learning with Language Models (LM4Graph). Addressing the
computational mismatch between LMs and graph operations, UniTG utilizes ” com-
putation bubbles” and graph affinity-based scheduling to seamlessly integrate textual

and graph structural learning phases, reducing training time by 17.3x.

Together, these works demonstrate that aligning system architecture with algorithmic
properties allows for massive scalability without compromising model quality. This
thesis provides a comprehensive methodology for building high-performance, practical
graph learning infrastructure, paving the way for the deployment of sophisticated

graph foundation models in real-world applications.
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Chapter 1

Introduction

1.1 Background and Challenges

Graph-structured data has long been prevalent and indispensable in many real-life
applications such as social network construction and molecular analysis. Graphs,
consisting of nodes and edges that denote relationships between them, offer a ver-
satile framework for modeling complex systems across various domains. From social
networks and recommendation engines to biological networks and supply chains, the
prevalence of graph data is undeniable. This surge is fueled by the exponential growth
of interconnected data sources and the need for sophisticated data analysis techniques.
Graph data not only enables us to uncover hidden patterns and insights but also fa-

cilitates predictive modeling and decision-making.

As organizations strive to extract meaningful intelligence from interconnected datasets,
the importance of understanding and harnessing graph data continues to escalate, re-
shaping the landscape of modern data analytics. As shown in Figure 1.1, at the
very beginning, we have knowledge graphs, which allow people to prioritize relation-
ships that might be more important. Graph feature engineering incorporates some
machine learning to add graph features into the applications. Graph embeddings
are learned representations of the graph, which is a required step for deep learn-
ing. Then we have graph neural networks popularized in 2016, performing native
learning and training multi-layer neural networks using gradient descent. From 2019,
transformer-based models have emerged, and they show promising power in capturing

the inter-dependencies among nodes, attracting surging attention in recent years.

Real-world graphs can easily involve millions of nodes [1, 2], making the memory
demands enormously large. For example, in the current graph transformers’ opera-
tion way, processing the citation graph dataset ogbn-papers100M from Open Graph
Benchmark [1] (including more than 100 million nodes) requires high dimensional in-

puts with prohibitive memory footprints. Therefore, training machine learning models
1
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targeted at large-scale graphs is crucial for model quality and the development of ver-
satile graph learning application scenarios. However, we find most existing research
works [3-6] are only limited to small graphs due to a lack of compatible systems,
extensive memory demand, model quality degradation and so on. More specifically,

there are several deficiencies in current works.

First, the model quality may be compromised. For GNNs, though sampling-
based methods [3, 7-9] can reduce the memory footprint, they forfeit crucial neighbor-
hood information, ultimately resulting in obvious model accuracy degradation (> 2%)
compared with full-graph training. This line of work typically assumes that a small
sampled neighborhood can sufficiently approximate the informative context of each
node during training. Consequently, sampling introduces an explicit trade-off: it
improves scalability (memory/compute) but may increase estimation bias/variance
and slow convergence, which can manifest as degraded accuracy compared with full-
graph training. While these methods successfully address memory constraints through
neighborhood sampling strategies, they inherently sacrifice critical structural informa-
tion that is essential for optimal model performance. The accuracy drop represents
more than just a numerical difference. It often corresponds to critical failures in
real-world applications. In recommendation systems, this might mean missing impor-
tant long-tail items; in fraud detection, it could translate to overlooking sophisticated
attack patterns that only become visible in complete neighborhood contexts. The
degradation tends to worsen with more complex multi-relational graphs, growing im-

portance of long-range dependencies and deeper GNN architectures.

Second, ertensive memory demand 1s required. The quadratic memory com-
plexity inherent in standard graph transformer architectures presents a fundamental

scalability barrier that severely limits their practical application. For example, graph



Chapter 1. Introduction 3

transformers with standard attention calculate attention for all node pairs, resulting
in the computation and memory complexity of O(N?), quadratic on the number of
nodes (V) in a graph [10-13]. At the core of this challenge lies the all-pairs attention
mechanism, which requires maintaining an NxN attention matrix where N represents
the number of nodes - a requirement that quickly becomes prohibitive as graph size
increases. For instance, a moderately-sized graph with just 1 million nodes would de-
mand terabytes of memory for the attention matrix alone, far exceeding the capacity
of modern GPUs. This explosive memory scaling creates cascading system challenges
in the entire training pipeline. Hardware limitations force drastic reductions in batch
sizes, trigger frequent out-of-memory errors, and necessitate inefficient memory swap-
ping operations that degrade performance by orders of magnitude. Practitioners face
an impossible obstacle: either accept severely truncated graph sizes, invest in pro-
hibitively expensive hardware infrastructure, or compromise model quality through
approximations - none of which are satisfactory solutions. The problem intensifies
when considering real-world requirements like high-dimensional node features, edge
attributes, and deeper architectures, all of which further strain memory resources.
Compared to alternative approaches like traditional GNNs with their O(FE) com-
plexity or CNNs with localized receptive fields, graph transformers’ memory hunger

appears particularly acute.

Thard, there is a lack of systematic optimizations. The lack of systematic op-
timizations for graph-based attention mechanisms creates fundamental performance
barriers that existing solutions fail to adequately address. At the hardware level, the
sparse and irregular nature of graph-structured computations leads to catastrophic
memory access patterns that existing architectures handle poorly. Unlike the regular,
predictable memory accesses of dense matrix operations or even traditional trans-
former attention, graph attention must navigate highly variable neighborhood struc-
tures, resulting in memory access latencies that can reach 33.2x slower than their
dense counterparts. This performance gap stems from multiple compounding factors:
the inherent data-dependent nature of graph traversals, poor cache utilization due
to irregular access patterns, and inefficient memory bandwidth usage when fetching
small, scattered fragments of node data. The challenge intensifies when considering
parallelization strategies - while large language models have benefited from sophisti-
cated parallelism techniques like tensor parallelism, pipeline parallelism, and various
attention optimizations, these approaches translate poorly to graph learning scenar-
ios. Moreover, although there have been many parallelism methods for large language
models (LLMs) [14-17], they cannot be directly transplanted on graph learning meth-
ods due to the extra graph encodings and neglect of structure properties. Existing
parallelism methods often make assumptions about data regularity and uniform com-
putation patterns that graphs routinely violate, leading to severe load imbalance and

underutilized compute resources. Moreover, the interplay between graph structure
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and attention mechanisms creates novel bottlenecks not seen in other domains, such
as the tension between global attention patterns and local graph neighborhoods, or
the challenge of efficiently aggregating structural information across devices. These
limitations become particularly acute at scale, where the combination of sparse com-
putation, irregular memory access, and inefficient parallelism can render theoretically

efficient algorithms practically unusable on real-world graph problems.

1.2 Motivation and Contribution

The intersection of graph learning and systems has unlocked transformative opportu-
nities, heralding a golden era for interdisciplinary research in machine learning and
systems. This thesis establishes a unified framework for system-algorithm co-design
to address the scalability bottlenecks of modern graph learning. We introduce a
progressive suite of optimizations that evolve alongside model complexity: GNNs,
Graph Transformers and LM-based graph learning. Together, these contributions es-
tablish a comprehensive methodology for developing high-performance, practical sys-
tems capable of deploying advanced graph learning algorithms in real-world, resource-

constrained environments.

To clarify the scope of our contributions, all three proposed systems are designed
to address the above challenges: model quality preservation, memory/scalability con-
straints, and the lack of systematic optimizations. However, since the three systems
target different graph learning paradigms and application scenarios, these challenges
manifest differently in each system; therefore, they require corresponding, differenti-

ated solutions with explicit design trade-offs.

Sylvie [18]: Efficient Graph Neural Network Training System. It differs from
all existing works in that it is model-agnostic and exploits input-level information
on full-graph training. It optimizes arbitrary GNN training from data, time, and
execution dimensions. SYLVIE leverages previously unexploited input-level graph
properties to optimize training across three synergistic dimensions: (1) data-level op-
timizations that intelligently exploit inherent graph sparsity patterns and community
structures, (2) time-domain optimizations through dynamic computation schedul-
ing that adapts to training dynamics, and (3) execution-level communication and
computation overlapping. The system pioneers three groundbreaking techniques: a
universal model-agnostic architecture that maintains theoretical guarantees across di-
verse GNN variants (from classic GCN to advanced GraphSAGE and deep GNNs).
Supported by both theoretical proofs and extensive experiments, SYLVIE can improve
training on versatile GNN models, even on deeper GNNs. SYLVIE is the first to ex-

plore the input-level properties on expediting and guaranteeing large-scale full-graph
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training. Besides, we pioneer in identifying the unique opportunities of quantizing
communicated messages in GNNs. We coordinate a set of system optimizations to
substantially facilitate the training efficiency (up to 17.2x) while preserving the model
quality. Notably, SYLVIE introduces the novel insight that message communication in
GNNs presents unique quantization opportunities distinct from other neural networks,
enabling additional efficiency gains through its coordinated set of system optimiza-

tions that collectively push the boundaries of practical GNN training scalability.

TorchGT [19]: Large-scale Graph Transformer Training System. We design
TorchGT, the first distributed training system that scales graph transformer model to
large graphs with billions of edges. As the first system of its kind, TorchGT establishes
four fundamental design principles: (1) Scalability: supporting near-linear perfor-
mance scaling across distributed compute nodes; (2) Efficiency: maximizing hardware
utilization through novel optimization techniques; (3) Convergence-preservation: en-
suring training stability and model quality comparable to full-batch training; and (4)
Task-agnostic: maintaining flexibility across diverse graph learning tasks. TorchGT
is the first graph transformer system that facilitates efficient, scalable, and accurate
training on large-scale graphs as well as universal graph learning tasks. We are the first
to identify the major challenges that hinder existing graph transformers from scal-
ing to large graphs and explore the graph-specific optimization opportunities which
are neglected previously. We propose three key techniques to meet all design goals
from algorithm and system co-design perspectives. Extensive experiments demon-
strate TorchGT’s remarkable performance, achieving up to 62.7 x speedup compared
to existing implementations while supporting graph sequence lengths exceeding one
million nodes. The system shows near-perfect linear scaling across GPU clusters, en-
abling training on graph sizes previously considered impractical. Importantly, these
efficiency gains come without sacrificing model quality - TorchGT maintains compet-
itive accuracy across standard graph benchmarks while opening new possibilities for
large-scale graph learning applications. Our work fundamentally advances the field
by bridging the gap between theoretical graph transformer models and their practical

realization at scale.

UniTG: Unified System for Textual Graph Learning in One Step. While ex-
isting LM-based graph learning approaches have demonstrated promising algorithmic
breakthroughs, their practical deployment remains severely constrained by four fun-
damental limitations: (1) prohibitive computational costs stemming from inefficient
joint processing of textual and graph data, (2) rigid architectural designs that force
separate handling of different modalities, (3) scalability barriers preventing the use of
state-of-the-art large language models, and (4) inadequate incorporation of essential
graph structural properties. To overcome these challenges, we introduce UniTG, the

first truly unified system for end-to-end LM-graph learning that seamlessly integrates
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both modalities in a single computational framework. Inspired by the unique features
of LM4Graph, UniTG exploits the bubble resources to improve hardware utilization
and holistic system efficiency. We summarize the current challenges and identify the
graph-specific opportunities for both LM and GNN phases’ optimizations, including
guiding fine-tuning with node centrality and computing nodes based on graph affinity.

It substantially improves the total training time by up to 17.3 x.

1.3 Outline

The research problem studied in this thesis can be categorized according to the graph
learning method: GNN training optimization, graph transformer optimization, and
LM4Graph optimization. We focus on these three graph learning methods and im-

prove their training performance. This thesis is organized as follows:

e Chapter 2 presents the preliminary of various graph learning algorithms, dis-

tributed training, and relevant studies to this thesis.

e Chapter 3 presents a full-graph GNN training system that not only improves
the training throughput substantially but also maintains the model quality for
universal GNNs by harnessing the inherent information embedded in the graph

data and model structure.

e Chapter 4 proposes the first distributed training system that scales graph trans-
former model to large graphs with billions of edges, whose designs abide four

goals: scalable, efficient, convergence-maintained, and task-agnostic.

e Chapter 5 designs a compute-efficient and accuracy-maintained system from
both system and algorithm perspectives to support portable LM-based graph

learning in one step.

e Chapter 6 summarizes the thesis and discusses future research directions.



Chapter 2

Preliminary and Literature Review

2.1 Graph Learning Basics

2.1.1 Graph Data Formulation

Graph data are indispensable for many real-life applications and appear ubiquitously
in modern society. They naturally capture complex relationships and interactions
between entities, making them a powerful tool for modeling structured data. For
example, as shown in Figure 2.1, social networks can be represented as graphs where
nodes correspond to users and edges capture friendships or interactions [20]. In chem-
istry, molecules are modeled as graphs with atoms as nodes and chemical bonds as
edges [1]. Similarly, product recommendation systems often construct graphs to rep-
resent users and items, linking them based on preferences or co-purchasing behaviors
[2]. Even large-scale infrastructures, such as power grids or transportation networks,
can be effectively modeled as graphs. Formulating data in this way enables the devel-
opment of advanced machine learning methods, like Graph Neural Networks, which

can directly leverage the graph structure to capture rich and meaningful patterns.

Let G = (V, E) be a graph defined by a vertex set V' and an edge set E, where each
edge connects pairs of vertices. In the context of graph representation learning, we
consider a graph G = (V| E) where V' denotes the set of vertices and E represents the
set of edges connecting these vertices. For any given vertex v € V, its neighborhood
structure N (v) can be formally defined in two distinct ways: (1) through the explicit
connectivity patterns established by the edge set £, where N(v) =u € V|(v,u) € E,
or (2) via sophisticated sampling strategies employed in modern graph neural network
implementations, which may include random walks, importance sampling, or other
neighborhood aggregation techniques. Each vertex v € V' is associated with a feature
representation h, € R?, where d denotes the dimensionality of the vertex feature space.

Similarly, every edge e € E is characterized by its own feature vector g, € R?, with d’
7
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FiGURE 2.2: Tllustration of large-scale graphs.

representing the edge feature dimensionality. These feature vectors typically encode
either fundamental scalar attributes or more complex, high-dimensional descriptors
that capture the rich information contained in the graph structure. At the graph
level, we may define a global feature vector y € R? that encapsulates macroscopic

properties and holistic characteristics of the entire network.

Real-world graphs can easily involve millions of nodes [1, 2], making the sequence
length enormously large for graph transformers and LM4Graph algorithms. For ex-
ample, Figure 2.2 shows in the current graph learning operation way, processing the
citation graph dataset ogbn-papers100M from Open Graph Benchmark [1] (including
more than 100 million nodes) requires high dimensional inputs with prohibited se-
quences. The dimension of graph embeddings can also be large. Reddit graph dataset
has an embedding dimension of 602, resulting in substantial input and activation
memory demand. Moreover, learning on large graphs is crucial for model quality and
the development of versatile graph application scenarios. However, we find most mod-
ern GNN [3, 4] or graph transformer research works [5, 6, 21, 22| are only limited to
small graphs due to a lack of compatible systems tailored for the graph model training

with large graphs or long sequences.
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2.1.2 Graph Learning Tasks

In graph learning tasks, according to the graph size and properties, predictions are
typically organized into three main categories: node-level prediction, graph-level pre-
diction, and link prediction. These tasks illustrate the flexibility and broad applica-
bility of GNNs and other graph-based models.

Node (vertex)-level classification focuses on predicting labels or properties of
individual vertices within a single graph. Each vertex is an instance with a label
and one can treat all the nodes as non-independent and identically distributed (i.i.d.)
generated due to the inter-dependence. Therefore, node-level classification tasks usu-
ally involve a single large graph such that scalability is paramount, especially if we
are to consider arbitrary relationships across all nodes. For instance, in a citation
network, this could involve classifying the subject area of each paper (vertex) based
on its textual content and its connections to other papers [1, 23]. The goal is to
learn vertex embeddings that combine structural and attribute information to enable

accurate per-vertex downstream predictions [4, 24, 25].

Graph-level classification aims to assign labels or predict properties for the en-
tire graphs. Distinct from the node-level counterpart, for graph-level tasks, each
i.i.d. instance is a small graph itself and the connected nodes within each graph are
computationally inexpensive. This task often arises when each graph in the dataset
represents a distinct object, such as a chemical compound or protein in ogbg-molpcba
dataset [1] and MalNet [26]. The objective is to predict whether a molecule is active
against a disease target or whether a protein has a certain function. This graph-level
scenario has been explored in the context of graph structure learning [27] and all-pair
message passing design, e.g., graph transformers [5, 6]. Models must aggregate in-
formation from all vertices and edges to learn meaningful global representations for

graph-level inference.

Link prediction, sometimes called edge prediction, focuses on predicting the exis-
tence or likelihood of an edge between two vertices. This task is common in recommen-
dation systems and knowledge graphs, where the goal is to infer missing connections
(e.g., suggesting new friendships in a social network) or discover hidden relationships
between entities [28]. For instance, one work [29] designs a link prediction task to
further refine the understanding of relationships between entities and capture graph

knowledge in a self-supervised manner.

Together, these tasks highlight the power of graph-based learning: models can reason
about local vertex properties, global graph characteristics, and pairwise relationships
between vertices, making them suitable for a wide range of real-world applications.

In this thesis, we mainly focus on node-level and graph-level classification tasks.
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2.2 Graph Learning Algorithms

2.2.1 Graph Neural Network

GNNs are machine learning algorithms that learn from the graph connectivity and
model the relationship between nodes. To update nodes, a GNN model first aggregates
the feature vectors from the nodes’ neighbors and then combines them together, which
is called message passing [30]. In general, the iterative learning process contains two
important steps in each layer: feature aggregation and update. Intuitively, consider a
graph G = (V, F) with nodes V = {vl, e ,v|V|}, edges F = {61, e ,e|E|} and node
feature matrix X € RIVI*4 For an arbitrary layer [ € [1, L], the aggregation and
update steps can be expressed as:

0 = pO ({R{D | uw € N(v)}) (2.1)

v

D = ¢ (20 p(-D) (2.2)

v

\i

where A/ (v) means the neighboring nodes of node v. The aggregation function p®*)
takes the embeddings of neighboring nodes h&l*l) to get an intermediate aggregated
result zz(,l), which then serves as the input to update function ¢ together with the
feature embedding R~V of node v itself to obtain the learned embedding Y e HO
at the [-th layer, where H® is the matrix consisting of all nodes’ embeddings at the

[-th layer. Different GNNs vary in their aggregation and update functions.

Deep GNNs. Despite the enormous success of classical shallow GNNs, deeper models
are capable of extracting information from higher-order neighbors by solving the over-
smoothing problem. JKNet [31] uses dense skip connections to combine the output
of each layer to preserve the locality of the node representations. SGC [32] attempts
to capture higher-order information in the graph by applying the power of the graph
convolution matrix in a single neural network layer. In this work, we highlight our
system not only outperforms on shallow and classical GNN models, but can also
be easily extended to other deeper and more advanced GNN models. Most of the
existing systems, such as NeutronStar [33], all optimize with 2-layer GNN models,
while ignoring the mainstream of adopting deeper models to extract information from

high-order neighbors.

In our thesis, we classify GNN architectures into three types: shallow, deep, and
special GNNs. For each kind, we list one example of the update rule as below: GCN
[4], DAGNN [34], and GAT [24].

e Graph Convolution Network (GCN):
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L wintn, B0 = o (20)

ZT(}l) = v
dyd,

ueN (v)U{v}
where d, refers to the degree of node v, ¢ is an activation function, and W' is the

weight matrix at layer [.

e Deep Adaptive Graph Neural Network (DAGNN):

Z = MLP(X)
HWY = stack(Z,A'Z,A*Z, ..., A Z)

where A = ﬁ_%ﬁﬁ_%, A=A+1I ﬁw => . A/v,u is the diagonal node degree

matrix, I is the identity matrix.

e Graph Attention Network (GAT):

zq()l) = Z av,uwlhq(f_l)a hq()l) =0 (zvl))
ueN (v)u{v}

where « represents the attention coefficients.

2.2.2 Graph Transformer

Graph transformer model has brought surging interest in graph representation learn-
ing recently [35]. Current representative graph transformers integrate graph structural
encodings into the input and attention map in the Transformer architecture. The in-
put sequence is built by tokens generated with graph attributes. Specifically, some
works [5, 6, 36-40] calculate node positional encodings beforehand and add them to
the inputs before the attention module. Other works [5, 6, 25, 41, 42] add graph topol-
ogy information on top of the attention layout as bias terms. Several works [21, 22, 43]
combine message-passing GNNs and the attention mechanism together. Here we only
focus on the former two types of graph transformers since they are currently most

representative.

A basic Transformer consists of multi-head attention (MHA) and feed-forward network
(FFN) which contains two linear layers. Given an input sequence H = [hy,--- ,hg]" €
R5*? where S denotes the sequence length and d is the hidden dimension, MHA first
projects its input H to three subspaces: @, K and V with projection weight matrices
Wo € R Wi € R¥>¥Ix Wy, € R4, The MHA output can be obtained:

H' = softmax (C\Q/Idi;) |4 (2.3)
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where dg is the second dimension of K. In MHA, each attention head learns to

measure the pairwise relationships between tokens in the sequence.

For a graph G = (V, F) with nodes V' = {vy,--- ,un} and edges £ = {61, e ,e|E‘},
here we list the formulation of Graphormer [6] as an example:

o _ .. - +
hi” = Tt 250 ) T Zaegt (o) (2.4)
hiWg) (h; W) "
A = (h:Wa) (h Wi) + biasg(o;0) (2.5)

Vi

where hEO) is the beginning attribute of node i, x; is the node feature, and z~, 2+ € R¢
are learnable embeddings specified by the in-degree deg™ (v;) and out-degree deg™ (v;).
The encodings in Equation 2.4 allow the attention to capture the node importance.
A;; is the (i, j)-element of Query-Key product matrix, namely the attention coeffi-
cient. biasg is a learnable scalar shared across all layers, and ¢ (v;, v;) is the distance of
the shortest path (SPD) between node v; and v;, which contains the smallest number

of hops that v; needs to pass to reach v;.

2.2.3 LM4Graph

Recent years have witnessed a surge of interest in LM4Graph, or language model-based
graph learning, particularly for node classification tasks on text-attributed graphs
(TAGs) [44]. As illustrated in Figure 2.3(a), existing LM4Graph approaches generally
operate in two distinct phases: (1) the LM phase, where pre-trained language models
serve as text encoders to generate node embeddings from textual attributes, and (2)
the GNN phase, where message passing is performed over these embeddings to refine
node representations. In summary, LMs leverage the local textual information of
each node, while GNNs utilize the global structural connections among nodes. By
leveraging rich textual semantics, LM4Graph methods have demonstrated superior
performance compared to traditional message-passing graph neural networks (e.g.,
GCN [4]) across various TAG-related benchmarks, as evidenced in Figure 2.3(b). In
this thesis, we focus on advancing node classification in TAGs by addressing these

limitations and proposing a more integrated and efficient framework.

Formally, a TAG can be represented as G = (V, A, sy) with nodes V' = {vy,--- ,un},

RNXN

adjacency matrix A € , and a sequential text attribute s, € D™ for each node

v € V. D is the words dictionary and L, is the text length.

LM Phase. An LM is employed as deep embedding techniques to encode text at-
tributes and capture local textual information of each node. Given a pre-trained
network LM, such as BERT [45] or DeBERTa [46], the encoded embedding of node
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v is as follows:

h, = LM(s,) € R? (2.6)

where h, is the encoded embedding of the LM, and d is the dimension of the embed-
ding vector. To perform downstream node classification, the embedding is treated as
input features to train the GNN.

GNN Phase. A GNN updates via the message passing mechanism [30], which first
aggregates the feature vectors from a node’s neighbors and then utilizes the aggregated
information to update the node’s representation. The [-th layer of a GNN can be

expressed as:
h.=¢' (' ({R "' |ueN(@)}) ") e R (2.7)

where h! is the representation of node v at layer [ and A/ (v) is the neighboring nodes
of node v. p! is the aggregation function (e.g., sum, mean, etc.) that takes the
embeddings of node v’s neighboring nodes to get an intermediate aggregated result.
@' is the update function that takes the aggregated results and the previous-layer
representation to obtain the learned representation. The final representation goes

through a fully connected layer and a softmax function for the label prediction.

2.3 Graph Training System

2.3.1 Distributed GNN Training

Existing solutions to this problem can be categorized into two directions. First, some
works [9, 47-50] utilize sampling-based training, which only selects a subset of nodes
and edges to be trained at each iteration. Although this method can reduce memory
consumption, it requires careful consideration of the sampling strategy and may lead
to the loss of important neighborhood information, suffering from model accuracy

loss [3, 51, 52]. Second, distributed full-graph training [52-57] allows training over
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FiGURE 2.4: Example of vanilla distributed GNN training. For the partition on
GPU-1, node 4 requires extra features of node 7 from GPU-0 and node 1 from
GPU-2 to update its embedding in each layer.

full graphs on multiple devices or servers to reduce the computing time and memory
demand on each GPU. Therefore, it preserves the complete input graph information
so that model accuracy can be better preserved. Due to its promising features, our

focus in this thesis lies in developing full-graph training systems.

Figure 2.4 shows the vanilla distributed GNN training on full graphs. The whole input
graph is first partitioned via a graph partitioning algorithm (e.g., METIS [58]) on the
host side to fit into a single GPU. Since each node and its features will only be assigned
to one GPU, there exist nodes that are connected to the local partition but reside
on other partitions, dubbed boundary nodes. For instance, node 4 requires the
embeddings of boundary node 7 from GPU-0 and node 1 from GPU-2 to update itself
during message passing. In the backward pass, the embedding gradients of boundary
nodes are also transferred. Therefore, both embeddings and embedding gradients of

boundary nodes, denoted as messages, will be transferred in each layer.

2.3.2 Large-Scale Graph Transformer Training

Large-scale graph transformer training relies on long sequences, which is crucial for
model quality and the development of versatile graph transformer application scenar-
ios. However, existing graph transformer research works [5, 6, 21, 22] fail on long
sequence training due to missing training adaptations, which we will elaborate in the
following. For better illustration, we categorize current graph learning tasks into two
types to explain the process and necessity of training in long sequences: (1) graph-level

training, and (2) node-level training.

Long Sequence for Graph-level Training. For graph classification tasks, long
sequences are necessary when training large-scale graphs. For such tasks, the input

sequences represent a set of graphs while the output is a set of labels representing the
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types of corresponding graphs. When processed by graph transformers, all nodes in
each input graph need to be encoded as input tokens and are concatenated into an
input sequence. As such, the length of each sequence equals the number of nodes in
each graph. In this task, if the graph size, i.e., the number of nodes, grows very large,
the input sequence can be too long to be trained by current methods. For instance,
the MalNet [26] dataset contains graphs with up to 552K nodes, indicating a single
sequence length of prohibitive 552K.

Long Sequence for Node-level Training. These tasks classify each node in an
input graph with a specific label. In the node classification task, the input sequences
can either encode all nodes in the graph or a mini-batch of nodes. For the former
case, the input sequence can be enormously long for large-scale graphs, which is not
supported by most models. For the latter, with a larger batch size, both the training
throughput and the trained model quality can be improved. Both cases validate the

necessity and advantages of long sequence training.

However, existing graph transformers have some inherent constraints in performing
the above tasks. While graph-level scenario has been explored in [5, 6], existing
endeavors do not generalize to large-scale graphs endemic to node-level prediction.
Our TorchGT strives to include both tasks by joint algorithm-system design. The
scale of graphs applicable to current models is still limited, thus leaving long sequence
training still an urgent necessity. Besides, training large-scale graphs in short sequence
suffers from lower training throughput, downgraded model quality and limited graph
transformer applications. Figure 2.5 illustrates the impact of sequence length on
the test accuracy of two representative models Graphormer [6] and NodeFormer [25]
on two datasets. Both models show superior performance on longer sequences. On
the AMiner-CS dataset, Graphormer with a 4K sequence length improves the test
accuracy by up to 0.9% compared to the short sequences. On the Pokec dataset,
sampling-based NodeFormer with 100K sequence length outperforms the case with
10K sequence length by a staggering 12% accuracy. These results necessitate the

need for long sequence training of graph transformers.

2.3.3 LMA4Graph Training

Current LM4Graph methods typically adopt a decoupled training process comprising
two separate phases: the LM phase and the GNN phase. In the LM phase, to overcome
the limitations of shallow embedding approaches, researchers leverage deep embedding
techniques by fine-tuning pre-trained language models on the text data associated
with the graph. This step generates node embeddings that are specifically adapted
to the context of text-attributed graphs. The LM phase often requires substantial
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FIGURE 2.5: The test accuracy of graph transformers when trained with different
sequence lengths S.

computational resources, as training is usually implemented using data parallelism

across multiple GPUs to handle the large-scale language model [59, 60].

Following this, the GNN phase uses the generated node embeddings as input to train a
GNN model, which is typically much smaller in scale. As a result, the GNN training
can be efficiently performed on a single GPU with limited memory requirements.
However, because these two phases are trained independently, the overall process
becomes fragmented. This decoupled design leads to lower training efficiency and
poses challenges for end-to-end optimization, as the language model and graph neural

network cannot be jointly fine-tuned to directly capture graph-specific semantics.

2.4 Literature Review

This chapter provides the related works about training optimizations of each graph

learning method.

2.4.1 Graph Neural Network Optimization

Prior works propose new frameworks to accelerate distributed GNN training [61], e.g.,
AliGraph [55] and NeuGraph [62]. However, these methods all store the partitions in
CPUs, which inevitably incur frequent CPU-GPU swapping and largely impair the
benefits of distributed training. DistDGL [54] provides the scaling results but only
on sampling-based methods. LLCG [63] totally drops dependent information between
partitions and adds a global correction server to compensate for the error with redun-
dant overhead. Moreover, those works only support mini-batch training on graphs
rather than full-graph training. Different from the above sampling-based works, ROC

[51] accelerates distributed full-graph training, but it also stores the partitions in
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TABLE 2.1: Comparison of prior works on GNN quantization.

Features EC-Graph BiFeat Degree-Quant SYLVIE

[71] [73] [72] [18]

Distributed Environment v v 4 4
GPU Support X v b 4 v
Full-Graph Support 4 b 4 4 v
Message Quantization v v b 4 v
Adaptive Configuration 4 X b 4 4
Deep GNN Support X b 4 b 4 v

CPUs with huge CPU-GPU data transfer cost. Some works [64-66] improve the per-
formance of full-graph training at scale, but suffer from extra computation burden due
to the complexity of introduced operations. BNS-GCN [52] adopts random sampling
on the boundary nodes and shows impressive acceleration, yet it risks downgrading
the model performance by dropping node connections and its performance is highly
dependent on the graph structure. Some works [56, 57] propose to use stale messages
for high efficiency. [56] adopts asynchronous training in GNN scope to hide partial

communication costs.

In recent years, there also emerge various works which apply the quantization tech-
nique on GNNs. Model quantization [67, 68] via simulation for memory reduction
is a common direction, with the underlying computation still occurring in the 32-
bit full precision. EXACT [69] aims to reduce memory demand at the cost of extra
training time overhead, seriously deteriorating the training efficiency. Other works
like [70] quantize GNN models for efficient inference. EC-Graph [71] also optimizes
distributed GNN training by quantizing the communication but only for CPU clusters
and empirically adjusts the quantization configuration. Degree-Quant [72] quantizes
GNN models and parameters on small graphs, but the training efficiency on GPU
clusters even downgrades. BiFeat [73] mainly targets mini-batch training and suffers
from non-negligible accuracy loss. Table 2.1 summarizes the main differences between
our work SYLVIE and some GNN quantization works. Compared with our work, all
these methods have different targets or only consider small-scale datasets. More im-
portantly, none of them considers the generality of deeper or special GNNs. Different
from the aforementioned quantization works, we explore the opportunity of quantizing
communication in GNNs together with multiple system techniques, and adjust them
dynamically to reach an efficiency-accuracy balance so as to fit for versatile GNN
architectures.
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2.4.2 Graph Transformer Optimization

As a new kind of graph learning algorithms outperforming traditional GNNs, many
graph transformer architectures have arisen in recent years. Among them, some works
6, 10, 11, 13, 36] utilize standard attention as foundation encoders to capture the all-
pair interactions between nodes, leading to quadratic computation complexity. Some
other works [36, 41, 74] adopt sampling or pooling methods which only select a subset
of nodes to be trained at each iteration, without reducing the computation complexity.

25, 75, 76] use self-defined adapted attention with poor generality and scalability.

As for system optimizations for transformers, sparse attention [77-80] has been widely
studied in NLP area for linear complexity. Borrowing this, [5, 21, 22] directly apply
graph topology in the attention computation. Besides, multiple works for LLM [14—
17] split the input sentence sequences and train distributedly for larger scalability. To
overcome the computation bottleneck of attention, several efforts [21, 22, 25, 75—
78] have been made to reduce the computation cost of attention module. Some
works like [81] targeted for LLMs prune the attention module and leave a major
backbone to reduce the computation cost. [77, 78] design special patterns to re-
duce the pair-wise computation, making the dense attention sparse. Among them,
a few works [25, 36, 75, 76] modify the generation of input sequences by harnessing
neighbor sampling [36] similar adopted in classic GNNs or use self-defined adapted
attention modules. Nonetheless, these works either sacrifice model precision or limit
the graph transformer to a single application, e.g., node classification, failing to gen-
eralize to versatile graph tasks. On the other hand, there are many existing efforts
like sparse attention [22, 77, 78]. In language models, there are many block-based
sparse attention adaptions, e.g., performer [77] and BigBird [78]. Performer [77] uti-
lizes a technique called positive orthogonal random feature mapping to approximate
the standard attention mechanism. This method allows Performer to significantly re-
duce the computational cost of attention module requirements. BigBird [78] replaces
the standard transformer’s self-attention mechanism with a hybrid sparse attention
model, which includes global attention, sliding window attention, and random atten-
tion pattern together. We highlight the advantages of TorchGT over some typical
works in Table 2.2.

However, these attention mechanisms work for natural language processing but fail
to capture the inherent structure information in graphs, thus resulting in giant model
degradation [22]. Exphormer [22] applies graph topology to attend nodes, which can
maintain the most important graph-specific information but still suffers from model
convergence loss. Besides, Exphormer only limits its implementation with a GNN-
encoding-based graph transformer architecture, i.e., GraphGPS [21]. Inspired by Ex-

phormer [22], we find that the graph’s structural information is critical to designing
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TABLE 2.2: Comparison of existing graph transformer methods and TorchGT.

Graphormer GT NAGphormer EXPHORMER TorchGT

Features o Bl D3] [22] 19
Distributed Environment X b 4 X b 4 4
Large Graph Support X b 4 v b 4 4
Linear Computation Complexity X b 4 b 4 v 4
Task-agnostic X b 4 X v 4
Scalability X b 4 b ¢ b 4 4

TABLE 2.3: Comparison of existing LM4Graph methods and UniTG.

GIANT GLEM TAPE

Features 160] 82] [59] UniTG
Seamless Training Process b 4 v b 4 v
Deep GNN Support b 4 b 4 X v
Hardware Utilization X b 4 b 4 v
Graph-aware X b 4 X v
Flexible Architecture b 4 b 4 v v

an efficient attention mechanism.

2.4.3 LM4Grah Optimization

LM4Graph is a branch of graph learning methods which incorporate LM model for an-
alyzing. Current methodologies can be broadly categorized into two paradigms. The
first adopts a cascaded architecture [29, 59, 60, 83-88], wherein the LM first encodes
node embeddings offline, which are then cached and subsequently fed into a GNN for
training. For instance, GLEM [82] introduces a variational expectation-maximization
(EM) framework to jointly train LMs and GNNs, iteratively refining predictions.
Similarly, GIANT [60] leverages self-supervised learning with XR-Transformers [89]
to derive node embeddings, achieving state-of-the-art results on diverse graph bench-
marks and underscoring the importance of high-quality node features in attributed
graphs. Meanwhile, [90] proposes a distillation framework that transfers structural
knowledge from GNNs to LMs. A key aspect of these joint-training approaches is the
bidirectional interaction between LMs and GNNSs, such as exchanging pseudo-labels

[82] or hidden representations [90].

The second group of approaches [6, 82, 91] employs an alternating optimization strat-
egy, iteratively updating the LM and GNN phases, with each phase leveraging the
outputs of the preceding one to enhance performance. However, most existing meth-

ods decouple these two phases, adopting a rigid one-at-a-time update scheme that
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requires cold-starting the system when switching phases. This design leads to signif-
icant inefficiencies and may introduce latent errors during training. With the effec-
tiveness of LLMs across a spectrum of NLP tasks prevailing, [59] incorporates LLMs
into TAG tasks to fully explore their power. [92-94] have sought to evaluate the ca-
pacity of LLMs in understanding graph-structured data and use them to enhance the
graph processing capabilities. We summarize the characteristics of current LM4Graph
methods in Table 2.3.



Chapter 3

Sylvie: Efficient Graph Neural
Network Training System

This chapter presents the research! to improve the training throughput of GNNs on
deeper and more intricate model architectures. While recent system advancements
can improve the training throughput of GNNs, they fail to comprehensively consider

diverse opportunities for acceleration.

3.1 Introduction

In recent years, GNNs have become very popular and exhibited state-of-the-art perfor-
mance in learning structured data like graphs. Driven by such breakthroughs, GNNs
have been applied to a variety of tasks such as community detection [20], node classifi-
cation [95-98] and link prediction [24]. GNNs capture the underlying dependencies of
the given graph via message passing operations [99]. Despite their impressive perfor-
mance on graph-related tasks, training GNNs on large-scale graphs containing millions
to billions of nodes is still a long-standing issue, as extensive memory resources are
needed for loading and computing input graphs [4, 69, 100] and the memory demand
easily exceeds the memory capacity. This hinders the practical development of more

sophisticated graph datasets and GNN architectures.

Existing solutions to this problem can be categorized into two directions. First, some
works [9, 47-50] utilize sampling-based training, which only selects a subset of nodes
and edges to be trained at each iteration. Although this method can reduce the
memory consumption, it requires careful consideration of the sampling strategy and
may lead to the loss of important neighborhood information, suffering from model

accuracy loss [3, 51, 52]. Table 3.1 shows the test accuracy comparison of GraphSAGE

!The work in this chapter has been published in [18].
21



Chapter 3. Sylvie: Efficient Graph Neural Network Training System 22

TABLE 3.1: Test accuracy of training GraphSAGE on the Ogbn-products dataset
with different sample sizes.

Sampling-based
Sample Size 5 10 15
Accuracy (%) 73.55 74.87 76.84 79.19

Full-Graph

model when trained in sampling way and full-graph. Apparently, the accuracy of
sampling-based mode is always lower than that of full-graph training, especially as the
sample size decreases. Second, distributed full-graph training [52-57] allows training
over full graphs on multiple devices or servers to reduce the computing time and
memory demand on each GPU. It preserves the complete input graph information so
that model accuracy can be well preserved. Due to its promising features, our focus
lies on developing full-graph training systems. First the whole graph is split into
several subgraphs so that each can fit in a single GPU, and then trains subgraphs on
each GPU in parallel.

While existing GNN training systems can achieve higher training throughput, nonethe-

less, they still meet some deficiencies in practice.

First, they may compromise the model quality and fail to support universal
GNN models. As aforementioned, though sampling-based methods [3, 7-9, 47, 101]
can reduce the memory footprint, they will forfeit crucial neighborhood information,
ultimately resulting in obvious model accuracy degradation (> 2%) compared with
vanilla full-graph training as shown in Table 3.1. On the other hand, the fast develop-
ment of GNN algorithms raises urgent demand for the compatibility of the underlying
training systems. However, state-of-the-art full-graph training systems [52, 54, 56, 57]
only consider specific model architecture (i.e., Graph Convolutional Network (GCN)
[4]) with shallow layers (two or three) [33, 52, 56]. They fail to accommodate to
more advanced GNNs with complex aggregators (e.g., LSTM and attention networks
24, 102]) or deeper GNNs such as DAGNN [34]. Consequently, this limitation of cur-

rent works leads to model accuracy decline and restricts their applications in practice.

Second, limited scalability and generality for distributed GNN training. Dis-
tributed full-graph GNN training allows learning over the whole input graph directly,
but current methods realize scalability by sacrificing convergence and the model qual-
ity [52, 56, 57]. Some work [54, 56, 66] perform badly when deployed in a large-scale
datacenter, where communication overhead dominates. As such, current methods can
only apply tasks to small-scale graphs (e.g., hundreds to thousands of nodes) or with
a shallow structure (e.g., less than three layers) in GNN models. Moreover, there are

emerging deeper and more powerful GNNs with more sophisticated aggregators (e.g.,
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LSTM and attention networks) [102]. It is hard to generalize these approaches to

those novel GNN models or datasets.

Third, existing systems overlook the joint optimization opportunities tai-
lored to GINNs. Generally, GNN training is often hampered by substantial commu-
nication and memory bottlenecks, in contrast to DNNs whose computation tends to
be the bottleneck (§3.2.1). Though compression has been well-studied in distributed
DNN training [103, 104], it cannot be grafted to GNN case easily. The bottleneck
of distributed DNN training stems from the weights and weight gradient transfer.
However, for GNNs; the size of weight gradients are much smaller (data), with the
layer-wise exchange of embeddings and embedding gradients being the main bottle-
neck. Regrettably, prevalent frameworks (e.g., DGL [105] and PyTorch Geometric
[106]) do not provide effective distributed full-graph training support. To this end,
some works [51, 54, 64, 66] have made efforts to improve the situation. However,
they still bear significant communication overhead. Furthermore, existing systems
(7, 52, 57, 62, 66] focus on system-level optimizations while ignoring exploitation of
graph data information. Some works like [107] also utilize the input graph to enhance
the optimization decisions, but they focus on different input information and only
cope with single-GPU training on small-scale graphs. They typically target a single
optimization aspect and fail to improve training efficiency while preserving model

accuracy under the distributed setting.

Fourth, substantial communication overhead. GNN has brought breakthroughs
in a wide range of graph-based tasks such as link prediction [24], node and graph
classification [95]. Recently more sophisticated aggregators and the emerging giant
real-world graphs have shown promising results on GNN training, but those improve-
ments often come at a cost of significantly increased memory consumption. To cope
with the problem, from the algorithmic perspective, sampling-based methods [3, 47]
which adopts mini-batch training are raised to train the model with a reduced mem-
ory footprint. However, sampling-based methods often need centralized data storage
such as the host memory, which also causes significant data transfer costs [8]. Besides,
sometimes sampling introduces extra time overhead due to the complicated sampling
strategies [108, 109]. From the system perspective, current GNN training frameworks
such as DGL [105] and PyTorch Geometric [106] have scalability limitations and lack
good support for distributed full-graph training. DistDGL [54], an advanced version
of DGL, supports distributed training by partitioning the graph across multiple GPUs
or nodes to scale out the training. However, the obligatory communication between
workers impairs training efficiency badly. To solve this, some work [51, 64, 66] pro-
posed various approaches to realize efficient distributed full-graph training, but still

suffer from heavy communication overhead.
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Finally, failing to exploit GNIN input information. Nowadays there are emerging
more powerful GNN models with various types of aggregators, increasing aggregation
depth and so on. In addition, the diversity of input graphs further enriches the
problem. These information greatly impact the effectiveness of system optimization
choices. Some works like [107] also utilizes the input information to enhance the
optimization decisions, but it focuses on different input information and only supports
single-GPU training on small-scale graphs. Unfortunately, current works [7, 52, 57,
62, 66] on large-scale GNN training all follow a simple scheme and fail to craft a
targeted optimization strategy that maximizes the whole system performance for each
particular GNN task.

To bridge these gaps, we design SYLVIE, a novel distributed full-graph GNN training
system that supports various types of GNNs. It jointly optimizes training from three
granularities, including data, time and ezecution aspects. The core design of SYLVIE
comes from the following three insights. First, GNN input information guides the
system optimizations. Present GNN models are diverse in layer sequences, aggrega-
tion methods, and depths. Similarly, the input graphs vary in node properties and
features. By profiling and analyzing these two, we find that valid optimization sug-
gestions tailored to specific GNN tasks can be obtained from the input information.
Second, adaptive optimizations by monitoring the training process can preserve the
quality of universal GNN models. By integrating the online training characteristics,
we are the first to enable the training acceleration of deeper GNNs while greatly
preserving model quality, in contrast to current systems that only support limited
GNN models with two or three layers. We find that extreme quantization (e.g., 1-
bit, 2-bit) can be applied to communicated messages of GNNs, which is typically not
applicable to DNN models. We also observe convergence can be further improved by
adopting different optimization choices along the training process. Third, the benefits
of advanced execution mode (i.e., asynchronous pipeline) can be mazimized by cur-
tatled communication. In the original case, as the model size increases and cluster
size scales, the communication overhead in distributed learning dominates the train-
ing time. The communication is frequent and heavy while the bandwidth of network
interfaces is limited, which significantly diminishes the benefits of pipelining. How-
ever, pipelining the reduced communication can manifest its advantages and greatly

contribute to efficiency.

Integrating the above insights, we build a model-agnostic GNN training system SYLVIE,
consisting of several key components to facilitate training while improving model qual-
ity. In detail, it designs the optimization from two stages: Offline Stage is in charge
of extracting and analyzing the input graph information to guide the downstream
system optimizations. Online Stage is responsible for deploying the combined opti-

mizations and monitoring the training status to dynamically adjust the optimization
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configurations in a 3D-adaptive way. The coordination between different modules in
SYLVIE greatly improves the training efficiency for shallow and deep models by jointly
combining data-, time-level quantization and pipelining. Through extensive experi-
ments, we show SYLVIE substantially outperforms SOTA baselines by up to 17.2x

speedup across various models without hurting their accuracy.

In summary, we make the following contributions:

e Unlike existing systems that solely test on shallow GNNs, SYLVIE stands out as
the first system designed to accelerate universal GNNs in practice. Our approach
is supported by both theoretical proofs and extensive experiments conducted on
versatile models and datasets, demonstrating that SYLVIE can effectively expedite

training while preserving model accuracy.

e We are the first to explore the GNN input-level properties (§3.4) and exploit their
potential performance benefits to adjust the system-level optimizations tailored
to distributed full-graph training. Besides, we pioneer in identifying the unique

opportunities of quantizing communicated messages in GNNs.

o We synthesize a set of system optimizations to improve the GNN training efficiency
in a 3D-adaptive manner, including a novel data-adaptive and time-adaptive quan-

tization algorithm (§3.5.1) and an ezecution-adaptive scheme (§3.5.2).

3.2 Background and Motivation

3.2.1 Communication Bottleneck

Unlike classical distributed DNN training where training samples are independent of
each other, it is non-trivial to apply data parallelism on GNNs due to the node depen-
dency between subgraphs, leading to obligatory data communication overhead. The
communication overhead is non-trivial since the amount of boundary messages can
be excessive, as shown in Table 3.2. In addition, such cost becomes more intensive as
the number of partitions and layer size grow larger. For node 4 on GPU-1, communi-
cation of nodes 7 and 1 should be done before the computation of layer 1 begins. The
same process repeats for the rest layers in a synchronous way. In this case, excessive

communication will take up the training time and block the subsequent computation.

To show the massive communication cost more intuitively, we profile the epoch time
along with its breakdown trained on two models and three representative datasets,
as shown in Figure 3.1. We can see for all cases, the communication time nearly
dominates the entire training process (up to 89.23%), while the computation and

the transfer of weight gradients (all-reduce) only occupy a very small portion. This
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TABLE 3.2: Data volume of communicated messages (embeddings & embedding
gradients) and weight gradients of three models on the Ogbn-products dataset over
4 GPUs. 4-GCN-256 means a 4-layer GCN with the hidden size of 256.

Embedding Total Weight
Gradients Messages Gradients

4-GraphSAGE-128 1.56 GB 1.55 GB 3.11 GB 0.40 MB

Model Embeddings

4-GCN-256 3.10 GB 3.10 GB 6.20 GB  0.65 MB
3-GAT-256 2.07 GB 2.07 GB 4.14 GB 0.41 MB
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FiGure 3.1: Training time per epoch in vanilla distributed training with DGL on
a single server (8 GPUs).

is different from distributed DNN training where the transfer of weight gradients
are more costly. The scalability and efficiency of distributed GNN training thus are

seriously restrained due to this excessive communication overhead.

Prior works propose new frameworks to accelerate distributed GNN training, e.g.,
AliGraph [55] and NeuGraph [62]. However, these methods all store the partitions in
CPUs, which inevitably incur frequent CPU-GPU swapping and largely impair the
benefits of distributed training. DistDGL [54] provides the scaling results but only
on sampling-based methods. LLCG [63] totally drops dependent information between
partitions and adds a global correction server to compensate for the error with redun-
dant overhead. Moreover, those works only support mini-batch training on graphs
rather than full-graph training. Different from the above sampling-based works, ROC
[51] accelerates distributed full-graph training, but it also stores the partitions in
CPUs with huge CPU-GPU data transfer cost. Some works [64-66] improve the per-
formance of full-graph training at scale, but suffer from extra computation burden due
to the complexity of introduced operations. BNS-GCN [52] adopts random sampling
on the boundary nodes and shows impressive acceleration, yet it risks downgrading
the model performance by dropping node connections and its performance is highly

dependent on the graph structure.
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Most recently, some works [56, 57] propose to use stale messages for high efficiency.
[56] adopts asynchronous training in GNN scope to hide partial communication costs.
However, the benefits of simply pipelining computation and communication are lim-
ited. Moreover, asynchronous training could introduce stale messages, which may
affect the convergence of model. Since when the cluster size scales and layer size
increases, communication overhead dominates the training time and the efficacy will
corrupt badly, as shown by results in Table 3.7. Differently, we find that the ben-
efits of pipeline can be maximized to further improve the training throughput by
overlapping the reduced communication cost with computation. CAGNET [66] raises
different dimension partitioning methods to boost training by slicing the node features

to sub-vectors, at the extra communication and synchronization costs.

3.2.2 Quantization for GNNs

As a common technique, model quantization has already been applied to accelerate
inference [110, 111], or compress activations to reduce memory consumption during
training [69, 112]. Different from these works, we aim to speed up the distributed GNN
training. Gradient compression is also extensively studied to reduce the communica-
tion cost in distributed DNN training [104, 113-115]. However, all those works target
large models where the bottleneck stems from the transfer of weights and weight
gradients. However, the size of weight gradients is much smaller for GNNs, with
the layer-wise exchange of embeddings and embedding gradients being the main
bottleneck. To better illustrate it, we train three representative GNN models on the
Ogbn-products dataset and record the transferred volume of messages and weight
gradients in Table 3.2. We can clearly observe that the size of weight gradients in
the GNN case is far smaller than that of transferred embeddings and embedding gra-
dients. For a four-layer GCN with the hidden size of 256, the weight gradients only
take up to 0.65MB but with total 6.2GB communication volume (3.1GB embeddings
and 3.1GB embedding gradients). Hence, compression methods in distributed DNN
training cannot be simply grafted to our scenario since the communication of layer-
wise messages is far more costly than that of the weight gradients. Therefore, we have

to design a new efficient compression method dedicated to GNNs.

Though there are many works on DNNs, quantization on GNNs is still in its infancy. In
recent years, there also emerge various works which apply the quantization technique
on GNNs. Model quantization [67, 68] via simulation for memory reduction is a
common direction, with the underlying computation still in the 32-bit full precision.
EXACT [69] aims to reduce the memory demand at the cost of extra training time
overhead, seriously deteriorating the training efficiency. Other works like [70] quantize
GNN models for efficient inference. EC-Graph [71] also optimizes distributed GNN
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FIGURE 3.2: Training time per epoch and its breakdown when using different
quantization bit-widths to train GraphSAGE on Yelp over 8 GPUs.

training by quantizing the communication but only for CPU clusters and empirically
adjusts the quantization configuration. Degree-Quant [72] quantizes GNN models
and parameters on small graphs and the training efficiency on GPU clusters even
downgrades. BiFeat [73] mainly targets mini-batch training and suffers from non-
negligible accuracy loss. Table 2.1 summarizes the main differences between SYLVIE
and some GNN quantization works. Compared with our work, all these methods have
different targets or only consider small-scale datasets. More importantly, none of them
considers the generality of deeper or special GNNs. Different from the aforementioned
quantization works, we explore the opportunity of quantizing communication in GNNs
together with multiple system techniques, and adjust them dynamically to reach an

efficiency-accuracy balance so as to fit for versatile GNN architectures.

Benefits of Quantization. Quantization of the interacted messages greatly reduces
communication time. To show this, we take training GraphSAGE as an example,
of which the results are shown in Figure 3.2. Clearly, the communication overhead
decreases rapidly with the decrease in bit-widths. In particular, 1-bit quantization
cuts down almost 89.8% communication overhead and 84.2% training time per epoch

compared to the full-precision case.

Challenge of Quantization. Quantization of the interacted messages can greatly
reduce the communication time. As shown in Figure 3.2, the communication overhead
decreases rapidly with the decrease in bit-widths. In particular, 1-bit quantization
cuts down almost 89.8% of communication overhead and 84.2% of training time per
epoch compared to the full-precision case. However, it also deteriorates the accuracy.
Particularly, lower bit-widths come with more accuracy reduction. To further demon-
strate this, we showcase the experiment results over various models and datasets in
Table 3.3. All experiments are done under a fixed number of epochs which is suffi-
cient for all models to converge. The number of epochs is set to 2000 for GraphSAGE
and GCN, 800 for JKNet. It is apparent that the smaller the bit-widths, the greater
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TABLE 3.3: The test accuracy (%) of three models trained with different quanti-
zation bit-widths. 4-GCN denotes a GCN with 4 layers and the other models are

similar.
Dataset Model FP32 INT8 INT4 INT2 INT1
Amazon 4-GraphSAGE 81.29 81.09 79.14 79.12 79.09
Amazon 4-GCN 53.7 53.59 53.53 53.34 53.16

Reddit 8-JKNet 92.75 92.66 92.73 91.99 90.91

reduction in accuracy. The essential reason is that the dequantization cannot accu-
rately recover the original messages and has a variance term Var(iz(l)) = D'%“ZQQ (D
is the dimension of hidden layers), even though the expected dequantized message is
unbiased E [iz(l)} = E[Deq(Q(h"))] = h). Based on this analysis, to maximize the
benefits brought by quantization without sacrificing the model quality, it is necessary

to dynamically adapt the quantization level.

We do not quantize activations or weights like previous works [110, 111] because (1)
computation only occupies a very small portion while communication of embeddings
& feature gradients dominates the training overhead (Figure 3.1); (2) unique sparse
computations in GNNs, e.g., SpMM in cuSPARSE, lack support for very low precision
computation, unlike dense operations (e.g. GEMM) in DNNs which support fast low

precision computation.

3.2.3 Pipeline of Distributed GNN Training

While quantization can significantly reduce the communication overhead, it cannot
completely eliminate the communication latency. Pipelining the layer-wise commu-
nication and computation [56] shows the potential to fully hide the communication
time. Different from synchronous training, the model directly begins each layer’s com-
putation with the stale messages obtained from the previous epoch, with the com-
munication proceeding between partitions concurrently. The currently overlapped
communication is for the use of the next epoch, ensuring the data integrity when the
computation starts. The pipeline technique allows for overlapping computation and

communication, thus obtaining training speedup.

Challenge of GNN Pipeline Training. The efficiency benefits of simply pipelining
computation and communication are limited in GNN training. When the cluster size
scales and layer size increases, the communication overhead dominates the training
time and the efficacy will corrupt badly, as shown by results in §3.6.1. A way to im-
prove the pipelining efficiency is that each layer is computed by using the information

from several rounds ago. Existing works [57] utilize historical messages via cache to
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improve the pipelining efficiency, but come with increased training error when the
number of stale epochs is large. Considering these limitations, we propose to jointly
exploit the quantization and pipeline strategy, which inherits both benefits including
bounded staleness control and minimized communication latency. We find that the
benefits of pipeline can be maximized to further improve the training throughput by

overlapping the reduced communication cost with computation.

Different from works in traditional DNNs that quantize all the activations [69, 112]
or models [67, 72, 116], we propose quantizing only the exchanged messages to reduce
the communication cost in distributed GNN training via the stochastic integer quan-
tization strategy [112]. Take the subgraph on GPU-1 in Figure 3.4 as an example, at
the [-th layer forward pass of the model, the boundary nodes’ (e.g., nodes 4, 5 and 6)

embeddings are quantized to b-bit integers with low precision.

3.3 System Overview

To achieve efficient distributed GNN training while maintaining model accuracy, we
design SYLVIE as depicted in Figure 3.3. It realizes the dynamic optimization via
two key stages: offline stage for graph property profiling and online stage for
improving the training efficiency and model performance. Each stage contains newly-
designed module(s) for different purposes. Specifically, the offline stage contains one

key module:

e Graph FEaxtractor: exploits the input-level graph information for potential perfor-
mance benefits and quantization suggestions in guiding the system-level optimiza-

tions.
The online stage contains three key modules:

e Quant Orchestrator: dynamically orchestrates the quantization of messages from

both data- and time-adaptive perspectives.

e Pipeline Adaptor: adjusts the training between the synchronous and asynchronous

modes in a staleness-bounded way.

e Coordinator: deploys the 3D-joint optimization decisions and keeps monitoring the
training feedback from the training process, where DGL [105] and PyTorch [117]

serve as the backend.

System Workflow. The system workflow of SYLVIE is depicted by black arrows in
Figure 3.3. In detail, when a user submits a large-scale GNN training task, Graph
Extractor first investigates the input graph properties and gives an in-depth analy-
sis of their importance in guiding the system optimizations. Specifically, it utilizes

the node importance and graph structure to assist the quantization decision-making.
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FI1GURE 3.3: Overview of SYLVIE architecture and workflow.

After the pre-training analysis, the GNN task starts training, and meanwhile Coordi-
nator receives and evaluates the training feedback such as the model loss and training
throughput from the execution backend. Then Quant Orchestrator dynamically ad-
justs the quantization strategies by incorporating the input-driven knowledge and
training feedback in a node- and time-adaptive way. Pipeline Adaptor also modulates
the training mode for convergence improvement based on the evaluations. Coordi-
nator then coordinates and deploys the optimizations jointly to prune the training.
After the profiling analysis, the system starts training GNN. Meanwhile, Coordina-
tor receives and evaluates the training feedback such as the model loss and training
throughput from the execution backend. Then Quant Orchestrator dynamically ad-
justs the quantization strategies by incorporating the extracted graph properties and
training feedback in a data- and time-adaptive way. Pipeline Adaptor also modulates
the training mode for convergence improvement based on the evaluations. Coordi-
nator then coordinates and deploys the optimizations jointly. We elaborate on the
details in the following §3.4 and §3.5.

GNN Training with Sylvie. Here we illustrate the distributed GNN training pro-
cess on the full graph with SYLVIE in Figure 3.4. The graph is first partitioned
into several subgraphs and allocated to different GPUs or servers. In each partition,
the inner node set (orange circles) as well as the boundary node set are constructed
for the preparation of later message exchange. During both the forward and back-
ward passes of each layer, Quant Orchestrator first adaptively quantizes messages
sent to other partitions into low-bit integers by analyzing from both the time and

node dimension (@). Then those quantized data are broadcast to the corresponding
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FIGURE 3.4: The training process with SYLVIE. Orange circles and rectangles
represent nodes allocated to GPU-1 and their corresponding messages. The others
in gray represent nodes/messages on other GPUs.

partitions through network communications (@). Upon arrival at other partitions,
these quantized messages are dequantized back to full-precision values for subsequent
computation (@). Then Coordinator deploys the joint optimizations on GNN model
training and continuously monitors the feedback to improve training (@). SYLVIE
successfully balances the trade-off between training efficiency and model quality in
a 3D-adaptive manner including the data dimension, time dimension, and execution

dimension.

3.4 Offline Stage of Sylvie

Though applying the lowest bit-width quantization can substantially improve the
training efficiency, the model quality could also be impaired remarkably (as illustrated
in Table 3.3). In this section, we show the input graph information can guide the
system optimization based on our key observation that nodes with different in-degrees
will favor different optimization decisions. Specifically, we first show why static low-
precision arithmetic would fail by analyzing the sources of errors and how the node
degree impacts the performance. Then we describe how we utilize this key insight in
designing SYLVIE. We introduce Graph Eztractor in the offline stage to extract and
exploit graph and node properties to support the subsequent automatic quantization

process.

Quantization of Sylvie. Different from prior works in traditional DNNs that quan-
tize all the activations [69, 112] or models [67, 72, 116], we propose quantizing only the
exchanged messages to reduce the communication cost in distributed GNN training
via the stochastic integer quantization strategy [112]. Take the subgraph on GPU-1
in Figure 3.4 as an example, at the [-th layer forward pass of the model, the bound-

ary nodes’ (e.g., nodes 4, 5 and 6) embeddings are quantized to b-bit integers with
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low precision. Specifically, at the forward pass of each [-th GNN layer, each GPU
quantizes the embedding of each boundary node h) € H® to b-bit integers:

. O — mi @
B0 _ VL min(h )-‘ (3.1)

b scale

max(h))—min(h())
2b—1

is the scaling factor, min(h") is the zero-point, and |-] is the stochastic rounding

where ﬂl(f) is a node embedding quantized to b-bit at the [-th layer, scale = (

operation [118]. Before conducting layer computation, each GPU receives the quan-
tized embeddings izél) from the other GPUs and dequantizes them back to 32-bit

full-precision floating-point values h(®:

hY = scale - ftél) + min(h®) (3.2)

We showcase the training results when adopting the above quantization strategy on
communicated messages in Figure 3.2. GraphSAGE is trained with different bit-
widths b on Yelp dataset on a single server with eight GPUs. We can clearly see the
communication overhead is substantially reduced with lower bit-widths, thus leading
to a speedup on the whole epoch time. The vanilla method adopts full-precision
numerics for communication, which occupies nearly the whole epoch time (0.99s out
of 1.21s). Adopting 1-bit cuts down almost 89.8% communication overhead and 84.2%
training time per epoch compared to the vanilla case. However, lower bit-widths
also come with more accuracy loss. The stochastic integer quantization is a lossy

compression method which inevitably introduces numerical precision loss.

From the above-unbiased nature of quantization, the subsequently calculated weights
and gradients are also unbiased. But the variance term reveals that quantization still
brings some extra noise to the messages. To investigate how the noise affects the model
performance, we train three popular GNN models GraphSAGE, GCN and JKNet on
the Reddit dataset with different bit-widths quantized communication. Specially,
GraphSAGE and GCN are only set to have four layers while JKNet is deeper and has
eight layers. The results are shown in Table 3.3. For all models, it is obvious that
the loss in accuracy becomes severer when smaller bit-width quantization is applied
on communicated messages. And the error aggregates more when the model becomes
deeper for JKNet. Especially, adopting the static INT1 or INT2 quantization will
cause a substantial accuracy drop, which shows more quantization error is introduced
in training when using very low precision. This demonstrates the necessity of dynamic

adaptations of the quantization level without sacrificing the model quality.

Sources of Errors. Many real-world graphs follow the power-law distribution [119] of
node degrees. Such distribution leads to some nodes having a substantially larger num-

ber of neighbors than others (e.g., large node degree). The aggregation process which
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fuses nodes” messages of their neighbors is the main source of substantial numerical
errors. The errors become more significant as the node in-degree increases. Here we
recapitulate the relation between quantization error and node in-degree following [72].
Taking the GCN layer as an example, supposing we have incoming embeddings X;,
after the aggregation phase, nodes with in-degree d have value: Y; = Z?Zl \/d;TdWXi'
it is trivial to get E (Y;) = O(v/d). When the model converges without over-fitting
> iz Cov (X, X;) < X2, Var (X;), the variance of the aggregated value is O(Wd).
TThis observation demonstrates that in most GCN-based graph neural networks,
both the mean and variance of aggregated outputs exhibit positive correlation with
node in-degree. For other GNN models, similar conclusions can also be summarized
from Figure 3 in [72]. Further, the quantization error in aggregation also introduces
errors in subsequent weights. Through the update rule in GCN, we can get the weight

gradients:
V]

Y 1 o .
w2 > i (g o o) 1 33

v=1 ueN(v)

where vy, is the updated embeddings. It is obvious that the larger aggregation error
in y, and hS)T, the larger error in the weight gradients, resulting in model quality
degradation. The dequantization process has a variance term Var(h®) = D'%“lez (D
is the dimension of hidden layers), even though the expected dequantized message
is unbiased E [ﬁ(l)} = E[Deq(Q(h®))] = AW, Therefore, to address the introduced
aggregation error, intuitively we can apply node-aware quantization to improve weight

update accuracy.

3.4.1 Graph Extractor

To deploy optimizations aiming at specific GNN settings, Graph Eztractor learns
and analyzes the graph structure and node properties for dynamically adjusting the
quantization level of each node. This means that even within a single round, each
boundary node can be assigned a different quantization bit-width b. It first collects the
structure information of input graphs and analyzes the importance of each node, then
allocates higher bit-width quantization for more important nodes. In this way, SYLVIE
can encourage more accurate embeddings and gradients by protecting important nodes

from excessive quantization.

Data-adaptive Quantization. To encourage more accurate embeddings and weight
updates, SYLVIE protects nodes with higher in-degree values as we find high in-degree
nodes contribute most towards errors in weight updates. For undirected graphs, we
protect nodes with high degrees. Specifically, before training, we pre-process the in-

put graph and construct an importance factor p(0 ~ 1) for each boundary node to
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denote its probability of introducing quantization errors to embeddings and gradi-
ents. A higher importance factor means a higher probability of causing errors. The
importance factor is higher if the node’s in-degree is large and nodes with the same
in-degree also have the same importance. Boundary nodes with the maximum in-
degree are assigned to p = 1 and the important factors of other nodes are calculated
by interpolating between 0 and 1 based on their in-degree ranking in the boundary
nodes pool. We re-order the tensor of in-degree values and match them with evenly
distributed percentiles. After this, we generate an importance-aware node mask to
map nodes to their corresponding quantization bit-width. This node mask is later
combined with the time-adaptive part (illustrated in §3.5.1) to jointly decide the as-
signed bit-width for boundary nodes. Nodes with the same mask level are quantized
in the same bit-width for communication of both embeddings and embedding gradi-
ents. In this way, SYLVIE lowers communication overhead while encouraging more

accurate messages to flow back to weights via high in-degree nodes.

3.5 Online Stage of Sylvie

After exploiting the input-level information, SYLVIE further monitors the training
status on the fly and makes optimizations dynamically tailored to GNN training.
SYLVIE incorporates an online stage consisting of a lightweight Quant Orchestrator
for automatic quantization decisions and Pipeline Adaptor for adjusting the training
mode to greatly accelerate the training while balancing the trade-off between training
efficiency and model convergence. It also has a Coordinator for analyzing the training

feedback and dynamically deploying the optimizations to execution.

3.5.1 Quant Orchestrator

SYLVIE explores the opportunity of quantization to reduce the substantial commu-
nication in GNNs for training acceleration. It integrates a novel Quant Orchestrator
to balance the efficiency-accuracy trade-off for distributed GNN training on GPUs.
It is computationally lightweight and effective in boosting training and empirically
keeping the model quality. In detail, it jointly orchestrates the quantization from two
dimensions to minimize the communication, namely data and time dimensions. The
first dimension lies in graph’s node level as discussed in §3.4.1. The second dimension
lies in the GNN training time, where we identify that different training epochs can

use different quantization bit-widths to reach the efficiency-convergence balance.

Convergence versus Bit-width. From Equation 3.1 and the variance term Var(h®),
we can see that changing the bit-width b leads to a trade-off between the total com-

munication volume and the variance value. With smaller b, the communication cost
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F1GURE 3.5: Training loss with respect to different quantization bit-widths on GAT
(Yelp dataset).

decreases while the variance increases. Building on this, we empirically analyze the ef-
fect of b on the model convergence over time and use it to design a strategy to accustom
b during the training course. The motivation behind the adoption of time-adaptive
quantization during training to minimize the communication can be understood from
Figure 3.5. We can see from Figure 3.5(a) that a smaller b,i.e., coarser quantization,
results in worse convergence of training loss versus training time. We also plot the
training loss with respect to the communication volume in Figure 3.5(b), where C' is
the unit communication volume we use to plot loss values and equals 5GB here. It
reveals that a smaller b enables to perform more epochs for the same communication
volume and achieves higher convergence speed in early training stages, which is also
pointed out in [120] on a similar problem. Based on this observation, intuitively we
can start from the smallest bit-width b along the time dimension and dynamically
adjust it according to the training status to balance the training efficiency and con-
vergence. Next, we will introduce the designed metrics to formalize the optimization

problem.

Time-adaptive Quantization. Intuitively, time-adaptive quantization changes the
quantization bit-width b; along epoch ¢ during training. Quant Orchestrator chooses
b; to minimize the communication overhead without sacrificing the model accuracy as
much as possible. Some works [120, 121] use similar observations but only monoton-
ically increase the quantization level. Differently, Quant Orchestrator monitors both
the training loss (to measure the model convergence) and throughput (to measure
the training efficiency) to adjust b; in a nonmonotonic way, which boosts the training
as much as possible while not sacrificing the model convergence significantly. At the
end of epoch ¢, Coordinator takes the training outputs, and the global loss L; of N
partitions is estimated using the local losses L; = % To better estimate the
convergence, we track a running average loss F; = AF;_1 4+ (1 — \)L;. To integrate the

consideration of training throughput, a Loss Descent Rate (LDR) tailored to GNN
P —F
€tt

training is measured as LDR; = , where et; is the ¢-th epoch training time.
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According to the aforementioned analysis, at the beginning by is initialized as b,
from the bit-width set {1,2,4,8}. When LDR; > LDR; ;5 for some § € N which
specifies the range of epochs for LD R comparisons, SYLVIE heuristically determines
the current bit-width suffices to reduce the loss. Then Quant Orchestrator interacts
with Coordinator to decrease b to gain higher speed. On the condition of this well-
balanced training, Quant Orchestrator adapts by = %t for higher throughputs. On
the other hand, LDR; < LD R;_s in ¢ epochs denotes the training is about to converge
or too many errors are introduced by quantization. The partly trained model requires
higher precision to get further improved. In this case, Quant Orchestrator increases
the bit-width b;11 = 2b; to reach lower errors and enable more stable and accurate
training. The above time-adaptive quantization process is summarized as the following
equation:

’bmin t=20

2by LDR; < LDR; st >0Nb; < byax
bt+1 - (34)
bt/2 LDRt 2 LDRtf(S ﬂt > 5 ﬂ bt > bmin

[ bt else

The time-adaptive quantization on communication messages ensures models sensitive
to noise quickly reach a sufficiently high bit-width and those not sensitive to noise get
accelerated as much as possible. It empirically achieves a good trade-off between the

training convergence and efficiency.

Joint Orchestration. As shown in Figure 3.4, Quant Orchestrator combines the
data-adaptive (§3.4.1) and time-adaptive quantization to meticulously facilitate train-
ing. As illustrated previously, the data-adaptive part constructs an importance-aware
node mask in the offline stage. At each epoch ¢ during training, the time-adaptive
part first determines a base bit-width b;. Then the data-adaptive part uses the node
mask to further adjust the node-wise bit-widths b},v € Vioundary On the basis of b;.
Figure 3.6 gives an example of the detailed process of how the time-adaptive part,
data-adaptive part and Quant Orchestrator adjust the bit-widths. In Figure 3.6(a),
for partition-1, the data-adaptive quantization assigns small bit-widths (e.g., b = 1)
to less important nodes (1 and 5) and large bit-widths (b = 8) to more important
nodes. On the other hand, time-adaptive quantization in Figure 3.6(b) alters the bit-
widths for all nodes across training epochs, e.g., it increases from 1 to 2 at epoch t+1.
In Figure 3.6(c), Quant Orchestrator applies the data-adaptive part on the basis of
time-varying bit-widths. For instance, at t-epoch the time-adaptive part determines
a preliminary b; = 1, then the candidate node-wise bit-widths are {1,2,4,8}. How-
ever, the base bit-width is 8 at epoch ¢ + 5, so all nodes will be assigned with 0} = 8

regardless of their importance.
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FI1GURE 3.6: The process of how Quant Orchestrator jointly orchestrates the quan-
tization from time- and data-dimension.

3.5.2 Pipeline Adaptor

In the former parts, Quant Orchestrator enhances the efficient training of GNNs by
reducing the communication volume from two dimensions. However, there exist some
large-scale distributed GNN training jobs, where communication still occupies a large
portion of the training time. Additionally, the asynchronous training [114, 115, 122]
is usually adopted in distributed DNN training to enhance the algorithm efficiency.
However, some frameworks like [115] are based on a centralized compute topology
with workers running asynchronously to hide partial communication of weights and
weight gradients to the parameter server, suffering from completely stale weight gra-
dients. Pipe-SGD [114] proposes a decentralized learning framework pipelining the
local training iterations to hide the communication of weight gradients. Nonethe-
less, all these works target on large models, where the main communication over-
head comes from the communication of weights/weight gradients other than the
embeddings/embedding gradients in distributed GNN training (as introduced in
§3.2.2). Moreover, different from the staleness of all weights/weight gradients in asyn-
chronous distributed DNN training, the staleness in our case incurs only in partial

embeddings/embedding gradients.

In the online stage, inspired by [56], SYLVIE designs Pipeline Adaptor which leverages

the pipeline of layer-wise communication and computation across two adjacent epochs
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to further hide all the latency (quantization/dequantization operations and reduced
communication duration). Furthermore, because asynchronization inevitably leads
to stale messages, Pipeline Adaptor automatically adapts training between the syn-
chronous and asynchronous settings to bound the number of delay epochs for staleness
control as shown in Figure 3.7. The asynchronous pipeline is perfectly suitable for
our case due to one unique feature: the quantization and dequantization operations
perform simple linear mappings to message vectors, which are low-overhead and thus
can be easily parallelized. To better illustrate how Pipeline Adaptor works, we first
introduce the vanilla synchronous training in Figure 3.7(a). After each layer’s compu-
tation, the intermediate activations of boundary nodes are quantized and transferred
during both forward and backward passes between all workers using all-to-all com-
munication [52]. The subsequent computation cannot begin until the worker receives
and dequantizes the messages. Thus each worker is blocked from computation and

cannot continuously utilize the GPU.

In Figure 3.7(b), to realize the inter-epoch pipeline, each layer’s computation directly
begins with the latest updated messages in this worker. In parallel, messages are
quantized and communicated concurrently. To realize the asynchronous training, we
wrap the GPU kernels of inner nodes’ computation and pipelined operations (quanti-
zation, dequantization and communication) with independent CUDA streams. Note
that the communicated boundary messages at epoch ¢ will be used for computation at
epoch t+1, leading to a compound usage of the latest inner nodes’ messages and stale
boundary nodes’ messages. To mitigate the effects on the convergence of the partial
staleness, Pipeline Adaptor performs compulsory synchronization of the latest mes-
sages for staleness control, reaching a good trade-off between the training throughput
and convergence rate. To achieve this, Pipeline Adaptor also monitors LDR intro-

duced in §3.5.1 to evaluate the training status. In detail, it determines convergence is
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downgraded by staleness when LDR; < LDR; s and informs Coordinator to perform
synchronous training at epoch t+1. Otherwise, the training stays in the asynchronous

mode.

3.5.3 Coordinator

In the online stage, Coordinator retrieves and analyzes the training outputs. Accord-
ing to the feedback, it then interacts with Quant Orchestrator and Pipeline Adaptor
to coordinate the optimizations on training jointly. Past works [69, 112] prove the con-
vergence of GNNs with quantization as long as the quantization is unbiased and has
bounded variance, which has been claimed in §3.2.2. In addition, SYLVIE only applies
quantization to partial messages (messages of boundary nodes), which also limits the
introduced variance. Similar methods can be found in existing works [72, 123, 124]
which adopt the subset quantization. In addition, [56] demonstrates the convergence
of distributed GNN training under the asynchronous setting and the convergence rate
is even better than sampling-based methods. These convergence results can extend

to SYLVIE and we refer to the detailed analysis from them.

To realize communicating messages quantized with different bit-widths between work-
ers, each worker first prepares multiple buffers for sending and receiving messages,
whose sizes are determined by the assigned bit-widths of Quant Orchestrator. We
group messages based on their assigned bit-widths, perform static quantization to
each group and then concatenate them into a compressed single tensor for trans-
ferring. After communicating with the help of buffers, the compressed tensors are
decoded back to full-precision messages based on a node-matching table generated
by Quant Orchestrator. Those recovered messages then participate in the subsequent

computations.

3.6 Evaluation

We implement SYLVIE atop DGL 0.9 [105] and PyTorch 1.10 [117]. The communica-
tion process is implemented via torch.distributed in the ring all2all pattern [52].
For graph partitioning, we use the widely-adopted METIS [58] partition algorithm

whose objective is set to minimize the communication volume.

Datasets and Models. We evaluate SYLVIE on five real-world large-scale graph
benchmarks: Reddit [3], Yelp [47], Ogbn-products [1], Amazon [2], and Ogbn-papers100M
[1]. The detailed information is shown in Table 3.4. Reddit is a post-to-post graph.
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TABLE 3.4: Detailed information of datasets used in evaluation.

Datasets # Nodes # Edges Features Dim. # Classes
Reddit 232,965 114,615,892 602 41
Yelp 716,847 6,977,410 300 100
Ogbn-products 2,449,029 61,859,140 100 47
Amazon 1,598,960 132,169,734 200 107
Ogbn-papers100M 111,059,956 1,615,685,872 128 172

Yelp categorizes the types of business based on users’ reviews and relationships. Ogbn-
products classifies Amazon products according to customers’ reviews. Amazon pre-
dicts product categories using their properties and relations between them. We choose
versatile GNN models commonly adopted in GNN applications for evaluation, includ-
ing two shallow models GraphSAGE [3] and vanilla GCN [4], deep models GCNII
[125], DGANN [34], SGC [32] and JKNet [31], and special GNN model GAT [24] (the
number of heads is set to 1). Not that JKNet is only applicable to Reddit dataset
and DAGNN is unsuitable to be deployed on Yelp dataset. Regarding the models, we
follow the hyperparameter configurations reported in the original papers as closely as
possible. The detailed model hyperparameters used for evaluation are presented in
Table 3.5. For JKNet, the number of layers is 8 and hidden size is 128. The training
epoch equals to 800 and the dropout rate is 0.5. The adopted learning rate is 0.01
and other hyperparameter configurations are also listed in Table 3.5. The optimizer
is Adam [126] for all datasets and models and we use the default hyperparameters
for Adam optimizer. All methods terminate after a fixed number of epochs which is
sufficient for all models to converge.

Baselines. For the baselines, we compare SYLVIE with four SOTA-distributed full-
graph training methods: (1) DGL [105]: the vanilla distributed GNN training on
top of the latest DGL 0.9; (2) SAR [64]; (3) PipeGCN [56]; (4) BNS-GCN [52]: the p
value is set to 0.1 as suggested by the paper. Baselines are orthogonal to each other in
distributed GNN system designs so that we can make a fair comparison. Note that all
the baselines do not implement deeper GNNs originally, so we modified deeper GNNs
on them ourselves and only show their results on their respective supported GNNs.
We do not compare with ROC [51] and CAGNET [66] here since their performance
are far inferior to DGL, which now is the default choice for most users. In addition,
CAGNET is deployed on OLCF Summit which we do not have access on.

Testbeds. Our experiments are performed on two different GPU servers. @Severs
each with 8 RTX 3090 GPUs (24GB), intra-server connection (CPU-GPU and GPU-
GPU) based on PCle 4.0 lanes and inter-server connection via 1Gbps Ethernet.
@Servers each with 8 A100 GPUs (80GB) with NVLink and 200Gbps InfiniBand.
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TABLE 3.5: Model architecture and detailed hyperparameters. Arch.: Number of
layers x Number of hidden neurons in each layer. HP.: (Epoch, Dropout)

Dataset
Model Config _
Reddit Yelp Ogbn Amazon
products
Arch. 4 %256 4x512 3x128 4x128
GraphSAGE ™ pp, (2000, 0.5) (2000, 0.1) (500, 0.3) (2000, 0.1)
GCN Arch. 4x256 4x512 3x128 4x128
HP. (2000, 0.5) (2000, 0.1) (500, 0.3) (2000, 0.1)
GONII Arch. 8x256 8% 512 8x128 6x128
HP. (1000, 0.5) (1000, 0.5) (500, 0.5) (2000, 0.5)
Arch. 8x256 8x128 6x256
DAGNN HP. (1000, 0.8) ) (500, 0.8) (1000, 0.5)
lele Arch. 8% 256 8x512 8x 128 6x256
HP. (1000, 0.1) (1000, 0) (500, 0) (500, 0)
GAT Arch. 2x256 2x256 3x128 3x128
HP. (200, 0.5) (1000, 0.1) (200, 0.3) (1000, 0.1)

3.6.1 End-to-end Experiments

We compare the end-to-end performance of SYLVIE with baselines on both RTX 3090
and A100 servers.

Training Speedup and Accuracy Maintenance. Table 3.6 and Figure 3.8 de-
scribe throughput and test accuracy comparisons between SYLVIE and SOTA base-
lines on versatile GNN models over two 3090 servers. Here throughput is defined
as the number of epochs run per second, and we normalize the throughput of each
method on base of DGL. In each training task, we treat the first 10 epochs as the
warmup stage and only record statistics afterward. We can clearly see that SYLVIE
substantially outperforms other methods by a large margin on each dataset and model.
Specifically, SYLVIE achieves a marvelous throughput improvement of 8.67~16.03x
over DGL and far exceeds SAR and PipeGCN. Among the baselines, SAR shows the
lowest throughput since it does not cope with the communication overhead, and its
computation burden even increases due to the rematerialization. SYLVIE also deliv-
ers 1.03~1.86x larger throughput than BNS-GCN. We note that PipeGCN does not
show significant performance since in the multi-server training, the communication

cost is immensely larger than computation and could hardly be hidden.

To further unfold the effectiveness of SYLVIE in distributed setting, we also conduct
evaluations on A100 servers with NVLink and 200Gbps InfiniBand, as shown in Table
3.7. SYLVIE still shows impressive acceleration and outperforms baselines on such
frontier equipment. For the largest dataset Ogbn-papers100M, we partition it to 32

parts and deploy the training on 4 servers (each 8 GPUs). We can see even at such
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TABLE 3.6: Detailed comparison of training throughput and test accuracy between
SYLVIE and other baselines when training on two 3090 servers, where the best per-
formance is highlighted in bold. Dash line -’ means the method does not converge.
SYLVIE always outperforms others in throughput on all the models and datasets
while still achieving high accuracy.

Reddit Yelp Ogbn-products Amazon
Model Method  Thr. Test Acc.(%) Thr. Fl-micro(%) Thr. Test Acc.(%) Thr. Test Acc.(%)
DGL 1.00x 97.10+0.01 1.00x 65.07+0.19 1.00x 79.19+0.15 1.00x 81.29-+0.02
SAR 0.42x 96.02+0.12 0.37x 60.51+0.09 0.64x 74.42+0.07 0.43x 78.85-+0.07
GraphSAGE PipeGCN 1.15% 97.02+0.11 1.15% 65.14+0.08 1.19% 79.29+0.05 1.05% 81.27+0.08
BNS-GCN  9.02x 97.14-0.01 8.11x 65.22-+0.23 8.38% 79.11+0.11 9.08x 80.90-+0.05
Shallow SYLVIE 14.64x 96.87+0.03 11.27x 64.92+0.38 15.74x 78.85+0.26 13.70% 81.24+0.11
DGL 1.00x 94.84+0.58 1.00x 47.50+0.07 1.00x 73.70+0.20 1.00x 56.59-+0.11
SAR 0.42x 95.34+0.17 0.38% 47.00+0.12 0.65x 70.13+0.10 0.43x 53.08+0.07
GCN PipeGCN  1.15x 94.69-+0.56 1.16x 47.16+0.01 1.20x 74.04+0.23 1.01x 56.56-+0.34
BNS-GCN  9.18x 95.00-+0.33 8.40x 47.27+0.37 8.64x 73.54+0.42 9.34x 56.47-+0.60
SYLVIE 15.15x 95.31+0.01 13.13x 47.62-+0.30 16.03x 73.78+0.19 14.61x 56.07+0.21
DGL 1.00x 89.53+0.20 1.00x 61.55+0.08 1.00x 58.34+0.16 1.00x 42.15+0.21
GCNII PipeGCN 1.14x 84.08+0.32 1.13x 60.18+0.21 1.20x 56.78+0.11 1.03x 41.47+0.18
BNS-GCN - - - - - - - -
SYLVIE 17.18x 89.16+0.11 12.48x 62.43+0.07  10.60x 58.15+0.07 10.42x 43.25-+0.11
DGL 1.00x 91.94+0.20 1.00x 63.224+0.14 1.00x 54.01+0.14
Deep PipeGCN - - 1.18% 60.32+0.22 1.03x 52.83+0.31
DAGNN BNS-GCN - - ) } - - - -
SYLVIE 7.88x 91.89+0.13 10.06x  63.41+£0.12  12.47x  54.91+0.18
DGL 1.00x 80.64+0.19 1.00x 50.30-+0.05 1.00x 54.76+0.20 1.00x 41.12-+0.05
sac PipeGCN  1.02x 80.03+0.37 1.12x 49.31+0.12 1.07x 54.08-+0.29 1.05% 39.12+0.17
BNS-GCN - - - - - - - -
SYLVIE 7.56% 80.68-+0.10 13.46x 50.32+0.07  12.12x 55.02+0.11 13.22x 41.11-+0.14
DGL 1.00x 93.97-+0.60 1.00x 44.39-+0.16 1.00x 78.14+0.12 1.00x 42.84-+0.96
SAR 0.25x% 91.47+0.08 0.21x 44.30+0.11 0.27x 76.40+0.06 0.21x 42.48+0.07
Special GAT PipeGCN 1.14x 93.85+0.64 1.15% 43.75+0.23 1.19x 77.03+0.11 1.04x 42.37+0.07
BNS-GCN  7.86x 89.08+0.63 8.11x 43.66-+0.24 8.08 74.07+0.92 8.43x 40.67+0.7¢
SYLVIE 12.26 % 93.40+0.62 13.48x 44.15+0.63 13.21x 78.38+0.18 8.67x 42.08-+0.25

Norm. Throughput
(epochs/sec)
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FIGURE 3.8: Training throughput of different methods (normalized to that of DGL,
shown in the dashed line) when training three representative models on four datasets
on two 3090 servers. SYLVIE outperforms DGL by up to 16.0x.

a large-scale setting where communication overhead dominates, SYLVIE still provides

the largest speedup and substantially reduces the communication time by 95%.

Generality on Versatile GNNs. Unlike other baselines, SYLVIE consistently per-
forms well in efficiency and model accuracy on deeper and special structured GNNs.
In Table 3.6, SYLVIE always achieves far better training throughput than other meth-
ods on all types of GNNs. Especially, SYLVIE successfully converges and maintains
model accuracy on deeper and special GNNs, and even reaches higher accuracy in
some cases, e.g., enables DAGNN to reach 63.41% on Ogbn-products while achieving
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TABLE 3.7: Training epoch time comparison between SYLVIE and other methods
on GraphSAGE on A100 servers with NVLink.

Dataset Server Setting Method Epoch Time (s) Comm. (s)
DGL 0.99 (1.00x) 0.87
2 Servers PipeGCN 0.73 (1.36%) 0.57
Ogbn-products 16 GPUs ~ BNS-GON  0.39 (2.54x) 0.17
SYLVIE 0.23 (4.30x%) 0.11
DGL 17.00 (1.00x) 14.00
] 4 Servers PipeGCN 12.40 (1.37x) 9.70
Ogbn-papers100M 32 GPUs BNS-GCN  2.10 (8.10%) 1.47
SYLVIE 1.30 (13.08x%) 0.69
Reddit (GCNII) Reddit (JKNet) Ogbn-products (DAGNN) Ogbn-products (GraphSAGE)
~ B SUN. — 80 S,
%75 ? ” 75 //J\/\/
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FIGURE 3.9: The convergence curve comparisons of SYLVIE and baselines on dif-
ferent models and datasets over single-server.

the largest throughput 10.06x. On the contrary, current systems fail to accommo-
date to deeper and special GNNs. For instance, BNS-GCN cannot converge on deeper
GNNs at all due to the excessive node dependency loss along layers. Additionally, it
incurs a significant accuracy loss of up to 4.9% on GAT, showing its limited gener-
ality to other models. PipeGCN also suffers from serious accuracy drop up to 5.45%
since the staleness errors accumulate essentially when the model is deep. Via the
adaptive optimizations by monitoring training status, SYLVIE is robust to the noise
introduced by compressed activations, indicating SYLVIE enables to train deeper and

more complex GNNs on large graphs with minimal loss in performance.

Maintaining Model Convergence. We examine the convergence curves of SYLVIE
on various models in Figure 3.9. We can see the curves of SYLVIE are almost identical
to that of the original DGL version and converge to high accuracy, verifying SYLVIE
preserves model quality well. However, other methods either converge to low accuracy
(BNS-GCN) or lead to slower convergence and even occur over-fitting (PipeGCN
on GCNII and JKNet respectively). The over-fitting is mainly due to PipeGCN’s
smoothing method, which increases stability on the training set. It constrains the
model from exploring a more general minimum point on the test set, thus leading
to overfitting on deeper models. These results are also consistent with the methods’
theoretical analysis. SYLVIE greatly maintains the convergence thanks to the 3D-

adaptive adjustments according to the monitored training status.
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TABLE 3.8: Throughput when training on a single 3090 server.

Model  Method Dataset
Yelp Ogbn-products Amazon

DGL 1.00x(1.82 ep./s) 1.00x(0.95 ep./s) 1.00x(0.38 ep./s)
SAR 0.99x 1.27x 1.12x
Gr?pNh_SgGE PipeGCN 1.08 % 1.05% 0.97x
o BNS-GCN 3.10x 3.07x% 6.93 x
SYLVIE 4.02x 4.40x 7.78x

DGL 1.00x(1.91 ep./s) 1.00x(1.12 ep./s) 1.00x(0.42 ep./s)
SAR 1.04x 1.32x 1.23x
(i(_ﬂg) PipeGCN 1.07x 1.06 x 0.94 x
B BNS-GCN 2.30% 2.46 x 4.78 %
SYLVIE 4.36 % 3.44 % 5.04 %

Performance on Single Server. We also test the performance of SYLVIE on a
single 3090 server in Table 3.8. SYLVIE still outperforms other methods in training
throughput, with a maximum of 7.78x speedup when training GraphSAGE. Table
3.8 shows partial results of the throughput on different methods due to the page limit.
The speedup is relatively less significant compared to the multi-server setting, which

involves more partitions with larger communication overhead.

3.6.2 Ablation Studies

To verify the effectiveness of our 3D-adaptive scheme and explore the impact of each
system module explicitly, we compare SYLVIE with different static settings. All abla-

tion studies are conducted on A100 servers.

Quantization Ablation Study. The evaluations consider different static values
of b, from no quantization to 1-bit quantization as shown in Table 3.9. We fix the
execution mode to always-synchronous training to make fair comparisons since the
adaptive pipeline adjustment is unpredictable in each training. We can see with the
decrease of b value, training epoch time also decreases, but with greater accuracy
loss. This is because applying low-bit quantization introduces significant variance
and degrades accuracy. However, Quant Orchestrator enables SYLVIE to gain high
throughput (2.3x compared with 32-bit) and maintain robust accuracy (65.0% vs
64.4% of 1-bit). This verifies simply performing static quantization cannot maximize

its benefits or keep model quality.

Pipeline Ablation Study. Here we compare SYLVIE with an always-synchronous
and always-asynchronous version. Similarly, we fix b values to make fair comparisons
and provide the results in Table 3.10. We observe that SYLVIE has a larger training

speed than always-synchronous version and higher accuracy than always-asynchronous
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TABLE 3.9: Training GraphSAGE on Yelp with different b values and fixed execu-
tion on single A100 server.

SYLVIE

b 32 8 4 2 (adaptive quant)
Epoch Time (s) 0.90 0.52 0.37 0.28 0.22 0.39
Accuracy (%)  65.3 653 65.1 64.5 64.4 65.0

TABLE 3.10: Training GraphSAGE on Yelp with different execution modes and
fixed b values on single A100 server.

Method Fix =32 Fix b=1
Epoch Time (s) Acc. (%) Epoch Time (s) Acc. (%)
Always-sync. 0.90 65.3 0.21 64.4
Always-async. 0.75 64.6 0.12 64.2
SYLVIE 0.81 64.9 0.17 64.6

(adaptive pipeline)

version with comparable speed, which validates Pipeline Adaptor successfully strikes

efficiency-accuracy trade-off.

Trained on the same model and dataset, the epoch time of 3D-adaptive SYLVIE is
0.27s and accuracy is 65.0%. Together with both ablation studies, we can see SYLVIE
combines the best of all worlds from efficiency and accuracy. By dynamically adjusting
the system optimizations guided by training status, the 3D-adaptive scheme greatly
boosts training while bounding the gradient variance to a limited level, thus reaching

a better efficiency-accuracy balance.

3.6.3 More Evaluation

Communication Volume and Time. To demonstrate the training speedup is due
to the reduced communication, we record the actual communication volume per epoch
and training time breakdown in Table 3.11. We observe that SYLVIE cuts down the
communication volume dramatically. For example, there are originally 5632.6 MB of
communication per epoch for the Amazon dataset. After deploying SYLVIE, there are
only 254.7 MB communicated messages, reducing almost 22x communication volume.

Accordingly, the communication time is vastly shortened (from 11.47s to 0.81s).

Sensitivity Analysis. The introduced hyper-parameter 6 and A determine the per-
formance and overhead of SYLVIE. Here we perform sensitivity experiments on 4.
As shown in Figure 3.10, the faster convergence and higher accuracy are obtained
when smaller § value is adopted, but coming with possibly lower throughput (here
for GraphSAGE, 4.98 epochs/s with § = 5 vs. 5.93 epochs/s with § = 10). Seriously
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TABLE 3.11: Epoch communication volume and time breakdown of training Graph-
SAGE over two servers.

Comm. Volume(MB) Per-epoch Time (s)

Method
Main Data  Scales Total Comm.
. DGL 2791.7 0 7.28 6.62
Reddit o s 126.9 15.6 0.5 0.44
Amazon DGL 5632.6 0 13.33 11.47
SYLVIE 2b4.7 30.4 0.97 0.81
GraphSAGE GCN
. 95-
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>
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3
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FIGURE 3.10: Sensitivity experiments of comparing range 6 on Reddit (N=8, single
server).
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FIGURE 3.11: Wall-clock time of DGL and SYLVIE with overhead.

chasing the lowest quantization variance (§ = 1) or just caring about the highest
training throughput (very large §) is not the best choice to fully utilize the benefits
of quantization and pipelining. Choosing different values always exists a trade-off be-
tween efficiency and accuracy. Currently, we suggest A = 0.9 for better convergence,
and users can select § = 5 for higher model quality or larger 6 = 20 for faster speed.

How to choose the values wisely can be leaved for further investigation.

System Overhead Analysis. To understand how much extra overhead brought by
SYLVIE, we record the time breakdown from two levels: wall-clock time level in Figure

3.11 and more fine-grained epoch time portions in Figure 3.12.
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Compute
Communicate
Reduce

Quantize
Dequantize
Coordinate

(a) One server (b) Two servers

F1cURE 3.12: Ratios of different components in epoch time when training Graph-
SAGE with SYLVIE on Reddit over single server and two servers. Both quantization
and coordination take up negligible overhead.

The wall-clock time is split into three coarse-grained parts (offline stage time, online
stage time and actual training time) in the left bar for each model, and the online
stage is further split into three parts (quantization, dequantization and coordination
time) in the right bar. We can observe both the online and offline overhead are
negligible compared with the training time reduction. The wall-clock time of SYLVIE
on GraphSAGE-Reddit in Figure 3.11 is 314.9s, 23.7s and 3.1s for training, online
stage and offline stage respectively. The overhead proportion (online and offline stage)
in total training time is only 7.8%. Similar conclusions can be obtained from Figure
3.12, where we record the per-epoch time on a single server and two servers. Both
cases demonstrate the time consumed by quantization and coordination occupies the
smallest portions, indicating the negligible overhead brought by SyLvie. Coordination

accounts for the least time, even lower than the quantization-related operations.

3.6.4 Scalability Analysis on More Servers

To further evaluate SYLVIE’s capability, we scale up the training over multiple servers
on both server types. Table 3.12’s results on A100 server show SYLVIE still obtains
considerable speedup on high-speed network servers and shows not bad scalability.
The speedup rate increases even on more servers, e.g., 2.8~4.3~4.9x. Figure 3.13
presents the normalized training throughput of SYLVIE over 3090 servers. We also ob-
serve that SYLVIE maintains great performance and even achieves a higher throughput
acceleration ratio when the number of servers increases. On both settings, SYLVIE of-
fers the best training speedup compared with other methods, while SAR and PipeGCN
show very limited performance in large-scale training. In a nutshell, SYLVIE can de-

liver desired performance for larger-scale training scenarios.
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TABLE 3.12: Epoch time of GraphSAGE on Ogbn-products under different A100
server settings.

Server Setting Method Epoch Time (s) Comm. Time (s) Comp. Time (s)

DGL 0.83 0.71 0.09
1 Server, 8 GPUs ¢ Vie 0.30 (2.8x) 0.13 0.09
DGL 0.99 0.87 0.04
2 Servers, 16 GPUs SYIVIE 0.23 (4.3x) 0.11 0.04
DGL 1.23 1.13 0.03
3 Servers, 24 GPUs SYLVIE 0.25 (4.9%) 0.12 0.03
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FIGURE 3.13: Normalized training throughput on multiple 3090 servers for Graph-
SAGE on Amazon.

3.7 Summary

This work proposes SYLVIE, an efficient distributed GNN training framework that
enormously boosts training efficiency in a 3D-adaptive way, while maintaining the
model quality. Unlike existing methods which fail to accommodate to universal GNN
models, SYLVIE outperforms well on all model structures. Extensive experiments
show that SYLVIE can substantially boost the training throughput by up to 17.2x.



Chapter 4

TorchGT: Large-scale Graph

Transformer Training System

This chapter presents the research! to design an accuracy-maintained and compute-
efficient system from both algorithm and system perspectives to support large-scale
graph transformer training. Existing graph transformer works neither facilitate effi-
ciency by well-designed parallelism from the system perspective nor propose scalable

algorithms for universal graph learning tasks.

4.1 Introduction

Graph-structured data has long been prevalent and indispensable in many real-life
applications such as social network construction and molecule analysis. Thus, there
emerges a specific family of graph learning methods, namely graph neural networks
(GNNs) [3, 4, 24]. GNNs have gained giant breakthroughs and exhibit impressive
performance in many tasks such as node classification [18, 95-97] and link prediction
[24], mainly due to their message passing mechanism [99], which models the inherent
properties of graph structures. However, this module in classic GNNs also leads to
commonly acknowledged over-smoothing [127], over-squashing [128, 129] and limited

expressivity [130] issues.

To address these deficiencies, a latest approach called graph transformer shows more
promising power in capturing the inter-dependencies among nodes. Graph transformer
is built upon the classical Transformer [131] which allows nodes to attend to all other
nodes, and integrates multiple graph structure encodings to include important graph
properties. Due to the great modeling capability, graph transformer has garnered

surging interest in recent years and a large number of models have been proposed

!The work in this chapter has been published in [19].
20
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TABLE 4.1: Graph transformers outperform classical GNNs on graph-level and
node-level (Flickr) tasks.

Model ZINC PCQM4M-LSC Flickr

ode Test MAE| Validate MAE| Test Acc.(%)t
Traditional GAT 0.384 - 54.29
GNNs GCN 0.367 0.169 61.49
Graph GT 0.226 0.141 68.59
Transformers Graphormer 0.122 0.123 66.16

[5, 6, 25, 36]. Existing graph transformers mainly operate by treating graph nodes
as input tokens and constructing an input sequence consisting of all the graph nodes.
Besides, graph structure encoders are designed as a graph adaptation of the original
Transformer architecture. By integrating structural information, graph transformers
exhibit competitive performance and outperform traditional message-passing GNNs
(e.g., GCN [4] and GAT [24]) on both node classification [25, 36, 39, 43, 75, 76] and
graph classification [5, 6, 132] tasks, as shown by Table 4.1. We can obviously see
graph transformers obtain the highest scores than GNNs on all tasks.

Real-world graphs can easily involve millions of nodes [1, 2], making the sequence
length enormously large. For example, in the current graph transformers’ opera-
tion way, processing the citation graph dataset ogbn-papers100M from Open Graph
Benchmark [1] (including more than 100 million nodes) requires high dimensional
inputs with prohibited sequences. Moreover, as illustrated by the profiled results in
§4.2.1, the profiled results of training graph transformer models with different se-
quence lengths also unfold the accuracy benefits of training in long sequence. There-
fore, training graph transformers with long sequence is crucial for model quality and
the development of versatile graph transformer application scenarios. However, we
find most existing graph transformer research works [5, 6, 21, 22| are only limited to
small graphs due to a lack of compatible systems tailored for the graph transformer
model training with long sequences. More specifically, there are three deficiencies in

current works:

First, graph transformers with standard attention have poor scalability
to long sequences, due to the computation and memory complexity of O(N?),
quadratic on the number of nodes (V) in a graph [5, 6, 10-13]. Taking fully-connected
attention as graph foundation encoders captures the implicit all-pair influence beyond
neighboring nodes, but also limits existing graph transformers only on small-graph
applications [5, 6, 10-13]. Figure 4.1 demonstrates that even with a state-of-the-art
attention library, i.e., FlashAttention [133], the computation of the dense attention

mechanism is still a bottleneck during the graph transformer training.
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Second, current algorithms either compromise model quality or are only
applicable to a single graph learning task. To reduce computation pressure,
some graph transformers shorten the input sequences by harnessing neighbor sam-
pling [36, 41] similar adopted in classic GNNs [3, 47, 49]. Others like [21] attempt
to overcome the quadratic complexity by replacing full attention with approximate
attention methods. However, using sampling methods or simply adopting sparse pat-
terns like [77, 78] loses critical connectivity information and thus sacrifices model
precision. On the other hand, some works [25, 75, 76] use self-defined adapted at-
tention modules to reduce memory consumption, but are limited to a specific task,
e.g., node classification. They are neither general to versatile graph learning tasks nor

portable to be scaled in large-scale training.

Third, no existing works exploit systematic optimizations to realize ef-
ficient and scalable training. Several graph transformers [21, 22| apply graph
structure to relieve the computation burden. However, this sparse pattern is highly
irregular in memory access due to the skewed property of graphs, which is challeng-
ing for optimizing the system throughput. Due to the skewed property of graphs,
the graph structure-pattern attention is immensely sparse in computation and highly
irregular in memory access, which can be very challenging for optimizing the system
throughput. Moreover, with large datasets, the memory consumption of model activa-
tions grows rapidly, necessitating a scalable system design and memory optimization.
But existing works [5, 6, 21, 22, 36] only focus on the implementation of graph trans-
formers in a single GPU, thus limited to very small graphs. Although there has been
a breakthrough for large language models (LLMs) by partitioning along the input se-
quence dimension and training long sequences across devices [14-17], those sequence
parallelism ways cannot be directly transplanted on graph transformers due to the

extra graph encodings and neglection of structure properties.

To bridge these gaps, we design TorchGT, the first distributed training system that
scales graph transformer model to large graphs with billions of edges. Our system
abides four design goals: scalable, efficient, convergence-maintained, and task-
agnostic. Existing graph transformer works neither facilitate efficiency by well-
designed parallelism from the system perspective nor propose scalable algorithms
for universal graph learning tasks, thus making it challenging to meet those goals.
This hinders the practical development of advanced graph transformer models on
real-world graphs. The core design of TorchGT derives from the following three
key insights. First, the learning of graph transformers highly benefits from graph
structures. Specifically, the structure of many real-world graphs is highly sparse [119,
134, 135], which reflects the inherent vertex-vertex interactions. This sparsity could be
a guide for how graph transformers attend to nodes to reduce computation costs while

maintaining correct connections. In addition, considering the structural property in
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the system design also contributes to optimal hardware throughput. Second, the
order of input graph tokens is alterable. Unlike inputs in famous LLMs like GPT [136]
whose token order is crucial for model understanding and generation process|[136,
137], graph transformers focus more on connections between nodes. Thus, we can
modify the input arrangement to exploit graph properties (e.g., local clusters) for
more specialized optimizations. Third, the block-sparse format is a good match for
wrreqular graph clusters. Block-sparse formats store data contiguously in memory,
reducing storage overheads and memory access. But directly exploiting it on dense
attention matrices will drop connectivity and result in substantial accuracy loss [138,
139]. However, by integrating it into our specialized clustered pattern, we find the
computation can be further accelerated while maintaining model accuracy. We revisit

the graph transformer training from both the algorithm and system perspectives.

As such, our key idea is to design an accuracy-maintained and compute-efficient
system from both algorithm and system perspectives to support large-scale graph
transformer training. Specifically, TorchGT consists of three key innovations. Dual-
interleaved Attention is a local-global interleaved attention that integrates graph
structural topology into the attention module and selectively combines the global in-
formation into the attention with the graph structure search, which efficiently speeds
up the attention computation while maintaining the models’ qualities. Cluster-
aware Graph Parallelism splits the input graph tokens according to the cluster
nature of graphs, thus boosting the attention computation throughput and facilitat-
ing system scalability. It also allows us to take advantage of the cluster feature in
more fine-grained kernel optimizations. Inspired by the block-sparse format, Elastic
Computation Reformation dynamically transfers the clustered attention pattern
into a specialized cluster-sparse format to reduce the irregular memory access latency.
It includes an Auto Tuner to automatically control the transfer to maintain the model
convergence. Through extensive experiments, we show TorchGT successfully achieves
scalable and efficient graph transformer training on large graphs. It also boosts train-

ing by up to 62.7x across various graph learning tasks while maintaining accuracy.

In summary, we make the following contributions:

* TorchGT is the first graph transformer system that facilitates efficient, scalable,
and accurate training on large-scale graphs as well as universal graph learning
tasks.

% TorchGT is the first to identify the major challenges that hinder existing graph
transformers from scaling to large graphs and explore the graph-specific optimiza-

tion opportunities which are neglected previously.

* We propose three key techniques to meet all design goals from algorithm and

system co-design perspectives.
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% Experiments show TorchGT achieves up to 62.7x speedup and near-linear scala-

bility, supporting graph sequence lengths of up to millions.

4.2 Challenges and Motivation

4.2.1 Long Sequence for Graph Transformers

4.2.2 TIssues and Opportunities

Most existing graph transformer works [5, 6, 21, 22, 41, 43] are only limited on small
graphs due to a lack of compatible systems tailored for the graph transformer model
training with long sequences. They have three main issues when applied to long

sequence training.

I1: Attention Computation Bottleneck. Graph transformers with standard
(dense) attention treat the graph as fully-connected with the MHA mechanism cal-
culating attention for all node pairs. Thus, it requires the computation complexity
of the attention module to be quadratic on the number of nodes (N?) in a graph,
which limits the models’ scalability to extremely long sequences. Currently, there is a
breakthrough in standard attention optimization, i.e., FlashAttention [133]. FlashAt-
tention accelerates the attention module by fusing the I0-bound GPU kernels like
Softmax and Dropout within the attention computation. On the Tensor Core Unit
(TCU) of A100 GPU, FlashAttention can reach almost 200 peak TFLOPs under the
attention computation with FP16/BF16 precision. However, even with FlashAtten-
tion to train graph transformers with long sequences, e.g., sequence length of 512K,

we still identify that the attention module dominates the overall training time.

To show this, we conduct an experiment to record the iteration time breakdown when
using FlashAttention, as illustrated in Figure 4.1. Current FlashAttention does not
support the modified attention module like those augmented with bias encodings
[5, 6, 25, 41], so we disable the bias in this experiment to only examine the com-
putation efficiency. We separate the computation time of FlashAttention from the
comprehensive training iteration. We can obviously observe that no matter on longer
or shorter sequences, attention computation still dominates over 80% of training time,
indicating a severe attention bottleneck. However, both the standard attention and
FlashAttention fail to leverage one important characteristic of the graph, namely
its topology structure, which we find profoundly impacts the effectiveness of system

optimizations.
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FIGURE 4.1: Training iteration time breakdown when training Graphormer on
ogbn-products in different sequence lengths on two types of GPUs: RTX 3090 and
A100.

I2: Degraded Model Convergence and Limited Tasks. Many efforts [21, 25,
77, 81] have been made to overcome the computation bottleneck of the attention mod-
ule. Among them, [81] prunes the attention module and leaves a major backbone to
reduce the computation cost for LLMs. Some works [77-80] propose sparse patterns
on attention to scale linearly, but most of them are designed for natural language pro-
cessing (NLP). They cannot be simply grafted to graph transformers since they fail
to consider the inherent graph structure information when approximating attention,
thus resulting in subpar model performance. Several graph transformers [36, 41, 74]
harness neighbor sampling or graph pooling that only selects a subset of nodes to be
trained at each iteration, without reducing the computation complexity. Nonethe-
less, all the above methods sacrifice model precision by dropping the connectivity

information.

In the graph domain, efficient attention is not well studied. Few graph transformers
like [22] apply the graph structure to attend nodes and maintain graph-specific infor-
mation. However, they limit the implementation to the GNN-encoding-based model
architecture, e.g., GraphGPS [21], and highly rely on the message-passing scheme for
excellent model performance. Other methods [25, 75, 76] use self-defined adapted
attention modules to achieve linear complexity. However, all those works are con-
strained to a single application task, failing to generalize to versatile graph tasks.
Additionally, with GNN structure encodings or self-defined attention, the model can
hardly be scaled to multiple workers. Therefore, motivated by these observations,
in TorchGT we design a topology-induced attention pattern that greatly improves

training efficiency while maintaining the models’ qualities.
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TABLE 4.2: Backward (BW) time of topology-pattern & dense counterpart when
training Graphormer on ogbn-products.

Seq. Length S=64K S=128K S5=256K S=512K

Topology-pattern
BW. Time/ms 116.99  234.28  499.289  963.91

Dense BW. Time/ms  1.53 3.78 10.02 29.01

13: Lack of Specific System Optimizations. As far as we know, currently there
is no existing framework to optimize graph transformer training from the system
level. FFN operations in MHA are dense in computation and regular in memory
access. However, utilizing graphs on the attention module is sparse in computation
and requires irregular and fine-grained memory access due to the skewed nature of

graph structures, which inevitably becomes the performance barrier.

Existing solutions [5, 21, 22] directly apply graph topology in the attention computa-
tion while ignoring the pattern differences between graph transformer and standard
Transformer-based models. To better illustrate, we experimentally examine the im-
pact of irregular memory access by the topology-pattern attention in Table 4.2. The
dense backward time is computed using the dense counterpart of the topology pattern.
The topology-induced memory access latency is tremendous, reaching up to 33.2x
slowdown than dense computation. To increase models’ scalability, recent works [14—
17] split the input sequences and distribute the computation across devices. However,
this parallelism neglects various graph encoding modules and fails to distinguish in-
put tokens in graph domain from tokens in NLP. Those differences invoke specialized
and dedicated system designs for graph transformers towards more efficient memory

optimizations and more aggressive parallelism.

4.3 System Design

To achieve efficient distributed graph transformer training with long sequence while
maintaining model accuracy, we propose TorchGT, an algorithm-system co-optimized
system tailored for graph transformer training on large-scale graphs. It follows four

design principles:
e Scalable. TorchGT can scale graph transformer training to extremely large graphs
(solving I3).

e Efficient. TorchGT reduces over 90% computation required by standard attention,

overcoming the attention computation bottleneck (solving I1).

e Convergence-maintained. TorchGT maintains comparable model convergence to
the graph transformer with standard attention, by explicitly balancing the efficiency
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and quality trade-offs in two key designs: (i) Dual-interleaved Attention (§ 4.3.2)
reduces computation by restricting attention to the topology-induced pattern, but
may limit long-range interactions; thus we periodically interleave fully-connected
attention to recover global information when needed. (ii) Elastic Computation
Reformation (§ 4.3.4) improves throughput by transferring irregular sparse clusters
into compact sub-blocks, but this transfer may perturb the original structure; there-
fore an Auto Tuner adjusts the transfer threshold to avoid noticeable convergence

degradation (solving I12).

o Task-agnostic. TorchGT generalizes to various graph transformer models and graph

learning tasks (graph-level and node-level) (solving 12).

Below we introduce its architecture and the detailed design of each component.

4.3.1 System Overview

Motivated by all the observations in §4.2.2, our key idea is to co-design an accuracy-
maintained and compute-efficient attention module with a graph-parallelism-enabled
system framework to support long sequence training. As shown in Figure 4.2, TorchGT
intelligently optimizes training across three levels from the top to bottom hierarchy:
algorithm, runtime and kernel. We propose a topology-induced and accurate at-
tention algorithm in the algorithm level. We present a novel cluster-aware graph
parallelism to scale the training in the runtime level. In the kernel level, we design
a memory-optimized computation pattern specialized for clustered attention. Specif-

ically, TorchGT consists of three key modules:

o Dual-interleaved Attention: In the algorithm level, it integrates locally graph-
induced topology into the attention computation pattern and periodically overlays
it with the fully-connected information, which efficiently reduces the computation
burden while maintaining the model’s quality as much as possible. It is tailored for

versatile graph transformer models with local-global interleaved attention.

o Cluster-aware Graph Parallelism: From the distributed runtime perspective, we
design a cluster-aware graph parallelism tailored for graph transformers. It splits
the graph tokens in sequences according to the clustering nature of graphs, thus

computing attention with locality and facilitating the system scalability.

o FElastic Computation Reformation: It reformats the graph-induced pattern obtained
at the runtime level into our customized and fine-grained cluster-sparse pattern at
the underlying execution kernel level. It further improves the attention compu-
tation throughput by greatly alleviating irregular memory access. To balance the
efficiency-quality trade-off, we build an Auto Tuner to make an elastic transfer of

cluster sparsity.
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FIGURE 4.2: Overview of TorchGT architecture and workflow.

4.3.2 Dual-interleaved Attention

Motivated by I1 in §4.2.2, TorchGT explores the opportunity of integrating graph
structure to reduce the substantial computation cost. For optimizations aiming at
graph transformers, we design an interleaved attention to realize a local-global in-
terleaved attention and ensure model convergence. Specifically, it exploits the graph
topology to improve the computational and memory efficiency by restricting the at-
tention pattern, i.e., reducing the pairs of nodes that can interact with each other.
Meanwhile, the fully-connected information is periodically interleaved into the graph-
induced pattern. This attention is computationally lightweight and effective in keeping

the model quality.

Local Topology-induced Pattern. In NLP tasks, the tokens in a sequence rep-
resent words, while in graph transformers the tokens are nodes of the input graph.
Besides, most graph transformers like [6, 25] adopt the standard attention, which can
be viewed as a fully-connected graph since all tokens attend to every other token to
perform inner products, leading to quadratic complexity. Motivated by the sparse
attention methods [77, 78], we find the local topology-induced pattern that makes use
of the underlying structure of the input graph is desirable to guide the pair-wise node
interactions. Graphs innately own two desiderata for attention mechanism: (1) small
pair-wise node interactions (large sparsity), and (2) data locality. In addition, most
sparse patterns in NLP are only approximations [78] to their dense counterparts under

specific contexts, while in our scenario the graph structure is real and valid, without
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the need of approximations. Exploiting the graph structure information can not only
significantly cut down heavy attention computation, but preserve the properties of
the original graph dataset. Thus, we compute attention by attending each node to

its immediate neighbors in the graph, reducing the interacted node pairs.

We formulate the local topology-induced pattern as below. To train on a graph
G = (V,E), we generate an input sequence S € R5*¢ comprised of graph tokens
corresponding to a node set V € V. V can be equal to either the whole nodes
V', e.g., in graph-level tasks, or a subset of V, e.g., in node-level tasks if the node
number is too large. For each node set V, we construct a local attention graph
G = (V,E), where the edge set F is also a subset of the original edge set E. If
there exists a global token in the model that attends to all nodes in the graph and is
attended to by all nodes, we augment E with the global token’s edges. The general
attention coefficient Aij of graph transformers without graph encodings is computed

~ . Ne(h: _\T
in: A;; = softmax (%) The updated node attribute A/ for each node
K

1 is computed as the weighted sum of the features of its neighboring nodes from
V: h; = ZjeN(i) Aij(th‘;—), where N (i) denotes the set of neighboring nodes of
node ¢. Each neighbor’s feature vector h; is weighted by the attention coefficient
Aija

using our local topology-induced pattern G, the attention only computes coefficients

and these weighted features are summed to update the attribute of node i. By

of connected node pairs.

Interleave Fully-connected Pattern. Implementing the attention computation
via the graph structure can greatly reduce the computation cost. However, it some-
times slows the model accuracy and convergence, which can be shown by experiment
results in Figure 4.9. The local graph-induced attention slightly degrades the model
convergence, which is mainly because the topology-induced pattern restricts the atten-
tion mechanism from extracting the high-order neighboring information. Intuitively,
larger sparsity induces more absence in the attention computation, and increases the
model error. Building on this, we empirically interleave a fully-connected attention

on the local graph-induced attention.

To fill the performance gap between sparse attention and its dense counterpart, we
need to figure out when to interleave the dense pattern. Motivated by the sparse
attention theories in [140], we conclude three critical conditions under which we use

the topology-induced pattern on attention:

e C1: Every node in the sequence S always attends to itself.

e C2: There exists a Hamiltonian path that directly connects all nodes V in the

sequence.

e C3: All nodes in the sequence should be able to attend to other nodes, either

directly or indirectly after L graph transformer attention layers.
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The Hamiltonian path [141] or traceable path is a path in a graph that visits each
node exactly once. For each graph G corresponding to the input sequence, the Dual-
interleaved Attention module searches it across the above three conditions. We use a
heuristic approach Dirac’s theorem [142] to do quick checks so the overhead is negligi-
ble in epoch time. If it satisfies these conditions, the sparse attention can universally
approximate any sequence-to-sequence function at this moment. We perform atten-
tion computation with the topology-induced sparse pattern. Otherwise, TorchGT
heuristically determines the current sparse pattern may introduce more errors than
its dense counterpart. To ensure model quality, we utilize the fully-connected atten-

tion mechanism in this case to ensure model quality.

Computation & Memory Complexity. The topology of many real-world graphs
can be immensely sparse. For instance, the ogbn-arxiv graph has 169K nodes and
1.2M edges, resulting in a sparsity of 4.1 x 107 (the proportion of nonzero elements
in the whole adjacency matrix). This sparsity nature indicates that a very limited
number of message propagation is enough to aggregate the inherent graph structural
information. As a result, the local topology-induced attention significantly reduces
the computation and memory-access complexity from O(N?) to O(E). Though we
interleave several fully-connected attention occasionally, the overall computation ef-
ficiency is still improved significantly. Furthermore, the memory complexity can be
reduced to O(N) by tiling technique [133].

Model Convergence. Both the graph-centric attention [22] and classical graph neu-
ral networks [3, 24] propagate messages through edges in the nodes’ neighborhood.
Graph-centric attention [22] and classical GNNs [3, 24] prove that sparse attention
can maintain the model convergence comparable to its dense counterpart. [39, 140]
propose sparse attention can obtain similar universality as dense attention under
some assumptions. Borrowing it to TorchGT, our Dual-interleaved Attention can
provide universal approximation properties that every continuous function f can be
approximated to any desired accuracy using a suitable sparse pattern under the three
conditions, thus obtaining convergence similar to dense counterparts. These conver-
gence analysis can be extended to our case and we refer the detailed analysis from
them. Additionally, from results in §4.4.4, we can also conclude the model convergence

maintains and sometimes is even better than the dense pattern.

4.3.3 Cluster-aware Graph Parallelism

To better fit the topology-induced attention pattern and increase the system scalabil-
ity, we introduce a graph transformer-specialized parallel training style: Cluster-aware
Graph Parallelism, which exploits the graph cluster characteristics to guide the dis-

tributed training.
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Utilization of Graph Cluster. Graph cluster (community) [143, 144] is one essen-
tial characteristic of real-world graphs, referring to a subset of nodes within a graph
that exhibit a higher degree of connectivity with each other compared to nodes in
other parts of the graph. Although the graph structure-based attention in §4.3.2
greatly reduces the computation, this sparse and highly-skewed nature of graphs trig-
gers substantial irregular memory access since edge connections are distributed in
an uneven pattern, bringing extra overhead to training. Consequently, employing
the graph cluster structure on GPUs is promising for graph transformer training im-
provement. There exist some approaches in traditional graph learning [144, 145] to
utilize graph cluster, but they are aimed for CPU processing with limited paralleliza-
tion. [107] also exploits graph cluster but focuses on redundant data loading in GNN

computing.

Therefore, to explore the performance benefits of graph cluster on graph attention
computing, we incorporate a lightweight node reordering to cluster nodes and improve
the spatial locality during attention computation, without changing the connectivity
correctness. The key insight is that the proximity of node IDs is more likely to be
scheduled to the adjacency of computing units on GPUs where they get processed.
In detail, we leverage METIS [58], a community-based graph reordering technique
for great cluster locality and ease of integration with parallelism. Specifically, it uses
multilevel recursive bipartitioning to divide and coarsen the graph while preserving
the essential structure. Then, it applies partitioning algorithms to find an optimal
node ordering that reduces the cost of accessing neighboring nodes. We optimize the
implementation of METIS for a lower cost: we capture the cluster information of
graphs and map such locality from the upper level to the underlying GPU kernels,
which also enables us to leverage the L1 & L2 cache for refined cluster capturing (later
discussed in §4.3.4).

Specialized Graph Parallelism. To increase the scalability of graph transformers,
intuitively TorchGT employs parallelism technologies to dispense the computation
across devices. There have been extensive studies in sequence parallelism technolo-
gies [14-16] for LLMs to support efficient long sequence training. However, current
parallelism methods for language models trigger two challenges when applied to graph
transformers: (1) failing to leverage graph properties; (2) not supporting various graph
encodings. In traditional language models, the input sequence encodes the context
of a specific sentence. As such, training the language model requires tokens in the
input sequence concatenated in a pre-defined order. In contrast, we observe that
for graph learning tasks, there is no need for graph transformers to predict sequences
(graph-level task) or tokens (node-level task) within a position-fized context, since they
only rely on the graph topology to construct the structural encodings. A motivating

example of parallelizing graphs with graph cluster is the graph-level task, where only
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FIGURE 4.3: Detailed training process on one worker with TorchGT, which includes
three key components.

the global token is critical for inferring the graph type and other node tokens can
be arranged in any order. For the node-level task, node tokens can be reorganized
with their corresponding structural encodings. Therefore, the graph tokens are not

required to be in a pre-defined order.

Based on this insight, we are the first to design a Cluster-aware Graph Parallelism
specialized for graph transformers, as shown in Figure 4.3. Specifically, the
raw input sequences S and graph encodings B are randomly partitioned across P de-
vices. Each local sub-sequence S, and sub-encodings are projected to local matrices:
Qs Koy, Vaur, Boup € R%Xd, assuming they have the same dimensionality. Then in
each graph transformer layer, all subspaces are combined together into complete ma-
trices Q, K,V , and B via the highly efficient all-to-all collective communication op-
eration. All-to-all operation owns an advantage over other communication operations
(e.g., all-gather and reduce-scatter) in terms of much smaller communication volume
and overall better scalability, which is also proved in [15]. All-to-all gathers matrices
in sequence dimension and splits in the head, resulting in Q, K, V', and B € R® <5
Now that since matrices are complete in the sequence dimension, TorchGT reorga-
nizes the layout according to the clustering nature of graphs discussed before. Then
the Dual-interleaved Attention conducts attention computation in the clustered lay-
out, exemplified as blue, orange and green rectangles in Figure 4.3. After attention
computation, another all-to-all transforms the output tensor back to subspace S.,, for
subsequent operators such as FFN and layer normalization in the graph transformer

layer.

Communication Complexity. Thanks to all-to-all, Cluster-aware Graph Paral-

lelism has low communication volume and scales exactly well with more servers. Given
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hidden size d, sequence length S, and parallelism degree P, TorchGT performs all-to-
all for the Q, K,V , and B with an a total message size 3Sd (B is in sparse format so
communication is negligible) before the attention computation, and another all-to-all
for attention output with size Sd. Therefore, TorchGT performs two all-to-alls with
communication volume per GPU of 45d/P and communication complexity of O(S/P),
while other operations like all-gather have communication complexity of O(S). Thus,
TorchGT has better scalability with increasing parallelism degree on extremely long

sequences.

In summary, compared with sequence parallelism methods for LLMs, our Cluster-
aware Graph Parallelism favors the graph transformer architecture in several aspects.
First, all-to-all gathers in sequence dimension, leading to exactly integrated graph
topology, which the topology-induced sparse pattern in §4.3.2 can be perfectly applied
to. Second, the graph encodings B share the same sparse layout as attention mapping
so the parallelism of graph transformers only brings a trivial memory footprint and
communication overhead, thus facilitating model scalability and ensuring memory

efficiency.

4.3.4 Elastic Computation Reformation

Cluster Sparsity. The topology-induced attention pattern can significantly reduce
the computation cost, but also leading to substantial irregular memory access due
to the highly skewed nature of graphs. Although the graph cluster alleviates this
problem, it also has some limitations. Figure 4.4(b) gives an example with the cluster
dimensionality of 8 and sequence length of 64K. We observe that only the diagonal
clusters in the clustered adjacency matrix appear in dense patterns most and show
lower sparsity, which can benefit from locality since nodes in each cluster are close to
each other. On the other hand, other clusters appear highly sparse patterns and more
irregular shapes (denoted as sparse cluster). Accessing the embeddings of computa-
tion like aggregation in this pattern requires a large number of atomic operations.
Consequently, those remaining irregular clusters still engender heavy overhead. To
exemplify, training Graphormer on ogbn-arxiv (S=64K) in Figure 4.4(b) takes 375

ms per epoch, while its dense counterpart only takes 81ms.

To further reduce the memory access latency, we propose a memory-efficient Flastic
Computation Reformation which introduces the cluster sparsity. Motivated by the
block-sparse pattern in [78, 138, 139], we reformat the clustered layout in Figure
4.4(b) to a fine-grained cluster-level fashion in Figure 4.4(c). Specifically, as shown in
Figure 4.3, for each sparse cluster, TorchGT transfers the scattered edges inside it to
multiple substructures of compact and adjacent edge connections, which is denoted

as sub-blocks. The transferred dense cluster can have multiple randomly scattered
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FIGURE 4.4: Three attention layouts after Dual-interleaved Attention, Cluster-
aware Graph Parallelism and Elastic Computation Reformation respectively. (c) is
obtained by compacting elements to adjacent neighbors inside clusters.

sub-blocks, the number of which is decided by the number of real edges in the cluster
and the dimension of sub-block d,. Note that there will be totally &% clusters for the
whole layout with the cluster dimensionality of k. Figure 4.4(c) depicts the cluster-
sparse layout with k=8, in which most sparse clusters are transferred to dense ones
with tight sub-blocks. This cluster sparsity offsets the downside of irregular memory
access incurred by the topology-induced pattern. Then we can generate a masking

matrix M of pattern Figure 4.4(c), and compute attention scores as follows:

(4.1)

~ hZW" : hVV~ T
A :Softmax<( Q) (W) )@M

Vg

where ® is defined by (A ® M);; = A;; if M;; = 1, otherwise = —oo if M;; = 0.

Transfer Strategy. Although we can reduce the irregular memory access by trans-
ferring clusters to dense ones, applying static cluster-sparse transferring will result in
model quality degradation since the cluster sparsity changes the original graph struc-
ture by modifying edges. Existing methods of block-sparse [139, 146] usually adopt
static strategies as well. Simply chasing the extreme throughput by transferring all
clusters or deploying static attention layout will not fully utilize the benefits of cluster
property. Some performance-related information (e.g., convergence) for model train-
ing is only available at runtime. Without considering the runtime information, the
system will suffer from an inferior model accuracy or inefficient memory access. This

urges the need for elastic designs to cope with a wide spectrum of circumstances.
Thus, TorchGT designs the following two strategies:
e Indolent Transferring. TorchGT only transfers clusters that are extremely sparse

and irregular. Although such an inactive way may miss some optimization opportu-

nities, it can refrain from model quality decline and be more portable. Concretely,
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TorchGT only transfers sparse clusters whose sparsity value S¢ is smaller than that
of the current whole graph 5. Note that the sparsity value refers to the proportion

of nonzero elements in the whole adjacency matrix.

e Flastic Transferring. We dynamically adjust the amount of transferred dense clus-
ters along the training. First, we set a threshold value (.. for controlling cluster-
sparse transfer. If the sparsity of a cluster ¢ is smaller than the threshold Sipe,
TorchGT transfers it to a dense cluster. To decide the value of 5y, in each training

epoch, we design an Auto Tuner in the next part for modeling Sy e.

Hyperparameter Modeling. The hyperparameters can be tuned to accommodate
various graph patterns. We design an Auto Tuner to dynamically select the hy-
perparameters k, d, and [y, and formulate the analytical model. Here, we treat
the cluster dimensionality k, the size of sub-block d, and the cluster-sparse trans-
fer threshold By, as hyperparameters to balance computation efficiency and model

quality.
(1) Cluster dimensionality k, sub-block dimension d,. We can leverage GPU L1 and 1.2

caches to improve the memory access locality of sub-block computation. In this way,
smaller sub-blocks can enjoy the data locality benefit from the L1 cache while larger
clusters can enjoy the locality from the larger 1.2 cache. Specifically, we determine k as:
k= L\/%j .1 € N, where Q1 is the L2 cache size and d is model hidden dimension.
To determine the sub-block dimension dj,, we profile the computation throughput and
some hardware statistics of the indexing kernel w.r.t. different d, values. Figure
4.5(a) shows the workload balance in GPU computing unit downgrades (the lower
warp occupancy, the worse balance) as d, increases, while both L1 & L2 cache hit
rates increase. Thus, there exists a trade-off between these two metrics in deciding
dy. Moreover, Figure 4.5(b) also demonstrates the values of obtaining the optimal
computation throughput lie in the middle range. Both cases suggest the middle value
is the ideal choice. For example, for RTX 3090 GPU and model hidden dimension of

64, we fit k=8 and d,=16. These two values can also be selected by users.

(2) Transfer threshold Bi... Motivated by [18], to estimate the convergence, Auto
Tuner tracks a running average loss F; = 0.9F,_1 + 0.1£;, where L, is the loss at
epoch t. Considering the training throughput, a Loss Descent Rate (LDR) is defined
as LDR, = Ft_ef}‘l, where et; is the ¢-th epoch training time. At the beginning Sipye 0
is initialized as g from the set {0, S¢, 1.50¢, 5086, 7fa, 108q, 1}, which is developed
by profiling different datasets. When LDR, > LDR; s for some § € N (here we

use = 10) which specifies the range of epochs for LDR comparisons, TorchGT

heuristically determines the current Sy, suffices to reduce the loss. Then Auto Tuner
increases ;.. to the next value in the set to gain higher speed. On the other hand,

LDR; < LDR; s in ¢ epochs denotes the training is about to converge or too many
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FIGURE 4.5: (a) Profiled hardware statistics of GPU when computing in different
sub-block size dy. The ideal dj considers both load balance and cache hit rate. (b)

Computation throughput of the indexing kernel in different d normalized on that
of db:2.

errors are introduced. In this case, Auto Tuner reduces i, to the previous value

from the set to enable more stable and accurate training.

4.4 Evaluation

We implement TorchGT atop PyTorch 2.1 [117]. We study the performance of
TorchGT on versatile datasets and graph learning tasks in the following aspects: (1)
Efficiency, (2) Convergence, (3) Scalability, and (4) micro-benchmarks and ablation
studies to examine the impact of each technique and hyperparameter.

e Efficiency We compare the training throughput of TorchGT with baselines (§ 4.4.1).
e Convergence We study the model quality obtained by TorchGT and baselines and

examine the convergence rate (§ 4.4.2).

e Scalability We study how well TorchGT can scale to long sequences and scale out
in distributed clusters with multiple GPUs (§ 4.4.3).

e Microbenchmarks and Ablation Studies We conduct microbenchmarks on

TorchGT to examine the impact of each design and the settings of hyperparameters
in TorchGT (§ 4.4.4).

Datasets and Models. We evaluate TorchGT on versatile real-world graph datasets
with multiple scales. The detailed information is shown in Table 4.3, including both
node-level and graph-level tasks. The MalNet dataset is constructed from all cate-
gories of the full datasets. The Arxiv, Products, and Paper100M are available in Open
Graph Benchmark [1]. The Malnet (MA) is generated from the Malnet dataset [26].
For each dataset, we choose a specific graph learning task for evaluation. We use

three classical graph transformer models commonly adopted for evaluation, including
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TABLE 4.3: Detailed information of datasets in evaluation.

Node-level
Datasets # Nodes # Edges # Feats Task

Amazon [2] 1,598,960 132,169,734 200 107-class Classif.
ogbn-arxiv [1] 169,343 1,166,243 128 40-class Classif.
ogbn-products [1] 2,449,029 61,859,140 100 47-class Classif.
ogbn-papers100M [1] 111,059,956 1,615,685,872 128 Binary Classif.

Graph-level

Avg. Avg.

Datasets # Graphs 4 Nodes  # Edges Task
ZINC [147] 12,000 23.2 24.9 Regression
ogbg-molpcba [1] 437,929 26.0 28.1 128-task Classif.

MalNet [26] 10,833 15,378 35,167 5-class Classif.

TABLE 4.4: Detailed information of graph transformer models.

Models # Layers Hidden Dim. # Head
Graphormer g, (GPHgym) 4 64 8
Graphormer;,,ge (GPHjgrge) 12 768 32

GT 4 128 8

Graphormerggi,, (GPHgpi) [6], Graphormeryqrge (GPHrgrge) [6], and GT [5]. Note
that TorchGT can also be applied to other graph transformer models. As shown
in Table 4.4, we follow the hyperparameter configurations reported in their original

papers as closely as possible.

Baselines. All models cannot be directly trained on selected large graphs. Due to
the lack of existing graph transformer systems, we meticulously replicate each model
with simple graph parallelism following its original implementation as the vanilla
version, denoted as GP-RAw. On the basis of this, we have also developed other
variants incorporating FlashAttention [133] denoted as GP-FLASH, and topology-
induced sparse attention denoted as GP-SPARSE. Additionally, we have implemented
graph parallelism to scale all baseline models to multi-GPUs.

Testbed. Our experiments are performed on two GPU servers. @3 GPU servers
each with 8 NVIDIA RTX 3090 GPUs (24GB). Intra-server connections (CPU-GPU,
GPU-GPU) are based on PCle 4.0x16 lanes and inter-server connections are via 1Gbps
Ethernet. @2 servers each with 8 A100 GPUs (80GB) with NVLink and 200Gbps
InfiniBand.
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TABLE 4.5: Detailed comparison of training speed and test accuracy of methods
when training on one 3090 GPU server. OOM means the method runs out of
memory. TorchGT always outperforms GP-FLASH in throughput and accuracy on
all the models and datasets. GP-RaAw with full attention runs out of memory in

all cases.
Model Method MalNet ogbn-papers100m ogbn-products ogbn-arxiv Amazon
tepocn(S) Test Acc.(%) tepoch (S) Test Acc.(%) tepoch (S) Test Acc.(%)  tepoen(s)  Test Acc.(%) tepoch /S Test Acc.(%)

GP-Raw OOM - OOM - OOM - OOM - OOM -
GPHg,,, GP-Flash 2158.37 90.87 1201.13 90.11 27.69 66.39 0.44 48.25 17.31 63.51
TorchGT  195.54(11.0x) 92.71 19.15(62.7x) 96.82 0.54(50.8x%) 66.75 0.11(3.9x%) 53.81 1.00(17.5x) 73.10

GP-Raw OOM OOM OOM - OOM - OOM -
GPH_L,y. GP-Flash OOM 2512.88 96.93 56.51 44.48 3.46 22.11 36.83 73.34
TorchGT 654.72(3.8x) 98.60 16.10(3.5%) 63.06 1.16(3.0%) 12.38 11.07(3.3x) 73.75

GP-Raw OOM - OOM - OOM - OOM - OOM -
GT GP-Flash 1426.24 74.54 1235.02 88.86 28.80 66.20 0.50 53.98 8.88 69.07
TorchGT ~ 242.58(5.9%) 90.13 26.33(46.9%) 89.60 0.79(36.3x) 82.11 0.09(5.3x) 56.72 0.76(11.7x) 72.98

TABLE 4.6: Training time per epoch of trianing GPHgy;,, on one A100 server.
TorchGT can still improve training efficiency compared with GP-FLASH.

Model Method MalNet ogbn-papers100m ogbn-products Amazon

tepoch (S) tepoch (S) tepoch (S) tepoch (S)
GPH..  GP-Flash 668.23 492.79 5.34 3.43
Stm - TorchGT  160.61(4.2x) 244.07(2.1x) 2.86(1.9%)  1.69(2.0%)

4.4.1 End-to-end Training Throughput

We compare the end-to-end training time per epoch and test accuracy of TorchGT
with all baselines on one server, as shown in Table 4.5. The sequence length is 256K
for GPHgyi, and GT, and 32K for GPHp4rg.. When training on ogbn-arxiv, we set
the sequence length to 64K for GPHgy;,,, and GT. The speedup in the bracket is the
relative throughput of each method on the basis of GP-FLASH. In each training task,

we treat the first 10 epochs as the warmup stage and only record statistics afterward.

TorchGT substantially outperforms GP-FLASH by 3.3~62.7x. This is mainly because
TorchGT significantly reduces the computation complexity of the attention module.
Additionally, GP-RAW runs out of memory (OOM) on all datasets under the current
sequence lengths due to its O(N?) memory complexity of the attention module. For
instance, GP-RAW requires over 200GB memory to store the attention score, i.e.,
QK', of only one attention head for the ogbn-products dataset. We also conduct
evaluations of GPHp,r4. on one A100 server as shown in Table 4.6. TorchGT still
shows impressive acceleration and outperforms GP-FLASH up to 4.2x on such frontier
equipment. In summary, TorchGT realizes efficient training of graph transformers

with a marvelous improvement.

The speedup difference is mainly related to the input graph topology and model struc-
ture under long sequences. If the input graph is very sparse (up to 99% sparsity),
Dual-interleaved Attention first boosts attention by a large margin. If an obvious

clustering pattern exists in the graph, then attention can be further accelerated by
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FI1GURE 4.6: The convergence curve comparisons of TorchGT and GP-FLASH on
different models and datasets.

2~3x with the other two modules. Graph transformer model varies in layer num-
ber, hidden size and FFNs, thus resulting in different computation time per portion.
Since we mainly improve attention computation, the more proportion it accounts in
total model computation, the higher speedup on epoch time. For instance, in Table
4.5 GPHgy achieves notable speedup on papers100M owing to the above. Ogbn-
arxiv shows a smaller speedup on all models since it has poorer sparsity and cluster
property. Therefore, TorchGT can gain speedup in most cases, and bring greater
improvement when the input graph can be clustered and attention dominates model
computation. In Table 4.5, TorchGT also performs better in model accuracy and

successfully maintains model quality.

4.4.2 Model Convergence

We examine the model accuracy and convergence curves of TorchGT on various mod-
els in Table 4.5 and Figure 4.6. Table 4.5 summarizes the test accuracy achieved by
all systems on three models. On large-scale datasets, TorchGT gives higher model
accuracy while GP-RAW runs out of memory. GP-FLASH harms the model accu-
racy in some datasets, e.g., Malnet and Amazon since FlashAttention only supports
FP16/BF16 precision [133] in computing which may downgrade model convergence
compared to FP32 precision. In contrast, TorchGT supports FP32 precision with-
out compromising model accuracy. To better validate this, we compare the training
throughput and test accuracy of GP-FLASH and TorchGT-BF16 in Table 4.7. On
BF16, TorchGT obtains similar accuracy with FlashAttention, indicating the accu-
racy drop of FlashAttention is mainly caused by reduced precision. TorchGT even
achieves higher speedup with BF16, but we choose to use FP32 since it gives higher
accuracy with notable speedup. From Figure 4.6, we also see that GP-FLASH con-
verges to low accuracy and lead to far slower convergence than our system, verifying
it preserves model quality well.

In this set of experiments, we compare the model convergence of TorchGT with GP-
Raw and GP-FLASH. Table 4.5 summarizes the test accuracy achieved by all sys-

tems on three models. On small datasets, we can observe that TorchG'T maintains
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TABLE 4.7: Training throughput and test accuracy of methods. The accuracy of
GP-FLASH decreases because of BF16.

GP-Flash TorchGT-BF16 TorchGT-FP32

ocbn-arxiv epoch(s) 0.44 0.08 0.11
g Test Acc.(%)  48.25 48.29 53.81
tepoch (3) 17.31 0.60 1.00
Amazon o Tace (%) 6351 63.58 73.10

the model convergence compared to the original graph transformer models with stan-
dard attention (GP-RAW). On large-scale datasets, TorchGT achieves high accuracy
while GP-RAW runs out of memory. GP-FLASH harms the model accuracy in some
datasets, e.g., Malnet, ogbn-products, and Amazon. This is because the FlashAt-
tention requires FP16/BF16 precision [133] which loses convergences compared to
FP32 precision. In contrast, TorchGT supports FP32 precision without compromis-

ing model convergence. In conclusion, TorchGT achieves the goal G3.

4.4.3 System Scalability

In this set of experiments, we evaluate the scalability of TorchGT to long sequences.

We take the GPHgy;,,, model and ogbn-products dataset for evaluation.

Training Throughput on Multiple Servers. First, we evaluate the training
throughput of TorchGT on multiple A100 servers to validate it also scales out well
with more servers. As shown in Figure 4.7, we conduct two sets of scalability evalua-
tions on up to 8 servers(each with 8 A100 GPUs) with extremely long sequences and
record the sequence training time on the ogbn-products dataset. In Figure 4.7(a), we
fix the sequence length to 1024K and increase the server number. We can see TorchGT
still obtains notable speedup when scaling to more servers. Especially, when the GPU
count is doubled, the training throughput correspondingly increases by almost 1.7x,
indicating a certain degree of scalability. In Figure 4.7(b), we fix the computational
load per GPU when increasing the sequence length from 256K to 512K. Note that
when doubling the sequence length, we need 4x GPUs than before to keep the same
computational load per GPU(attention calculation is proportional to S?/P). In this
case, TorchGT achieves approximately the same throughput on each GPU as before,

also verifying good scalability.

Sequence Length w.r.t. Number of GPUs. We examine the maximum sequence
length of GPHg;;,, that can be trained on 1~8 GPUs with TorchGT in Figure 4.8(a).
Note that GP-RAW employs standard full attention. We can see the maximum se-
quence length of TorchGT can reach up to 1.3M on 8 GPUs. It also enables the



Chapter 4. TorchGT: Large-scale Graph Transformer Training System 71

o~ 1.0 H 00x —=— TorchGT > 0.3 —=— TorchGT
2 2
£ 0.751 = 0.2 1 9;15/_9.17
S 74X S
'g 0.51 'g 0.1
F:’ 2.90% f't’
T 04 ; ; - 0 ;
16 32 64 16 64
GPU number GPU number
(a) Fixed S=1024K (b) Fixed Load

FIGURE 4.7: Scalability results of TorchGT in training GPHg;;,, on ogbn-products
on many A100 servers. (a) With fixed sequence length, throughput reduces almost
linearly. (b) With fixed computational load per GPU, throughput remains well.

< Q EEE GP-Flash A TorchGT
D 1280K +~*--GE-RaW g
[} —#— TorchGT a 1n6
- 1024K g 10”3
S 768K &
<] -
3 512K 2 1054
[} =
0 256K A >
g 0_3.*2_115_12‘(__2%*( o ]
T T T T _C
1 2 4 8 + 128K 256K 512K 1024K 1300K
(a) GPU number (b) Sequence Length

FIGURE 4.8: Scalability experiments of training GPHg;;,,, on ogbgn-products. (a)
The supported maximum sequence length w.r.t. GPU number. (b) Training
throughput w.r.t. sequence length. In both cases TorchGT shows greater scala-
bility than others.

sequence length of 400K with only 1 GPU, substantially 50x larger than that of GP-
Raw. Moreover, the sequence length of TorchGT almost scales linearly w.r.t. the
number of GPUs, while the maximum sequence length GP-RAW can support nearly
remains unchanged with the growth of GPU numbers. With 8 GPUs, TorchGT sup-
ports 1.3M in length while GP-RAW only supports 22K in length.

Throughput w.r.t. Sequence Length. We further compare the training through-
put of TorchGT and GP-FLASH under sequence lengths varying from 128K to 1300K
in Figure 4.8(b). We fix the number of GPUs to 8 and report the throughput as
samples per second. Figure 4.8(b) shows that the training throughput of GP-FLASH
sharply decreases from 1.9 x 10° samples/s to 2.2 x 10* samples/s when the sequence
length increases. The speed degradation of GP-FLASH mainly comes from the com-
putation bottleneck of FlashAttention with O(N?) complexity. In contrast, TorchGT
maintains the training throughput at around 2.5 x 10° samples/s by significantly

reducing the attention computation costs (in §4.3.2).
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FI1GURE 4.9: Convergence comparisons of different attentions: our interleaved at-
tention, FlashAttention and sparse attention.

4.4.4 Micro-benchmarks

We explore the effects of each component in TorchGT via ablation studies and perform

sensitivity analysis of the introduced hyperparameters on one 3090 GPU server.

Impact of Dual-interleaved Attention. After employing the topology-induced
attention and interleaving mode introduced in §4.3.2, we investigate their effect on
model quality. Specifically, we train models on large and small graph datasets to

evaluate the convergence.

(1) On large-scale graphs. We measure the convergence curves of GPHgy;,, and GT
on ogbn-arxiv, and compare the convergence of interleaved attention with that of
FlashAttention and the sparse variant in Figure 4.9. The model with interleaved
attention shows faster convergence than the other two and finally converges to higher
accuracy, verifying that the interleaved attention improves computation efficiency

while displaying great convergence.

(2) On small graphs. Since the raw graph transformer models fail to be trained on
large graphs, we further evaluate the convergence of interleaved attention on small
graphs in Figure 4.10. Sparse attention shows the worst convergence rate while full
attention has the best. The model with interleaved attention converges to nearly the
same as the model with full attention and obviously outperforms the sparse variant
in both convergence speed and final test score. On ogbg-molpcba dataset, it is almost
identical to that of the full attention.

Impact of Flastic Computation Reformation. We particularly examine the
impact of the Flastic Computation Reformation module in TorchGT, FlashAttention,
and sparse attention w.r.t. the sequence length and the model hidden dimension on
one GPU. Note that we implement the sparse variant with the pure topology-induced

attention pattern.
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FI1cURE 4.11: Computation time of attention modules when training Graphormer
on ogbn-products with different (a) sequence lengths and (b) model hidden dimen-
sions when S=256K.

(1) Attention computation time w.r.t. sequence length. In Figure 4.11(a), we first
evaluate the speed of the attention module when varying the sequence length from
64K to 512K. We use the model hyperparameter setting in GPHgy;,,, and record the
computation time of the attention module in each method. Clearly, as the sequence
length increases, the computation time of FlashAttention grows quadratically, result-
ing in heavy training slowdown. The sparse attention improves the computation speed
a bit, but shares a similar computation speed as FlashAttention when the sequence
length is small. In contrast, TorchGT essentially improves the computation efficiency
by up to 103.4x compared to FlashAttention. It is even faster than the sparse atten-
tion largely, validating its effectiveness in reducing irregular memory access with our

cluster-sparse pattern.

(2) Attention computation time w.r.t. hidden dimension. We fix the sequence length
to 256K and change the hidden dimension from 64 to 256. The computation time of

the attention module is recorded in Figure 4.11(b). When the model size increases,
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TABLE 4.8: Training time per epoch and test accuracy on ogbn-arxiv dataset
regarding different transfer threshold Sipye.

Bihre Ba  15Ba 5B TBe  108g  TorchGT

tepoch (S) 0.368 0.257 0.088 0.087 0.077 0.114
Test Acc.(%) 53.34 54.19 53.82 50.84 48.31 53.81

tepoch (S) 0.098 0.090 0.089 0.084 0.071 0.093
Test Acc.(%) 56.70 56.84 56.51 53.65 45.95 56.72

GPHgy,

GT

TorchGT still largely outperforms FlashAttention and sparse attention in all cases,
owing to the specialized cluster sparsity in Flastic Computation Reformation module.
We can conclude that FlashAttention shows poorer adaptation on long sequences,
compared to its higher tolerance on larger model sizes. This indicates the better

scalability of TorchGT for long sequences and large model sizes.

(8) Sensitivity analysis of transfer threshold. The introduced hyperparameter [y
determines the model performance and efficiency of TorchGT. As shown in Table 4.8,
we adopt different values of ;.. and record the training time per epoch and test
accuracy. Note that a larger ;.. means more clusters are transferred to dense ones
with sub-blocks. Higher accuracy can be obtained when smaller (.. is adopted,
but coming with possibly lower training speed (e.g., for GraphSAGE, 0.368s with
Binre = Ba vs. 0.077s with By.e = 108¢). Seriously chasing the lowest error (B = 0)
or just caring about the highest training throughput (S, = 1) is not the best choice
to fully utilize the benefits of the cluster-sparse pattern. Choosing different values
always creates a trade-off between efficiency and accuracy and further analysis on the
value choice can be done in the future. Currently, we suggest G = 58 for better

balance.

4.4.5 Pre-processing Cost

We record the pre-processing cost versus model convergence time on both tasks to
understand how much extra time is brought by TorchGT. The proportion is 5.2s
(5.4%) versus 91.2s (94.6%) for ogbn-arxiv, and 239.7s (2.0%) versus 11732.4s (98.0%)
for MalNet. The overhead only occupies less than 5.4% of the total training time on

all epochs, which is acceptable compared with the huge model convergence time.

4.5 Summary

This work introduces TorchGT, a scalable and efficient graph transformer training

system for versatile long-sequence graph learning tasks. The key idea of TorchGT is
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to co-design an accuracy-maintained & computation-efficient attention module with a
graph-parallelism framework to support large-scale graph training. Experiments show

TorchGT can boost training by up to 62.7x with near-linear scalability.



Chapter 5

UniTG: Unified System for Textual
Graph Learning in One Step

5.1 Introduction

Graph-structured data has long been prevalent in many real-world scenarios. Among
them, a lot of graphs possess textual information, and are often referred to as text-
attributed graphs (TAGs) [148]. In TAGs, each node (i.e., graph vertex) is associated
with text descriptions such as documents or sentences, and edges represent relation-
ships between these descriptions. For instance, in the ogbn-arxiv dataset [1], a citation
network is structured as a TAG, with each node representing a paper and its title and
abstract serving as its text attributes. Compared with numerical node attributes,
graph topology embedded with textual attributes provides more profound informa-
tion, significantly enhancing graph representation learning in many tasks such as text
classification [60, 82, 149], node classification [59], social networks and recommenda-
tion systems [83]. Thus, the representation learning of TAGs has become a significant

research area.

Graph Neural Networks (GNNs) exhibit impressive performance on many graph learn-
ing tasks [18, 24, 96, 97] and have become a standard methodology in this field [3, 150].
However, in most works, GNNs learn graphs only with numerical attributes as inputs,
or handle text attributes by transforming them into shallow or hand-crafted features,
such as skip-gram [151] or bag-of-words [152] features. These shallow embeddings
are convenient for usage, but are limited in the text semantics they can capture, and
fail to incorporate graph properties. To overcome this deficiency, recently, language
models (LMs) are raised as a promising method for encoding textual attributes. A
new branch of LM-based approaches called LM/ Graph are emerging, whose architec-
ture is shown in Figure 2.3(a). It consists of two phases. The first phase leverages

pre-trained LMs, such as BERT [45], to generate deeper embeddings that specifically
76
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pubmed ogbn-arxiv ogbn-products

Methods Test Acc.(%)? Test Acc.(%)t Test Acc.(%)?t
GNN GCN 76.06 71.55 70.01
GIANT 84.19 73.39 73.89
LMdGraph 7, pp 94.31 75.23 80.37

TABLE 5.1: LM4Graph methods outperform classical GNNs on TAG-realted tasks
by a large margin.

capture the semantic richness of text attributes. In the second phase, GNNs learn
structure relationships between nodes on the generated attributes. Due to the great
modeling capability on both texts and graph structures, LM4Graph has garnered
surging interest in recent years and a large number of approaches have been proposed
[59, 60, 82-85]. By integrating textual semantics, LM4Graph methods exhibit com-
petitive performance and outperform traditional message-passing GNNs (e.g., GCN
[4]) on many TAG-related tasks, as shown in Figure 2.3(b). However, we argue that
state-of-the-art LM-based methods are still inefficient and laborious in practice, as

they suffer from several fundamental issues:

e I1: Inefficient learning time and hardware utilization. Current LM4Graph
paradigms [59, 60, 82-85, 88] usually adopt the decoupled training pattern which
separately conducts the LM-based embedding generation and GNN training. For ex-
ample, in each step, GLEM [82] first fine-tunes an LM to obtain the encoded features,
and then feeds them into a GNN model to obtain final predictions. As shown in Fig-
ure 5.3(a)-(c), one needs to go through two distinct training processes sequentially,
leading to substantial cumulative learning time. Moreover, in this one-at-a-time
paradigm, the imbalanced workloads across two phases can lead to suboptimal hard-
ware utilization. For instance, the LM phase may require 8 GPUs, most of which
will be idle during the GNN phase, as it only needs 2 GPUs.

e I2: Laborious and inflexible designs. Current LM4Graph designs heavily rely
on human labor and expertise knowledge to determine the proper organizations be-
tween LM and GNN phases [82, 83, 91, 148] and suitable feature encoding strategies
[29, 59, 85, 88], resulting in high integration cost on new TAG tasks. On the other
hand, many works [82] require frequent checkpoint-reloading and program cold-start
for switching phases, which not only introduce unnecessary overhead but also po-
tentially incur uncertain bugs. These burdensome hand-crafted features are neither

flexible for practical deployment nor portable for model generality.

e 13: Poor scalability and generality. Due to versatile self-defined learning pro-
cedures, current approaches [59, 60, 82, 84, 85, 88] meet the scalability difficulty
when learning efficiency is required. For instance, some works [59, 60, 85| adopt data

parallelism for LM phase while keeping GNN phase original on a single GPU, making
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it arduous to scale both at the same time. They also design specific text encoding
mechanisms exclusive to themselves. This greatly limits the GNN models and TAG
tasks one can apply to very small scale [82, 83, 85], conflicting with the development
of versatile graph representation application scenarios. Those speific designs hinders
the generality of graph learning to other AI domains, including vision, language, and

recommendation, to build unified Al systems.

e I4: Agnostic to graph properties. To accelerate learning, some solutions [59,
60, 82, 153] simply graft existing parallelism strategies, such as data parallelism to the
LM phase, without considering graph properties. This graph-agnostic way remains
the computation burden, missing optimization opportunities. Others like [85] reduce
the computation cost of text encoding via efficient fine-tuning in natural language
processing (NLP) era, e.g., LORA [154]. However, simply adopting them fails to

consider the inherent graph structure and results in subpar model performance.

e I5: Lack of system optimizations. GNNs rely on massive sparse operations with

highly irregular memory accesses, which challenges the optimization of the system
throughput. Moreover, with large GNN models, the memory consumption of model
grows rapidly, necessitating a scalable system design and memory optimization. Al-
though there have been plentiful system breakthroughs for deep neural networks
in scalable training [15, 155-158], those optimizations cannot be directly grafted
on LM4Graph approaches due to the inconsistent graph learning pipelines. Those
pipelines hardly align with popular distributed frameworks.

To bridge these gaps, we design UniTG, the first unified and efficient system for tex-
tual graph learning in one step with joint optimizations. Our system abides by four
design goals: efficient, seamless, accurate and portable. Existing LM4Graph
works neither facilitate efficiency by well-designed parallelism from the system per-
spective nor support flexible extensions to general models and datasets, thus making
it challenging to meet those goals. Specifically, the core design of UniTG derives from
the following three key insights. First, bubble intervals in GNN pipelines can be lever-
aged for other training jobs for better efficiency. Pipelined GNN training occupies the
majority of resources, which incurs the starvation of other jobs and resource waste.
However, it enables us to take advantage of the recurring spare resources for higher
hardware utilization and holistic learning efficiency. Second, the fine-tuning of LMs on
graph data benefits from graph properties. The LM learns the text embeddings of all
graph nodes, while each node actually participates differently in GNN computation.
Some nodes are more isolated with few connections with others, thus contributing
less to GNN message passing [18, 72]. Thus, embeddings of isolated nodes can be
less "deep” for higher tuning efficiency. Third, the intra-layer GNN computation can
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be further boosted by data affinity. The sparse computations in the GNN aggrega-
tion phase are one bottleneck for efficiency. There naturally exist many localities in

graphs, which can be exploited to relieve the heavy memory access overhead.

As such, our key objective is to design a compute-efficient and accuracy-maintained
system from both system and algorithm perspectives to support portable textual
graph learning. In detail, UniTG consists of three key components. Affinity-aware
Flow Parallelism partitions the message flows of GNN model across workers and
updates each subset model according to the affinity nature of graphs, thus enhancing
system scalability and reducing the irregular memory access latency. Dual-modality
Collaborative Learning fuses the learning of both text- and graph-modality by
regularly synchronizing the encoded text attributes from the LM to the GNN phase,
which maintains the model quality to the greatest extent. It also speeds up the fine-
tuning of LM with node centrality, a critical graph property. To fully exploit the
hardware resources, Streamlined Pipeline Schedule interleaves the fine-tuning of
the LM into the idle time intervals on each worker known as bubbles, incurred by
the pipeline-enabled GNN phase. It automatically manages the execution settings
to streamline the original decoupled process, save energy consumption, and provide
portable generality to other LM-based learning paradigms. Besides, it enables us to
take advantage of the recurring spare resources for better hardware utilization and

holistic learning efficiency.

Through extensive experiments, we show UniTG successfully realizes both time- and
resource-efficient LM-based graph representation learning. It substantially outper-
forms prominent baselines by up to 17.3x on total training time while maintaining
model accuracy. Besides, our ablation studies demonstrate that interleaving bub-
bles with LM tuning can further unleash hardware resources without sacrificing the
throughput of the pipelined GNN phase. In summary, we make the following contri-

butions:

* UniTG is the first unified system for LM/ Graph learning in one step. Inspired by
the unique features of LM4Graph, UniTG exploits the bubble resources to improve

hardware utilization and holistic system efficiency.

* We summarize the current challenges and identify graph-specific opportunities for
optimizing both LM and GNN phases, including guiding fine-tuning with node

centrality and computing nodes based on graph affinity.

* We demonstrate the excellent performance of our novel LM-GNN training paradigm

across large GNN models with accuracy maintained.
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FIGURE 5.1: The test score of GNNs when trained with different numbers of layers.
Deep layers show better performance.

5.2 Motivation and Opportunities

5.2.1 Large Models for LM4Graph

Large LM. Existing LM-based graph learning methods all adopt particularly small
pre-trained LMs (around 100~300 million model parameters) for encoding text at-
tributes. Unlike long context texts in the NLP domain, the graph texts usually have
limited tokens for each node. Thus, a fine-tuned small LM already provides enough
and distinguishable feature space [60, 82, 85] in the graph scenario. On the other
hand, the learning effect of different LMs [59, 85] turns out to be comparable. This
validates that LM-based graph learning is insensitive to variations in LM selections.
Therefore, in this paper we just consider small LM models which suffice to offer good

performance on text encodings.

Large GNN. Most GNN models [3, 4] achieve their best performance with 2 or 3
layers, but such shallow architectures limit their ability to extract structural informa-
tion from high-order neighbors. Also, real-world graphs can be intricate and easily
involve millions of nodes [1, 2], on which shallow GNNs show subpar performance
[159, 160]. Recent studies [9, 31, 102, 125, 161, 162] demonstrate that with sophis-
ticated architecture designs, deep GNN models are able to achieve state-of-the-art
(SOTA) performance over shallow ones on multiple applications [18, 51, 163, 164]
such as point cloud segmentation [165, 166] and node classification [102, 167].

For better illustration, Figure 5.1 shows the impact of model layers on the test score of
several representative GNNs on two datasets. All models show superior performance
on deeper layers, and the power of large depth even becomes more evident on a
larger graph dataset ogbn-proteins: ResGEN with 112 layers improves the test score
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FIGURE 5.2: The profiled time and memory consumption of a LM4Graph method
on different GPUs.

by up to 2.5% compared to the shallow models. On the Pubmed dataset, the 32-
layer GCNII also outperforms the model with 2 layers by 2.6% of accuracy. These
results prove the necessity for deep GNNs of LM4Graphs. Deep GNNs show superior
representation power on graphs because of their increased receptive field. However,
it is noteworthy that existing LM4Graph methods [59, 60, 82, 84, 153] have some
inherent constraints in deploying deep GNNs. Training deep GNNs on current LM-
based paradigms requires heavy memory demand and prohibitive training time, which
seriously deteriorates the overall learning efficiency. Besides, simply grafting current
methods on deep GNNs results in a substantial waste of resources. Our UniTG strives

to include larger models by joint algorithm-system co-design.

5.2.2 Opportunities for Efficient Graph Learning

Time-sharing of Two Phases. Current LM4Graph methods mainly focus on the
sequential or alternative architecture. In either case, they employ a decoupled training
pattern, where the LM-based embedding generation and downstream GNN training
are individually conducted one-at-a-time. For instance, a recent work GLEM [82]
organizes text encoding and graph aggregation into an iterative workflow, where at
each step it fixes one component while updating the other one. Despite its effectiveness
in improving the graph learning precision, the learning makespan increases severalfold
and GPUs are underutilized due to the iterative mode. To show this, we conduct
an experiment to record the time and memory consumption of GLEM in Figure
5.2. We find only GPU 0 (purple line) continuously holds LM and GNN phases
in memory and has at least 8 GB of memory usage. Except for GPU 0, other GPUs
are only active when the LM phase recurs, remaining idle during the GNN phase.
This underutilization is exacerbated by the repetitive training rounds in the figure,

leaving other GPUs at low utilization.
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Epoch Time(s)

Model
RevGCN RevGAT ResGNN
Original Training 2.59 0.89 0.26
Affinity-aware Training 2.39 0.83 0.23

TABLE 5.2: Epoch time of training GNN in affinity-aware way and the original
counterpart on ogbn-products.

Nonetheless, the unique features of LM4Graph methods also bring opportunities for
more efficient learning. (1) Minor LM portion. Unlike single model training, in our
scenario, the LM phase usually occupies smaller proportion of the total learning time,
making it more tolerant to partial throughput slowdown. Therefore, we can ignite
the LM phase earlier and shorten the makespan by leveraging the long-term bubble
resources of pipelined training coexisting in the cluster. This extends the computing
resources for the LM phase in a time-sharing execution way, without hurting the
training throughput of the original job. (2) Decreasing resource demand. We design
a Lazy Tuner as described in §5.3.3, which allows the LM to exit early at the middle
layers for certain inputs. Therefore, the early-exit LM usually requires more resources
at the beginning and gradually uses a smaller amount of computation [168, 169]. Near
the end of an epoch, only a few layers are exploited. Based on this, there will be less
kernel competition for GPU resources and we can exactly utilize the bubble GPU

resources to run more LM encodings.

Graph Property Awareness. Although LMs have been novelly applied to conduct
text encoding for TAGs, current methods [29, 59, 60, 82, 85] typically regard them
as general LM workloads in NLP without graph-specific designs. The LM equally
handles the textual information of all nodes and treats them with no difference, going
through the same deep encoding process. But nodes actually contribute differently to
GNN aggregation where they combine messages from their neighbors [18, 29, 72]. The
GNN phase also fails to consider graph topology on plentiful sparse operations like the
sparse-matrix dense-matrix multiplication (SpMM). The neglect of graph properties
may miss pivotal optimization opportunities. Graphs innately own two desiderata for
our graph learning scenario: (1) data affinity, and (2) node centrality. Taking property
(1) for illustration, Table 5.2 shows the impact of training a GNN on graphs with
more affinity. We can observe that affinity-aware training leads to a certain degree of
acceleration (up to 1.13x). This implies nodes with more affinity in a graph can be
clustered to improve the data locality in computation, enhancing the computational
performance of sparse operators [29, 107, 170]. Therefore, inspired by the benefits
of unique graph properties, UniTG implements an affinity-aware computation in the
GNN phase to boost the aggregation execution, and a centrality-guided tuner for LM

fine-tuning to adaptively exit from the pre-trained LM in advance based on different
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FIGURE 5.3: Time breakdown of each phase when training different methods on 3
datasets on GPU-A (details in §5.4).

input attributes. Graph-specific optimizations can be applied to both phases at the
same time owing to models in LM4Graph sharing the same graph data and learning
target.

Interactive Training Fusion. As mentioned before, existing LM4Graph meth-
ods all adopt the decoupled training pattern, which renders the learning inefficient
because of tedious and repetitive processes. To understand the time bottleneck of cur-
rent methods, we conduct experiments to record the training time summation of the
LM and GNN phases respectively. Figure 5.3 shows the detailed training time break-
down of two representative LM4Graph methods, TAPE [59] and GLEM [82], on three
datasets, with LM and GNN backbones being DeBERTa-base [46] and RevGAT [164].
We can see the training time even prolongs to 13 hours on the ogbn-arxiv [1] dataset
in Figure 5.3(c). In lengthy training cases (Figure 5.3(b, c¢)), the GNN phase occu-
pies over 70% for both methods. The long training time of either method originates
from the independent pattern, frequent checkpoint-reload, and redundant cold-start
mechanism of phase switching. However, we find it is feasible to realize continuous
and coherent training in a cold-start-free way. Specifically, instead of waiting for the
completion of LM tuning, we extract the encoded embeddings periodically from the
partially tuned LM and feed them into the concurrent GNN task. According to our
evaluation results on runtime accuracy (later shown in Figure 5.12), the intake of en-
coded embeddings for GNNs can be brought forward along with LM tuning without
hurting the model convergence, thus enabling GNN training to be interleaved with

LM fine-tuning as well.
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5.3 System Design

5.3.1 UniTG Overview

Motivated by all observations in §5.2.2, we propose UniTG, an algorithm-system co-
optimized system tailored for portable LM-based graph learning coherently in one

step.

Principles & Goals. For simple and efficient system adoptions, UniTG follows three
design principles: (a) Efficient and accuracy-maintained. The system greatly improves
the graph learning efficiency from both time and hardware perspectives for LM and
GNN phases as a whole, supporting more powerful GNN models. Meanwhile, it
maintains comparable final accuracy and training convergence to the baselines (solving
I1,3,5). (b) Seamless and portable. Instead of manually launching two separate
phases and determining the feature encoding manner, our system accomplishes the
graph learning in just one step, enabling two phases to update simultaneously and
mutually. Moreover, the whole workflow is automated and easy to use, which requires
minimal human effort for program initiation and checkpoint checking (solving 12). (c)
Modular and specialized. Each component in UniTG works independently and thus
can be applied to existing algorithms non-invasively. UniTG is tailored for LM4Graph
methods, considering unique graph properties. Thus, it supports large GNN models
which enhance accuracy, and more TAG tasks can be easily integrated (solving 14).
Our primary objective is to minimize the makespan of LM4Graph learning. Apart
from this, UniTG also improves resource utilization, reduces energy cost and maintains

model quality.

System Architecture. Figure 5.4 shows the architecture and workflow of UniTG. It
intelligently optimizes training across three levels from the top to bottom hierarchy:
runtime, algorithm and execution. In the runtime level, we propose a novel paral-
lelism considering graph affinity to scale the GNN phase. Then we simplify the LM
tuning and fuse the text- and graph-modality learning interactively at the algorithm
level. During the execution, we design a time-sharing plan to fully utilize resources.

Specifically, UniTG consists of three innovative components:

o Affinity-aware Flow Parallelism: From the distributed runtime perspective, we
design a Flow Parallelism (FP) tailored for GNNs to split the model across workers
at the inter-layer level. On the other hand, with graph affinity, we can boost the

intra-layer computation by alleviating irregular memory access.

e Dual-modality Collaborative Learning: At the algorithm level, we integrate the
training of two modalities, text and graph concurrently as a whole with Modality
Collaborator. It periodically fetches the encoded text embeddings from the LM to
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FIGURE 5.4: Overview of UniTG architecture and workflow.

mutually enhance the GNN phase while maintaining final accuracy. In addition,
a Lazy Tuner is proposed to safely accelerate the LM fine-tuning, enjoying the

advantages of node centrality.

e Streamlined Pipeline Schedule: 1t consists of a Bubble Interleaver which inserts the
LM tuning into the bubble intervals of pipelined GNN training so as to realize
the time-sharing computation. We also build an Auto Scheduler customized for
collaborative learning to adjust the pipelining settings and support extensions to

different LM4Graph approaches.

5.3.2 Affinity-aware Flow Parallelism

Targeted on the GNN phase, to better fit large GNN models and increase the sys-
tem scalability, we introduce a novel parallel training style specialized for LM4Graph
methods, which exploits the graph affinity characteristics to boost the distributed
GNN training.

Graph Affinity. Graph affinity [143, 144, 170] is an important characteristic of real-
world graphs, referring to a subset of nodes in the graph that exhibit a higher degree
of connectivity (more edges) while keeping few connections with nodes in other parts
of the graph. SpMM serves as a foundational yet computationally intensive kernel op-
eration that underlies many GNN implementations, which requires memory-intensive

computation. This is because the sparse and highly skewed nature of graphs incurs
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uneven edge connections. To reduce storage overhead, the matrix representation ar-
ranges the non-zero elements (nnz) in a row-major sequence. However, their column
indices are widely dispersed [171], leading to non-contiguous memory accesses when
referencing the associated dense matrix. Data affinity, in this case, improves the num-
ber of nnz in a local area, which enhances the computational performance for SpMM
operations. Furthermore, improving data locality is essential for effectively exploiting
the hierarchical caching mechanisms available on GPUs. Consequently, employing the
data affinity on GNN aggregation is promising for training improvement. There exist
some approaches [144, 145] in traditional graph learning that also utilize the affinity
nature, but they aim for CPU processing with limited parallelization. GNNAdvisor
[107] similarly exploits graph clusters but focuses on redundant data loading in GNN

computing.

Intra-layer Affinity-aware Computation. In light of the above, we exploit the
performance benefits of graph affinity for intra-layer GNN computation as shown in
the upper part of Figure 5.5. Specifically, to improve spatial locality, we apply a
lightweight reordering approach that splits the sparse matrix into compact clusters
and rearranges them, ensuring the original connectivity remains intact. Figure 5.5(a)
is the adjacency matrix visualization of the original graph, which shows an irregular
pattern (yellow blocks). For example, the update of node-0 depends on node-1,-3, and
-5 stored in discontinuous memory. In contrast, with affinity-aware node reordering,
the reordered graph is shown in Figure 5.5(b) and get better data density with more

locality in the adjacency matrix. Proximate node identifiers tend to be allocated to
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neighboring GPU computing units, where their processing takes place. In this case,
the system can benefit from locality since nodes in each cluster are close to each other.
Now we can hit the feature memory of the 3 nodes in contiguous indexes and thus

improve the computing efficiency in each GNN layer.

As for the reordering method, we leverage METIS [58], a community-based graph
reordering technique for great cluster locality and ease of integration with parallelism.
Specifically, it uses multilevel recursive bipartitioning to divide and coarsen the graph
while preserving the essential structure. Then, it applies partitioning algorithms to
find an optimal node ordering that reduces the cost of accessing neighboring nodes.
We optimize the implementation of METIS for a lower cost: we capture the cluster
information of graphs and map such locality from the upper level to the underlying
GPU kernels, which also enables us to leverage the L1 & L2 cache for refined cluster
capturing. After all nodes have been reordered, we get the reordered topology in
Figure 5.5(b).

Inter-layer Flow Parallelism. To increase the scalability of LM4Graph methods
and support large GNN models, intuitively we split the message flows between GNN
layers and dispense the computation across devices. Current LM4Graph methods
only adopt distributed training for the LM phase and leave the GNN phase in a
primitive status, resulting in present fragmented learning patterns and difficulties in
optimizations. There have been extensive studies in parallelism technologies [14—
16, 157, 158] for LLMs (e.g., GPipe [156]) to support large model training. However,
simply grafting current parallelism methods on this graph learning paradigm triggers
two challenges: (1) not supporting graph inputs; (2) deteriorating model accuracy.
In traditional LMs, the input is only a sequence concatenating tokens in a sentence
without 2D structures. In contrast, GNNs rely on graph topology for each model
input and intermediate computation. In addition, current model parallelism methods
further split batches to numerous microbatches for higher efficiency, which is non-
trivial for GNNs since over-segmentation on graphs loses connectivity and hurts model

accuracy substantially.

Based on these challenges, we design an Inter-layer Flow Parallelism specialized for
LM/ Graph methods. Figure 5.5(c) depicts the detailed workflow of computing 4
microbatches on 4 devices. Considering a L-layer GNN model, UniTG partitions the
message flows between GNN layers into P subsets of consecutive model layers, or
P stages, and places them on P workers respectively. Then each worker just holds
L/P layers. We utilize the point-to-point communication operations at each layer
boundary to transfer the intermediate embeddings in the forward pass and gradients
in the backward pass. During the forward pass (blue blocks), the Flow Parallelism
first splits the original graph with N nodes into M subgraphs, referred to as micro-

batches hereafter, by considering the affinity nature. Thus, few edges are cut and
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FIGURE 5.6: The test accuracy of GNNs in Flow Parallelism when trained with
different numbers of microbatches M. Large M results in degraded model accuracy.

data locality is still maintained in each microbatch, thus preserving training quality.
This will be discussed elaborately later in the design of Auto Scheduler (§5.3.4). Then
these microbatches are pipelined across P workers and the computation of different
microbatches is overlapped to shorten bubble time. In the backward pass (green
blocks), gradients of the L/P layers are computed and accumulated regularly from

microbatches to update the sub-model parameters.

Note that here we adopt the F-then-B strategy in GPipe [156], instead of using the
common 1F1B strategy [157, 158, 172], since GPipe better fits the memory and time
optimizations when the number of microbatches is small. To explain this in detail,
Figure 5.6 shows the test accuracy of training GNNs in the Flow Parallelism with
different numbers of microbatches. Clearly, there is a tendency for more microbatches
to lead to worse model convergence and downgraded accuracy (e.g., orange and red
curves). For example, there is a severe accuracy drop of up to 18% for RevGAT on
16 microbatches compared to that on 1 or 2 microbatches. Therefore, the number of
microbatches applicable for pipelined GNN should be limited to a small scale, which
is typically smaller than or equal to the parallelism degree (M < P). However, the
power of 1F1B strategy is only unleashed when there exist massive microbatches to
be pipelined simultaneously [156, 173, 174]. When M < P, F-then-B shares compa-
rable parallelism efficiency with 1F1B. In addition, F-then-B also surpasses in more
balanced memory consumption per worker. Thus, to better explore resource op-
timizations and match the LM phase, we adopt the F-then-B strategy in UniTG,

whose bubble resources will be coped with in §5.3.4.
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5.3.3 Dual-modality Collaborative Learning

Current LM4Graph methods fine-tune pre-trained LMs such as DeBERTa [46] to gen-
erate node embeddings in the context of TAGs. Specifically, an LM is employed to
encode the original text attributes associated with each node and learn a representa-
tion that extracts the semantic meaning of the text. However, current methods treat
the LM fine-tuning in graph learning the same as ordinary tasks in the NLP domain.
This is prohibitively time-expensive since the LM is fine-tuned clumsily on all input
data, neglecting important graph natures. There have been extensive studies for effi-
cient fine-tuning of LMs by either adding adapter layers [154, 175] or optimizing the
input layer activations [176, 177]. However, simply adopting those fine-tuning tech-
niques neglects graph properties and fails to distinguish the LM fine-tuning in the
graph domain from that in NLP. Those differences invoke specialized and dedicated
system designs for LM4Graph methods towards more aggressive LM fine-tuning and

more efficient training paradigms.

Centrality-guided Lazy Tuner. Motivated by the early exiting mechanism [168,
178-180] which shares a similar partial training with the aforementioned fine-tuning
methods, we fine-tune the LM by exiting from the middle layers early to generate
embeddings. Figure 5.7 shows the detailed mechanism of the proposed Centrality-
guided Lazy Tuner. To determine where and how to put early-exit layers, we leverage
the benefits of node centrality. Node centrality is a significant graph property that
measures how important a node is in the graph. The key insight is that not every
node deserves the same depth of consideration, and one shall opt for fast reaction to
marginal nodes without time-consuming overthinking. Therefore, for graph inputs to
the LM, UniTG assigns each node a degree centrality and classifies all nodes into
four distinct groups: G = {C, Cy, C5, Cy} based on the centrality per node. Nodes
with the lowest centrality (light blue in Figure 5.7) are classified to group Cj, and
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those with the highest centrality (deep blue) are sorted to Cy. The model is also
evenly divided into 4 parts as exit positions. During the training process, the training
of nodes in (' leaves earliest from a quarter of the network to an early-exit linear
layer 1. Then ¢, converts the hidden states into output embeddings e;. The same
principle applies to nodes in Cy, C3, and so forth. After applying the early exit, the

final loss is a weighted sum of losses after all early and final layers, which can be

Zie|g| Eoisxit
4

where |G| is the number of exits, and £ is a standard loss function at the i-th

formulated as:

(5.1)

min £ =

exit layer. Early-exit works on LMs [168, 178, 179] prove that the early-exit losses
decay at a similar pace to the final-exit counterpart. Though the early-exit losses
may be slightly higher than the final-exit loss, they encode less important nodes that
play trivial roles in subsequent training. Applying it to UniTG, our Centrality-guided
Lazy Tuner can provide robust embeddings for graph learning and obtain convergence

comparable to the original one, which is also validated by the convergence curves in
Figure 5.11(b).

Modality Collaborator. To convey the encoded embeddings from the LM to the
GNN phase, current approaches save the embeddings as checkpoints. Then the GNN
task is launched to load them as model inputs. This cold-start way is time-consuming
and error-prone, which will be exacerbated when phases alternate and repeat fre-
quently. Therefore, we introduce a new paradigm for coherent and portable graph
learning. We fuse two phases’ training simultaneously and coordinate them to gradu-
ally enhance the learning. To be specific, as shown in Figure 5.7, we initiate both the
LM and GNN training at the beginning. During the fine-tuning of the LM, we period-
ically generate the node embeddings from the last or exit hidden layer of the partially
tuned LM at interval At. Then we feed the fetched embeddings to the GNN model
as input features. For certain nodes whose embeddings have not been encoded when
synchronization occurs, we replace them with the primitive numerical embeddings

included in the dataset for precision guarantee.

To better ensure the training accuracy, we need to figure out when to deliver the
embeddings to the GNN phase. Some works [82, 85] employ similar interactions of
enhancing GNN training with LM outputs and prove improved accuracy even on
embeddings from pretrained LMs without fine-tuning. Based on this, since the em-
beddings generated in the early tuning stages are not refined enough to capture the
text information, intuitively we can start from less frequent synchronization along the
time dimension and gradually increase the frequency. Specifically, we track a Running
Average Loss F; = 0.8F;_ + O.QEJGN N to measure the overall training status of using
LM encoded embeddings, where L&V is the loss of GNN training at epoch j. At
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FiGURE 5.8: Tlustration of Bubble Interleaver with 4 pipeline stages and 4 micro-
batches. Right-side is the memory consumption of each GPU.

the beginning At is initiated as 0.3J where J is the number of epochs for the GNN
training. Then it gradually decreases to values in the set {0.3./,0.2/,0.1J,0.02J},
which is constructed by profiling plentiful cases. When F} keeps decreasing for 20
epochs, we determine current embeddings can precisely reduce the loss, and UniTG
decreases it to the next value in the set to get more frequent synchronization of LM-
generated embeddings. Otherwise, the embeddings are not refined enough, and we
keep At unchanged to enable more stable training. The final accuracy in Table 5.5

indicates the effectiveness of our Modality Collaborator.

5.3.4 Streamlined Pipeline Schedule

This module focuses on execution-level optimizations, including a Bubble Interleaver
to improve resource utilization in a time-sharing way, and an Auto Scheduler cus-
tomized for the Dual-modality Collaborative Learning to adjust training settings and

support general usage.

Bubble Interleaver. The Flow Parallelism can significantly reduce the GNN train-
ing time, but also starve faster stages of microbatches to run and thus result in resource
under-utilization. As shown in Figure 5.5(c), the inter-layer values (activations and
gradients) of the partial model are transferred at the forward and backward passes
between different workers. In this regime, the backpropagation requires each GPU to
stall for gradients from the latter GPUs, thus incurring massive bubbles and failing to
continuously utilize the GPU. For worker 1, after the forward pass of the final micro-
batch (blue block 4), it keeps waiting since gradients of microbatch 1 have not been
produced yet (green block 1), leaving the GPU idle for a long time. Other workers

also present similar bubble patterns.

UniTG designs Bubble Interleaver in Figure 5.8, which leverages bubbles to greatly ex-
tend the tuning job resources in a time-sharing way, almost without hurting the train-
ing throughput of the pipelined GNN workload. LM4Graph methods are perfectly

suitable for the bubble interleaving execution due to the following unique features:
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(1) Mized parallel workloads. Unlike common learning jobs, there are two distinct
distributed jobs (i.e., LM and GNN) that coexist in the learning process, which pro-
vides opportunities for time-sharing computation. (2) LM throughput insensitivity. In
LM4Graph methods, usually the LM phase consumes less learning time and is further
accelerated by our Lazy Tuner, thus being tolerant of partial throughput slowdown.
(3) Reduced resource demand. Lazy Tuner instructs the LM to exit from earlier layers
along the training. Therefore, the resources needed for LM computation gradually
reduce and the bubbles can be utilized for more LM tuning. All the above inspires
us to leverage the spare resources of the bubbles and execute the LM phase in a

pause-and-resume way.

In Figure 5.8, UniTG interleaves the 4-stage GNN Flow Parallelism with data-parallel
LM fine-tuning. Since the LMs are relatively small, data parallelism (DP) or single-
GPU training is sufficient for efficient LM fine-tuning. Here we depict LM tuning with
DP across 4 GPUs for illustration, with each DP process (denoted as LM DP1~4)
running in FP bubbles accordingly. Note that UniTG also supports interleaving the
single-GPU task. Each LM process executes in a pause-and-resume mechanism to
leverage the bubbles. To be specific, we register hooks on each operation of the LM
to promptly control the pause and resumption in the forward and backward passes
of each layer. At the beginning, both LM and GNN phases are started, and UniTG
identifies the idle resources in FP bubbles. For the pipelined GNN, our Affinity-
aware Flow Parallelism also registers hooks inside each pipeline stage to monitor
its training progress and resource consumption. To interleave the LM DP process
correctly into bubble intervals, Bubble Interleaver checks the status of the CUDA
streams of the NCCL kernels to ensure the LM process only runs within the bubbles.
We realize this by sending self-defined signals to control the resumption and suspension
of LM processes at the beginning and end of bubbles. By monitoring the underlying
stream status, this scheme refrains from interference of CUDA kernels and introduces
almost no overhead to GNN training. We also profile the memory footprints with
Bubble Interleaver on the right side of Figure 5.8. The memory footprints of LM and
GNN phases have already been reduced by the Flow Parallelism and data parallelism
respectively, so there is no need to swap out the interleaved memory during colocation,

and the GPU utilization is also greatly improved.

Auto Scheduler. Different from typical hybrid parallelism methods [181-183], the
parallelisms in our scenario are innately independent and under distinct workloads,
which avoid complicated strategy design and can be better scheduled by UniTG. To
this end, we design an Auto Scheduler to balance the efficiency-quality trade-off and

accommodate various LM4Graph methods to deliver the best performance.

(1) The number of microbatches M. Different from the LLM case, the number of
microbatches in graph learning is highly limited, as discussed in §5.3.2. The training
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efficiency improves if the number of microbatches increases, while the model quality
downgrades due to a greater drop of connectivity information. To better determine
this value, we profile and record the test scores of training different GNNs w.r.t.
different M values like Figure 5.6. We find that all cases suggest M < 4 gives
ideal performance, with smaller graphs being more tolerant of more microbatches.
Therefore, given the Flow Parallelism degree P and graph size N, empirically we can
summarize: M = {16 : N < 101,8:10* < N <5x 10",4: N >5x 10} & M < P.

This strategy maximizes training efficiency while maintaining model accuracy.

(2) Scenarios where UniTG performs best. The effectiveness of Bubble Interleaver
varies depending on multiple factors (e.g., the scale of LM and GNN training) and we
present the most affected ones. (i) Higher parallelism of both phases. More stages of a
pipelined GNN imply a higher bubble ratio and more spare resources, which typically
can interleave the LM tuning on each device and accelerate dozens simultaneously. In
this case, the same size of DP for the LM tuning is also a perfect match for maximum
resource utilization and overall acceleration. (ii) Tasks with similar training time
are preferred. Too large LMs of up to 50 billion parameters fail to be allocated on
any bubble resources and are memory-consuming in both model and activation size.
On the other hand, too small LM models (e.g., 20 million parameters) terminate far
earlier than GNN training and are unable to fully utilize the hardware resources. As
a result, LMs of middle size like DeBERTa [46] are ideal choices for the LM phase.

5.4 Evaluation

We implement UniTG atop PyTorch 2.1 [117] with about 23K LoC. The point-to-point
communication is implemented via torch.distributed with the NCCL backend. The
Centrality-guided Lazy Tuner and Modality Collaborator rely on HuggingFace [184].
We evaluate the performance of UniTG from the following aspects: (1) efficiency,
(2) model accuracy, (3) power consumption and (4) micro-benchmarks and ablation

studies to examine the impact of each module independently for a fair comparison.

Testbed. Our experiments are performed on two NVIDIA GPU servers with the fol-
lowing setups: @2 servers each with 8 type A GPUs (24GB). Intra-server connections
(CPU-GPU, GPU-GPU) are based on PCle 4.0x16 lanes and inter-server connections
are via 1Gbps Ethernet. @2 servers each with 8 type B GPUs (96GB) with NVLink
and 3.2Tbps InfiniBand.

Datasets and Models. We evaluate UniTG on versatile real-world graph datasets
with multiple scales. The detailed information is shown in Table 5.3. For fair com-
parisons with baseline TAPE [59], we conducted experiments on a subset of the ogbn-

products dataset the same as TAPE. We use three large GNNs commonly adopted
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TABLE 5.3: Detailed information of evaluated datasets, where ogbn-products®
stands for a subset of the original dataset.

Datasets # Vertices # Edges # Features Task Metric
ogbn-arxiv 169,343 1,166,243 128 40-class classif. Accuracy
ogbn-products* 54,025 74,420 100 47-class classif. Accuracy
pubmed 19,717 44,338 500 3-class classif.  Accuracy
cora 2,708 5,429 1,433 7-class classif.  Accuracy

TABLE 5.4: Hyperparameters for GNNs. For cells with two values, the first value
corresponds to the first dataset and the rest are similar. Otherwise datasets share
the same value.

Models ogbn-arxiv, -products pubmed, cora

# Layers # Hidden  Epoch # Layers # Hidden Epoch
RevGCN 112 224 1000, 500 448 80 1000
RevGAT 20 256 2000, 500 40 768 1000, 500
ResGEN 56 128 2000, 1000 112 64 500, 1000

as the GNN backbone, including RevGCN [102], RevGAT [164], and ResGEN [163].
For the LM backbone, we exemplify DeBERTa [46] in evaluations. Note that UniTG
can be also applied to other LM4Graph approaches with versatile LM and GNN
backbones. Some critical hyperparameters are listed in Table 5.4. We refer to the

configurations reported in the original papers.

Baselines. Due to the lack of existing LM4Graph systems, we adopt popular algo-
rithms in their original implementations as baselines for comparisons. (1) GLEM [82]:
a method that trains the LM and GNN alternatively with many rounds. (2) TAPE
[59]: leveraging an LLM to capture textual information, which is then translated via
the LM several times to get different encodings. Both baselines only implement one

GNN; so we meticulously develop other GNNs on them as well.

5.4.1 End-to-end Performance

Learning speedup. We compare the end-to-end total training time and test ac-
curacy of UniTG with all baselines on one server, as shown in Table 5.5. Since
LM4Graph learning typically includes two phases and each baseline has repetitive
training sessions on the same phase, we record and compare the total training time of
each method. The number of stages for GNN FP is 4 and so is the degree of LM DP.
The speedup in brackets is the relative throughput of each method on the basis of
GLEM. UniTG substantially outperforms all baselines by 4.5~17.3x. The makespan
of GLEM can prolong to prohibitive 23 hours with RevGCN on the ogbn-arxiv dataset.
In contrast, UniTG successfully reduces the makespan to only 1.3 hours, which crit-

ically facilitates learning efficiency and saves possible resource costs. Moreover, we
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TABLE 5.5: Detailed comparison of total time and test accuracy of methods when
training on one GPU-A server. OOM means the method runs out of memory.
UniTG always outperforms baselines in makespan and achieves comparable accu-
racy on all models and datasets.

Model Method ogbn-products ogbn-arxiv pubmed cora
Total Time(s) Test Acc.(%) Total Time(s) Test Acc.(%) Total Time(s) Test Acc.(%) Total Time(s) Test Acc.(%)
GLEM  7593.20(1.00x) 79.36 81945.19(1.00x) 72.52 9604.11(1.00x) 94.59 5943.11(1.00x) 86.66
RevGCN  TAPE 6289.28(1.21x) 80.38 71694.70(1.14x) 73.45 8604.29(1.12x) 94.37 5767.62(1.03%) 87.64
UniTG  1453.84(5.22x) 79.34 4732.49(17.32x) 72.37 2123.67(4.52x) 95.06 1278.38(4.65x) 86.53
GLEM  3962.34(1.00x) 79.82 46924.24(1.00x ) 74.93 13550.53(1.00x) 94.71 1392.88(1.00x) 87.96
RevGAT TAPE 2761.58(1.43%) 79.87 38542.30(1.22x) 76.02 12224.39(1.11x) 94.65 1071.87(1.30%) 87.08
UniTG 621.83(6.37x) 79.05 5347.00(8.78x) 75.80 1304.79(10.39x) 94.83 277.69(5.02x) 87.82
GLEM OOM - OOM - 2507.30(1.00%) 94.41 804.89(1.00% ) 85.42
ResGEN  TAPE OOM - OOM - 1645.64(1.52x) 93.94 316.82(2.54x) 86.35
UniTG 433.46 76.55 4099.88 72.39 401.04(6.25x%) 94.73 92. 06(8 74%) 86.72
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FIGURE 5.9: Detailed time breakdown of LM and GNN phases for all methods
on two models. UniTG far exceeds baselines in training time within one integral
procedure.

also observe that the effect of UniTG is more evident over larger datasets with more
intensive computation. This reflects that UniTG is more suitable for large-scale jobs
with limited resources, which is hard to handle by existing methods. In most cases,
TAPE offers only a minimal speed improvement compared to GLEM since they both
train LM and GNN one at a time. Additionally, the two baselines run out of memory
(OOM) on both ogbn datasets on ResGEN, due to their incapability of training large
GNNs.

To investigate the specific time consumption of each phase, we record the time break-
down of methods in Figure 5.9. In most cases, the GNN phase dominates over 89% of
the total time, which hinders system efficiency and blocks resource usage under the
decoupled paradigm. Even when GNN is faster than LM (e.g., RevGCN in Figure
5.9(b)), the total time is still large due to the accumulated time of two phases. In
contrast, UniTG directly completes the learning quickly in one step, with a makespan
even lower than a single LM phase in baselines (e.g., RevGCN on ogbn-arxiv), thanks

to our intra-phase acceleration and inter-phase interleaving.
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TABLE 5.6: GPU energy consumption comparisons of UniTG and baselines (units:
J).

ogbn-arxiv pubmed
RevGCN RevGAT RevGCN RevGAT
GLEM 27.72M 15.43M 3.04M 4.62M

TAPE  24.49M(1.1x) 12.86M(1.2x) 2.75M(L.1x)  4.20M(1.1x)
UniTG 156M(17.8x) 1.65M(9.4x) 0.69M(4.4x) 0.46M(10.0x)

Final accuracy. Table 5.5 also summarizes the test accuracy achieved by all meth-
ods. UniTG successfully provides comparable model accuracy to baselines, though
sometimes slightly falling behind TAPE, which utilizes extra LLM explanations for
data augmentation. Surprisingly, we find UniTG can improve the final model quality
in some cases. For instance, UniTG always achieves accuracy improvement of up to
0.79% on pubmed, which is mainly due to the data-aware LM tuning. In summary,

UniTG is sufficient to provide equivalent accuracy with other complex baselines.

Power consumption. UniTG designs a time-sharing paradigm, which eliminates the
decoupled pattern where each phase monopolizes the hardware resources and causes
energy waste. In Table 5.6, we compare the total energy consumption of UniTG on
each GPU against baselines over several datasets. UniTG demonstrates up to 17.8x
and 15.7x energy savings over GLEM and TAPE, respectively. GLEM spends the
most GPU power because of its tedious LM and GNN steps for multiple rounds. Our
system cleverly fuses two phases’ training, dramatically cutting down unnecessary

energy costs and promoting sustainable computing for graphs.

5.4.2 Effect of Dependency-aware Flow Parallelism

Training speed w.r.t. different techniques. Figure 5.10(a) illustrates the train-
ing throughput of the GNN phase when varying the applied techniques. Obviously,
the proposed Flow Parallelism (blue bar) reduces the training time by a large margin
of 3x on the basis of vanilla GNN training. Applying affinity-aware reordering on top
of it (green bar) further shortens the epoch time by 3.4x, owing to its effectiveness
in reducing irregular memory access. UniTG can support large GNNs like ResGEN
which suffers OOM issue on baseline methods. Figure 5.10(a) also reveals an interest-
ing observation that UniTG can only achieve very limited improvement over vanilla
GNN if FP is disabled. This is because sparse computation dominates in large GNNs
and graphs, exhibiting no evident speedup even if we cluster the graph. Therefore,
it is important to combine FP and affinity-aware reordering to achieve the desired

performance.
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FIGURE 5.10: Ablation study of Affinity-aware FP on ogbn-arxiv on one type-A
GPU server. (a) Effect of each technique. (b) The supported maximum GNN size
w.r.t. GPU count.

Model size w.r.t. number of GPUs. In Figure 5.10(b), we examine the maximum
GNN model size that can be trained on 1~8 GPUs with UniTG. Since all baselines
do not support large GNN training on multiple GPUs, we only plot the results of our
system. The maximum GNN size of UniTG can reach to 19 million on 8 GPUs, which
is unavailable for baselines employing vanilla training. Moreover, the model size of
UniTG almost scales linearly w.r.t. the number of GPUs, indicating a certain degree

of system scalability.

5.4.3 Effect of Dual-modality Collaborative Learning

Centrality-guided Lazy Tuner. In collaborative learning, we first investigate the
LM phase after applying Centrality-guided Lazy Tuner in §5.3.3. In detail, we explore
the effect on tuning time and model quality on one type-A GPU server.

(1) Efficiency of LM fine-tuning. Figure 5.11(a) clearly presents the total time of
the original LM fine-tuning without and with Centrality-guided Lazy Tuner on three
datasets. We record the total time instead of iteration time since Lazy Tuner adap-
tively adjusts the exit layer, leading to different iteration durations along the tuning
procedure. Compared with the raw LM fine-tuning, Lazy Tuner can significantly
reduce the tuning time by 3.8~4.3x. For instance, the original tuning time on ogbn-
products is 701s while UniTG reduces it to 165s, validating the efficiency of Lazy
Tuner. Due to the page limit, we only select DeBERTa-base [46] as the LM backbone

for presentation because of its relatively obvious efficacy of Lazy Tuner.

(2) Loss curves and convergence. Since Lazy Tuner only trains a partial model for
certain inputs, we record the loss curves of standard and early-exit LMs in Figure
5.11(b). Apparently, the loss curve with Lazy Tuner (blue curve) decays at a faster
pace at the beginning, owing to early exits of unimportant nodes from the network.

Unsurprisingly, when approaching the end of training, the early-exit losses are slightly
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FIGURE 5.11: Effect of Lazy Tuner on DeBERTa-base. (a) Total time effect on
LM fine-tuning. (b) Loss curve comparisons with some highlighted exit points.
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FI1GURE 5.12: The convergence curve comparisons of UniTG and TAPE on different
models and datasets on one type-B server.

higher than the standard loss (olive curve). Notably, we can observe some spikes in
the loss curves, highlighted as red circles. Those spikes stand for the occurrence of
exiting at a different layer, e.g., 16th layer other than the original final layer on the
first spike. Though there exist many spikes for the early-exit loss during the whole
process, it shows an overall convergence trend and the system is tolerant to less precise
embeddings for less important nodes.

Model accuracy of Modality Collaborator. We regularly fetch the encoded
embeddings from the LM to enhance GNN training. Therefore, we examine the model
accuracy and convergence curves of UniTG in Figure 5.12. Here we only consider the
TAPE baseline for fair comparisons, since it also employs GNN as the final predictor
for node classification. We can see the curves of UniTG are almost identical to that
of TAPE and all obtain high final accuracy, verifying that the collaborative learning
well preserves the model quality. Particularly, training RevGCN on ogbn-arxiv with
UniTG even achieves a much faster convergence speed, which is also in line with

Figure 5.11(b) where LM tuning with Lazy Tuner delivers a quicker convergence.
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5.4.4 Effect of Streamlined Pipeline Schedule

GPU utilization of Bubble Interleaver. We explore the effects of this module on
one type-B GPU server. For better illustration of the impact of Bubble Squeezer, we
interleave the LM tuning in data parallelism into the GNN training in FP containing
4 pipeline stages, which is implemented based on PyTorch [117]. To better measure
the precise GPU utilization, we employ NVIDIA DCGM [185] to record SM Activity
as the utilization metric. We capture the utilization traces on one GPU for 40 seconds
with and without Bubble Interleaver on two models in Figure 5.13. Two traces are

collected separately and we align them manually according to the time axis.

Taking Figure 5.13(a) as an example, for the GNN training only with FP (blue curve),
since the only active kernel in the bubble is the NCCL kernel for communication,
we observe the extremely poor SM activity of about 7% during the bubble. On
the contrary, UniTG inserts each DP process of the LM phase into the bubbles.
Hence, it utilizes the spare SMs, accomplishing a relatively higher SM utilization
at about 40%. In Figure 5.13(b), the SM activity is increased to around 45% in
bubbles as well. Moreover, in both figures, the bubble-interleaved curve matches well
at the computation intervals (where SM activity > 80%) and bubble intervals, with no
evident delay compared to the GNN FP curve. This validates that Bubble Interleaver
can greatly improve hardware utilization with negligible interference on the original
GNN task. We also test the throughput influence of directly collocating two phases

and find it causes unacceptable interference (about 40% slowdown for both models).

To prove that each LM DP process is correctly interleaved and executed, we also
investigate the GPU utilization on other GPUs, namely other pipeline stages of GNN
FP. As shown in Figure 5.14, the taller spike at almost 100% SM activity stands for
the forward pass and the backward pass reaches nearly 80% SM activity. For stage 1
in Figure 5.14(a), a long bubble occurs right after the forward pass and a short bubble
after the backward pass. We can observe the LM DP process on this GPU executes
exactly in these two bubble intervals, raising the SM activity to about 40%, and
meanwhile not affecting the GNN FP process. The same phenomenon can be seen in
the overlapped curves on stage 2. Both validate UniTG can utilize the idle resources
timely and accurately. In summary, UniTG successfully achieves much higher GPU
utilization during bubble time, and substantially improves training efficiency in a
time-sharing way owing to the superior capability of exploiting intermittent GPU

resources.
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5.5 Conclusion

This work proposes UniTG, a unified and efficient system for textual graph learning
in one step. The key idea is to realize efficient textual graph learning with algorithm-
system co-design techniques. We propose three modules in UniTG to optimize at
runtime, algorithm and execution levels respectively. Evaluations show UniTG can

boost training by up to 17.3x while achieving comparable final accuracy.
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Conclusion and Future Work

In this chapter, we conclude our research work by summarizing our contributions and

analyzing some latent limitations. Then, we discuss the future research directions.

6.1 Conclusion

This thesis makes significant contributions to the field of large-scale graph learning
by systematically addressing the critical challenges of computational efficiency and
scalability through an innovative algorithm-system co-design paradigm. Our research
follows a carefully structured progression across three major graph learning paradigms,
each building upon the insights of the previous work while introducing novel solutions
to unsolved problems of new algorithms. The sequential development of SYLVIE,
TorchGT, and UniTG represents a comprehensive approach to advancing the state-

of-the-art in graph learning systems.

Our journey begins with SYLVIE, a groundbreaking system designed to overcome
the fundamental limitations in GNN training for massive graphs. Traditional GNN
systems face an inherent trade-off between computational efficiency and model accu-
racy, particularly when dealing with deeper architectures and larger datasets. SYLVIE
balances this trade-off well by introducing a sophisticated three-dimensional optimiza-
tion framework that simultaneously targets data organization and temporal execution
patterns. The system’s ability to analyze and leverage the inherent structural prop-
erties of both the input graph and the model architecture enables unprecedented
performance gains. Through extensive experimentation, we demonstrate that SYLVIE
achieves remarkable speedups of up to 17.2 x across both shallow and deep GNN
architectures, while maintaining and in some cases even improving model accuracy.
This work not only establishes a new benchmark for GNN training systems but also

provides crucial insights that inform our subsequent research directions.

101
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Building on the foundations laid by SYLVIE, we next confront the emerging challenges
in graph transformer architectures through TorchGT. While transformers have revo-
lutionized various domains of machine learning, their application to graph-structured
data has been severely limited by system constraints, particularly when dealing with
long node sequences in large graphs. TorchGT represents the first comprehensive
solution to these challenges, combining algorithmic innovations with system-level op-
timizations. At its core, the Dual-interleaved Attention mechanism fundamentally
rethinks how attention computation should be performed on sparse graph structures,
achieving both computational efficiency and mathematical equivalence to standard
attention. The system architecture of TorchGT introduces a novel parallelization
strategy that minimizes communication overhead while maximizing hardware utiliza-
tion. Furthermore, our dynamic kernel optimization techniques significantly reduce
memory access latency, enabling the processing of graphs with sequence lengths of up
to 1 million nodes. The experimental results are striking, with TorchGT delivering
training speedups of up to 62.7 x compared to existing approaches, while maintaining
full model accuracy. This work not only makes large-scale graph transformers practi-
cally feasible but also establishes new directions for research in attention-based graph

learning.

The final part of our research addresses the burgeoning field of language model-based
graph learning through UniTG. While recent years have seen growing interest in
combining the power of large language models with graph-structured data, existing
approaches suffer from fundamental limitations in efficiency, flexibility, and graph-
awareness. UniTG represents a paradigm shift in this domain, offering the first truly
unified framework that seamlessly integrates textual and graph modalities. Our sys-
tem overcomes the critical defects of previous decoupled architectures by introducing
collaborative training tasks and optimizing the entire pipeline for maximal resource
utilization. The key innovation lies in UniTG’s ability to maintain the rich seman-
tic understanding of language models while effectively capturing structural graph
properties, all within a single, end-to-end trainable framework. Experimental results
demonstrate that UniTG reduces training makespan by up to 17.3 X compared to ex-
isting LM-based graph learning approaches, without any compromise in model quality.
This work opens new possibilities for applications that require joint understanding of

textual and relational data, from knowledge graphs to social network analysis.

The collective impact of SYLVIE, TorchGT, and UniTG extends far beyond their
individual technical contributions. Together, they form a cohesive ecosystem that
addresses the full spectrum of modern graph learning challenges, from traditional
GNNs to cutting-edge transformer architectures and language model integration. Our

work demonstrates that careful algorithm-system co-design can overcome what were
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previously considered fundamental limitations in the field, enabling graph learning at

scales and efficiencies that were previously unimaginable.

6.2 Limitations

While this thesis has made significant strides in advancing large-scale graph learning
systems through the development of SYLVIE, TorchGT, and UniTG, several impor-
tant limitations merit careful consideration as they point to valuable directions for
future research. These limitations span multiple dimensions of our work and highlight

opportunities for further innovation in the field.

Hyperparameter Selection. One fundamental limitation lies in the hyperparame-
ter selection process for our proposed systems. While we introduce several novel pa-
rameters to optimize performance - such as attention sparsity thresholds in TorchGT
and the number of centrality groups in UniTG- their current empirical determination
may not generalize optimally across diverse scenarios. The static nature of these pa-
rameters fails to account for the dynamic characteristics of graph learning processes,
where optimal configurations might evolve during training or vary across different
graph structures. This limitation suggests the need for more sophisticated adap-
tive tuning mechanisms that could automatically adjust parameters based on specific

characteristics.

Applicable Models and Datasets. The scope of supported models presents an-
other important constraint. While our work comprehensively addresses GNNs, graph
transformers, and LM-based approaches, the rapidly evolving field of graph learn-
ing continues to introduce new architectures with distinct computational patterns.
Temporal GNNs for dynamic graphs, graph transformers with adapted attention and
LM4Graph models with new LM integration all exhibit unique characteristics that
may require specialized optimization strategies beyond our current framework. This
limitation urges for the need for more flexible system designs that can accommodate an
expanding landscape of graph learning models. Our experimental validation, while
extensive, remains bounded by the characteristics of existing benchmark datasets.
Real-world applications increasingly demand capabilities to handle trillion-edge social
networks, continuously evolving temporal graphs, and richly structured heterogeneous
graphs. The current systems may face unforeseen challenges when applied to these
new scenarios, particularly in terms of scalability and robustness. This limitation
underscores the importance of developing next-generation benchmarking frameworks

that better reflect the complexity of practical applications.

Communication Optimization. At the system level, communication efficiency

emerges as a persistent challenge, particularly for distributed training scenarios. While
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we optimize intra-device computation, the communication patterns for global atten-
tion operations and cross-device synchronization remain potential bottlenecks. The
static nature of current communication strategies fails to fully exploit the dynamic
characteristics of graph structures and training processes. More suitable approaches
that adapt to graph learning conditions could yield significant additional improve-

ments.

Computation Kernel Tailored for Graphs. The foundational sparse computa-
tion operations, while effective, may not fully capitalize on the structural properties
of real-world graphs. Current implementations use generic sparse formats that do
not specifically optimize for common graph characteristics like community structure
or hierarchical organization. This represents a missed opportunity for further perfor-
mance gains through more specialized sparse computation kernels that could better

align with graph topology and hardware capabilities.

These limitations collectively highlight the rich potential for future work in graph
learning systems. Addressing them will require deeper theoretical understanding of
graph computation patterns, more sophisticated hardware-software co-design, and
the development of more comprehensive evaluation frameworks. By tackling these
challenges, future research can build upon the foundations established in this thesis to
enable even more powerful and efficient graph learning systems, ultimately expanding

the boundaries of what is possible in graph-structured Al applications.

6.3 Future Work

Building upon the contributions of Sylvie, TorchGT, and UniTG, we envision the next
generation of graph learning systems evolving toward greater unification, adaptivity,
and hardware ubiquity. We outline this roadmap through three consolidated research

themes.

Toward Unified Abstractions for Graph Foundation Models. The rapid evo-
lution from GNNs to Graph Transformers and LM-based methods calls for a move
beyond specialized systems for specific models. Unified Programming Interface: Fu-
ture research should aim to develop a single, modular framework capable of natively
supporting the diverse spectrum of graph learning—from the sparse aggregation of
GNNs to the dense attention of Transformers and the multimodal processing of LMs.
This involves creating plug-and-play operators and a unified intermediate representa-
tion (IR) that allows compilers to automatically optimize novel computation patterns.
End-to-End FEvaluation Infrastructure: To support this unification, the field requires

next-generation benchmarking infrastructure. This includes curating comprehensive
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datasets spanning trillion-edge social networks to molecular structures, alongside syn-
thetic generators for systematic stress-testing. Such infrastructure should be comple-
mented by standardized evaluation protocols specifically designed for emerging chal-

lenges in heterogeneous or temporal graph learning.

Hardware-Aware Generalization and Scale. While this thesis focused on GPU-
centric optimizations, future systems must generalize across diverse hardware back-
ends and unprecedented scales. Cross-Platform Co-design: We propose investigating
hardware-native sparse formats and kernels co-designed not just for GPUs, but for
emerging accelerators. This includes developing predictive sparse computation tech-
niques that anticipate valuable operations, skipping unnecessary calculations at the
hardware level without sacrificing quality. Extreme-Scale Distributed Training: A
critical direction involves validating scalability on clusters of up to 1004+ GPUs. Such
experiments are essential to reveal optimization opportunities that only emerge at
extreme scales, systematically investigating the interplay between model complexity

and parallelization efficiency.

Intelligent and Adaptive Runtime Systems. To handle the complexity of real-
world deployments, systems must transition from static optimizations to dynamic,
self-tuning environments. Online Meta-Learning for System Configuration: We envi-
sion intelligent systems capable of automatically tuning hyperparameters (e.g., com-
munication quantization levels in SYLVIE or cluster transition threshold in TorchGT)
during operation. These systems would continuously monitor performance metrics
and adjust computation patterns in real-time based on evolving graph character-
istics. Communication-Centric Design: Future work should fundamentally rethink
distributed training through topology-aware communication protocols. By design-
ing collective operations that match the graph’s community structure and utilizing
dynamic gradient compression, systems can minimize bandwidth bottlenecks in in-

creasingly distributed environments.

Practical Deployment and Edge Intelligence. Finally, bridging the gap between
research and production requires robust deployment frameworks. Future efforts must
focus on auto-scaling solutions for cloud environments and incremental learning sys-
tems capable of handling streaming graph data. Furthermore, extending these efficient
principles to edge-compatible graph learning will be crucial for enabling widespread

adoption in latency-sensitive applications.

The future of graph learning systems lies in developing more adaptive, scalable, and
comprehensive frameworks that can keep pace with the field’s rapid evolution. Key
directions include creating self-optimizing systems through meta-learning techniques,
building flexible architectures to support diverse graph models, and establishing ro-
bust benchmarking ecosystems. These collective efforts will be crucial for unlocking

graph learning’s full potential across scientific and industrial applications.
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Looking forward, this research establishes several important directions for future work.
The principles developed in these systems - particularly in terms of sparsity-aware
computation, memory hierarchy optimization, and modality integration - can be ex-
tended to other emerging areas of graph learning. Furthermore, the success of our
approach underscores the importance of interdisciplinary research that bridges ma-
chine learning algorithms, systems engineering, and hardware awareness. As graph-
structured data continues to grow in importance across scientific and industrial ap-
plications, the techniques and frameworks developed in this thesis will serve as foun-

dational elements for the next generation of graph intelligence systems.
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