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arge-scale graphs are a natural way of modeling entities with complex relationships. 
Irregular structures and relationships complicate the processing of these large-scale 
graphs. Partitioning enables efficient processing of these graphs; however, it may result 

in information loss and imbalanced workload distribution. The processing of large graphs is 
greatly limited by these challenges as they make it difficult to scale and efficiently process them. 
This paper provides a large-scale graph processing framework that involves graph partitioning 
and thread grouping to enhance memory usage and computational efficiency of a GPU-based 
system. The proposed partitioning algorithm creates subgraphs with minimum cross-partitions 
and minimum cross-partition edges. A thread grouping algorithm efficiently processes these 
partitions in parallel, minimizing inter-partition connectivity. It creates an execution pack of 
partitions that can be efficiently processed on a GPU at runtime based on available memory, 
while allowing hardware resources to be used elastically. The GraphSAGE architecture is used 
to evaluate the framework with several real-world benchmark datasets, such as OGBN-
Products, Reddit, and LiveJournal. The experimental findings indicate that the proposed 
execution strategy achieves a substantial decrease in memory pressure and preserves 
competitive classification accuracy. The proposed work provides better stability and scalability 
of training without compromising the performance of the model, which is well-suited for the 
efficient processing of large-scale graphs. 
Keywords: Graph Partitioning, Large-Scale Graphs, Distributed Computing, GPU 
Acceleration.  
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Introduction: 
Large-scale graphs represent a huge amount of data using nodes and edges. They have 

the ability to model complex relationships between objects and handle various sizes of 
structured data. The applications of large-scale graphs are found in social network analysis, 
recommendation systems, drug discovery, and knowledge graph reasoning. Efficient 
processing allows us to extract useful knowledge from these systems in a realistic time, and it 
will allow applications to handle millions or billions of nodes and edges, scale without 
exponential increases in execution time, avoid frequent system redesign, and result in less 
memory usage of the GPU and CPU. Processing a large-scale graph is very challenging and 
requires a significant amount of memory, time, and resources. To save time and resources, the 
large-scale graph is divided into subgraphs, where each subgraph contains a subset of nodes 
and edges. After that, the set of nodes is partitioned into mutually exclusive groups. Edges of 
the original graph that cross between the groups will produce edges in the partitioned graph. 
Large graphs cannot be represented on the GPU or even in the main memory as a whole. 
Poor processing results in Out-of-memory errors, unnecessary transfers between CPU and 
GPU, and wasted computational resource. For this purpose, SMEP is a new graph partitioning 
framework that aims to connect traditional partitioning methods with efficient runtime 
execution for large-scale graph processing. While most existing algorithms focus on 
optimizing structural metrics, SMEP takes an execution-oriented approach. It considers graph 
partitioning, memory estimation, execution needs, and thread grouping all at once during 
partition construction. This approach allows the resulting partitions to run through the thread 
grouping mechanism directly on GPU platforms, which helps cut down on repeated data 
transfers, synchronization delays, and memory waste. 

Popular multilevel partitioning algorithms like METIS and KaHIP focus on reducing 
edge cuts and balancing partition sizes by coarsening and refining the graph. These methods 
create high-quality partitions but do not address GPU memory limits or runtime scheduling. 
Cluster-GCN, for example, speeds up graph neural network training by clustering the graph 
into mini-batches, but its main goal is to improve GNN training, not general-purpose 
partitioning or execution management. SMEP, on the other hand, combines partition creation 
with execution-aware scheduling. It creates execution packs that take GPU memory, resource 
use, and execution dependencies into account. 

SMEP also uses a streaming partition construction method along with thread 
grouping. This lets large graphs be processed without needing the whole graph in the GPU 
memory at once. The design boosts scalability while keeping partition quality and making good 
use of resources. By bringing together graph partitioning and execution-aware scheduling in 
one framework, SMEP offers a practical solution for large-scale GPU-based graph processing 
that goes beyond what current partitioning frameworks can do. Overall, the central 
contribution of our work is as follows: 

A graph partitioning algorithm is designed for large-scale graphs to minimize 
information loss and improve load imbalance. 

A new thread grouping mechanism is proposed to enable parallel execution on 
heterogeneous systems. 
Related Work: 

Training and inference in Graph Neural Networks (GNNs) also require efficient 
processing of large-scale graphs, concentrating on the concept of parallel and distributed 
computation to boost performance. In addition, the need to incorporate pipelining and 
staleness management into GNN computation is mentioned [1]. The issue of excessive 
memory usage during graph partitioning, particularly on large graphs, as discussed in the paper, 
is one of the major hindrances to the effective scaling of algorithms. TeraPart is a multilevel 
graph partitioning technique that uses low memory footprints compared to other partitioning 
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algorithms, and does not compromise the quality or speed of the solution [2]. Omolayo et al. 
discuss why graph partitioning is a crucial concept to improve the scalability of distributed 
graph databases, load balancing, and query performance. The purpose of this paper is to 
systematically compare four partitioning algorithms (Random Vertex, Metis-based, Random 
Edge, and HDRF) between edge-cut and vertex-cut paradigms, based on their performance 
in different graph structures and workloads [3]. The large computational needs and the 
required memory in the GPUs limit GNNs to balance the efficiency of execution and 
prediction accuracy, especially when working with large-scale graphs. The LPS-GNN 
framework employs performance and efficiency enhancement strategies, graph partitioning, 
and subgraph augmentation techniques [4]. The challenges that dynamic graphs create to 
represent real-life entities and their ever-evolving relationships require an efficient processing 
capability to accommodate these changes and generate timely analysis output [5]. Expensive 
communication and low GPU utilization are major challenges in current systems used to train 
graph neural networks (GNNs) on large graphs. This paper suggests a framework named 
Distributed Sampling and Pipelining, which employs a custom data arrangement and proposes 
a collective sampling primitive to increase GPU usage and reduce communication expenses 
[6]. The underlying issue of assigning a graph into blocks that are of approximately equal 
weight with the least number of edge cuts is vital in parallel processing applications. The paper 
presents deep multilevel graph partitioning, which combines recursive bipartitioning and direct 
k-way partitioning to improve performance and quality when block numbers are large [7]. The 
difficulty of defining the graph partitioning algorithm as a multi-objective optimization task, 
which involves load balance and communication balance. The paper treats graph partitioning 
as a multi-objective constrained optimization problem with the emphasis on load balance and 
the communication overhead. In order to obtain the best partitioning result, an improved 
version of the NSGA-II algorithm is offered [8]. High-quality graph partitioning is important 
to achieve optimal performance. The current methods do not fully exploit the capabilities of 
modern GPUs, suggesting that further work on applying parallel algorithms to partition 
refinement is possible. Jet is a new parallel algorithm designed to refine partitioning on GPUs, 
with the aim of achieving higher quality than state-of-the-art algorithms [9]. The challenge of 
distributed training of GNNs on billion-scale graphs, focusing on minimizing cross-machine 
communication through effective partitioning algorithm [10]. Deep learning workload 
scheduling challenges related to GPU datacenters. The purpose of the document is to describe 
current deep learning workload scheduling approaches, highlighting their objectives, their 
benefits and the need for more efficient scheduling techniques [11]. Using multilevel 
refinement strategies, traditional graph partitioning algorithm such as METIS and KAHIP 
focus on producing high-quality partitions. METIS performs a lot of tremendous work and is 
still considered one of the most efficient algorithms. However, these methods are increasingly 
unstable for large-scale graphs due to their high memory requirements, global, and multiple 
refinement passes [12][13][14][15]. Cache contention in GPUs because of massive parallelism 
has been shown to cause performance degradation and energy waste. The paper presents 
PAVER, a Priority-Aware Vertex scheduler, which is theoretically graph-based on 
optimization of thread scheduling by analyzing the cache locality of thread blocks [16]. Y. Lu 
et al. discuss the difficulties of high performance with respect to the use of GPUs in graph 
processing, such as load imbalance and underutilization of hardware. GraphPEG: A graph 
processing engine that improves the performance of graph processing through a combination 
of automatic collection of edges with fine-grain distribution of work [17]. The complexity of 
working with large-scale graphs, especially at irregular access patterns in memory, creates 
performance decay in both CPUs and GPUs. FPGA processing engine that maximizes data 
transfers and a framework for using FPGA clusters, in an effort to increase their performance 
by optimally partitioning graphs [18]. Accomplishing high performance on fine-grained 
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parallel architectures that have traditionally not supported large-scale graph computations. 
Through tests and simulations of graph algorithms such as Breadth-First Search and 
PageRank, showing notable gains in performance over current systems [19]. In applications 
such as fraud detection and social network analysis, the NP-hard problem of temporal 
subgraph matching in large graphs is essential. In order to improve performance and 
scalability, this paper presents GTSM, a GPU-optimized system with a heterogeneous BFS-
DFS execution model, memory-bound optimization, and a multi-edge-centric paradigm [20]. 
Large-scale graph processing systems face the difficulties of GPU memory over-subscription 
and the requirement for effective CPU-GPU cooperative processing. In order to overcome 
GPU memory constraints, this paper proposes CGgraph, an ultra-fast CPU-GPU graph 
processing system that balances CPU and GPU workloads and extracts a reusable subgraph 
[21]. Effective handling of massive streaming graphs that are larger than the GPU's memory 
capacity, resulting in significant data transfer overhead from the CPU to the GPU because of 
redundant graph accesses during continuous computation. Grapin is an out-of-memory GPU 
streaming graph processing system that uses a lightweight GPU hot subgraph management 
framework [22]. The challenges of efficiently processing dynamically changing graph data are 
highlighted by the growing demand for large-scale concurrent graph processing due to the 
growth of user scale and application data. CGCGraph is a solution designed to transfer 
unshared graph data to the CPU [23]. Ineffective state propagation of active vertices along the 
graph causes long convergence times in out-of-GPU-memory systems for iterative processing 
of large-scale graphs. LargeGraph is a system that improves parallelism paths and reduces data 
access costs by using a dependency-aware data-driven execution approach to increase the 
efficiency of state propagation [24]. In order to minimize redundant operations and maximize 
GPU utilization, this paper proposes a novel processing scheme that uses dynamic scheduling 
and operation reduction to process large-scale dynamic graphs efficiently, especially when 
dealing with repeated data transmission and processing during operations [25]. Graph 
processing faces challenges such as low communication ratios and poor data locality. 
Addressing these issues is crucial for improving performance in real-world applications that 
rely on efficient graph processing. ASGraph, a ReRAM-based graph processing accelerator 
based on dependency-sensitive [26]. The problem of subgraph enumeration is a very important 
issue in graph analytics that seeks to locate all instances of a query graph within a larger data 
graph. HUGE has an enhanced execution plan optimizer, a hybrid communication layer, and 
a two-stage execution mode. It uses a BFS/DFS-adaptive-scheduler that can manage memory 
consumption [27]. Efficient memory access for Out-of-memory graph traversal in GPUs 
(EMOGI) is a method for efficient graph traversal in GPUs that addresses the challenges of 
accessing large graphs stored in host memory, improving performance through optimized 
memory [28]. Graph compression has pointed to the possibility of direct processing of 
compressed graphs, although issues are still present about the memory usage and compression 
time. The introduction of Laconic solves these problems and offers a solution that minimizes 
memory usage [29]. The challenge of efficiently sampling graphs for representation learning 
algorithms is crucial for training deep neural networks (DNNs), because it can constitute a 
large portion of the overall training time and existing systems struggle to parallelize this process 
effectively. This paper introduces NextDoor, a system designed to perform graph sampling 
on GPUs using a novel approach called transit-parallelism, which enhances load balancing and 
edge caching [30]. 
Streaming Multilevel Execution Partitioning (SMEP): 

SMEP is the new proposed graph partitioning algorithm, which is designed to bridge 
the gap between graph partitioning and efficient runtime execution in large-scale graph 
processing. The proposed algorithm introduces an integrated execution-oriented partitioning 
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strategy that simultaneously considers memory estimation, execution awareness, and 
partitioning rather than optimizing only the structural properties of the graph. 

In a single-pass system, the algorithm sees each edge exactly once. It does not store 
the graph in a temporary buffer to look at it again later. This allows the system to process the 
graphs that are much larger than the available RAM. SMEP handles massive graphs in a single 
pass. In order to partition a graph, there is a need to keep track of where every node has been 
placed. For a graph with 500 million nodes, this mapping table can be massive. SMEP uses a 
compact data structure to ensure that the metadata does not become a bottleneck that crashes 
the system. Execution awareness is the most critical feature of SMEP. Traditional partitioners 
might create partitions that are perfect but 12GB in size. If the GPU only has 8GB of VRAM, 
that partition is useless. Treats memory as a hard constraint. If a partition reaches the GPU's 
memory limit, SMEP will stop adding data to it, even if it results in a slightly higher edge cut. 
This ensures that the graph runs without Out of Memory (OOM) errors. Low overhead, many 
partitioning tools (like METIS) perform an initial rough cut and then spend a long time 
refining the boundaries to improve it better. SMEP skip this. The goal is to get the graph ready 
for computation as quickly as possible. SMEP aims for good enough partitions as fast as 
possible. The overall farmwork of the proposed work is visually mentioned in Figure 1. SMEP 
operates in three conceptual stages: 
Initialization: In lines (1-4), the algorithm starts initialization and does not process the entire 
graph at once. Breaks the list of edges into chunks(C). Instead of processing one edge at a 
time (which is too short-sighted), it looks at a small batch of edges. Tracks part_sizes and 
neighbor_stats (where a node's neighbors are currently located). 
Streaming Multilevel Assignment: Lines (7-9), for the very first chunk of data, the 
algorithm has no history to go on. It uses a Seed Partition function to spread the nodes across 
the partitions P. 
Execution-Aware: In lines (11-20), for every subsequent chunk, the algorithm performs a 
balancing act for every unassigned node (v). Neighbor Affinity calculates how many of node 
v's neighbors are already in each partition, and the goal is to minimize communication. 
Capacity penalty; here the execution-aware design comes in to play. The algorithm determines 
a penalty according to the completeness of a partition. Penalty is very high in case a partition 
is almost full. 
Partition Metadata: 

The partition metadata is important in partitioning the graph prior to the start of any 
computation. Its main role is to map out a small and effective map where the individual bits 
of the graph are located. Simply put, it identifies each node with a node partition ID (V) that 
is associated with a partition ID (P), establishing a distinct vertex-to-partition connection. This 
mapping is necessary as soon as downstream processing begins when the system needs to 
know fast the partition that has to provide information about a particular node. Instead of 
using complex or storage-intensive solutions, such as large databases, the solution is 
lightweight and intentional. This not only lessens the memory overhead but also makes lookup 
quicker during execution. This will result in a system that knows where to send or get data 
without unnecessary complexity or delays, making graph processing efficient and smooth. 
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Figure 1. overview of the proposed SMEP-based methodology, from streaming graph 

ingestion through partitioning thread grouping, execution-pack formation, and scheduled 
GPU execution. 

Algorithm 1: SMEP Algorithm 

1:  Input: G = (V, E), number of partitions k, batch size B, soft capacity Csoft 

2:  Output: Partition assignment array parts[v] for all v ∈ V 

3:  Initialize parts[v] ← ⊥ for all v ∈ V 

4:  Initialize part_size[p] ← 0 for all p ∈ {0, …, k−1} 

5:  Initialize neighbor_stats[v][p] ← 0 for all v ∈ V, p ∈ {0, …, k−1} 
6:  Partition edge list E into batches E1, E2, …, each of size B 
7:  for each batch Ei (in order) do 
8:  nodesi ← unique vertices incident to Ei 
9:  if i = 1 then 

10:  parts[v] ← SeedPartition(Ei, k) for each v ∈ nodesi 
11:  Update part_size and neighbor_stats using Ei 
12:  else 

13:  for each v ∈ nodesi do 

14:  if parts[v] = ⊥ then 
15:  scores ← NeighborAffinity(v, Ei, parts) 
16:  penalty[p] ← part_size[p] / Csoft for all p 
17:  adjusted[p] ← scores[p] / (1 + penalty[p]) for all p 
18:  p* ← argmaxp adjusted[p] 
19:  parts[v] ← p* 
20:  part_size[p*] ← part_size[p*] + 1 
21:  end if 
22:  end for 
23:  end if 
24:  end for 
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Time and Space Complexity Analysis: 
Let |v| and |E| denote the number of vertices and edges of the input graph G = (V, 

E), respectively; let P denote the number of partitions and let C denote the edge-chunk size, so 
that the number of chunks processed is [|E|/C] and let d(v) denote the degree of vertex v. 

Table 1. summarizes the operation and cost contribution by each line 

Line Operation Cost 

3 Initialize parts[v] = −1 for all v O(|V|) 

4 Initialize part_sizes[p] = 0 O(P) 

5 Initialize neighbor_stats[v][p] = 0 O(|V| · P) 

6 Partition E into chunks of size C O(|E|) 

7-9 ⌈|E|/C⌉ chunks; extract unique vertices per chunk O(|E|) total (hash set) 

10 SeedPartition on first O(C) 

11 Update part_sizes / neighbor_stats after seeding O(C) 

13-
21 

For each unassigned vertex: compute NeighborAffinity 
(length-P score vector), apply penalty, take argmax over P 

O(P) per vertex 

Time Complexity: By aggregating the per-line costs presented in Table 1 and applying the 
previously discussed amortization argument, the total running time of SMEP is determined as 
follows: 

T (|V|, |E|, P) = O(|V|) + O (|V| · P) +O(|E|) +O (|V| · P) 
T = O (|E|+|V|.P) 

This bound is linear in the input size (|E|) plus a term linear in |V| scaled by P. 
Consequently, SMEP operates as an effectively linear-time algorithm. 
Space complexity: Table 2 summarizes the space complexity of each algorithm component by 
defining them partially. 
Table 2. Lists the auxiliary data structures maintained by SMEP and their memory footprint. 

structure size 

parts[v] O(|V|) 

part_sizes[p] O(P) 

neighbor_stats[v][p] O(|V| · P) 

Current chunk buffer Ei O(C) (streamed, not held in full) 

Input graph  O(|V| + |E|) 

Aggregating these terms, the overall time complexity of SMEP is: 
S = O(|V|.P + |E|) 

The dominant auxiliary term is O(|V|.P), arising from the dense |V|× P neighbor 
stats; the streaming chunk buffer contributes only O(C) at any given time, since the full edge 
set need not be resident in memory. 
Memory Estimation: 

Beyond simple metrics including the number of nodes, memory estimation provides 
an algorithm an execution-focused perspective. It determines the actual memory footprint, or 
the number of bytes required to store an entire partition, compared to just counting the n 
umber of vertices. This comprises not just the nodes but also the edges connected to them, 
which may account for a significant portion of the overall memory usage. This estimation is 
directly related to the part_size value that will be utilized in SMEP algorithm. By constantly 
evaluating memory requirements as partitions are constructed, the system obtains a realistic 
view of resources utilization. The real-world advantages is that it has no limitations by the 
current memory constraints, which is typical problem associated with conventional 
partitioning techniques. In this way, it provides a smoother execution, fewer runtime errors, 
and more stable handling large-scale graph processing. 
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Cut Edge Tracking: 
Whenever an edge’s two ends are in neighboring partitions, it is commonly referred to 

a cut edge. As an example, when one node (A) is on a single GPU and another node (B) is on 
another. These edges are expensive, rather than enjoying the fast, local access to memory, and 
add latency. This part is constantly measuring the edge-cut, which provides a real-time 
measurement of the quality of the graph partitioning. A low ratio suggests that most of the 
connected nodes are kept together, leading to efficient computation. An increasing number of 
cut edges is an indication that an excessive number of connections are being divided between 
partitions. Once this occurs, the algorithm reacts by changing its strategy, and tries to retain 
adjacent nodes in the same partition, as long as the memory can accommodate it. By doing so, 
the state-of-the-art tracking does not only assess the performance, but also helps steer the 
partitioning process towards a more communication-efficient structure. 
Thread Grouping: 

The SMEP framework suggests a technique for organizing graph partitions into 
execution packs of threads before GNN training begins. Rather than distributing each graph 
partition across an independent execution thread, partitions that share a high level of 
connectivity and conform to the GPU's memory limitations are combined into one execution 
pack. The procedure involves selection of the largest partition as the starting point for an 
execution pack. Next, the remaining partitions are sorted according to their connectivity score, 
which is calculated as the ratio of the number of edges between partitions and their memory 
requirement estimate. The partition with the highest score is added to the pack sequentially 
until the total memory consumption of all the members exceeds the available GPU memory. 
When no further partition can be added, a new pack is initialized, and the procedure is 
repeated. 
Scheduling Policy: 

The scheduling policy is based on a memory-aware execution model. Execution packs 
are scheduled in parallel, and before running an execution pack, the scheduler predicts its 
memory requirements and checks whether there is enough memory on the GPU after 
reserving a safety margin. In case there is enough memory, the scheduler merges all partitions 
in the execution pack into one subgraph and executes the subgraph. Otherwise, the scheduler 
automatically resorts to running the partitions separately without failing due to lack of 
memory, thereby keeping execution seamless. There is another stage of adaptive elastic 
scheduling, where the initial execution packs are further optimized by merging small execution 
packs or splitting large ones depending on the available GPU memory. 
Synchronization Strategy: 

The thread-grouping strategy relies on lightweight synchronization to handle data 
movement and computations. When GPU prefetching is enabled, the execution pack is 
transferred to device memory using a CUDA stream. At the same time, the default execution 
stream processes the previous execution pack. The synchronization points on the stream, 
makes sure all memory copies finish before the kernel runs. After training on the current 
execution pack ends, the GPU caches are cleared, memory is synchronized, and the next 
execution pack is scheduled. 
Execution Pack: 

Graph processing has been performed [31][32][33][34][35][36]. After the GP and 
thread grouping, there is a need to process these partition schemes in parallel on GPUs. Here, 
we need to devise a thread-grouping mechanism and an execution pack. An execution pack 
dynamically adjusts the workload distribution the workload distribution at runtime based on 
available resources and execution imbalance. In graph partitioning, workloads are often 
irregular (because graphs are sparse, dense, and skewed). Some partitions end up being heavier 
(more edges, higher-degree nodes) than others. EP ensures work stealing, migration, and 
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dynamic scheduling are possible, so overloaded processors hand off tasks to underloaded 
ones. Lines 1-7. It starts by sorting partitions by size (M(p)), from largest to smallest. 

Algorithm 2: Thread Grouping 

1: Input: Partition set 𝒫 = {0,…,k−1}, memory function M(p), pairwise weight 
function W(p,q), pack capacity C 
2:  Output: Set of execution packs Π = {pack1, …, packK} 

3:  Sort 𝒫 by decreasing M(p) 

4:  Unassigned ← 𝒫 

5:  Π ← ∅ 

6:  while unassigned ≠ ∅ do 

7:  seed ← argmaxp∈Unassigned M(p) 
8:  pack ← {seed};  mem ← M(seed) 
9:  Remove seed from Unassigned 
10:  while true do 

11:  q* ← argmaxq∈Unassigned W(q,pack)/M(q), where W(q,pack): = Σp∈pack W(q,p) 

12:  if Unassigned = ∅ then break 
13:  if mem + M(q*) ≤ C then 

14:  pack ← pack ∪ {q*};  mem ← mem + M(q*) 
15:  Remove q* from Unassigned 
16:  else 
17:  break 
18:  end if 
19:  end while 

20:  Π ← Π ∪ {pack} 
21:  end while 
22:  return Π 

The seed picks the largest remaining partition to start a new pack. In line (10), the 
algorithm selects the partition (q) to add to the current pack by maximizing the following ratio: 

𝑤 (q, pack)

M(q)
 

W (q, pack): The strength of the connection (edge weight) between partition $q$ and 
the partitions already in the pack. M(q) is the memory size of partition q. Lines (11–15), before 
adding partition q to the pack, it checks: 

mem + M (q) ≤ C 
Where C is the GPU's total memory capacity. If the pack is already too full to fit the 

partition q, it closes that pack and starts a new one. This ensures that no pack will ever trigger 
an out-of-memory error when loaded onto a GPU. 
Time complexity: Thread Grouping runs in O(n²) time when the scores W (q, pack) are 
maintained incrementally or O(n³) if recomputed from scratch each trial, where n is the 
number of partitions. This bound comes from two independent sources that happen to 
coincide in order: the O(n²) cost of shifting elements during array-based removal, and the 
O(n²) (cached) or O(n³) cost of scanning Unassigned to select the best score at each step. The 
O(n log n) sort and the O(n) seed-selection cost are dominated by these terms. 
Space complexity: The algorithm uses O(n²) space mainly because of the dense pairwise 
weight matrix W(p,q). If weights are stored sparsely, space drops to O (n + m), where m is the 
number of partition pairs with nonzero weights. All other structures, such as P, M(p), 
Unassigned, pack, and execution packs, need only O(n) space. 
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Work Stealing: 
Each processor maintains its own partition queue. When a processor becomes idle, it 

looks for other busy processors and attempts to take a partition from one of their queues, as 
shown in Figure 2, where the processor's queue is filled with partitions p1, p2, p3, p4, p5, and 
p6, which represent busy processors, while another processor represents the idle queue, which 
is looking to steal partitions from the busy queues to steal them and fill the idle queue. This 
approach is highly scalable because it avoids a single, centralized scheduler. It is often used in 
systems with a high degree of parallelism and is especially effective for irregular workloads 
where task run times are unpredictable. 

 
Figure 2. Work-Stealing mechanism: idle preprocessors pull partition from the queues of 

busy processors to keep the GPU utilization high under irregular workloads 
Work Migration: 

In graph processing, a processor is considered overloaded when it has too many active 
nodes to process, experiences high communication due to many edges crossing to other 
partitions, has long message queues waiting to be processed, or faces GPU memory pressure. 
Once overload is detected, the system selects a suitable graph partition to migrate, such as a 
subgraph with fewer connections to other partitions or a cluster with minimal cross-partition 
dependencies. The graph partition is then distributed to various processors, either across a 
network in a distributed system or in a multi-GPU system. 
Dynamic Scheduling: 

Dynamic scheduling operates differently. It does not make scheduling decisions on a 
fixed basis, but in response to the current state of the system, the length of processor queues, 
the activity of the devices, the pressure of the memory, and even the delays in the 
communications. Two mechanisms, namely work stealing and migration, make this possible. 
These techniques transform scheduling from a static to a dynamic process. This results in 
increased resource utilization, decreased idle time, and a responsive system. 
Requirement of Execution Pack: 
Mapping: Each subgraph must be mapped to the CPU cores or GPU’s memory blocks, or 
even many GPUs after partitioning. These mappings are arranged into units of work by the 
execution pack for effective dispatch. 
Dependency: When a graph is divided into several partitions, dependency management 
becomes essential. Some partitions rely on data generated by others, especially when cross-
partition edges are present. In these situations, computations proceed at random and the 
execution pack carefully organizes the sequence of computation. In order to ensure that any 
necessary data is available before a partition starts working, dependencies are handled first. As 
a result, there are fewer synchronization problems and less idle waiting, resulting in a 
controlled execution flow. 
Load Balancing: Some partitions are very light, while others contain extensive features and 
dense connections. By dynamically altering the arrangement and processing of partitions, the 
execution pack corrects this imbalance. Lighter partitions are combined to preserve efficiency, 
while heavier ones are divided or scheduled. 
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Communication Minimization: Instead of scheduling partitions randomly, the execution 
pack carefully groups them in a way that minimizes the need for frequent data exchange across 
GPUs. By keeping computations within memory limits and avoiding excessive data 
movement, the execution pack enables efficient execution, better resource utilization. 
Parallelism Control: Due to data dependencies or GPU limitations, not all partitions can run 
concurrently. To maximize concurrency without compromising correctness, the execution 
pack divides partitions into execution rounds. 
Execution Round: 

An execution round is the scheduling cycle in which execution packs are processed in 
parallel on available hardware. It is required to respect memory limits, synchronization 
dependencies, and load balancing. Not all packs can be run simultaneously; rounds allow 
controlled scheduling across available devices. 
Need for Execution Round: Not every execution pack can be executed at the same time, 
rounds can be scheduled on available devices. 
Parallelism Control: Each round executes as many packs as hardware allows because rounds 
maximize concurrency while respecting synchronization barriers. 
Load Balancing: Rounds help to spread irregular workload. If one pack is very heavy, the 
scheduler can pair it with lighter packs in that round. 

A Single GPU executes packs sequentially, round by round. Each round is equal to 
one pack. In multi-GPUs, dispatch as many EPs as GPUs. Similarly, in a distributed system, 
the packs are grouped per node to minimize cross-node communication, and synchronization 
occurs at the end of each round before moving to the next. 
Scheduler: 

After graph partitioning, execution pack, and execution round, the scheduler decides 
when, where, and how each pack is executed across a heterogeneous system. A visual 
representation of the scheduler is shown in Figure 3. 
Working of the Scheduler: 
Input to scheduler: The scheduler receives the execution pack, hardware resource 
information (e.g., number of GPUs, memory per GPU), and dependencies (boundary node 
communication and inter-pack communication). The scheduler assigns each EP to a GPU 
device and ensures that each pack fits the memory constraints. The core responsibility of the 
scheduler is given below: 
Round Formation: Groups of packs are organized into execution rounds based on available 
devices. If 4 GPUs exist and 12 packs → 3 rounds (4 packs per round). 
Communication Scheduling: Minimizes cross-GPU data exchange and schedules 
communication overlap with computation (while GPU0 computes, GPU1 transfers boundary 
data). 
Dynamic Load Balancing: Some partitions are heavier; a scheduler can split heavy packs or 
pair them with lighter ones. 
Fault Tolerance: When a GPU or node fails or starts to perform poorly. The scheduler reacts 
by redistributing the affected execution pack to other available devices. 
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Figure 3. Responsibilities of the scheduler in coordinating round formation, communication 

scheduling, dynamic load balancing, and fault tolerance across GPU device. 
Result and Discussion: 

The practical implementation of the proposed work is discussed in this section, which 
turns the methodology into an executable system that can effectively train large-scale graph 
datasets on GPU hardware. Table 3 provides a detailed description of all the datasets used in 
the work, which are widely used benchmark datasets that represent large-scale real-world 
graphs with varying structural properties.  

Table 3. Dataset Characteristics 

Dataset Nodes Edges Features Classes 

OGBN-PR 2.45M 61.8M 100 47 

Reddit 232,965 11.6M 602 41 

LiveJournal 4.85M 68.9M None None 

Dataset Preprocessing: 
For the purpose of assessing the framework, three openly accessible benchmark 

datasets, namely Reddit, OGBN-Products, and LiveJournal, were chosen since they represent 
large-scale graphs with varied structural properties. Prior to the partitioning, each dataset was 
first converted to PyG format to enable compatibility between the framework and the data. 
Since some datasets did not include full information regarding the node features and labels, 
degree-based features and dummy labels were generated to ensure a consistent dataset format 
throughout the experiments. Similarly, where predefined train/validation/test masks were 
missing, the nodes were randomly partitioned into training (60%), validation (20%), and test 
(20%) partitions. 

After preprocessing, the graph datasets were partitioned using the proposed Streaming 
Memory-aware Execution Partitioning (SMEP) algorithm. The partitions created are self-
contained while maintaining the necessary structural connections to enable effective GNN 
learning. The partitions are then further utilized within the execution framework to assess the 
performance of the proposed solution in terms of execution times, memory usage, and model 
accuracy. 
Environmental Details: 

The local evaluation of the new SMEP algorithm, its comparison with METIS, and 
the execution times for SMEP thread group formation were carried out on 8 machines in the 
local environment. As METIS is CPU-centric, it cannot perform partitioning on the GPU due 
to the GPU's limited memory. SMEP uses a multi-core system to explore the complex 
structure of the large graphs, enabling efficient graph partitioning into smaller subgraphs. For 
parallel execution of packs, the framework uses the GPU's hardware. This is crucial as 
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fundamental libraries such as PyTorch Geometric and DGL are tightly linked to the CUDA 
(Compute Unified Device Architecture) environment. Additionally, the thread grouping policy 
(hardware optimization) demands fine-grained control over threads, which is achieved 
through the ZOTAC GAMING GeForce GTX1660 SUPER GPU. The experiments are 
conducted with Python 3.12, PyTorch 2.3.0, PyTorch Geometric 2.x, and CUDA 12.0. 
GraphSAGE: 

GraphSAGE is preferred because it is capable of doing inductive learning: therefore, 
new node embeddings can be produced without training the whole network. It leverages a 
sampling and aggregation mechanism to learn generalized functions that generate embeddings 
for previously unseen nodes or subgraphs. Through fixed-size neighborhood sampling, the 
memory usage of each mini-batch is consistent. It is possible for frameworks to perform mini-
batch training on large graphs that have billions of nodes, all while remaining within available 
GPU VRAM. GraphSAGE brought about mini-batch training capabilities for graphs. 
GraphSAGE design patterns are implemented in frameworks such as PyTorch Geometric 
(PyG) and DGL natively. In real-world systems, there is a creation of new nodes, through 
GraphSAGE, frameworks can infer embeddings of new nodes by passing them through the 
network once. In contrast to the GCN model, which generally needs graph propagation on 
the entire graph, GraphSage uses the technique of neighborhood sampling, which fits perfectly 
well with the suggested partitioning strategy. In comparison with the GAT model, 
GraphSAGE has considerably lower computational complexity since it does not use attention 
mechanism for all edges of the graph. Despite having better expressive power than 
GraphSAGE, the GIN model is computational expensive. 
Comparison with Reddit: 

Based on the experimental results for the Reddit dataset, here is a detailed analysis of 
the two algorithms mentioned in Table 4. At 4 partitions, SMEP completes the task in 56s, 
whereas METIS takes 450s. This is a 10.6x speedup. METIS time fluctuates significantly while 
SMEP remains incredibly stable. Throughout all tests, SMEP maintains a partitioning time 
between 56s and 68s. As the number of partitions increases from 4 to 128, SMEP's execution 
time decreases by 12s (21%). METIS shows an unusual trend where it is slowest at the lowest 
partition count. 

Table 4. SMEP vs METIS Partitioning time for the Reddit 

Partitions Metis(s) SMEP(s) 

4 450 56 

8 487 57 

16 490 59 

32 491 61 

64 500 58 

128 501 68 

This shows that METIS struggles with the initial global structure analysis of the Reddit 
graph. However, the SMEP algorithm handles the initial data ingestion much more efficiently. 
SMEP achieves its 10x speed advantage without requiring any additional memory compared 
to METIS, proving that it is a more computationally efficient algorithm for large-scale graphs. 

Without thread grouping, METIS shows significantly higher execution times across all 
partition sizes. With 4 partitions, METIS takes 69.75 seconds, whereas SMEP completes in 
only 42.43 seconds. Even when the number of partitions is increased to 128, METIS still 
requires 240.38s, whereas SMEP takes just 105.06s, as shown in Table 5. This shows that 
SMEP consistently outperforms METIS in execution time. SMEP is an execution-aware 
design that reduces communication overhead and improves execution efficiency. is shown in 
Figure 4.  With thread grouping, both methods show performance improvements. SMEP 
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maintains stable, lower execution times across all partitions (42.43–105.06s), whereas METIS 
still suffers from higher variability and higher overall cost (69.75-240.38s) without thread 
grouping. 

Table 5. Total Execution time for the Reddit 

Partitions Metis(s) SMEP(s) 

4 69.75 42.43 

8 78.37 31.62 

16 90.25 51.76 

32 109.39 73.64 

64 153.39 89.39 

128 240.38 105.06 

This indicates that SMEP not only benefits from thread grouping but also 
complements it effectively by providing balanced workloads, thereby reducing thread 
divergence. 

 
Figure 4. Total end-to-end execution time vs partition count for SMEP and METIS on the 

Reddit dataset. 
Comparison with LiveJournal: 

The comparison data for the LiveJournal dataset is a breakdown of the SMEP 
algorithm's performance against METIS, and these results are presented in Table 6. SMEP 
maintains a massive speed advantage, though the gap closes slightly as the number of partitions 
reaches the extremely high end. At 4 partitions, SMEP is nearly 10x faster than METIS (369 
vs 418s). 

For the configuration between 4 and 64 partitions, SMEP remains very fast (59 to 91s), 
while 

METIS stays relatively stagnant around the 418 marks. Similarly, at 128 partitions, 
SMEP remains at XX s, while METIS jumps to 418 s, which shows that METIS is still 
struggling with the global structure of the LiveJournal graph. 

Table 6. SMEP vs METIS Algorithm in LiveJournal 

Partitions Metis(s) SMEP(s) 

4 369 59 

8 383 64 

16 398 70 

32 419 75 

64 412 81 

128 418 91 

The execution time comparison for the LiveJournal dataset is shown in Table 7, which 
compares how well METIS and the SMEP algorithm perform in two different configurations: 
METIS shows significantly longer execution times without thread grouping for all partition 
sizes (71.12-54.06). This is due to METIS's lack of execution awareness, which ignores runtime 
communication overhead and GPU memory limitations. Consequently, uneven workloads and 
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frequent cross-partition communication result in longer execution times. SMEP, on the other 
hand, exhibits significantly reduced execution times even in the absence of thread grouping, 
thereby minimizing redundant data movement and better aligning partitions with hardware 
limits. The visual comparison of the results is shown in Figure 5. 

Table 7. Total Execution time for the LiveJournal 

Partitions METIS(s) SMEP 

4 71.12 54.06 

8 74.67 41.95 

16 77.08 50.78 

32 84.55 64.57 

64 96.66 72.93 

128 126.95 84.77 

The similarity is further reinforced by the effect of thread grouping. TG enables 
SMEP, which displays shorter execution times for all partition sizes (54.06-84.77). While 
METIS + TG still has greater execution overhead and variability, the SMEP + TG 
configuration maintains comparatively constant and consistently lower execution speeds 
across all partitions. This suggests that because of its hierarchical partitioning and lower edge-
cut overhead, SMEP is not only better suited to take advantage of GPU parallelism but is also 
better suited for thread grouping and efficient large-scale graph partitioning. 

 
Figure 5. Total end-to-end execution time Vs partition count for SMEP and METIS on the 

LiveJournal dataset. 
Comparison with OGBN-PR: 

The comparison between the METIS and SMEP algorithms on the OGBN-Products dataset 
is presented in Table 8. At 4 partitions, SMEP takes only 67s, compared to 510s for METIS; 
this represents a speedup of approximately 11.7x. METIS incurs a high initial computational 
cost to analyze the global graph structure before it can start partitioning, whereas SMEP is 
much more immediate. METIS's performance leveled out after 8 partitions, staying consistently 
around the 586 marks. In contrast, SMEP's time increases as the number of partitions grows 
(from 67s at 4 partitions to 106s at 128 partitions). Even at the highest partition count (128), 
where SMEP is at its slowest (106), it is still 3.6x faster than METIS (586). 

Table 8. SMEP vs METIS Partitioning Time in OGBN-PR 

Partitions Metis(s) SMEP(s) 

4 510 67 

8 577 76 

16 580 81 

32 583 90 

64 588 97 

128 586 106 
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Table 9 presents a comparison of execution times for the OGBN-PR dataset, 
evaluating METIS and SMEP in both the thread grouping (TG) and without-thread-grouping 
(W.TG) configurations. METIS shows substantially longer execution times under the no-
thread-grouping arrangement for all partition sizes. For example, METIS takes 102.94 seconds 
with 4 partitions, while SMEP completes the same work in just 39.87 seconds, demonstrating 
a significant performance difference. Due to high communication overhead and a lack of 
execution awareness, METIS exhibits unstable, frequently increasing execution times (215.98 
s at 128 partitions) as the number of partitions increases. 

Table 9. Total Execution time for the OGBN-PR 

Partitions METIS(s) SMEP 

4 102.94 39.87 

8 99.46 34.91 

16 100.76 49.87 

32 108.97 62.81 

64 131.04 74.95 

128 175.37 98.67 

As demonstrated in Figure 6, SMEP maintains relatively shorter, more controlled 
execution times (98.67s at 128 partitions), indicating its capacity to handle memory more 
effectively and minimize cross-partition communication. Both approaches achieve shorter 
execution times when thread grouping is used due to better workload balance and reduced 
thread divergence. For SMEP, the improvement has a far greater impact. While METIS + TG 
still has higher overall execution times (102.94s at 4 partitions and 175.37s at 128 partitions), 
the SMEP + TG configuration consistently delivers lower total execution times across all 
partitions, including 98.67s at 128 partitions. 

When Thread Grouping (TG) is applied, both methods benefit from reduced 
execution time due to improved workload balance and reduced thread divergence. However, 
the improvement is significantly more impactful for SMEP. The SMEP + TG configuration 
achieves consistently lower total execution times across all partition sizes—for example, 39.87s 
at 4 partitions and 98.67s at 128 partitions —while METIS + TG still suffers from higher 
overall costs (102.94s at 4 partitions and 175.37s at 128 partitions). Scalability-wise, METIS 
behaves poorly as partitions grow, with execution time increasing quickly, especially in the 
absence of TG. 

The overall execution time is still much longer, even with TG. SMEP, on the other 
hand, offers more consistent and scalable performance, especially when associated with TG, 
where execution time progressively increases while remaining within a reasonable range. Even 
on local hardware, thread grouping stabilizes the execution time that stays almost constant as 
the number of partitions rises. The proposed approach confirms that TG reduces 
communication overhead for both local and cloud systems. 

 
Figure 6. Total end-to-end execution time vs partitions count for SMEP and METIS on the 

OGBN-products dataset. 
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Cut-Edge Analysis: 
Figure 7 compares SMEP and METIS in terms of cut-edge ratio across three datasets. 

On Reddit, SMEP achieves a cut-edge ratio of approximately 10%, whereas METIS records 
18%. For OGBN-Products, SMEP attains 13% and METIS 24%. On LiveJournal, SMEP 
reaches 17%, compared to 28% for METIS. Consequently, SMEP reduces the cut-edge ratio 
by 44.4% on Reddit, 45.8% on OGBN-Products, and 39.3% on LiveJournal relative to METIS 
(see Table 10). Given that cut edges influence cross-partition communication, these reductions 
indicate that SMEP results in less information loss and reduced communication overhead. 

 
Figure 7. Cut-edge ratio produces by SMEP and METIS on the Reddit, OGBN-Products 

and LiveJournal datasets. 
Comparison with Frameworks: 

Table 10 demonstrates that current graph partitioning frameworks vary considerably 
in their support for GPU-oriented execution. METIS and KaHIP emphasize minimizing edge 
cuts and balancing partition sizes through multilevel partitioning, yet they do not account for 
GPU memory constraints, streaming partitioning, runtime scheduling, or memory-aware 
execution. Cluster-GCN employs graph clustering to enhance Graph Neural Network (GNN) 
training efficiency and offers partial GPU and memory awareness by generating mini-batches 
suitable for GPU memory. However, it does not facilitate streaming graph processing or 
runtime scheduling. DSP advances traditional partitioning by integrating dynamic streaming 
and execution scheduling with GPU memory restrictions and execution scheduling with GPU 
memory restrictions, although its streaming functionality is limited by batch-oriented 
operations in certain phases. 

Table 10. Comparison with other frameworks 

Framework  GPU-Aware Streaming Runtime Scheduling Memory-aware 

METIS No No No No 

KaHIP No No No No 

Cluster-GCN Partial No No Partial 

DSP Yes Partial Yes Yes 

SMEP Yes Yes Yes Yes 

The SMEP framework, by contrast, comprehensively incorporates GPU-aware 
partitioning, streaming partition construction, runtime scheduling, and memory-aware 
optimization inside a unified execution-oriented system. SMEP produces execution-ready 
partitions and execution packs that account for GPU memory capacity and runtime resource 
usage, thereby decreasing data movement, synchronization load, and memory consumption 
while increasing scalability for large-scale graph processing. These combined features 
distinguish SMEP from present frameworks and constitute its principal contribution to 
efficient GPU-based graph analytics. 
Resource Utilization: 

The graph partitioning strategy initially runs on the CPU, requiring 8 to 9 GB of 
memory. After partitioning, thread grouping merges the partitions, and the execution pack is 
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processed on the GPU. For the Reddit dataset, this process uses 7.5 GB of GPU memory 
with 62% GPU utilization. The same approach is applied to the LiveJournal dataset, using 7.7 
GB of GPU memory and 64% utilization. For the OGBN-Products dataset, 8.5 GB of GPU 
memory is used, and GPU utilization reaches 70% to manage the large-scale graph.  
Limitations: 

Despite major improvements in partitioning and execution efficiency in the proposed 
Streaming Multilevel Execution Partitioning (SMEP) framework, it still has several crucial 
limitations, including the following. First, the SMEP framework currently assumes a static 
graph structure and needs further extension to handle dynamic graphs with intensive 
modifications. Second, the scheduler of the execution pack is based on NVIDIA GPU 
architectures and CUDA streams and needs further modification to work with AMD GPUs, 
TPUs, or CPUs. Third, the proposed framework has been tested only on homogeneous 
graphs, and the partitioning and memory estimation algorithms should be further extended to 
keep the semantic information of heterogeneous graphs. Although the proposed streaming 
partitioning approach reduces execution time, its optimization objective prioritizes execution 
efficiency and memory-aware scheduling rather than achieving optimal edge cuts with 
advanced multi-level graph partitioners. Consequently, a trade-off exists between partitioning 
speed and minimizing communication, particularly for graphs with highly irregular topology. 
Despite these limitations, the proposed approach provides an efficient and scalable foundation 
for large-scale graph processing. It also establishes a platform for future extensions into 
dynamic, heterogeneous, and distributed graph learning environments. 
Conclusion and Future Work: 

In this paper, a novel Streaming Multilevel Execution Partitioning (SMEP) framework 
has been introduced to improve the efficiency of large graph processing through memory-
aware graph partitioning and execution scheduling. While existing approaches to graph 
partitioning have mainly concentrated on achieving good partition quality, SMEP considers 
graph streaming partitioning along with thread grouping, execution-pack creation, and 
adaptive GPU memory scheduling. Through joint optimization of partitioning and execution 
scheduling, the proposed framework has been shown to minimize computational overhead 
and optimize the use of GPU memory resources. The experimental evaluation of the proposed 
method using three large benchmark datasets—Reddit, OGBN-Products, and LiveJournal—
has proved its efficacy. The results showed lower execution time irrespective of the chosen 
partition size. Using the execution-pack technique, GPU memory requirements were 
minimized by executing strongly connected partitions together, thus minimizing redundant 
computation and increasing throughput. Moreover, the memory-aware scheduling scheme-
maintained workload balance regardless of partition size while reducing inter-partition 
communication caused by edge cuts. This demonstrates that SMEP is an effective and scalable 
framework to process large graphs. However, although the framework achieves significant 
improvements, there are still avenues for further research. To make the SMEP framework 
more scalable and useful, it should be extended to work with multi-node distributed clusters. 
This can be done by improving the way partitions are allocated to reduce communication 
between nodes. At the same time, adding adaptive partitioning strategies will help process real-
time streaming data and automatically rebalance changing graph structures with little migration 
overhead. The improved framework should also work smoothly with modern graph 
processing libraries such as PyTorch Geometric, DGL, and GraphBolt. This will help optimize 
Graph Neural Network (GNN) training by using better neighbor sampling, mini-batching, 
and memory scheduling. 
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