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Özcan Öztürk
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ABSTRACT

IMPROVING THE PERFORMANCE OF 1D VERTEX
PARALLEL GNN TRAINING ON DISTRIBUTED

MEMORY SYSTEMS

Kutay Tasci

M.S. in Computer Engineering

Advisor: Cevdet Aykanat

July 2024

Graph Neural Networks (GNNs) are pivotal for analyzing data within graph-

structured domains such as social media, biological networks, and recommenda-

tion systems. Despite their advantages, scaling GNN training to large datasets in

distributed settings poses significant challenges due to the complex task of man-

aging computation and communication costs. The objective of this work is to

scale 1D vertex-parallel GNN training on distributed memory systems via (i) two-

constraint partitioning formulation for better computational load balancing and

(ii) overlapping communication with computation for reducing communication

overhead. In the proposed two-constraint formulation, one constraint encodes

the computational load balance during forward propagation, whereas the second

constraint encodes the computational load balance during backward propagation.

We propose three communication and computation overlapping methods that

perform overlapping at three different levels. These methods were tested against

traditional approaches using benchmark datasets, demonstrating improved train-

ing efficiency without altering the model structure. The outcomes indicate that

multi-constraint graph partitioning and the integration of communication and

computation overlapping schemes can significantly mitigate the challenges of dis-

tributed GNN training. The research concludes with recommendations for future

work, including adapting these techniques to dynamic and more complex GNN

architectures, promising further improvements in the efficiency and applicability

of GNNs in real-world scenarios.

Keywords: Graph Neural Networks, Parallel and distributed memory systems,

Graph Partitioning, Load balancing, Overlapping communication with computa-

tion.
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ÖZET

DAĞITIK BELLEK SİSTEMLERİNDE 1D DÜĞÜM
PARALEL GNN EĞİTİMİNİN PERFORMANSININ

İYİLEŞTİRİLMESİ

Kutay Tasci

Bilgisayar Mühendisliği, Yüksek Lisans

Tez Danışmanı: Cevdet Aykanat

Temmuz 2024

Çizge Sinir Ağları (GNNs) sosyal medya, biyolojik ağlar ve öneri sistemleri gibi

graf yapılı etki alanları bünyesinde bulunan verileri analiz etmek için büyük önem

taşımaktadır. Avantajlarına karşın GNN eğitimini dağıtık ortamlarda büyük

veri gruplarına ölçeklendirmek, karmaşık bir görev olan hesaplama ve iletişim

maliyet yönetimi nedeniyle önemli zorluklara yol açmaktadır. Bu çalışmanın

amacı, 1 boyutlu düğüm-paralel GNN eğitimini dağıtık hafıza sistemlerinde (i)

daha iyi hesaplama yükü dengesi için iki-kısıtlı bölümleme formülasyonu kulla-

narak ve (ii) iletişim yükünü azaltmak için iletişimi hesaplamayla örtüştürerek

ölçeklendirmektir. Önerilen iki-kısıtlı formülasyonda ilk kısıtlama hesaplama

yükü dengesini ileri yayılım esnasındaki hesaplama yükü dengesini kodlarken ik-

inci kısıtlama geri yayılım esnasındaki hesaplama yükü dengesini kodlamaktadır.

Örtüştürme işlemini üç farklı düzeyde gerçekleştiren üç iletişim ve hesaplama

örtüştürme metodu önermekteyiz. Bu metotlar, benchmark veri setleri kul-

lanılarak geleneksel yaklaşımlara karşı test edilmiş, motel yapısı değiştirilmeden

eğitim verimliliğinde iyileşme sağlanmıştır. Sonuç, çok kısıtlı çizge bölümlemenin

ve iletişim ve hesaplama örtüştürme şemalarının dağıtık GNN eğitiminin zor-

luklarını gözle görülür miktarda azalttığını ortaya koymaktadır. Çalışma, bu

teknikleri dinamik ve daha karmaşık GNN mimarilerine uygulamak da dahil ol-

mak üzere gelecekte yapılabilecek çalışmalara yönelik öneriler sunarak ve gerçek

hayat senaryolarında GNN verimliliğinde ve uygulanabilirliğinde yapılabilecek iy-

ileştirmelere dikkat çekerek noktalanmaktadır.

Anahtar sözcükler : Çizge sinir ağları, Koşut ve dağıtık bellekli sistemler, Çizge

bölümleme, Yük dengeleme, İletişim işlem örtüştürme.
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Chapter 1

Introduction

In recent years, Graph Neural Networks (GNNs) have transformed deep learning

by providing valuable insights from graph-structured data found in areas such

as social networks, biological networks, and recommendation systems [1]. Unlike

traditional deep learning methods that work well with structured Euclidean data,

such as images, GNNs are designed to handle unstructured non-Euclidean data.

This type of data requires complex, data-driven computations that lack clear spa-

tial or temporal patterns [2]. Consequently, training and using GNNs in parallel

and distributed computing environments is particularly challenging [3]. With the

rapid growth of data volume and complexity, the need for efficient and scalable

methods to process and analyze graph-structured information is increasing.

Performing deep learning tasks on graphs is particularly challenging due to the

inter-sample dependency between data samples. Unlike other data types where

samples are independent, each sample in a graph relies on information from its

neighbors. This interconnection means that the learning process must account

for these dependencies, complicating parallel and distributed computations. Full-

graph training is often preferred for Graph Neural Networks (GNNs) because it

ensures that all inter-sample dependencies are considered. However, this method

demands significant computational resources and memory, as the entire graph
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must be loaded simultaneously. Parallel processing is crucial here, as it dis-

tributes the workload across multiple processors to handle these high demands.

This approach is essential in distributed memory systems, where each processor

has its local memory. By efficiently dividing tasks and managing communica-

tion between processors, parallel processing on distributed memory systems can

significantly enhance performance and scalability, making it possible to tackle

large-scale problems in various domains such as scientific computing and big data

analytics.

The core operation in GNN training revolves around the Sparse Matrix-Matrix

Multiplication (SpMM) kernel, a fundamental computational kernel widely used

in various iterative solvers [4]. One common approach to parallelizing sparse ma-

trix operations on distributed memory systems is to represent the sparse matrix

as a (hyper)graph and partition it, thereby distributing the matrix and associ-

ated computation among multiple processors. While there is extensive literature

on this topic, GNNs present unique computation and workflow challenges requir-

ing specialized strategies. Effective parallelization in GNNs hinges on two main

principles: balancing computations and minimizing communication bottlenecks.

Achieving these goals involves carefully partitioning the graph to ensure an even

distribution of computational load while reducing the amount of data that proces-

sors need to exchange. This thesis adheres strictly to these principles, employing

advanced partitioning techniques and leveraging the latest parallel processing

methodologies to optimize GNN training. By doing so, we aim to enhance the ef-

ficiency and scalability of GNN computations, addressing the distinctive demands

of graph-based deep learning.

Existing research on parallel processing of the GNNs shows the importance

of graph partitioning and efficient parallelization [3, 5]. This thesis emphasizes

improving training and inference performance by focusing on these tasks. The

proposed two-constraint partitioning scheme provides an effective model for the

GNN computations to achieve better load balance. This improvement in load

balancing results in enhanced scalability and runtime performance in paralleliza-

tion. Additionally, to further improve the parallelization of the SpMM kernel,

communication and computation overlapping algorithms are used [6]. This work
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presents three schemes for implementing communication and computation over-

lapping in GNNs, enabling efficient training and inference. When used together,

the proposed methods provide efficiency and improved scalability in parallel GNN

training within distributed memory environments.

The organization of the thesis is as follows: Chapter 2 provides background

information about GNNs and graph partitioning, outlining the core concepts and

methodologies that support our research. A literature survey is included in Chap-

ter 3, where existing works on parallel GNNs training methods, graph partition-

ing, and communication with computation overlapping algorithms are discussed.

Chapter 4 describes developing and implementing our innovative two-constraint

partitioning method and the overlapping communication and computation tech-

niques. Chapter 5 details the experimental setup, including the datasets used,

the experimental design, and the metrics for evaluating performance. Chapter

6 presents the results of our experiments, providing a comprehensive analysis of

the effectiveness of our proposed methods compared to traditional approaches.

Finally, Chapter 7 concludes the thesis, summarizing key findings and discussing

potential avenues for future research that could build on the groundwork laid by

this study.
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Chapter 2

Background and Preliminaries

2.1 Graph Neural Networks

Graph neural networks (GNNs) are increasingly recognized as powerful tools in

the deep learning landscape, adept at handling various classification and regres-

sion tasks on graph-structured data. These tasks encompass a wide range of

applications, such as node classification, where individual nodes are categorized

into classes; link prediction, which involves predicting the likelihood of a connec-

tion between nodes; and graph classification, where entire graphs are classified

based on their structure and node attributes [7, 8]. The versatility of GNNs al-

lows them to effectively model network data from diverse domains. Examples

include social networks, where they can identify influential users or predict net-

work growth patterns; citation networks, used to recommend articles or predict

citation counts; biological networks, such as protein-protein interactions, where

they help in understanding cellular processes; and communication networks like

5G, where they optimize routing and improve service quality [3].
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Table 2.1: Symbols and notations used for formulizing GNNs.
Symbol Description
G Graph
V Set of vertices
E Set of edges
A Adjacency matrix representation of the graph G
Hℓ Vertex embeddings in layer ℓ / H0 denotes input vertex features
Gℓ Output error of layer ℓ
N(vi) The neighborhood of a vertex vi
ψ Edge normalization function
⊕ Permutation-invariant aggregation function
ϕℓ Linear projection function of layer ℓ
W ℓ Weights associated with ϕℓ

L Number of layers
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Node classification serves as a fundamental example for understanding and

illustrating the workflow of a GNN model. Table 2.1 provides the symbols and

notations used to formally define GNN computations. An example GNN model

designed to perform node classification operates as follows: An input graph G =

(V,E) is provided, where V represents vertices and E represents edges. Input

features representing the information associated with vertices and/or edges are

also provided. In this example, each vertex vi ∈ V is associated with a feature

vector hi. This data is then processed by a GNN model comprising one or more

GNN layers to produce an output feature vector yi for each vertex vi ∈ V . Node

classification is achieved by assigning a label to each vertex vi based on the output

vector yi. Figure 2.1 provides a high-level summary of the node classification task.

Figure 2.1: This diagram shows a Graph Neural Network (GNN) model workflow.
It includes the input part with graph and node features and the output with node
labels.

Graph Convolutional Networks (GCNs), proposed by Kipf and Welling [9],

represent a straightforward GNN model designed primarily for node classifica-

tion. The model comprises two GCN layers, separated by a ReLU activation

layer. Without loss of generality, the GCN model exemplifies two fundamen-

tal operations performed in GNN models: aggregation and update operations.

To articulate these two fundamental steps, Besta and Hoefler [3] proposed two

different formulations: local formulation and global formulation. The local formu-

lation offers a graph-theoretic framework, while the global formulation translates

these operations into matrix multiplication operations. In practice, there are no

significant differences between the two formulations.
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2.1.1 Local Formulation

In the local formulation, a graph G is defined as a pair consisting of a set of

vertices V and a set of edges E. Two vertices vi and vj are considered to be

neighbors if there exists an edge eij = (vi, vj) ∈ E, showing a direct link. The

neighborhood N(vi) of a vertex vi is the set of all vertices vj that are connected

to vi by an edge i.e., N(vi) = {vj : (vi, vj) ∈ E}. Each vertex vi is associated

with a feature vector h0i of size f , representing its attributes. Edges eij may

also be associated with a function ψ that provides additional information on the

relationship between vertices.

In GNNs, each layer ℓ includes a permutation-invariant aggregation function

⊕ such as sum, mean, or max and a learnable linear projection function ϕ. The

aggregation function ⊕ combines features from a vertex’s neighborhood and itself

to capture its local structure, while the projection function ϕ, using a weight

matrix W ℓ of size f ×k, updates these features into a new space. This allows the

network to learn complex patterns as it deepens.

Figure 2.2 provides a visualization of the computations of a GNN model with

two layers for training. Visualization clearly shows the execution and dependen-

cies in the computations; a training iteration of a GNN model consists of one

forward and one backward pass, whereas an inference iteration only performs one

forward iteration. In the forward pass, the input matrix H0 is transformed by

the first GCN layer, and the output of this operation is used as the input of the

second layer. At the end of the forward iteration, an output error G2 is calculated

for a given loss function. This output error is used in the backward pass as the

primary input and propagated through layers in the reverse order.

The forward propagation process in GNNs, described in Algorithm 1, involves

aggregating features of a vertex’s neighbors and itself to effectively capture the

local graph structure. This process may include transforming features through ψ

to adjust the influence of neighboring vertices. After aggregation, the features are

projected into a new space using W ℓ, which directly represents a fully connected

layer in traditional neural networks and enhances the network’s ability to learn

7



Figure 2.2: The visualization of the forward and backward propagation steps of
a two-layer GNN model.

from the graph structure. Since vertex features are updated, this second step can

be called the update step. Through this process, a GNN layer generates a new

vertex feature vector hℓi of size 1×k that encapsulates information about a vertex

and its neighbors.

The back-propagation process employs an aggregation and update approach

similar to forward propagation. The goal is to minimize classification error by

updating the projection function ϕ and the weight matrix W ℓ. An output error

vector gℓi of size k represents the projection error for vertex vi, and the initial

output error gLi is calculated using a loss function and ground truth. The back-

propagation process is described in Algorithm 2. First, a similar aggregation step

is performed, differing by reversing edge directions in the graph and utilizing a

function N ′(vi) for reversed neighbor sets. Following that, an input error gℓ−1
i for

the prior layer is computed using the function ϕ′. Finally, the gradient matrix Y ℓ

of size f × k is computed by calculating the outer product of the column vector

(hℓ−1
i )T with the row vector x. This is done to adjust the weight matrix W ℓ,

optimizing the projection function to minimize classification errors.
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Algorithm 1 Forward-propagation of a GCN layer for the local formulation.

Require: Aggregator Function ⊕, ψ
procedure GcnForward(V , Hℓ−1, ϕℓ)

for each vi ∈ V do
x← hℓ−1

i

for each vj ∈ N(vi)) do
x← ⊕(x, ψi,j(h

ℓ−1
j ))

end for
hℓi ← ϕℓ(x) ▷ Corresponds to a fully-connected deep learning layer.

end for
return Hℓ

end procedure

Algorithm 2 Backward-propagation of a GCN layer for the local formulation.

Require: Aggregator Function ⊕, Hℓ−1 from GcnForward, ψ
procedure GcnBackward(V , Gℓ, ϕ′)

for each vi ∈ V do
x← gℓi
for each vj ∈ N ′(vi)) do

x← ⊕(x, ψi,j(g
ℓ
j))

end for
gℓ−1
i ← ϕ′(x)
Y ℓ ← Y ℓ + (hℓ−1

i )Tx
end for
W ℓ ← W ℓ − Y ℓ ▷ Updating the weights of linear projection function ϕ
return Gℓ−1

end procedure

2.1.2 Global Formulation

In the global formulation, a graph G = (V,E) is considered as its n×n adjacency

matrix, A = (aij) where rows and columns of A correspond to vertices in V and

each edge (vi, vj) ∈ E incurs a non-zero aij at row i and column j of A. Typically,

self-loops are added to A to preserve the vertices’ state, and then A’s rows and

columns of A are normalized [9] for additional spectral information. Note that

due to the sparse nature of the graphs, A is represented as a sparse matrix in CSR

format. Vertex features of the graph are given as an n × f matrix H0 where f

represents the size of the feature vectors of vertices, and each row hi corresponds
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to the features of vertex vi. For performing linear transformations, each GNN

layer ℓ is associated with a learnable weight matrixW ℓ of size f×k, again directly

representing a fully connected layer.

The matrix-theoretic formulation aims to represent the GNN computation as a

sequence of algebraic operations. As seen in Algorithm 3, computation is reduced

to two fundamental operations. The aggregate step in the global formulation is

reduced to a sparse-dense matrix multiplication operation ATHℓ−1, where the

aggregator operation performs sum over the feature vectors and produces an

intermediate X matrix of size n × f . Note that the SpMM kernel needs to be

modified for aggregators other than sum. Meanwhile, the normalization of A

mirrors the function ψ, which scales the feature vectors in aggregation. After

aggregation, we feed the resulting matrix to a fully connected layer represented

as XW ℓ that produces the output matrix Hℓ of size n× k.

In the global formulation for backward propagation, detailed in Algorithm 4

is simplified to matrix multiplication operations. The aggregation step is exe-

cuted by multiplying the AGℓ matrix, with edge direction reversals implemented

via transpose operations. To compute the input error and pass this error back

to the previous GNN layer (ℓ − 1), the operation X(W ℓ)T is used. Weight

updates are conducted in two phases: initially, gradients are calculated using

(Hℓ−1)TX, followed by the weight adjustment W ℓ ← W ℓ − Y ℓ, streamlining the

back-propagation process of GNNs in matrix-theoretic formulation.

Algorithm 3 Forward-propagation for the global formulation.

procedure GcnForward(AT , Hℓ−1, W ℓ)
X ← ATHℓ−1

Hℓ ← XW ℓ

return Hℓ

end procedure

10



Algorithm 4 Backward-propagation for the global formulation.

Require: H l−1 from GcnForward
procedure GcnBackward(A, Gℓ, W ℓ)

X ← AGℓ

Gℓ−1 ← X(W ℓ)T

Y ℓ ← (Hℓ−1)TX
W ℓ ← W ℓ − Y ℓ

return Gℓ−1

end procedure

2.2 Graph Partitioning

A graph G = (V,E) consists of a set V of vertices and a set E of edges. Each edge

(vi, vj) ∈ E connects two vertices. Each vertex vi can be associated with a weight

ω(vi) and each edge eij can be associated with cost ω(eij). Π(G) = {V1, V2, ..., VK}
is said to be a K-way partition of G if parts are mutually disjoint (Vx ∩ Vy = ∅
for each pair of parts Vx and Vy) and mutually exhaustive (Vx ∪ Vy . . .∪ Vk = V ).

In a partition Π, an edge is said to be cut if vi and vj are in different parts.

The cut size of a partition Π is defined as the sum of the costs of the cut edges,

i.e., cutsize(Π) =
∑

eij∈Ecut
ω(eij). In a partition Π, the weight of a part Wk

is defined as the sum of the weights of its vertices, i.e., (Wk =
∑

vi∈Vk
ω(vi)).

Partition Π is said to be balanced if each part Vk satisfies ω(Vk) ≤ (1 + ϵ)Wavg,

where ϵ is the maximum allowable imbalance ratio and Wavg is the average part

weight (Wavg = (
∑

kWk)/K). In the graph partitioning problem, the partitioning

constraint is to satisfy the balance constraints among the part weights, whereas

the partitioning objective is to minimize the cut size.

In multi-constraint graph partitioning, each vertex is associated with multiple

weights ωc(vi) inducing multiple weights for each part W c
k =

∑
i ω

c(vi), for c =

1, . . . , C. In this version, a partition Π is said to be balanced if each part Vk

satisfies all of C constraints, ωc(Vk) ≤ (1 + ϵ)W c
avg, where W

c
avg is the average

part weight over the cth vertex weights (W c
avg = (

∑
kW

c
k )/K).

The graph partitioning problem is known to be NP-Hard [10]. On the other
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hand, there exists successful graph partitioning tools utilizing the multi-level

paradigm, such as METIS [11]
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Chapter 3

Literature Survey and

Discussions

This section will cover several key topics related to this thesis and how they

are used and improved. Firstly, we’ll discuss how GNNs are trained in parallel

and distributed computing environments to enhance the efficiency of the process.

After that, we’ll discuss graph partitioning, a technique that helps optimize GNN

performance and efficiency. Finally, we’ll explore how to improve efficiency by

overlapping communication with computation when training GNNs. Each part of

this section aims to help us understand how GNNs work and how we can improve

them.

3.1 Parallel and Distributed GNN Training

Parallel and distributed training methods have become essential for scaling Graph

Neural Networks (GNNs) to accommodate large datasets typical in many real-

world applications. Unlike their embarrassingly parallel counterparts, GNNs re-

quire more sophisticated methods and implementations in parallelization. These

methods enable GNNs to handle large graphs by efficiently distributing the data

13



and computational workload across multiple processors or machines. The main

advantage of parallel and distributed training is the ability to train complex

GNN models on large-scale graphs within a reasonable time frame. By speeding

up GNN training, we can train additional candidate models, enabling detailed

tuning of architectural settings and model hyperparameters for improved relia-

bility and efficiency. Additionally, this approach enhances the minimization of

carbon footprint due to energy consumption.

A common taxonomy for parallel processing in neural networks distinguishes

between two main strategies: data parallelism and model parallelism. These ap-

proaches are fundamental for efficiently training large-scale models, especially as

datasets and network architectures grow increasingly complex. Data parallelism

in GNNs typically involves distributing data across different processors to per-

form parallel computations, a method that can significantly speed up the training

process of GNNs [3]. Model parallelism involves distributing different parts of a

neural network model across multiple computational units, allowing for the simul-

taneous processing of complex and large models that exceed the memory capacity

of a single device. However, data and model parallelism often intertwine due to

inter-sample dependencies between data points in GNNs, where the input graph

is a part of the model structure and a deciding factor in data distribution. This

special type of parallelism falls into the category of graph partition parallelism.

Most graph partitioning parallelism schemes predominantly rely on assigning

vertices to workers, known as ”1D partitioning” or ”Vertex-parallel.” This ap-

proach is straightforward to implement but often faces challenges in achieving

efficient load balancing. A more complex ”2D partitioning” or ”Edge-parallel”

strategy is sometimes employed to enhance load balancing. Although this variant

offers improved load distribution, it is less commonly supported and represents an

area open for further development [3]. There exist works to increase the perfor-

mance of graph partitioning parallelisms, such as communication-avoiding algo-

rithms and combinations with other types of parallelism. For example, CAGNET

[12] combines partitioning with replication to accelerate GNN training through

communication avoidance, and models like ZIPPER [13] integrate graph parti-

tion parallelism with pipelining techniques to achieve further speedups and reduce
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storage resource usage, showcasing the potential for hybrid approaches in opti-

mizing GNN training infrastructure.

Recent studies address the load-balancing challenges in graph partition paral-

lelism for GNNs. The work on GNNIE [14], a GNN Inference Engine, implements

a novel approach to manage the variability in workload caused by the sparsity of

data and power-law distribution of node degrees typical of graph data. Their ap-

proach includes a combination of load (re)distribution and a flexible architecture

designed to balance the load during the weighting phase of GNN operations, thus

improving overall efficiency and speed. Similarly, another work [15] highlights the

inadequacies of traditional graph partitioning methods when applied to parallel

GNN training due to the dynamic and irregular nature of GNN operations, par-

ticularly the SpMM operation, which is crucial for GNN efficiency. They propose

an adaptive load-balancing strategy that not only initially distributes workloads

through graph partitioning but also dynamically adjusts them during training to

manage the computational loads more effectively. These contributions underline

a shift towards more dynamic and adaptable solutions in graph partition par-

allelism. However, these methods propose solving the load-balancing problem

during the runtime, and none of them proposes a solution to the problem in the

partitioning step prior to execution.

3.2 Graph Partitioning

Graph partitioning is a crucial technique in optimizing graph neural networks

(GNNs), especially for improving the efficiency of the Sparse Matrix-Matrix Mul-

tiplication (SpMM) operation, which is the fundamental operation in GNN pro-

cessing. Traditional graph partitioning approaches focus on dividing a graph

into subgraphs or parts such that the number of edges between these parts is

minimized while maintaining a balance in the size of these parts. This approach

minimizes communication overhead and balances computational load among pro-

cessors. This balance is crucial to ensure an even distribution of computational

load across different processors in a distributed environment.
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Graph and hypergraph partitioning methods are extensively used to efficiently

parallelize the SpMM kernel [4]. Although there are different partitioning meth-

ods, multi-level (hyper)graph partitioning methods have proved their superior ef-

ficiency and performance [10, 16]. Of these two methods, hypergraph partitioning

provides exact modeling of the communication volume in the SpMM operation,

thus making it a potentially more effective method for GNNs. However, parallel

algorithms for graph partitioning such as ParMetis [17] have gained attention

because of their effectiveness in handling large-scale graphs by utilizing multi-

ple processors effectively and reducing partitioning time overhead during GNN

training and inference [18].

The effectiveness of different partitioning methods in GNNs is examined un-

der three constraints: communication time, computation time, and amortization

time. The partitioning algorithm handles communication and computation time,

thus aiming to decrease the overall time spent on GNN training and inference.

Another factor is the amortization time for a smart partitioning scheme to be ef-

fective; the total time spent in the training should be decreased when time spent

on partitioning is included. This means time spent in partitioning should be amor-

tized during the GNN training as fast as possible before the model converges. Ex-

isting methods mostly provide feasible solutions under these constraints [5], but

parallel (hyper)graph partitioners take the lead when amortization time is also

considered [18]. Although there exist parallel hypergraph partitioning algorithms

such as ParHIP [19], existing frameworks such as DistDGL provide support for

ParMetis [20].

3.3 Overlapping Communication with Compu-

tation

In the field of high-performance computing, overlapping communication and com-

putation has long been a crucial strategy for optimizing the efficiency of paral-

lel systems. This approach seeks to minimize idle time and maximize resource
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utilization by allowing computational tasks to proceed concurrently with data

transmission processes. One of the core techniques in this strategy involves non-

blocking collective operations, which enable systems to initiate a communication

process and continue with computation without waiting for the communication

to complete.

The concept, thoroughly explored in existing research [21, 22, 23], involves

sophisticated management of communication tasks that are integrated into the

computational processes using well-designed algorithms and high-level commu-

nication routines. This method significantly enhances the overall application

performance by utilizing the idle time in communication. These techniques are

particularly effective in environments where communication might otherwise be-

come a bottleneck, offering an elegant solution to improve throughput and reduce

runtime in complex parallel applications.

The integration of non-blocking operations into standard communication li-

braries like MPI (Message Passing Interface) showcases the practical application

of this strategy, enabling a wide range of applications to benefit from enhanced

parallelism and efficiency. This approach is not just limited to theoretical explo-

ration but has been applied in various real-world applications, demonstrating its

effectiveness in reducing latency and bandwidth costs by utilizing idle time and

increasing the efficiency of data-intensive tasks. However, these non-blocking op-

erations suffer from additional computational overheads in their implementation

and integration with various hardware infrastructures [24]. These overheads are

often amortized by hiding them in the communication time, but the extensive

use requires optimization of these operations to become crucial to performance.

Building on existing methods for overlapping communication and computa-

tion, recent works have also focused on the SpMM kernel, the core operation

of GNNs [6], particularly focusing on sparse tall-and-skinny matrix multiplica-

tion. These matrices often appear in high-dimensional data applications such

as GNN training, and managing them efficiently is crucial. Efforts have focused

on refining algorithms for Sparse Matrix-Matrix Multiplication (SpMM). These

improvements include better ways to access memory and streamline workflows to
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increase data flow and reduce delays caused by data retrieval—both critical for

maintaining high performance during calculations.
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Chapter 4

Efficient Vertex-Parallel GNN

Training

This section presents the methodologies and techniques developed to enhance

the performance and efficiency of parallel Graph Neural Networks (GNNs) on

distributed-memory parallel systems through advanced partitioning and overlap-

ping communication and computation strategies. This chapter will detail the

implementation and optimization of these methods, discussing their impact on

improving scalability and reducing computational overhead in distributed com-

puting environments. The focus will be on how these innovative approaches help

manage and accelerate the training of GNNs, ensuring they are fit for large-scale

applications.

4.1 Vertex-Parallel GNN Training

A definition of an atomic task is needed to develop a parallel algorithm. An

atomic task refers to an indivisible computation that can only be processed

by a single processor. The defined atomic tasks will be processed in parallel

by partitioning the related computations among the processes. The partition
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Π(V ) = {V1, V2, ..., Vk} is depicted as assigning the atomic tasks Vk to process

Pk without loss of generality. Hence, in the rest of the thesis, part and processor

will be used interchangeably. In this case, we will define the atomic tasks as the

computations associated with each GNN vertex, resulting in a coarse-grain data

parallelism.

For a vertex parallel GNN framework, computations related to each vertex

vi are defined as an atomic task ti. As mentioned in the previous sections, a

vertex vi is associated with two fundamental operations: aggregate (SpMM) and

update (GEMM). Therefore, each task ti represents these operations performed

for a vertex vi. That is, atomic task ti refers to (i) performing aggregation on

all vertices vj ∈ N(vi), (ii) feeding the resulting vector to a fully connected

layer (update). In this framework, each task ti is assigned to a specific processor

pk along with the adjacency information (N(vi)) and feature vector (hl−1
i ) of

vi. After the computations related to the task ti are executed, the updated

feature vector hli will be calculated in pk conformally. If the feature vector of a

neighboring vertex vj ∈ N(vi) is kept in a different processor, communication is

incurred to receive the necessary information. In matrix-theoretic formulation,

this corresponds to row-wise distributing the adjacency matrix A and feature

matrix H to the processors, which also corresponds to a 1D row-parallel SpMM

operation.

Utilizing this task parallelism, the aggregation step can be executed in parallel

across all processors. In this step, a task ti needs all feature vectors of the vertices

in N(vi); an aggregation operation can potentially incur communication between

processors if two neighbors vi and vj are in different processors. By replicating

the model weightsW among all processors, an update step for each vertex can be

performed locally without incurring communication since it only depends on the

aggregation step’s output. Among these two operations, the aggregate operation

potentially incurs communication, and the update operation can be performed

locally since weights W are replicated among all processors. Without a loss of

generality, the update step can be performed directly on each processor without

requiring a sophisticated approach.
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A vertex-based parallel implementation of the aggregate operation is given in

Algorithm 5. The algorithm can be divided into two steps: communication and

computation. In the communication step, each process pk performs P2P com-

munications with the other processes to fulfill the dependencies for each task ti.

Each task ti requires the feature vectors of every vertex in N(Vi) if any vertex

vj ∈ N(vi) remains in a different processor, then pk needs to receive hj to com-

plete the aggregation step of ti. A vertex vi is a boundary vertex if any vj ∈ N(vi)

remains in a different processor. So each processor performs an expand operation,

effectively sending the feature vectors of their boundary vertices to other proces-

sors that need this information and symmetrically receiving the feature vectors

required to complete its computations. At the end of the communication step,

each vertex receives the information it needs to complete its aggregation opera-

tion. Most often, a synchronization step exists after the communication step to

ensure that all dependencies are fulfilled. In the computation step, each vertex

performs aggregation on its neighbors as expected.

Algorithm 5 1D Vertex parallel aggregate operation in graph-theoretic formu-
lation.

procedure AggregateStep(Glocal, H
l−1
k , SendList, RecvList)

for each pk ∈ RecvList do
MPI Irecv(recvBufferk, pk)

end for
Fill all buffers sendBufferK
for each pk ∈ SendList do

MPI Send(sendBufferk, pk)
end for
Wait on Irecv calls
H l−1

k ← H l−1
k ∪ recvBufferK

Xk ← Aggregate(Glocal, H
l−1
k )

return Xk

end procedure
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4.2 Load Balancing for Vertex-Parallel GNN

Training

For an efficient parallelization of a GNN model, providing a good task-to-

processor assignment is crucial to minimize communication and maintain a work-

load balance. Previous studies highlight the importance of graph partitioning

for parallel GNN processing [5]. The irregular computational dependencies of

the aggregation step necessitate distributing the tasks among the processors

smartly. Recall that the aggregate operation is formalized as an SpMM oper-

ation in the matrix-theoretic formulation. Graph and hypergraph partitioning

models [10, 11, 25] have been used for parallel processing SpMM operation. By

representing the GNN computations as a task-interaction graph, efficient task

parallelization can be achieved through graph partitioning. Graph partitioning

helps manage data more efficiently, significantly reducing the data exchanges be-

tween processors compared to splitting the tasks evenly. In addition to reducing

the communication, the models provide a workload balance between processors

since partitioning constraints include maintaining the balance of part weights.

The task-interaction graph that models the communication and computation

of the GCN layer represents each task by a task vertex ti. These vertices also

represent the data associated with task ti, which is the feature vector hl−1
i . There-

fore, each edge in the task-interaction graph represents the data interdependence

between tasks. With proper vertex weighting in the task-interaction graph, these

models can correctly encapsulate the computational load, and edges represent the

interdependence. To achieve load balance in the parallelization of a GNN model,

it is essential to set the vertex weight correctly in the ask-dependency graph to

model the computation loads correctly.

In the aggregation step, a task ti needs the feature vectors of their neighboring

vertices in N(vi). This data dependency incurs communication between proces-

sors if vi and vj are assigned to different parts. For a better formulation consider a

K-way partition Π = {V1, V2, ..., VK} an edge eij called a cut-edge if vi and vj are

assigned to different parts. Thus, every cut edge eij resembles the communication
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dependency between processors. Total communication can be represented as the

cut size of Π, which is the number of the cut-edges. Minimizing the cut size also

minimizes the communication between processors to complete the aggregation

step, where every vertex receives the feature vectors of their neighbors. To effi-

ciently implement parallel SpMM, consider a vertex vi with adjacent vertex set

N(vi). Let Λ(vi) denote the distinct set of parts with at least one vertex in N(vi).

Then, the source process will expand hℓi to all processes in Λ(vi) − Π(vi) Thus,

part Π(vj) receives the data associated with vi only once to prevent redundant

communication. Graph partitioning fails to capture the communication model

correctly, while a hyper-graph partitioning model correctly models the commu-

nication. Thus, a graph partitioning model can only provide an approximate

communication model.

Understanding the computational workload of a Graph Neural Network (GNN)

layer is essential for maintaining load balance in each partition. In the matrix-

theoretic approach, we defined the core operations within a GNN layer, as out-

lined in Table 4.1, where the operational workloads are specified. The ”Total

work” column quantifies the cumulative work required for each operation. In

contrast, the ”Work-per-vertex” column details the work associated with each

vertex, thus the cost of each atomic task. These operations can be separated

into two computation steps, forward and backward. Since no synchronization is

needed between aggregate and update steps, the sum of the workloads in each

step provides the total computational work of each step.

Table 4.1: Workloads of the computations for a GNN layer in the matrix-theoretic
formulation.

Equation Total Work Work Per Vertex Operation Step
ATHℓ−1 nnz(AT )× f deg(vi)× f SpMM Forward
XW ℓ n× f × k f × k GEMM Forward
AGℓ nnz(A)× k deg(vi)× k SpMM Backward
X(W ℓ)T n× k × f k × f GEMM Backward
(Hℓ−1)TX f × n× k f × k GEMM Backward
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ωforward(vi) = deg(vi)× f + f × k

ωforward(vi) = f × (deg(vi) + k)
(4.1)

ωbackward(vi) = deg(vi)× k + k × f + f × k

ωbackward(vi) = k × (deg(vi) + 2f)
(4.2)

The objective of designing a parallel framework for Graph Neural Networks

(GNNs) is to distribute computational work across processors evenly. For vertex-

based partitioning, vertex workloads are defined to serve as weights in the par-

titioning process. These weights, derived from operations that proceed without

synchronization, are aggregated into a single metric. Specifically, the computa-

tional load for a vertex vi during forward propagation is represented as in 4.1,

and for backward propagation in 4.2. These expressions can be simplified to

(deg(vi) + k) for forward steps and (deg(vi) + 2f) for backward steps by remov-

ing constant factors, enabling a regularized approach to coarse-grain workload

distribution in parallel GNN processing. Thus, a two-constraint partitioning is

performed to maintain the load-balance of partitions in forward and backward

propagation.

4.3 Overlapping Communication and Computa-

tion

The previous section provides a simple implementation of 1D vertex parallel ag-

gregation operation. In that approach, communication and computation steps are

separated by a synchronization step, which ensures that a processor receives all

the information required for the computation step. During this synchronization

step, a processor waits idle until it receives all the necessary messages. We propose

to utilize this idle time by performing computations that are not dependent on

the communication step, thus overlapping the computation with communication.

In this section, the methods and algorithms that have been proposed and used to
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implement efficient communication and computation overlapping algorithms for

GNN computations will be discussed.

In the aggregation step, local-local computations can be separated into groups

based on their dependencies on incoming messages, such as local-local and local-

nonlocal computations. For a vertex vi, an aggregation operation is performed

on the feature vectors of vertices vj ∈ N(vi). This operation can be performed

locally without needing local-nonlocal data if these two vertices exist in the same

part. These types of computations are grouped as local-local computations. If

two vertices are not allocated to the same part, these computations are grouped

as local-nonlocal computations dependent on the communication step. Between

these two groups, local-local computations can be performed before receiving the

incoming messages. The communication time can be utilized to perform local-

local computations by delaying the communication synchronization.

Three different communication and computation overlapping algorithms are

proposed in this work. In all algorithms, communication is performed by non-

blocking P2P communication collectives, with no change in the contents of the

message. Since non-blocking collectives are utilized, we can send the messages

as we fill the send-buffers to take advantage of early message sending. Note that

early message sending also overlaps some of the computation and communication.

After initiating communication requests, synchronization is delayed until each

processor performs the local-local computations. Algorithms differ in synchro-

nization schemes and performed computations during the communication phase.

Two of the algorithms overlap the local-local computations of the aggregation step

only. ”Partial” and ”Full” algorithms separate the local-local and local-nonlocal

computations. One algorithm extends this overlapping scheme with the update

step for the ”Partial” algorithm, which includes updating the vertex features. An

extended version of the Full algorithm is also possible, but extra optimizations

must be developed efficiently in the partitioning step.
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4.3.1 Partial Communication and Computation Overlap

In this approach, local-local and local-nonlocal computations are strictly sepa-

rated into two parts to be calculated separately. Algorithm 6 shows the proposed

communication and computation scheme. The algorithm delays the synchroniza-

tion step after the local-local aggregate computations. Thus, a processor can

perform local-local operations while waiting for messages to arrive. Local-local

aggregation operation for a vertex vi is performed by aggregating feature vec-

tors of the local neighboring vertex vj, such that Π(vi) = Π(vj). Then, after all

messages arrive, each processor continues the aggregation with the local-nonlocal

computations, where Π(vi) ̸= Π(vj). For an efficient implementation, the adja-

cency matrix of a given local graph is divided into two sparse matrices: Ak
L for

local-local computations and Ak
NL for local-nonlocal computations. This distinc-

tion allows the aggregation step to be performed in two separate steps. Then, the

final output can be reformed by adding local-local and local-nonlocal aggregation

outputs together.

This scheme has a strict synchronization barrier between two groups of local

computations. Local-local and local-nonlocal computations are executed as two

distinct computations divided by this synchronization step. This provides a sim-

ple method for overlapping communication and computation. The downside of

this approach is that the execution of local-nonlocal computations depends on

the arrival of multiple messages from multiple parts. This means an individual

process that can continue the computations; every message must wait until the

last receive request arrives. This potentially leads to an inefficiency if the arrival

time of one or more messages exceeds other messages. Since, as we have done in

the local-local computations, all computations dependent on vertex data can be

calculated when the required data is available.
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Algorithm 6 Partial Communication Computation Overlap Algorithm

procedure AggregateStep(Vlocal, H
l−1
k , SendList, RecvList)

for each pk ∈ RecvList do
MPI Irecv(recvBufferk, pk)

end for
for each pk ∈ SendList do

Fill sendBufferk
MPI Isend(sendBufferk, pk)

end for
X ← AggregateLocalLocal(Vlocal, H

l−1
k )

Wait on Irecv calls
X ← X + AggregateLocalNonlocal(Vlocal, recvBufferK)
return X

end procedure

4.3.2 Full Communication and Computation Overlap

This approach solves the inefficiency in the previous algorithm by handling each

message and related local-nonlocal computations separately. Like the local-local

computations, each local-nonlocal computation can be executed without waiting

for the arrival of the other messages. In the previous approach, synchronization

was performed entirely on all incoming messages, ignoring the available local-

nonlocal computations until all messages were received. Algorithm 7 introduces

flexibility for the synchronization step to overcome this inefficiency by handling

each incoming message separately. Instead of waiting for all incoming messages to

proceed to local-nonlocal computations, computations related to each incoming

message are executed when necessary information is acquired. To separate the

aggregation operation this time, we separate a local adjacency matrix A into sub-

matrices A1, .., Ak by their part. This allows the computation of the aggregation

operation to be divided into sub-computations that can be performed when a

communication request has been completed.

Separating the local-nonlocal computations concerning their dependent

parts/processors enables the aggregation operation to be completed immediately.

This flexibility allows a processor to perform computations with the currently

available information rather than waiting for all incoming messages. Thus, the
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strict synchronization step is loosened, and synchronization is performed sepa-

rately for each incoming message instead of performing synchronization for all

messages. In the worst case, runtime is bounded by the latest message arrival

time and computations related to that message. This leads to minimal or no idle

time in the aggregation step by overlapping the communication bound by the

latest message arrival time.

Algorithm 7 Communication Computation Overlap Algorithm

procedure Aggregate(Vlocal, H
l−1
k , SendList, RecvList)

for each pk ∈ RecvList do
MPI Irecv(recvBufferk, pk)

end for
for each pk ∈ SendList do

Fill sendBufferk
MPI Isend(sendBufferk, pk)

end for
X ← AggregateLocalLocal(Vlocal, H

l−1
k )

for i← 0 to |RecvList| do
k ← Wait any of IRecv calls
X ← X + AggregateLocalNonlocal(Vlocal, recvBufferk)

end for
return X

end procedure

4.3.3 Extended Partial Communication and Computation

Overlap

An extended method is possible for both ”Partial” and ”Full” algorithms by

introducing additional computation for overlapping. The extended method aims

to enhance the inclusiveness of communication and computation overlap schemes

from the aggregation step and include the update step. This can be achieved

by performing the update operation on local-local and local-nonlocal aggregation

results separately and then calculating the final results by summing up these

two. When local-local and local-nonlocal computations are divided similarly to

the ”partial” algorithm, two update operations are performed instead of one.
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Doing this doubles the update operations computational load for vertices with

local-local and local-nonlocal computations.

Algorithm 8 provides an algorithm that performs aggregation and update op-

erations using the Extended Partial Communication and Computation scheme.

Unlike the previous algorithms, a complete forward operation is given for a GNN

layer capable of overlapping the computation of aggregate and update steps. The

communication step for the aggregation step is executed with no difference, and

the synchronization step is delayed until all local-local computations are com-

plete. In the local-local computations, aggregation is performed with the local

information available, and the update step calculates the partial results with the

available results. For the local-nonlocal computations, aggregation is performed

with received vertex features. Note that these partial local-nonlocal aggregation

results must kept separated from the local-local aggregation results, and then an

update step is performed on these partial results. Finally, we can add these two

products and calculate the updated vertex features.

The extended method can potentially overlap more computations compared

to other methods by increasing the overall computational load. On the other

hand, with the increasing size of the processor counts, it can potentially utilize

the increasing communication time by doing more computations. Communication

and computation overlapping algorithms are more beneficial when communication

and computation times are comparable. Thus, when the communication time

significantly overruns the computation time, overlapping the update step can

extend the amount of GNN computations integrated into communication overlap.
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Algorithm 8 Extended Partial Communication Computation Overlap Algorithm
for Full GNN layer

procedure Aggregate(Vlocal, H
l−1
k , SendList, RecvList, ϕℓ)

for each pk ∈ RecvList do
MPI Irecv(recvBufferk, pk)

end for
for each pk ∈ SendList do

Fill sendBufferk
MPI Isend(sendBufferk, pk)

end for
X ← AggregateLocalLocal(Vlocal, H

l−1
k )

H l ← ϕℓ(X)
Wait on Irecv calls
X ′ ← AggregateLocalNonlocal(Vlocal, recvBufferK)
H l ← H l + ϕℓ(X ′)
return H l

end procedure
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Chapter 5

Experimental Setup and Datasets

In the experimental settings of this thesis, two distinct high-performance comput-

ing (HPC) cluster architectures were utilized. The first cluster features Intel(R)

Xeon(R) CPU E5-2680 v4 @ 2.40GHz with 28 cores and 128GB of RAM per

node, interconnected via a 56 Gbit/s Infiniband network. The second cluster is

built around 64-core 3rd-generation AMD EPYC™ CPUs, with 256 GB to 1024

GB memory, interconnected via a 200 Gbit/s Infiniband Cray Slingshot network.

We developed a 1D vertex-parallel GNN implementation using the C program-

ming language coupled with MPI for interprocess communication. This imple-

mentation is used in our experimental investigations, offering precise control over

computational behavior and optimization. Existing frameworks often have extra

optimizations and bottlenecks that can affect the performance of proposed meth-

ods. Also, a more lightweight implementation offers flexibility in implementing

and testing the proposed methods. For showing the correction of the framework,

PyG (PyTorch Geometric) [26] is used as a baseline to compare the correction

of our model. Since the methods proposed do not affect the computation related

to the model, our framework correction is tested by initializing the same model

with the same weights and parameters in PyG. As expected, both models con-

verged to the same weights in full-graph training, showing the correctness of our

implementation.
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This custom implementation includes a flexible framework that allows for the

training and inference of deep neural networks with various settings and hyper-

parameters. This flexibility is crucial for testing different neural network archi-

tectures. Our framework can handle multiple GCN and activation layers such as

relu, tanh, and sigmoid. The choice of initial weights is tailored to each activa-

tion function, using Xavier/Glorot [27] initialization for tanh and sigmoid, and

He Uniform [28] initialization for ReLU to optimize performance. Additionally,

the framework supports Cross-entropy loss and the ADAM optimizer, enabling

robust and effective optimization. Developing our own implementation was es-

sential for us to precisely configure and modify various components according to

our specific research needs, thus allowing us to explore in depth how different

configurations impact the performance of GNNs in our experiments.

For the graph partitioning process, we primarily use METIS [11], providing

robust performance and reliability. However, note that hypergraph partitioning

tools like PaToH [10] and hMETIS [16] could potentially offer better solutions

for this specific problem due to their advanced encoding capabilities. To further

enhance the efficiency of the partitioning step, we consider parallel graph parti-

tioners such as ParMETIS [17]. These tools are designed to significantly speed

up the partitioning process, which is crucial as an effective implementation must

quickly amortize the time spent on partitioning to accelerate the overall train-

ing phase. By optimizing the partitioning step, we aim to significantly improve

the efficiency and speed of the training process, ensuring that the computational

resources are utilized most effectively.

5.1 Datasets

For conducting experiments, we have used a selection of widely used large-scale

graph datasets to perform node classification. Every dataset consists of a graph,

vertex features, and vertex labels. The graph is given as a sparse adjacency

matrix in CSR format. Vertex features and labels are represented as tall and

skinny matrices.
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Graphs in these datasets possess different properties and characteristics to

provide a variety in the experiments. The properties of these graphs are given

in Table 5.1 for each dataset; these statistics show the general structure of the

graph. These graph properties also reflect the properties of the sparse adjacency

matrix used in the SpMM operation. The number of vertices |V |, edges |E|,
and density and vertex degree information are provided. Density is defined as

a fraction of existing edges to the number of possible edges such that |E|
|V |2 The

adjacency matrix A is a |V | × |V | matrix with |E| non-zero elements for a given

graph.

Information about vertex features and labels of datasets are provided in 5.1.

Every vertex has an input feature vector of 1× f , where f is the number of the

input features. Vertex features are presented as a |V | × f dense matrix. Also,

every vertex is associated with a single or multiple label(s) to be used as a ground

truth during training and inference. Labels are also represented as a matrix with

size |V | × k, where k is the number of distinct classes presented in the node

classification problem.

All the datasets are mainly used for node classification tasks and do not have

extra complications in terms of computation. We perform the following tasks in

the training of the following datasets: 1. categorizing types of businesses based on

customer reviewers and friendship (Yelp) [29], 2. predicting communities of online

posts based on user comments (Reddit) [29], 3. classifying product categories

based on buyer reviewers and interactions (Amazon) [29], 4. categorizing types

of images based on the descriptions and common properties of online images

(Flickr) [29], 5. predicting the category of a product in a multi-class classification

setup based on co-purchasing (Ogbn-Products) [30], 6. categorizing academic

papers based on their citations with each other (Ogbn-Arxiv) [31].
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5.2 Setup

We use a GCN model to evaluate throughput during the training process. The

model consists of two GCN layers separated by a ReLU activation layer. The

outputs from these layers are then transformed using a softmax activation func-

tion. For the normalization of the adjacency matrix in an undirected graph, we

use the formula D− 1
2 (A+ I)D− 1

2 , which exploits the graph’s spectral properties.

Parameters that do not influence runtime, such as the learning rate, are main-

tained consistent with the original GCN model specifications. It’s important

to note that dropout layers and L2 regularization are omitted, as our custom

framework does not support these features. Only one GCN layer is measured in

experiments where we test the partitioning scheme. This is because our proposed

two-constraint partitioning method is developed to model the computations of a

single layer.

Test, train, and validation splits exist for the given datasets. These splits

are generated by using external information such as sales rank and time. For

example, the ogbn-arxiv dataset uses papers that were published until 2017 as

training, validates those published in 2018, and tests those published since 2019.

Another example is ogbn-products datasets where sales rank is used, and the

top %8 of the products are used for training, the next %2 percent is used for

validation, and the rest for testing. In the experiments where model accuracy is

irrelevant, graphs are used without splitting them. Full graph training is used to

push the limits on algorithm performance and implementation limits.

In the experiments, three different partitions were used for each dataset using

a random seed with METIS to ensure a robust comparison. Each experimental

run was initiated with 10 epochs of warmup iterations, followed by 100 epochs

of training. Multiple experiments were conducted on each dataset, and the mini-

mum runtime was recorded for each. This approach was used to reduce the effect

of potential network congestion caused by other programs in the runtime envi-

ronment, which could result in slowdowns affecting both the proposed methods

and the baseline algorithms.
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Chapter 6

Results

This chapter comprehensively analyzes the experimental results derived from im-

plementing various partitioning schemes and overlapping strategies in GNN train-

ing. This chapter systematically evaluates the effectiveness of different methods,

including the proposed two-constraint partitioning method, compared to tradi-

tional single-constraint methods across various datasets and processor counts. We

delve into the performance metrics, such as computational load balance, com-

munication volume, and overall training speed, to assess the impact of these

strategies on the efficiency and scalability of GNNs. Detailed discussions on how

these methods perform under different conditions, mainly focusing on the SpMM

and GeMM operations, will provide insights into their practical implications and

potential benefits in real-world applications. Through tables and figures, this

chapter illustrates the quantitative improvements these advanced techniques of-

fer, underscoring their significance in optimizing GNN training processes.
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6.1 Evaluation of Partitioning Schemes and

Load Balancing

Table 6.1 presents the results of different partitioning schemes regarding com-

putational imbalance metrics, as discussed in Section 4.2. This table displays

the computational load balance during the forward and backward propagation

steps for three different methods: the proposed two-constraint method and the

single constraint methods (degree and unit weight). For the degree weight and

unit weight methods, the balance based on their respective constraints is also pro-

vided. Each method is evaluated across different partition sizes for comprehensive

analysis.

In these experiments, we compared our proposed two-constraint method

against two one-constraint methods: one using vertex degree as weights and an-

other using unit weights for the partitioning. Our method is designed to balance

the computational load during both forward and backward propagation steps ac-

cording to our formulation. The vertex degree method focuses on balancing the

SpMM operation, while the unit weight approach is tailored to balance the GeMM

operation. As the table indicates, our method successfully achieves a balanced

computation across most cases with respect to our formulation. In contrast, while

the other methods manage to provide a good balance according to their targeted

metrics, they do not accurately represent the real computations as observed in

the results.
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Table 6.1: Comparison of computational load-imbalance ratios for different partitioning schemes
for different partition sizes across datasets.

Dataset K
Two-Constraint One - Constraint

Our Method Degree Weight Unit Weight

Forward Backward Degree Forward Backward Unit Forward Backward

Yelp

28 1.03 1.03 1.03 2.06 2.22 1.03 1.42 1.10
56 1.03 1.03 1.03 1.95 2.09 1.03 1.84 1.19
112 1.03 1.03 1.03 2.69 2.95 1.03 2.29 1.27
224 1.03 1.03 1.03 4.17 4.67 1.03 2.88 1.39
448 1.03 1.03 1.03 7.15 8.12 1.03 4.73 1.74
896 1.03 1.03 1.03 7.84 8.92 1.03 7.12 2.20

Reddit

56 1.03 1.03 1.03 2.51 1.50 1.03 1.21 2.73
112 1.03 1.03 1.03 4.21 2.03 1.03 1.22 2.78
224 1.04 1.04 1.03 7.60 3.10 1.03 1.24 2.94
448 1.04 1.04 1.03 6.81 2.85 1.03 1.27 3.28
896 1.04 1.04 1.03 6.23 2.66 1.03 1.34 3.86

Ogbn-Products

56 1.03 1.03 1.03 1.58 1.95 1.03 1.45 1.18
112 1.03 1.03 1.03 1.96 2.57 1.03 1.53 1.23
224 1.03 1.03 1.03 2.9 4.18 1.03 1.78 1.31
448 1.03 1.03 1.03 4.45 6.73 1.03 1.84 1.31
896 1.03 1.03 1.03 8.52 13.51 1.03 2.29 1.52

Amazon

56 1.12 1.14 1.03 7.74 2.05 1.03 4.23 15.55
112 1.19 1.26 1.03 13.47 2.93 1.03 7.66 30.82
224 1.18 1.26 1.03 23.63 4.48 1.03 14.26 60.49
448 1.24 1.28 1.03 32.46 5.83 1.03 27.66 120.41
896 1.29 1.32 1.03 37.78 6.64 1.03 33.1 144.82

Flickr

28 1.03 1.03 1.03 1.06 1.1 1.03 1.16 1.03
56 1.03 1.03 1.03 1.04 1.1 1.03 1.27 1.03
112 1.03 1.03 1.03 1.07 1.17 1.03 1.52 1.04
224 1.03 1.03 1.23 1.16 1.36 1.03 1.87 1.04

Ogbn-Arxiv

28 1.03 1.03 1.03 1.98 2.25 1.03 1.31 1.09
56 1.03 1.03 1.03 2.07 2.38 1.03 1.45 1.12
112 1.03 1.03 1.03 2.19 2.54 1.03 1.72 1.17
224 1.03 1.03 1.19 2.2 2.54 1.03 1.96 1.22
448 1.03 1.03 2.37 2.34 2.73 1.03 2.5 1.33
896 1.55 1.04 4.75 2.43 2.86 1.03 2.87 1.4
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Figure 6.1 shows the experimental results for demonstrating the performance

of our two-constraint formulation. The experimental results show that our two-

constraint formulation provides a better computational model for a GCN layer.

In some cases where values of feature size f and hidden parameters k are effec-

tively large or small, other one-constraint formulations can provide a compatible

performance. For larger values, vertex weights converge to proportionally close

values, thus reducing the effect of the vertex degree in the computations. Un-

like the previous case, very small values remain unimportant when compared to

the degree of a vertex. Important to note that using a two-constraint formula-

tion significantly reduces the solution space of the partitioning algorithm, thus

potentially providing a better performance in the communication step.

Our two-constraint method performs better than other methods in four out

of six datasets, especially in the larger ones. It shows particularly strong results

in the Yelp and Amazon datasets, where it enhances both scalability and overall

performance. For the Reddit and Ogbn-products datasets, our method proves

to be more versatile compared to others. The figures indicate that the SpMM

operation is more critical for the Reddit dataset, while the GeMM operation

becomes key in the Ogbn-products dataset. Overall, our two-constraint methods

perform the best in these conditions, showing that they are more flexible and

effective across different scenarios.

For several reasons, our two-constraint method doesn’t perform as well with

smaller datasets. First, in smaller datasets, the time spent on communication be-

comes more significant than computation time. Here, the one-constraint method’s

wider solution space in partitioning is an advantage over the two-constraint ap-

proach. Secondly, in the case of the Flickr dataset, the specific values of f = 500

and k = 7 are quite extreme. These settings allow the degree weight to effectively

balance the load during the forward step and the unit weight to do the same dur-

ing the backward step. As a result, besides being more efficient in communication,

these models also manage to maintain a decent balance in computational load.
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Figure 6.1: Comparison of throughput performance across different datasets using
different schemes in partitioning.
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This section has provided a detailed examination of the efficacy of different par-

titioning strategies in balancing computational loads for Graph Neural Networks,

particularly highlighting the advantages of the two-constraint method over tra-

ditional one-constraint methods in various dataset sizes and types. The evidence

from the experiments suggests that the two-constraint method not only offers

superior performance in larger datasets, such as those from Yelp and Amazon

but also demonstrates greater versatility across diverse scenarios, such as in the

Reddit and Ogbn-products datasets where specific operations like SpMM and

GeMM are critical. However, the two-constraint approach falls back in smaller

datasets where the cost of communication are predominant compared to computa-

tions. This highlights the importance of carefully choosing partitioning strategies

that fit well with each dataset’s specific features and needs. The lessons learned

from these experiments emphasize how crucial it is to select the right partitioning

methods to improve both the efficiency and effectiveness of the models. Doing

so can make Graph Neural Networks more scalable and useful in a variety of

real-world situations.

6.2 Performance Analysis of Overlapping Tech-

niques

Table 6.2 provides the communication statistics and runtime metrics across var-

ious datasets and partition sizes. This table details the communication volume

metrics, including message volume and message size for both send and receive

calls, where the average values for send and receive volumes are identical due to

a corresponding receive call for every send. Message counts are similarly aligned.

Additionally, the table presents runtime improvements for three methods: Full-

Overlap (FO), Partial-Overlap (PO), and Extended Partial-Overlap (EPO). Table

6.3 shows the average of these parallel runtime improvements. These improve-

ments are expressed as the execution time ratio of each method relative to the

no-overlap method, with smaller values indicating better performance. As seen

in the tables, the overlapping methods provide faster training on average.
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Table 6.2: Communication metrics and parallel runtime metrics across various datasets
and partition sizes.

Dataset K
Message Volume Mssg. Count Improvement

Send Max Recv Max Avg. Max Avg FO PO EPO

Yelp

28 92270 105227 71901 27 27 1.00 1.00 1.02
56 67401 90681 49723 55 54 0.97 0.96 1.03
112 47627 66572 31653 111 111 0.87 0.86 0.92
224 34849 50380 19820 222 221 0.77 0.78 0.83
448 21924 30430 12028 446 434 0.85 0.88 0.89
896 15251 25033 7035 868 746 0.97 1.03 1.01

Reddit

56 104459 125554 70271 55 55 1.00 1.03 0.95
112 86794 98879 53861 111 111 0.86 0.85 0.86
224 69323 84915 39892 223 223 0.61 0.65 0.65
448 54251 66967 30255 447 441 0.72 0.80 0.80
896 40092 44850 22062 895 836 0.98 1.05 1.05

Ogbn-Products

56 150541 157073 89102 55 55 0.99 1.03 0.95
112 107540 104918 58702 111 111 0.94 0.85 0.86
224 70038 76484 38237 222 213 0.89 0.65 0.65
448 51851 61785 25157 442 374 0.83 0.80 0.80
896 35317 56844 15511 827 531 0.85 1.05 1.05

Amazon

56 242353 366963 153105 55 55 0.93 0.98 1.03
112 189107 281927 114147 111 111 0.86 0.83 0.86
224 145104 231486 86016 223 222 0.71 0.75 0.75
448 115010 197489 63458 444 432 0.75 0.79 0.80
896 88833 158743 46139 875 806 0.94 0.97 0.99

Flickr

28 14742 15322 12105 27 27 1.00 0.98 0.95
56 8610 9925 7061 55 55 1.00 0.99 1.03
112 4897 6809 3988 111 111 0.79 0.79 0.81
224 2774 5819 2204 223 220 0.70 0.76 0.77

Ogbn-Arxiv

28 17912 23379 11040 27 27 0.97 0.99 1.12
56 12732 18021 7252 55 55 0.93 0.96 1.07
112 8568 15815 4503 111 105 0.95 0.97 1.05
224 5633 17095 2752 215 177 0.88 0.95 0.92
448 3702 13595 1668 398 250 0.87 0.88 0.88
896 3514 13105 891 711 234 0.53 0.55 0.54
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Figure 6.2: Communication and computation times of aggregation (SpMM) step
for various datasets and partition sizes.
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Table 6.3: Average parallel runtime improvement of all datasets over different
processor counts.

K
Avg. Improvement

FO PO EPO
28 1.00 0.99 0.98
56 0.97 0.99 1.01
112 0.88 0.86 0.89
224 0.76 0.76 0.76
448 0.80 0.83 0.83
896 0.85 0.93 0.93

Communication volume decreases with the increasing partition size, as ex-

pected. Meanwhile, the message count increases with the partition size. In these

terms, message volume directly affects the communication time regarding band-

width cost, and message count affects the latency costs. Due to the high volumes

of communication in GNN training, it is mostly bounded by bandwidth costs;

however, additional overheads related to the message count exist in our com-

munication and computation overlapping schemes. Non-blocking communication

costs in the MPI collectives have additional overheads compared to normal coun-

terparts [24], which is directly related with message count.

Figure 6.2.2 illustrates the distribution of time spent on communication and

computation during the aggregation (SpMM) step. As the number of processors

increases, computation time decreases. However, communication time does not

consistently scale with increased parallelization, likely due to the scale-free nature

of the datasets. The strategy of overlapping computation with communication

aims to obscure computation time within the communication time, thereby en-

suring that the total execution time is limited by either the communication or

computation time. It is important to note that these statistics do not account

for the additional costs associated with non-blocking collectives. Due to their na-

ture, accurately measuring these costs is challenging, as they tend to be obscured

within the communication time when utilized.

Figure 6.3 displays runtime statistics for four methods discussed in Section
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4.3: No Overlap (Baseline), Full Overlap, Partial Overlap, and Extended Par-

tial Overlap. These methods are evaluated for various partition sizes, with their

throughput values illustrated in the figure. The Full Overlap method consis-

tently delivers superior performance, particularly notable when communication

and computation times are comparable. While the No Overlap, Partial Over-

lap, and Extended Partial Overlap methods also improve with increased paral-

lelization, they do not match the efficiency gains observed with the Full Overlap

method. Despite this, all methods demonstrate scalability, indicating that each

benefit from enhanced parallel processing capabilities, the amount of overlap-

ping, and the costs of non-blocking collectives affect their performance. This

highlights the Full Overlap method’s effectiveness in optimizing runtime across

diverse computational settings.

Theoretically, the runtime increase stops when insufficient computation load

is left to hide in the computation time. In practice, the additional overheads

caused by the non-blocking collectives bring additional computation costs, which

become a significant cost in computation. These overheads differ from latency

and bandwidth costs that can be treated as a computation load [24]. Our over-

lapping methods are also capable of hiding this type of computational cost, but

these additional loads can completely use the excess time in communication. Per-

formance deterioration in the Amazon, Yelp, and Reddit datasets is caused by

these overheads due to large message counts and communication volume. Table

6.2 shows that these are the top three datasets regarding maximum and average

message count.

As expected, the Full Overlap method provides better performance than partial

methods, meaning that receiving messages asynchronously provides more room

for computation. On the other hand, the Extended Partial Overlap method

performs similarly to the Partial Overlap method. This behavior shows that the

partial method reaches its full potential by only using the computations in the

aggregation (SpMM) step, and additional computations in the update(GeMM)

operation stay outside of communication time.
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Figure 6.3: Comparison of throughput performance of overlapping communica-
tion and computation across different datasets for various processor counts.
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Chapter 7

Conclusion and Future Work

This thesis has delved into the challenges and solutions of optimizing Graph

Neural Network (GNN) training on high-performance computing environments.

Central to this exploration was the development and evaluation of an innovative

two-constraint partitioning method designed to manage computational demands

across distributed systems efficiently. This method significantly improved the

performance and scalability of GNNs, particularly when handling large datasets

where the traditional one-constraint methods were less effective.

A key aspect of our approach was the strategic overlap of communication and

computation phases, which was critical in enhancing the throughput and effi-

ciency of GNN training. By implementing overlapping methods we effectively

minimized the idle times typically associated with sequential processing. These

overlapping schemes allowed simultaneous data transmission and local computa-

tion, thereby reducing the overall execution time and enhancing resource utiliza-

tion.

Our experiments demonstrated that intelligent partitioning combined with

overlapping communication and computation could significantly mitigate the

performance bottlenecks traditionally seen in parallel GNN training. The two-

constraint method, in particular, proved sufficient at balancing computational
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loads across nodes during both the forward and backward propagation phases,

optimizing the use of network bandwidth and processing power.
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