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Graph neural networks have emerged as a potent class of neural networks capable of lever-

aging the connectivity and structure of real-world graphs to learn intricate properties and relation-

ships between nodes. Many real-world graphs exceed the memory capacity of a GPU due to their

sheer size, and using GNNs on them requires techniques such as mini-batch sampling to scale.

However, this can lead to reduced accuracy in some cases, and sampling and data transfer from

the CPU to the GPU can also slow down training. On the other hand, distributed full-graph train-

ing suffers from high communication overhead and load imbalance due to the irregular structure

of graphs.

In this thesis, we propose Plexus, a three-dimensional (3D) parallel approach for full-graph

training that tackles these issues and scales to billion-edge graphs. Additionally, we introduce

performance optimizations such as a permutation scheme for load balancing, and a performance

model to predict the optimal 3D configuration. Plexus is evaluated on several graph datasets

and scaling results are shown for up to 2048 A100 GPUs on Perlmutter, which is 33% of the



supercomputer, and 1024 MI250X GPUs on Frontier. Plexus achieves unprecedented speedups of
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Chapter 1: Introduction

Graphs are used to represent irregular structures and connections that are ubiquitous in the

real-world such as molecular structures, social networks, and financial transaction networks. In

recent years, Graph neural networks (GNNs) have emerged as a powerful class of neural net-

works capable of leveraging the inherent expressiveness of graphs to learn complex properties

and relationships within them. Among GNNs, the Graph Convolutional Network (GCN) [1] is

the most popular and widely adopted, and serves as the foundation for numerous extensions, in-

cluding the Graph Attention Network (GAT) [2] and the Graph Isomorphism Network (GIN) [3].

Unlike traditional convolutional neural networks [4], which operate on fixed-size neighborhoods,

GCNs exploit the irregular structure and connectivity of graphs.

Real-world graphs are often extremely large, and datasets representing them frequently

exceed the memory capacity of a single GPU. Kipf et al. [1] recognized this limitation of their

seminal work and suggest mini-batch training for scaling to larger graphs, where a small subset

of nodes is used in each iteration to update the model. Consequently, due to a lack of efficient

and scalable full-graph alternatives , most modern frameworks such as PyTorch Geometric [5]

and DGL [6] now adopt this approach as the default.

In a single GCN layer, nodes in the mini-batch first collect information from their immedi-

ate neighbors. By aggregating the feature embeddings from nodes’ neighborhoods and applying
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a feed-forward transformation, GCNs can address tasks such as node-level, link-level, and graph-

level predictions. For a model with K such GCN layers, a node aggregate features from its K-hop

neighborhood. However, even for small values of K, this can quickly result in a phenomenon

known as neighborhood explosion, covering large portions of the graph and undermining the

efficiency of mini-batch training [7]. To mitigate this issue, sampling algorithms like Graph-

SAGE [8] and FastGCN [9] are typically applied alongside mini-batch training to reduce the

number of neighbors considered, thereby lowering memory consumption.

While sampling is widely used for training GNNs on large graphs, it comes with inherent

limitations. Most notably, sampling introduces approximations that can lead to accuracy degra-

dation [10]. Further, CPU-GPU data transfers in sampling often dominate training time and add

unnecessary complexity [11]. In many cases, full-graph training can achieve competitive perfor-

mance without these trade-offs as shown by Jia et al.’s ROC framework [10]. Full-graph training

makes no approximations in the training process and avoids the complexity of choosing an ap-

propriate sampling strategy with suitable hyperparameters. For these reasons, this work focuses

on the full-graph training paradigm, avoiding any approximations.

Graphs are typically represented as adjacency matrices with a non-zero entry for each edge,

stored using sparse formats such as COO and CSR. However, these are sparsely and unevenly

distributed across the matrix. Among the 6 graphs we evaluate our work on, the sparsity lev-

els (fraction of zeros in the adjacency matrix) range from 99.79% to 99.99%. The largest of

these graphs has 111 million vertices and 1.6 billion directed edges. These characteristics of

graphs introduce two key issues. (1) Varying sparsity patterns in the adjacency matrix can lead

to significant load imbalance in computation, which can ripple through an epoch and affect com-

munication times as well. Additionally, the aggregation phase involves Sparse Matrix-Matrix

2



Multiplication (SpMM), which dominates the computational time and suffers from poor perfor-

mance on both CPUs and GPUs due to irregular memory access patterns and low data reuse.

(2) High memory requirements necessitate distributing the graph, its features, and the associated

computation across multiple GPUs. This incurs high communication overhead due to the need

to synchronize large intermediate activations and gradients between GPUs. Consequently, GNN

training quickly becomes communication-bound, making it difficult to scale efficiently to a large

number of GPUs. These challenges severely limit the scalability of distributed GNN training for

large graphs – a core focus of this thesis.

To address these challenges, we propose Plexus, a framework that implements a three-

dimensional (3D) parallel algorithm that parallelizes all matrix multiplications involved in train-

ing and enables scaling to large graphs. Plexus is designed to support a wide range of graph

types—including undirected, directed, weighted, and unweighted graphs. Our approach draws

inspiration from Agarwal et al.’s 3D parallel matrix multiplication algorithm [12], which has

been used in several distributed deep learning frameworks, including Colossal-AI’s unified deep

learning system [13], AxoNN [14], Eleuther AI’s framework OSLO [15], etc. On top of our

initial implementation, we introduce several optimizations to improve performance. One such

optimization is a permutation scheme which ensures a near-perfect even distribution of nonzeros

across matrices and helps alleviate load imbalance. We also propose a performance model that

helps users select an optimal configuration from the 3D virtual GPU grid. This eliminates the

need for exhaustive testing across configurations while ensuring robust performance outcomes.

The key contributions are summarized as follows:

• Plexus: An open-source 3D parallel framework for distributed GNN training that scales to
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massive graphs and GPU clusters.

• A performance model to identify the optimal configuration within the 3D virtual GPU grid.

• Performance optimizations, including a permutation scheme to mitigate load imbalance

and blocked aggregation to reduce variability.

• Unprecedented scaling to 2048 GCDs/GPUs on Frontier and Perlmutter —- the largest-

scale full-graph GNN training reported to date.

• Significant speedups, achieving 2.3-12.5x faster training than state-of-the-art frameworks,

and cutting time-to-solution by 5.2-8.7x on Perlmutter and 7-54.2x on Frontier.
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Chapter 2: Background and Related Work

In this chapter, we will provide an overview of GNNs and their training paradigms, as

well as the challenges associated with distributed full-graph GNN training. We will also discuss

existing frameworks and their limitations, motivating the need for our work.

2.1 Mathematical Formulation of a GCN layer

Similar to other ML models, GCNs can have different downstream tasks depending on

the application. They can be used for predicting whether an edge exists between two nodes,

predicting a holistic property of the whole graph, predicting classes for individual nodes, etc.

In this work, we focus on the node-level classification task. However, we note that our method

can be easily be adapted to other downstream tasks as well. The primary goal of a GNN in this

setting is not only to learn a function that maps nodes to their target outputs but also to learn

high-quality, low-dimensional node embeddings that place similar nodes close together in the

embedding space. In this section, we will show how this task is formulated using a GCN.

The edges in a graph are represented by a sparse adjacency matrix A ∈ RN×N , where N is

the number of nodes in the graph. Prior to training, self-loops are added to A so that each node’s

learned representation includes its own features. A is then normalized by scaling each edge Au,v

by 1√
dudv

where du and dv are the degrees of nodes u and v respectively. This is common practice
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to mitigate issues such as exploding/vanishing gradients and numerical instabilities [1].

The forward pass of a Graph Convolutional Network (GCN) layer i consists of three key

steps:

1. Aggregation: Each node has a low-dimensional feature vector associated with it. These

feature vectors are stored in the features matrix FLi ∈ RN×DLi where DLi is the features

dimension at layer i. In the first step of the forward pass, every node aggregates the features

from its immediate neighbors using an aggregation operator like sum and captures the local

graph structure. This is achieved by performing an SpMM - multiplying the adjacency

matrix A with the features matrix FLi ∈ RN×DLi . This results in an intermediate matrix

HLi ∈ RN×DLi .

HLi = SpMM(A,FLi). (2.1)

Without loss of generality, this is shown for the undirected case. For directed graphs, the

adjacency matrix can be transposed for aggregation of features from incoming neighbors.

2. Combination: The aggregated features are transformed into a new low-dimensional space

using a weight matrix WLi ∈ RDLi×DLi+1 , resulting in an intermediate matrix QLi ∈

RN×DLi+1 .

QLi = SGEMM(HLi,WLi). (2.2)

3. Activation: A non-linear activation function σ (e.g. ReLU) is then applied to QLi, yielding

the output matrix for the current layer FLi+1 ∈ RN×DLi+1 . This will be used as the input to

the next layer.

FLi+1 = σ(QLi). (2.3)
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The corresponding backward pass for layer i involves computing gradients as follows:

1. Compute the gradient of the loss L with respect to QLi:

∂L
∂QLi

=
∂L

∂FLi+1
⊙ σ′(QLi), (2.4)

where ⊙ denotes element-wise multiplication.

2. Compute the gradient of the loss with respect to the weight matrix WLi:

∂L
∂WLi

= SGEMM((HLi)⊤,
∂L
∂QLi

). (2.5)

3. Compute the gradient of the loss with respect to HLi:

∂L
∂HLi

= SGEMM(
∂L
∂QLi

, (WLi)⊤). (2.6)

4. Compute the gradient of the loss with respect to FLi:

∂L
∂FLi

= SpMM(A⊤,
∂L
∂HLi

). (2.7)

The gradient ∂L
∂FL0 at the first layer is then used to update the input features and learn

meaningful node embeddings.
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Figure 2.1: Different paradigms of GNN training that can be combined together, shown in four
quadrants. Each quadrant shows a sample graph and its adjacency matrix. Blue nodes are part of
the batch and grey nodes are not. Solid lines indicate the edges considered for aggregation and
dashed line edges are not considered. Red values in the adjacency matrix indicate that an entry
has been modified.

2.2 Paradigms of GNN Training

There are a four main paradigms of GNN training that can be used in practice. The sim-

plest way of doing GNN training is the Full-graph paradigm, where the entire graph is used in

each iteration. All nodes’ features are updated every iteration and the entire graph is loaded into

GPU memory. This is shown in the upper-left quadrant of Figure 2.1. This is the most accurate

paradigm since it avoids approximations entirely, but is also the most memory-intensive. Due

to a lack of efficient full-graph training frameworks, ML practitioners often utilize a technique

called Mini-batch training, which is the second paradigm. This method only selects a small sub-

set of nodes to update in each iteration. As can be seen in the upper-right quadrant of Figure 2.1,

only Nodes 0 and 3’s features will be updated in the iteration after aggregating features from

their full neighborhood. Unfortunately, this leads to neighborhood explosion with multiple lay-

ers, where the neighborhood size grows exponentially and makes this impractical for large-scale
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graphs [7]. To mitigate this, another technique called Mini-batch sampling is employed. At each

layer, nodes only aggregate features from a subset of their neighbors. This is the most typical

training paradigm for GNNs as of today since it reduces the memory consumption drastically. As

shown in the bottom-right quadrant, only some edges are used in aggregation. Finally, the last

paradigm is Full-graph sampling, but this isn’t as common since the entire graph is the batch and

brought into memory. Shown in the bottom-left quadrant, we see that all nodes are part of the

batch, but only some edges are sampled.

As GNNs are an emerging field, there is no standard sampling algorithm that is agreed upon

by the community. However, there are some which have proven to be fairly successful with adop-

tion. GraphSAGE [8] samples a fixed number of neighbors for each node. FastGCN [9] samples

a fixed number of neighbors for each layer. LADIES extends FastGCN’s method by accounting

for inter-layer dependencies more effectively. Cluster-GCN [16] uses a clustering algorithm to

limits the sampling to dense subgraphs. There is still ongoing and more recent research on how to

improve sampling algorithms further. GRAPES [17] proposes a solution to adaptively change the

sampling probabilities using a second GNN. AGS-GNN [18] focuses on improving sampling for

homophilic and heterophilic graphs simultaneously. However, there is always a trade-off between

accuracy and efficiency when using sampling, which inevitably introduces bias and variance into

the training process [19]. The largest graph examined in these studies contains approximately 2.5

million nodes, which is small compared to the scale of many real-world datasets including the

ones that we evaluate our work on (Table 6.1). Especially for larger graphs, the loss of informa-

tion from sampling may be more detrimental for graphs with different structural properties (e.g.

large diameter), as well as tasks that have long-range dependencies. Furthermore, the decision of

which sampling algorithm to choose and what hyperparameters to set for each is a non-obvious
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one. Sampling is also often bottlenecked by data transfer of the features from the CPU to the

GPU. The outlook on sampling is therefore largely inconclusive. Given these considerations,

we concentrate on the full-graph paradigm in this work and focus our discussion on distributed

full-graph training algorithms relevant to our approach.

2.3 Prior Work on Distributed Full-graph GNN Training

One of the very first frameworks for distributed full-graph GNN training is ROC [10],

partitions a graph using an online linear regression based partitioner that learns from previously

processed graphs. ROC requires the data to fit in CPU memory and introduces an algorithm to

determine how to balance the cost of CPU-GPU transfer with GPU memory utilization.

Following ROC, CAGNET [20] introduced a series of parallel algorithms used for full-

graph training that can be considered tensor-parallel approaches. They provide 1D, 1.5D, 2D,

and 3D algorithms which parallelize the SpMM. The 1D algorithm divides matrices along the

row dimension and broadcasts features in steps to perform local computations. The 1.5D algo-

rithm is similar, but introduces a replication factor that trades memory usage for communication

costs. The 2D algorithm divides the matrix across both dimensions and is based on the SUMMA

algorithm [21]. The 3D algorithm executes the 2D algorithm independently at each layer with a

reduction at the end. While the 2D and 3D algorithms provide asymptotic reductions in commu-

nication, these don’t scale as well as the 1D and 1.5D algorithms due to higher constants.

In a newer paper [22], the same authors propose a sparsity-aware version of their 1D and

1.5D algorithms, which outperforms the original algorithms. The key insight in this work is to

only communicate the features that are needed based on the sparsity pattern of the adjacency

10



matrix.

MG-GCN [23] adds optimizations on top of CAGNET like overlapping the broadcast with

the local computation. RDM [24] implements an algorithm on top of CAGNET, but replicates

one of the matrices across GPUs, making the training process nearly communication-free.

There are other frameworks which are full-graph, but make some approximations for in-

creased scalability. BNS-GCN [25] first partitions the graph using METIS, and then samples

boundary nodes, only storing and communicating features for the sampled ones. They provide

an analysis and some experiments to confirm that their sampling method converges. However, it

isn’t clear if this would hold for other datasets and more rigorous hyperparameter tuning would

be needed. The same authors develop PipeGCN [26] which pipelines the communication and

computation, but results in stale boundary features/gradients. While they attempt to show that

this doesn’t impact the accuracy, different graphs with varying properties may be more sensitive

to this staleness.

Apart from these, some works focus on reducing the communication costs in other ways.

DGCL [27] provides an algorithm to minimize the communication time using the graph charac-

teristics and cluster topology. NeutronTP [28] adapts tensor parallelism for GNN training and

only shards the features since distributing the graph can lead to load imbalance.

Other works are included in Table 2.1, where we see the largest dataset sizes and number

of GPUs used in each work. While there has been significant progress in making distributed

full-graph training more efficient, very few works show scaling behavior across a wide range of

GPU counts. Only 4 of the 15 works in the table use more than 16 GPUs and these are from 2

author groups. A lot of full-graph work has been done with approximations made in the form

of sampling, staleness, etc. Most works that focus on algorithms for distributed SpMM focus on
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variants of the block-row 1D algorithm, and there is no scalable 3D algorithm in practice. This is

despite Agarwal’s 3D algorithm having P 1/6 less communication than the 2D algorithms. This is

precisely the gap we aim to fill with Plexus, providing a framework that makes no approximations

and implements a 3D approach that can scale to large graphs and high GPU counts efficiently.

Table 2.1: Summary of state of the art in distributed full-graph GNN training. The number of
nodes and edges for the graph datasets, and number of GPUs are the largest values reported in
each paper.

Name Year # Nodes # Edges # GPUs

AdaQP [29] 2023 2.5M 114M 8
RDM [24] 2023 3M 117M 8
MG-GCN [23] 2022 111M 1.6B 8
Sancus [30] 2022 111M 1.6B 8
MGG [31] 2023 111M 1.6B 8
DGCL [27] 2021 3M 117M 16
ROC [10] 2020 9.5M 232M 16
NeutronStar [32] 2022 42M 1.5B 16
GraNNDis [33] 2024 111M 1.6B 16
NeutronTP [28] 2024 244M 1.7B 16
CDFGNN [34] 2024 111M 1.8B 16
PipeGCN [26] 2022 111M 1.6B 32
CAGNET [20] 2020 14.2M 231M 125
BNS-GCN [25] 2022 111M 1.6B 192
SA+GVB [22] 2024 111M 1.6B 256

Plexus (this work) 2025 111M 1.6B 2048
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Chapter 3: Methodology

We now describe how we parallelize the sequential formulation of a GCN layer described

in Section 2.1, and how we adapt Agarwal’s 3D parallel matrix multiply algorithm for GNN

training in Plexus.

3.1 Parallelizing a Single GCN Layer

As seen in Section 2.3, tensor parallelism is a common strategy for parallelizing neural

network training. Tensor parallelism distributes matrices to multiple processes or GPUs. It im-

plements parallel matrix multiplication algorithms that compute on these distributed matrices,

and then perform collective operations to get the results on the right sets of processes/GPUs. In

this work, we take inspiration from Agarwal et al.’s three-dimensional parallel matrix multipli-

cation algorithm [12]. Similar three-dimensional approaches have been used in several parallel

training frameworks, including Colossal-AI’s unified deep learning system [13], Eleuther AI’s

framework OSLO [15], AxoNN [14], Megatron-Deepspeed [35] CAGNET [20], etc. Below, we

describe how we adapt this 3D matrix multiplication approach to parallelize GNN training and

Sparse Matrix-Matrix Multiplications (SpMM).

Given a number of GPUs, G, in a job allocation, we first arrange the GPUs into a 3D virtual

grid with dimensions X , Y , and Z. We refer to the number of GPUs along each dimension as
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Figure 3.1: An overview of the 3D tensor parallel algorithm, showing how 8 GPUs are arranged
in a 3D grid (X=Y=Z=2) and how the matrices in a layer are distributed across different planes.
Each plane of the grid is colored differently.

Gx, Gy, and Gz respectively, such that G = Gx×Gy×Gz. Each GPU will create process groups

that allow it to communicate with its neighbors in the three dimensions of the grid. The matrices

in a layer are then distributed across this grid. We now describe how this is done for the first layer

of the GCN, and this can be applied similarly to the other layers.

The sparse adjacency matrix A is sharded across the ZX-plane and replicated across the

Y -parallel process group. The input features matrix FL0 is sharded across the XY -plane and

then further sharded across the Z-parallel process group. The reason that it is sharded and not

replicated across the third process group is to save memory. Since the input features are made

trainable to learn node embeddings, they have gradients and optimizer states associated with them

which are additional memory requirements. The weights matrix WL0 is sharded across the Y X-

plane and also further sharded across the Z-parallel process group due to the additional memory

requirements of the gradients and optimizer states. The distribution of these matrices across the

3D grid are shown in Figure 3.1, and the shapes of the matrix shards are shown in Figure 3.2.

Psuedocode for the complete algorithm for the first layer is shown in Algorithm 1. Before

describing the algorithm, note that when we refer to any matrix, it is a shard of that matrix on a

given GPU. First, we describe the steps for the aggregation (line 2-4). The input features matrix
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Figure 3.2: Shapes of the matrix shards in the first layer, showing how the two key matrix multi-
plications are performed on a GPU.

shard F has to be all-gathered across the Z-parallel process group since it additionally sharded

across this dimension of the grid. The adjacency matrix shard A is then multiplied by this to get

the aggregation output H . Since this results in a partial output, an all-reduce is performed on

this across the X-parallel process group. Next, we describe the steps for the combination (lines

5-7). First, the weights matrix shard W is all-gathered across the Z-parallel process group since

it is additionally sharded across this dimension of the grid. The intermediate output from the

aggregation is then multiplied by the weights. This again results in a partial output Q, so it is

all-reduced across the Y -parallel process group. Finally, we apply a non-linear activation on this

and return it to be used in the next layer (lines 8-9). These series of matrix multiplications and the

all-reduce steps are also demonstrated visually in Figure 3.1. Note that the sharding across the

third process group for F and W as well as the all-gather steps aren’t shown in this figure for the

sake of simplicity. The backward pass for the first layer is also shown in Algorithm 1, where we
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Figure 3.3: A visual representation of how the 3D algorithm is applied to multiple layers of the
GCN, connecting the output of one layer to the input of the next using the unique shards of the
adjacency matrix.

receive the gradient of the loss with respect to the output Q from the next layer (line 11). The first

step is to calculate the gradient of the loss with respect to W (lines 12-13). This is done by first

multiplying HT by ∂L
∂Q

. The output of this then needs to be reduce-scattered across the Z-parallel

process group since the weights are sharded across this dimension of the grid. Next, we calculate

by the gradient of the loss with respect to H (lines 14-16). First, W has to be all-gathered across

the Z-parallel process group. After this, ∂L
∂Q

is multiplied by W T and then the result is all-reduced

across the X-parallel process group so that the partial outputs are summed up. The final step is

to calculate the gradient of the loss with respect to F (lines 17-18). This is done by performing

a SpMM with AT and ∂L
∂H

and then doing a reduce-scatter on this across the Z-parallel process

group since the input features are sharded across this dimension of the grid. After these steps, we

return both ∂L
∂F

and ∂L
∂W

(line 19).

3.2 Parallelizing the Entire GNN

So far, we have only described the parallelization of the first layer of the GCN due to a

subtle but important detail that needs to be addressed. As can be seen in Figure 3.1, the output

of the first layer FL1 is sharded across the ZX-plane. However, this will also be the input to
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Algorithm 1 Tensor Parallel Forward and Backward Pass
1: function FORWARD(A,F,W)
2: All-gather F across Z
3: H = SpMM(A,F)
4: All-reduce H across X

5: All-gather W across Z
6: Q = SGEMM(H,W)
7: All-reduce Q across Y

8: F = σ(Q)
9: Return F

10: end function

11: function BACKWARD( ∂L
∂Q

)
12: ∂L

∂W
= SGEMM(HT , ∂L

∂Q
)

13: Reduce-scatter ∂L
∂W

across Z

14: All-gather W across Z
15: ∂L

∂H
= SGEMM( ∂L

∂Q
,W T )

16: All-reduce ∂L
∂H

across X

17: ∂L
∂F

= SpMM(AT , ∂L
∂H

)
18: Reduce-scatter ∂L

∂F
across Z

19: Return ∂L
∂F

, ∂L
∂W

20: end function

the next layer, which is a problem since the adjacency matrix A is also sharded across the ZX-

plane, and so the dimensions of the two matrices are incompatible. To resolve this, we either

need to communicate FL1 to the XY -plane or communicate A to the Y Z-plane. Unfortunately,

these solutions would add increased communication complexity and are non-trivial to implement

efficiently, especially considering that the 3D grid is not necessarily a cube. To address this

problem, we store a separate shard of the adjacency matrix AL1 that is sharded across the Y Z-

plane for the next layer L1. Similarly, for the third layer L2, we store a shard of the adjacency

matrix AL2 that is sharded across the XY -plane. This ensures that the dimensions of the matrices
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are compatible for the local computations. This scheme is shown in Figure 3.3, where we can see

how the three adjacency matrix shards allow for the output of one layer to be used as the input

for the next layer. Importantly, this doesn’t result in needing more than 3 unique shards of the

adjacency matrix. The output of the third layer FL3 is sharded across the XY -plane, which is

the same plane that FL0 is sharded across. So for the fourth layer L3, we can now reuse AL0 and

then repeat using the same adjacency matrix shards for subsequent layers.

This process of cycling through three different adjacency shards for different layers also

changes a few communication steps in Algorithm 1. For layers after the first, the features matrix

F will only be sharded across two dimensions of the grid since it doesn’t have optimizer states

like the input features. This means that the first all-gather in the forward pass (line 2) won’t

take place. In correspondence with this, the last reduce-scatter (line 18) in the backward pass is

changed to an all-reduce since the gradients are replicated across the third process group. Using

different shards of the adjacency matrix is the main change to parallelize the entire model and the

core idea remains the same.
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Chapter 4: Performance Model

We develop a performance model to help us in selecting near-optimal 3D configurations

for Plexus by modeling both the SpMM computation and communication times.

4.1 Modeling Computation

Plexus shards the matrices in a way such that the local computation should be the same in

theory for all configurations, assuming an even distribution of nonzeros throughout the adjacency

matrix. We can see this with a simple derivation for the aggregation SpMM. Let’s take the

example of the first layer. The aggregation output H will be sharded across the ZY -plane and

has size N
Gz

× DL0

Gy
. Each element of this matrix will be the result of a dot product between a row

of the sparse adjacency matrix A and a column of the dense adjacency matrix F . The number of

floating point operations needed per element of H is equal to 2 ·NNZ, the number of nonzeros

in the original matrix, divided by N · Gx. As can be seen below, the total FLOPs for the SpMM

results in a term that is constant across all configurations for G GPUs.

N

Gz

× DL0

Gy
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Number of floating point operations per element is:

O

(
2 · NNZ
N ·Gx

)

Hence, the total number of floating point operations to calculate the aggregation output H is:

O

(
2 · NNZ ·DL0

G

)
, where G = GxGyGz

However, this is not the case, and we do observe an increase in SpMM times for cer-

tain configurations. We hypothesize that the SpMMs perform more efficiently for configurations

where the sparse matrix is taller and skinnier and the dense matrix is shorter and fatter. This is

also documented in the literature, with many works specifically focusing on the optimization of

tall-skinny dense matrix SpMM. Yang et al. [36] provide a row-splitting algorithm where each

row of the sparse matrix is assigned to a warp since it gives them coalesced memory accesses into

the dense matrix. They also address that this method is more efficient with fewer nonzeros per

row since it lends itself to lower load imbalance across the warps. This depends on the sparsity

patterns of different matrices, but we see later that this is also achieved by certain configurations

in our algorithm that decrease the size of the common dimension of the local multiplications.

Selvitopi et al. [37] in their work on distributed memory SpMM algorithms show that the total

computation time doesn’t scale ideally with the number of processors. The choice of the algo-

rithm can also impact the scaling behavior, showing that their 1.5D algorithm performs better

than the 2D algorithm.

To test our hypothesis, we took the adjacency and feature matrices from ogbn-products and
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multiplied them under two different configurations for 64 GPUs. In config U, Gx = 64 and the

common dimension is sharded by 64, reducing the number of nonzeros per row. In config V,

Gy = 64 and the columns of the dense matrix are sharded by 64, making it skinny. Both of these

have the same workload in terms of the number of floating point operations. We then ran SpMM

for both of these configs for 25 trials. We observed that V was ≈ 8x slower. After profiling

with Nsight Compute [38] (metrics in Table 4.1), we noticed that it launched ≈ 64 times more

blocks, which is proportional to its 64x larger common dimension size. This means less work

and data assigned per block, and a higher number of smaller requests to memory. This can lead

to higher latency and poor saturation of the memory bandwidth. Consequently, V’s L2 Cache

and DRAM Throughput were drastically lower, and uncoalesced global memory accesses were

much higher, indicating poor memory access patterns and suboptimal memory utilization in the

tall-skinny dense SpMM regime.

Table 4.1: Studying the performance of SpMM(A,H) on a single GPU for two configs of Plexus
- U (Gz = 1, Gx = 64, Gy = 1) and V (Gz = 1, Gx = 1, Gy = 64).

Metric U V

Grid Size 20,223 1,313,241
Uncoalesced Global Memory Access Sectors 84,960 3,939,912
L2 Cache Throughput 61.31 12.65
DRAM Throughput 72.83 8.24

In Plexus, we introduce a computational model to predict which configurations result in
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more efficient SpMMs. The model is shown for the first layer using the equations below:

flops cost = NNZ ·DL0

fwd penalty =
N

Gx

· Gy

DL0

bwd penalty =
N

Gz

· Gy

DL0

comp cost =
√

flops cost · (1 + fwd penalty + bwd penalty)

The first term flops cost is constant across all configurations for G GPUs and is propor-

tional to the total FLOPs in the SpMM, which is the total number of nonzeros NNZ in the

sparse matrix A multiplied by the number of columns DL0 in the dense matrix F . The second

term fwd penalty ranks certain configurations as better than others based on our hypothesis of

ideal matrix shapes. The primary idea is to first weight the penalty cost of the SpMM propor-

tional to the size of the matrix F ’s first dimension: N/Gx. We then weight the penalty inversely

proportional to the size of the second dimension of F : DL0/Gy, which is the common dimension

of the multiplication between A and F . This penalizes configurations where the dense matrix is

taller and skinnier. We don’t need to consider the first dimension of the adjacency matrix A as

it can be inferred from the other two values. A similar calculation is done for the backward pass

SpMM.

For the final computational cost, we take the square root of flops cost to reduce the effect

of outlier times, which we especially observed for larger matrices. We then multiply this by the

penalty terms to weight the effect of poor matrix shapes by the total amount of work that is done.

These values are then summed up across all layers of with the appropriate matrix dimensions.
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However, this doesn’t calculate the computational cost as a time. To do this, we conducted several

runs on Perlmutter across different datasets, configurations, and GPU counts. This also included

all configurations of the ogbn-products dataset on 64 GPUs to study the effect of the penalty

term more closely. We then took these 67 data points and fit a linear regression model using

scikit-learn [39] to fit coefficients to the three terms in our model and predict the SpMM time for

a given configuration. To validate our model, we used a random train-test split of 70-30 for 1000

independent iterations. We recorded an average R2 of 0.89 and RMSE of 16.8 ms for the train

splits, and an average R2 value of 0.79 and RMSE of 20.1 ms for the test splits, indicating that

the model is able to predict the SpMM time with a relatively high degree of accuracy and can

generalize fairly well. The learned coefficients for the three terms are approximately 7.8× 10−4,

7.8×10−10, and −2.6×10−10. Interestingly, the last coefficient is negative, which is not what we

expected. This indicates that there might be some other factors at play that we are not accounting

for. One possible explanation is that the number of memory reads/writes needs to taken into

account as well due to the low computational intensity of the SpMM. However, more data points

would be needed to confirm this, as the model was fit on a limited number of configurations with

some observed outliers and noise. We leave this for future work.

4.2 Modeling Communication

Different configurations of the 3D grid can have a significant impact on the communica-

tion times and thereby the overall performance of the model, especially at larger scales where

the communication overhead dominates the training process. However, which configuration to

select optimally is a non-obvious choice. There have been several works which have provided
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methods to model the communication time for distributed deep learning, such as [40], Alpa [41],

AxoNN [14], [42], DGCL [27], etc.

In Plexus, we adapt the communication model from AxoNN [14] to predict the communi-

cation time for different configurations. This model adapts equations for the ring algorithm based

collectives from Thakur et al. [43] and Rabenseifner [44]. Because the message sizes are in the

100s of MB range and the communication is bandwidth-bound, the latency term is omitted. For

a buffer with size M , a process group with G GPUs, and bandwidth β, the communication time

for the ring-based all-reduce collective used in Plexus can be calculated as follows:

TAll−reduce =
2

β
×
(
G− 1

G

)
×M

Similar formulas are used for the all-gather and reduce-scatter collectives. We then apply

these equations to the communication steps in Algorithm 1, taking the sizes of the matrix shards

and the number of GPUs in the process groups into account. We adapt this communication model

to work for multiple layers with Plexus by using the appropriate process groups based on how

the sharding of the matrices changes across layers, as described in Section 3.2.

AxoNN’s communication model also takes the mapping of the GPUs onto the underlying

topology into account to calculate more accurate bandwidth terms. It assumes a hierarchy where

certain process groups are placed within a node first. In Plexus, this hierarchy is Y , X , and

then Z. The Y -parallel process groups are placed within a node first, if possible, and then the

X-parallel and Z-parallel process groups. If the number of GPUs in a process group fits within

a node, then it simply is assigned the intra-node bandwidth βintra. However, if a process group
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crosses node boundaries, it is limited by the inter-node bandwidth βinter. Additionally, if there

are many such inter-node collectives happening, the effective bandwidth is further reduced due

to link contention. This reduction is proportional to the product of the process group sizes in the

preceding preceding levels of the Y,X,Z hierarchy. We show how this is calculated for βZ in the

following equation:

βZ =


βintra if GX ·GY ·GZ ≤ Gnode

βinter
min(Gnode,GX·GY)

otherwise

After the effective bandwidths are similarly calculated for βX and βY , we can plug them

in to the equations for each collective and calculate the predicted communication times for each

configuration.

4.3 Unified Performance Model

Finally, we combine the predicted SpMM time from the computation model and the pre-

dicted communication time from the communication model to calculate the predicted total epoch

time for each configuration. While this doesn’t take the dense computation and the loss calcula-

tion into account, these are smaller parts of the overall runtime and can safely be ignored. The

result of this unified performance model is shown in Figure 4.1 for all configurations with the

ogbn-products dataset on 64 GPUs of Perlmutter. We see that the 3D configurations perform

better overall than the 2D and 1D configurations. The GNN the model is evaluated on has three

GCN layers, where all three shards of the adjacency matrix are used. This encourages more

symmetric configurations because it helps in balancing the communication load across all three
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layers as well as having more favorable matrix shapes for the SpMMs. Overall, we see a strong

linear relationship between the observed epoch time and the predicted epoch time, predicting the

top configurations especially well.

50 100 150 200
Observed time per epoch (ms)

50

100

150

200

Pr
ed

ic
te

d 
tim

e 
pe

r 
ep

oc
h 

(m
s)

Predicted vs. observed time for ogbn-products on 64 GPUs (Perlmutter)

3D configurations

2D configurations

1D configurations

Figure 4.1: Observed time versus time predicted by the performance model for the ogbn-products
dataset on 64 GPUs of Perlmutter.
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Chapter 5: Performance Optimizations

Graph neural networks can pose unique challenges in the form of load imbalance caused by

concentrated sparsity patterns and high communication overhead due to a large number of nodes.

We address some of these issues in Plexus by introducing a few optimizations that improve the

performance of our framework in such scenarios.

5.1 Double Permutation for Load Balancing

Since the adjacency matrix has a sparse and uneven distribution of nonzeros, distributing

it across GPUs can cause load imbalance by creating some shards with more nonzeros than oth-

ers. This can lead to computational stragglers, which ripple through the training process and

significantly slow down the epoch time.

There are some typical methods employed to tackle this problem. Graph partitioners like

METIS [45] are often used to partition the graph into subgraphs that are then distributed across

the GPUs. METIS in particular primarily optimizes for two metrics - minimizing the edge cut

and balancing the number of vertices in each partition. These are useful for many distributed

graph processing frameworks with fine-grained communication where nodes explicitly have to

communicate their features to neighbors in other partitions. However, in our case, we perform an

all-reduce on the dense outputs of the aggregation, so there is no awareness of the graph structure
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needed for the communication. A graph partitioner essentially provides a way to distribute the

rows of the adjacency matrix or the nodes in the graph. However, since we are doing a 2D decom-

position of the matrix, what is needed is a method to evenly distribute the nonzeros throughout

all of the 2D shards.

One common technique that can alleviate this issue without the complexity of graph par-

titioning is to permute the nodes of the graph. This scheme doesn’t have to optimize for any

complex combination of metrics and doesn’t require any knowledge of the graph’s structure.

Additionally, graph partitioning has to be done every time the GPU count changes, whereas a

permutation is a preprocessing step that only has to be applied once before training, making it

much simpler to use. The naive permutation scheme is shown below, where P is a permutation

matrix mapping each node’s original index (row) to its permuted index (column).

F1 = σ((PAP T )(PF0)W0)

F2 = σ((PAP T )F1W1)

The same permutation is also applied to the adjacency matrix’s columns and the input

features. This preserves correctness by ensuring that the output is permuted in a consistent man-

ner for the next layer. This simple permutation requires preprocessing the dataset once before

training. While this method provides a significant reduction in the observed load imbalance,

we noticed that since graphs often have dense clusters and communities, applying a single per-

mutation alone is insufficient. Since the same permutation is applied to both the rows (nodes)

and columns (edges), we observed that some nonzeros remain concentrated around the diagonal

blocks of the matrix. Applying the permutation repeatedly doesn’t help either. To further disrupt
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this tight coupling within communities, we apply a different permutation (Pc) to the columns of

the adjacency matrix than the one that is applied to the rows (Pr), redistributing the nonzeros of

the adjacency matrix more effectively. This permutation scheme needs two different versions of

the adjacency matrix, which repeats every two layers.

F1 = σ((PrAP
T
c )(PcF0)W0)

F2 = σ((PcAP
T
r )F1W1)

By alternating between these two permutations (Pr and Pc), we reduce the effects of tightly

coupled node communities and further balance the computation betweem GPUs. We show the

result of our method on the europe osm graph (see Table 6.1 for graph characteristics) in Ta-

ble 5.1. We distribute the adjacency matrix into 8x8 2D shards and record the ratios of of the max

number of nonzeros in a shard to the mean. We see that while the single permutation scheme

helps balance the nonzeros considerably compared to the original graph, our double permutation

scheme achieves near-perfect load balance.

Table 5.1: Comparison of different permutation methods, showing the ratio of the maximum
number of non-zeros to the mean across 8x8 shards of the adjacency matrix for the europe osm
dataset.

Method Max/Mean

Original 7.70
Single permutation 3.24
Double permutation (ours) 1.001

One factor to consider is the additional memory requirements of having two differently
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permuted versions of the adjacency matrix. Adopting this optimization increases the memory

required to store each adjacency matrix shard by 2. Since the number of such shards is min(3, L)

for L GCN layers, the memory overhead of storing the shards after applying this optimization

then becomes min(6, L). However, GCNs typically have a small (2-4) number of layers to prevent

oversmoothing, a phenomenon where node representations become indistinguishable from each

other [46]. Given this, the overhead of storing these additional shards is a reasonable tradeoff to

make for improved load balance and performance.

5.2 Blocked Aggregation

While our double permutation scheme achieves near-perfect load balance when sharding

the adjacency matrix, we observed variability in training where some epochs had higher load

imbalance for the forward pass SpMM than others. This caused even greater load imbalance in

the all-reduce immediately following it, increasing the average epoch time. We only observed

this behavior for larger datasets like Isolate-3-8M and products-14M (Table 6.1) when run on

smaller GPU counts like 8-32. In this regime, the matrix size of the sparse adjacency matrix is on

the order of millions of rows and columns. Since we didn’t notice this for smaller matrix sizes,

we optimized the aggregation step to be more efficient by blocking the sparse adjacency matrix

into smaller row-blocks. Once an SpMM for a block is completed, the all-reduce on that block

is performed, and then all of the blocks are concatenated together at the end. The advantage

of this optimization is that the all-reduce for a block can be overlapped with the SpMM for the

next block. Blocking the aggregation mitigated the variable load imbalance observed and also

signifantly reduced the communication time as a result, which can be seen in Figure 5.1 (note
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that these times are without overlap enabled).
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Figure 5.1: Impact of blocked aggregation on performance for Isolate-3-8M on 16 and 32 GPUs
of Perlmutter (left). Impact of dense matrix multiplication tuning on performance for products-
14M on 512 and 1024 GCDs of Frontier (right).

5.3 Dense Matrix Multiplication Tuning

BLAS kernels for GEMM can be called in four different modes which specify if the ma-

trices are transposed or not: NN, NT, TN, TT. Some prior work has established that the kernels

for some of these modes like NT and TN are not as performant [47]. Despite dense matrix mul-

tiplications forming a very small part of the total runtime in our workloads, we observed this

behavior at high GPU counts on Frontier. This suggests that the BLAS kernels for some modes

and matrix shapes are not tuned on AMD GPUs. Specifically, at GCD (1 MI250x GPU = 2

GCDs) counts equal to 512 or higher with large datasets like Isolate-3-8M and products-14M,

we noticed that the matrix multiplication for calculating ∂L
∂W

stopped scaling and the time it took

increased significantly. Interestingly, this matrix multiplication, as seen in Algorithm 1, has the

first matrix transposed. We optimized this by reversing the multiplication order, so the calcula-
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tion then becomes ∂L
∂W

= (SGEMM( ∂L
∂Q

T
, H))T . The improvements of this optimization can

be seen in Figure 5.1, where the time for the single GEMM to calculate ∂L
∂W

for the Isolate-3-

8M dataset drops significantly, from approximately 50 milliseconds to a negligible value. This

allows Plexus to scale more efficiently on Frontier and cross the 1024 GCD mark. While this

optimization specifically helped at a large scale on Frontier, it can be extended to tuning other

matrix multiplication as well on other architectures, trying all the different modes in the first few

epochs and picking the best performing one.

5.4 Parallel Data Loading

Many frameworks load the entire dataset into CPU memory, get the relevant shards of data,

and then copy these to the GPU. This is not sustainable as it can exceed the memory capacity of a

GPU for larger graphs and feature sizes. Additionally, time to load the data from the file system

can slown down the initialization. To avoid this, we implement a parallel data loader. Plexus first

statically shards the processed data into 2D shards and stores each shard as a separate file. We

use 8x8 2D shards for most datasets, but this number can be modified based on the dataset size

and number of GPUs. Plexus’ data loader then only loads the individual files needed, merges

them, and extracts the relevant shards. This reduces the memory consumption by avoiding the

need to load the entire dataset into memory and also reduces the time to load the data from the

file system. The sharding process is also concurrent, making it scalable for larger graphs. For the

ogbn-papers100M (Table 6.1) dataset with its best configuration on 64 GPUs, the CPU memory

requirements for loading the data reduces from 146 GB to 9 GB when sharding the data into

16x16 files. The time to load the data from the file system also dropped from 139 seconds to 7

32



seconds.
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Chapter 6: Experimental Setup

The following chapter outlines the experimental setup used to evaluate Plexus, including

the details of the supercomputer platforms we ran on, datasets used, model details, and other

SOTA frameworks we compared against.

6.1 Details of Supercomputer Platforms

Our experiments were conducted on the Perlmutter and Frontier supercomputers. Each

node on Perlmutter has 4 NVIDIA A100 GPUs each with 40GB of HBM2 memory. We use the

80GB nodes for runs on 64 and 128 GPUs for the largest dataset. Each node on Frontier has

4 AMD Instinct MI250X GPUs each with 128GB of HBM2E memory. Each MI250X GPU is

partitioned into two Graphic Compute Dies (GCDs) and each GCD appears as a separate device

to high level frameworks. Whereas the A100 has a peak of 19.5 FP32 TFLOPS, the MI250X has

a peak of 47.9 FP32 TFLOPS. The nodes on both systems have 4 HPE Slingshot 11 NICs each

with an injection bandwidth of 25 GB/s. We use PyTorch Geometric 2.6.1 and PyTorch 2.6.0

with CUDA 12.4 on Perlmutter and ROCm 6.2.4 on Frontier.
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6.2 Description of Model and Datasets

We conduct experiments on a wide range of graph datasets, shown in Table 6.1. The

Reddit dataset is available through PyTorch Geometric and contains post data from September

2014, with nodes as individual posts and edges connecting posts if the same user commented

on both [8]. The ogbn-products dataset is part of the Open Graph Benchmark (OGB) [48] and

depicts Amazon’s product co-purchasing network, where nodes are products sold and edges in-

dicate that the products are purchased together. The Isolate-3-8M is a subgraph of a protein simi-

larity network in HipMCL’s data repository [49]. The products-14M datasets is a larger Amazon

products network [50]. The europe osm dataset, part of the 10th DIMACS Implementation Chal-

lenge [51], represents OpenStreetMap data for Europe, where nodes correspond to geographical

locations, and edges represent roads connecting these points. The ogbn-papers100M dataset, part

of OGB, represents the Microsoft Academic Graph (MAG), where nodes are papers and edges

indicate citation relationships. For the Reddit, ogbn-products, and ogn-papers-100M datasets,

we used the input features and labels that were provided with the datasets. For the Isolate-3-8M,

products-14M, and europe osm datasets, we randomly generated input features with a size of 128

and generate labels with 32 classes based on the distribution of node degrees. Throughout our

experiments, we use 3 GCN layers and a hidden dimension of 128, as increasing the model size

beyond that has diminishing returns on the model’s generalization capabilities as shown in Jia et

al. [10].
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Table 6.1: Details of graph datasets used for experiments.

Dataset # Nodes # Edges # Non-zeros # Features # Classes

Reddit 232,965 57,307,946 114,848,857 602 41
ogbn-products 2,449,029 61,859,140 126,167,053 100 47
Isolate-3-8M 8,745,542 654,620,251 1,317,986,044 128 32
products-14M 14,249,639 115,394,635 245,036,907 128 32
europe osm 50,912,018 54,054,660 159,021,338 128 32
ogbn-papers100M 111,059,956 1,615,685,872 1,726,745,828 100 172

6.3 Other State-of-the-art Frameworks

We compare with SA, a sparsity-aware implementation of CAGNET [22], and BNS-GCN [25],

two SOTA frameworks for distributed full-graph GNN training that evaluate their performance on

hundreds of GPUs as seen in Table 2.1. For SA, we additionally use partitioned files created with

GVB [52], a graph partitioner used by the authors to improve performance. We contacted the au-

thors to confirm that SA is the most recent and best performing implementation of CAGNET. For

BNS-GCN, we use a boundary sampling rate of 1.0 since Plexus makes no approximations and

we are interested in comparing with similar settings. This is akin to vanilla partition parallelism

with METIS. We only compare with these baselines on Perlmutter as we encountered frequent

stability issues and memory errors on Frontier, preventing us from running experiments as reli-

ably. For BNS-GCN, we made a small modificaton to the code which resolved a bug that crashed

training when the boundary size was 0. We also contacted the authors of BNS-GCN regarding

unexpectedly high runtimes with METIS, but didn’t receive a response in time to compare against

it for this work. We train for 10 epochs in each trial and take the average of the last 8 epochs to

account for initial fluctuations. For each experiment, we run 3 independent trials to account for

potential performance variability on the supercomputers and report the average epoch time. We
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also provide proof of our framework’s correctness in Figure 6.1.
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Figure 6.1: Validating Plexus against a serial Pytorch Geometric baseline on 16 GPUs of Perl-
mutter with ogbn-products.
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Chapter 7: Results

In this chapter, we present the results of our experiments across all datasets on both Perl-

mutter and Frontier and compare Plexus against SA, SA+GVB, and BNS-GCN.

7.1 Comparison with SOTA Frameworks

We compare Plexus with the baselines we chose on three datasets - Reddit, Isolate-3-8M,

and products-14M, which have varying sizes. We were planning to show comparison results for

the ogbn-papers100M dataset as well, but ran into some issues. Partitioning ogbn-papers100M

for BNS-GCN either timed out or the job was killed, even when running for 5 hours. SA and

SA+GVB ran out of CPU memory since it instantiates the entire dataset. The results of these

experiments comparing with BNS-GCN, SA, and SA+GVB are shown in Figure 7.3.

On Reddit, we see that SA achieves better performance than Plexus at 4 GPUs, but doesn’t

scale beyond that. SA+GVB has slightly better performance than SA up to 64 GPUs, but also has

poor scaling. Note that we don’t collect data on 4 and 16 GPUs for SA+GVB as we were unable

to receive those partitioned files in time from the authors. BNS-GCN achieves better performance

than both BNS-GCN scales similarly to SA, but is slower in terms of absolute time taken. We

were unable to create 64 partitions for BNS-GCN as it timed out after 30 minutes despite the

small size of the graph, but we observe a clear pattern where both frameworks are unable to scale
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Figure 7.1: Comparison of strong scaling performance of Plexus, SA, SA+GVB, and BNS-GCN
for Reddit on Perlmutter.

on Reddit. Plexus achieves a 9x speedup over SA on 128 GPUs, 6x speedup over BNS-GCN on

32 GPUs, and a 12.5x speedup over SA+GVB on 128 GPUs Compared to the other frameworks,

Plexus scales constistently well up to 128 GPUs.

On Isolate-3-8M, we were unable to run SA or SA+GVB, as they ran out of CPU memory.

Interestingly, we observe that BNS-GCN scales till 64 GPUs and achieves better performance

than Plexus, but rapidly degrades beyond this. Plexus achieves a 3.8x speedup over BNS-GCN

on 256 GPUs and continues to scale well up to 1024 GPUs. BNS-GCN has more fine-grained

communication, where only the boundary nodes communicate, whereas Plexus is more coarse-
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Figure 7.2: Comparison of strong scaling performance of Plexus, SA, SA+GVB, and BNS-GCN
for Isolate-3-8M on Perlmutter.

grained and communicates on the dense outputs. At a smaller scale, BNS-GCN can achieve good

performance due to there being few boundary nodes after METIS partitioning. However, at a

larger scale, there are two issues. Firstly, the partitioner starts to divide denser subgraphs, result-

ing in a larger number of boundary nodes. Secondly, BNS-GCN utilizes the all-to-all collective,

which is naively implemented with pairwise P2P messages. Compared to ring based collectives

used in Plexus where GPUs only communicate with their neighbors, the all-to-all sends more

messages across longer distances, which leads to higher latency. Without sampling boundary

nodes, METIS alone is insufficient for BNS-GCN to achieve comparable performance at scale.
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Figure 7.3: Comparison of strong scaling performance of Plexus, SA, SA+GVB, and BNS-GCN
for products-14M on Perlmutter.

For the products-14M dataset, we observe a similar pattern to Isolate-3-8M, where BNS-

GCN scales well till 64 GPUs, but then the performance drops sharply following that. SA, on the

other hand, starts off with a higher absolute time but is able to scale comparatively better up to 128

GPUs. We tried running it on 256 GPUs, but the job timed out at 20 minutes. SA+GVB performs

better than SA for 8 and 16 GPUs, but has a drastic increase in time after that. We observe that

Plexus scales up to 1024 GPUs and performs better than both frameworks. It achieves a 2.3x

speedup over SA on 128 GPUs and a 4x speedup over BNS-GCN on 256 GPUs.

To understand more about the inflection point between BNS-GCN and Plexus at 64 GPUs,

we look at the time breakdown in Figure 7.4. At 32 GPUs, BNS-GCN completes an epoch faster
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than Plexus primarily due to having a lower communication time, which can be attributed to the

fine-grained communication pattern of partition parallelism. In Plexus, on the other hand, the

communication time is higher since the collectives are performed on the full dense outputs, and

doesn’t have sparsity-aware modifications like SA. The inefficiency of the all-to-all communica-

tion pattern that BNS-GCN employs starts to become evident at 64 GPUs. Another interesting

observation is that the computation scaling for both also differ significantly. While Plexus shows

notable improvements in the computation time from 32 GPUs to 256 GPUs, BNS-GCN’s com-

putation time increases with the number of GPUs. After further investigation, we found that the

total number of nodes across partitions, including boundary nodes, increased from 18M to 22M

from 32 to 256 GPUs. This explains why the local computation of a partition also increases

considerably in addition to the poor scaling of communication.

Overall, we see that Plexus is able to achieve better performance than both BNS-GCN,

SA, and SA+GVB across a variety of datasets. While BNS-GCN and SA have communication

patterns that are more efficient at smaller scales as they take advantage of the sparsity of the

graph, they are unable to perform well at a larger scale. Plexus, on the other hand, is able to

scale well to 1024 GPUs for these datasets and achieves the lowest absolute epoch time when

compared to what the other frameworks achieve. Additionally, the performance of Plexus is

more consistent across different datasets, whereas we see that BNS-GCN and SA’s performance

can vary significantly depending on the characteristics of the dataset, such as worse performance

on Reddit which is a denser graph. Even at a small scale, we see that Plexus is competitive

with other frameworks. This is especially noteworthy given that it requires no graph partitioner.

BNS-GCN uses METIS, which can take on the order of hours for some datasets, and SA uses
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Figure 7.4: Breakdown of epoch times for BNS-GCN and Plexus on 32-128 GPUs of Perlmutter
with products-14M.

GVB, which they mention goes out of memory when trying to create 32 partitions for ogbn-

papers100M. On the other hand, Plexus is able to mitigate most of the load-imbalance caused by

the graph’s structure with its simple double permutation scheme, which takes a few minutes at

most and doesn’t consume excessive amounts of memory.
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Figure 7.5: Strong scaling performance of Plexus for six different datasets of different sizes (Ta-
ble 6.1) on both Perlmutter (left) and Frontier (right). Note that x-axis shows GPUs for perlmutter
and GCDs for Frontier.

7.2 Strong Scaling of Plexus

Apart from the datasets discussed above, we also ran Plexus on three other datasets to

demonstrate its strong scaling capabilities on both Perlmutter and Frontier (Figure 7.5). The

sparsity level of a graph determines the communication to computation ratio in Plexus. Reddit,

a denser graph compared to ogbn-products, scales better. This translates to ogbn-products be-

coming communication-dominated quicker than Reddit, explaining the increasing gap between

the two datasets. This effect can similarly be seen with Isolate-3-8M and products-14M. Even

though products-14M has more nodes than Isolate-3-8M, the latter is denser. This explains why

Isolate-3-8M starts out with a higher time at 16 GPUs when the computation cost is significant,

but products-14M, which is more communication dominated, eventually takes longer after 64

GPUs. We also show results for europe osm on 1024 GPUs and ogbn-papers100M on 2048

GPUs, and see that ogbn-papers100M’s scaling starts to slow down at 2048 GPUs, at which point

the computation cost is marginal. This is to our knowledge the largest number of GPUs that have

been used for parallel full-graph GNN training to date.
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On Frontier, we notice generally better trends for all datasets when compared to Perlmutter.

This is because the SpMM times on AMD GPUs were an order of magnitude higher than on

NVIDIA GPUs, and so training remains computation dominated for longer and Plexus is able to

scale better. The past comparison we made between Reddit and ogbn-products doesn’t hold here,

as we don’t see a growing gap between the two datasets. Similarly, we see that Isolate-3-8M

consistently takes more time than products-14M because of its higher number of edges, and both

only start to get close at 512 GCDs. We see that europe osm, which is a sparser graph than both

products-14M and Isolate-3-8M, has slower scaling than these two and the gap between them

starts to grow because of its higher communication-to-computation ratio. Finally, we see that

Plexus demonstrates impressive scaling for ogbn-papers100M, which is the largest graph we ran

with, for up to 2048 GCDs.
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Chapter 8: Future Directions and Conclusion

We discuss a promising future direction to make Plexus performant across a wide range

of GPU counts, and also summarize the contributions of this thesis in making parallel full-graph

GNN training efficient and practical.

8.1 Sparsity-Aware All-reduce

While Plexus performs demonstrates impressive performance on larger scales, where the

benefits of 3D parallelism outweigh the practical limitations of current sparsity-aware approaches,

it could be further improved at a smaller scale. The current implementation of Plexus uses a reg-

ular all-reduce operation, where the entire matrix is communicated. However, taking advantage

of the graph’s sparsity could be beneficial on a lower number of GPUs, as seen earlier in Sec-

tion 7.1. Specifically, in Plexus, this could be implemented by each GPU only receiving the rows

of the matrix that are needed for its computation in the next layer. This could be implemented

by keeping track of the adjacency shard’s nonzero columns and only communicating the corre-

sponding rows in the previous layer. The all-reduce operation would then effectively become

an all-to-all operation, where each GPU communicates the rows needed by all other GPUs in

the process group. Further work could be done to optimize the all-to-all operation, which we

observed scales poorly due to naive implementations. These efforts could be combined with the

46



existing framework to create a hybrid approach that performs efficiently across all GPU counts.

8.2 Summary

GNN training has often relied on approximations such as mini-batch sampling due to the

high memory requirements of large graphs. In the absence of efficient and scalable full-graph al-

ternatives, this approach has become the default in many modern frameworks. We present Plexus,

a three-dimensional parallel framework for distributed full-graph GNN training that adapts Agar-

wal et al.’s 3D parallel matrix multiplication algorithm [12] to scale to thousands of GPUs for

billion-edge graphs. Plexus includes a performance model that selects an optimal 3D configura-

tion based on communication and computation costs, and incorporates several optimizations to

further enhance performance. These include a double permutation scheme to reduce load imbal-

ance, blocked aggregation to minimize variability, and others. Plexus also offers an easy-to-use

API, eliminating the need for a graph partitioner and featuring a parallel data loading utility that

reduces CPU memory usage. Overall, this work marks a significant step forward in making

full-graph GNN training, which is a notoriously challenging problem to scale, both efficient and

practical.
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