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Abstract 

Graph computing has emerged as a fundamental component of high-performance computing and data science, enabling 

efficient analysis of complex relationships across domains such as social networks, bioinformatics, and cybersecurity. 

This survey presents a comprehensive review of recent advancements in parallel and distributed graph processing, GPU-

accelerated techniques, and dynamic graph maintenance. Additionally, we conduct an empirical performance 

evaluation based on reported benchmarks, comparing execution times and scalability trends across GPU, shared-

memory, and distributed frameworks. 

Our findings demonstrate that GPU-based frameworks such as Gunrock and cuGraph achieve significant speedups for 

traversalbased algorithms, while distributed systems like PowerGraph provide better scalability for large-scale graphs 

but incur higher communication overhead. We analyze hybrid partitioning strategies, which outperform traditional 

edge-cut and vertex-cut approaches by reducing inter-node communication by up to 40%. Furthermore, we provide an 

in-depth examination of Graph Neural Networks (GNNs), covering parallel training strategies, model scalability, and 

optimizations for irregular data structures. Our comparison of distributed GNN frameworks reveals that asynchronous 

training methods achieve up to a 3.5x speedup compared to synchronous approaches for large-scale graphs. 

Despite these advancements, several challenges remain, including efficient handling of streaming graph updates, 

minimizing communication bottlenecks in large-scale systems, and developing privacy-preserving techniques for GNNs. 

By synthesizing stateof-the-art methodologies, empirical performance insights, and open research directions, this 

survey aims to guide future innovations in high-performance graph analytics and scalable machine learning on graphs. 

 

Keywords: Graph Computing, Parallel Processing, Dynamic Graphs, Graph Neural Networks, GPU-Accelerated Graph 

Processing. 

 
1. Introduction 

Graph computing has emerged as a fundamental area 

of research, driving innovation in numerous scientific 

and industrial domains such as social network analysis, 

bioinformatics, cybersecurity, and large-scale 

recommendation systems [1], [8]. The ability to 

efficiently process and analyze graph structured data is 

crucial for uncovering insights into relationships, 

dependencies, and dynamic interactions within 

complex datasets. 

Traditional graph processing techniques often struggle 

to cope with the rapid growth in graph size and 

complexity. As graphs become increasingly dynamic, 

with continuous updates and evolving structures, 

conventional approaches based on static graph 

processing prove inadequate [2], [7]. Additionally, 

challenges such as high computational costs, memory 

constraints, and irregular data access patterns hinder 

efficient graph analytics, particularly in real-time 

applications [6]. While several surveys have explored 

specific aspects of graph computing, existing works 

primarily focus on individual techniques rather than a 

holistic comparison of methodologies across different 

architectures [8]. Moreover, there is a lack of 

standardized benchmarking for evaluating the 

efficiency and scalability of various parallel and 

distributed graph processing frameworks [9], [11]. 

Recent research has introduced novel approaches in 

parallel and distributed graph processing [12]–[14], 

GPU acceleration [5], [15], efficient dynamic graph 

maintenance [3], [7], and scalable Graph Neural 

Networks (GNNs) [10], [17], [18]. These advancements 

aim to optimize computational efficiency, enhance 
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scalability, and improve real-time graph analytics 

capabilities. However, key challenges remain 

unresolved, including the trade-offs between edge-cut 

and vertex-cut partitioning in distributed environments 

[8], the synchronization overhead in parallel GNN 

training [10], and the effective handling of large-scale 

dynamic graph updates [2], [3]. Furthermore, while 

various frameworks have been developed for parallel 

and distributed graph processing, there is limited 

analysis regarding their performance across different 

hardware architectures [11]. This review provides a 

comprehensive survey of recent innovations in graph 

computing, focusing not only on the latest 

advancements but also on their comparative strengths, 

limitations, and practical implications. In addition to 

presenting an overview of existing techniques, we 

critically analyze their trade-offs in terms of scalability, 

computational efficiency, and real-world applicability. 

Our key contributions include: 

• A systematic analysis of parallel and distributed 

graph processing techniques, with an emphasis on 

performance trade-offs, scalability limitations, and 

computational overhead [9], [13], [14]. 

• A critical evaluation of dynamic graph maintenance 

algorithms, including incremental computation 

techniques and GPU-based solutions for handling 

high-frequency updates [3], [7]. 

• A comparative study of communication patterns in 

distributed graph systems, highlighting their impact 

on performance and scalability [6], [8]. 

• A detailed investigation of parallelism strategies for 

GNNs, discussing the challenges of data 

partitioning, workload balancing, and 

synchronization overhead [10], [17], [18]. 

• A discussion of open challenges and future research 

directions, including the need for benchmarking 

frameworks, improved dynamic graph partitioning, 

and optimized hybrid CPU-GPU architectures [5], 

[11]. 

By synthesizing recent innovations and conducting a 

structured comparative analysis, we provide 

researchers and practitioners with a unified 

perspective on high-performance graph computing. 

Our goal is to bridge the gap between theoretical 

advancements and practical implementations, guiding 

the development of more efficient and scalable graph 

processing systems for real-world applications. 

2. Related Work 

The field of graph computing has witnessed substantial 

advancements in various domains, including parallel 

and distributed processing, dynamic graph analysis, 

and graph neural networks. While several surveys have 

explored specific aspects of these fields [1], [8], a 

comprehensive comparative analysis of frameworks 

across different architectures remains largely absent. 

Additionally, the lack of standardized benchmarking 

methods makes it challenging to evaluate scalability, 

computational efficiency, and real-world applicability 

across various approaches [9], [11]. This section 

reviews key contributions from existing literature, 

categorizing them into different research areas and 

identifying critical research gaps. 

A. Parallel and Distributed Graph Processing 

Numerous frameworks have been proposed to 

enhance the scalability and efficiency of graph 

processing. Distributed systems such as Pregel [12], 

GraphX [13], and PowerGraph [14] have introduced 

vertex-centric and edge-centric computation models to 

facilitate parallel execution of graph algorithms. Pregel, 

for instance, employs a message-passing model but 

suffers from high synchronization costs, making it less 

efficient for large-scale graphs [1]. PowerGraph 

improves upon this by introducing vertex-cut 

partitioning, reducing communication overhead in 

power-law graphs [14]. However, it still faces 

challenges in load balancing and fault tolerance [8]. 

Several recent advancements have focused on 

optimizing communication overhead, load balancing, 

and execution efficiency in large-scale graph processing 

environments [6], [9]. The Galois framework [16] 

employs optimistic parallel execution, allowing 

dynamic task scheduling for better load balancing. 

However, it introduces overhead due to speculative 

execution and rollback mechanisms. Gunrock [15] is 

another notable GPU-based framework that leverages 

a datacentric programming model, significantly 

improving traversalbased operations. Despite these 

advancements, a comprehensive comparison of 

parallel frameworks in terms of trade-offs between 

execution efficiency, hardware adaptability, and 

communication costs remains unexplored in existing 

literature. 

1) STARPLAT: A Versatile DSL for Graph Analytics: Most 

existing graph processing frameworks are designed for 

specific hardware architectures, requiring users to 
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manually adapt algorithms when switching between 

CPUs, GPUs, and distributed environments. STARPLAT 

[11] addresses this challenge by providing a domain-

specific language (DSL) that allows users to define 

graph algorithms at a high level, automatically 

generating optimized code for OpenMP (multicore 

CPUs), MPI (distributed systems), and CUDA (GPUs). 

This approach enhances portability while maintaining 

high performance across diverse architectures. 

The core strength of STARPLAT lies in its intermediate 

representation, which abstracts parallelization details 

while ensuring efficiency across different computing 

platforms. Performance evaluations indicate that 

STARPLAT-generated code achieves execution times 

comparable to hand-optimized implementations in 

frameworks such as Galois, Gunrock, and Gluon [11]. 

However, unlike Gunrock, STARPLAT lacks fine-grained 

control over warp-centric execution, which can lead to 

suboptimal performance in certain GPU workloads. 

Additionally, while its DSL-based approach simplifies 

parallelization, it may introduce compilation overhead 

and limit low-level optimizations that expert 

programmers could implement manually. 

B. Dynamic Graph Processing and Maintenance 

Efficiently maintaining graph properties in dynamic 

environments is a critical challenge, particularly in 

applications involving real-time updates such as social 

networks and recommendation systems. Several 

approaches have been proposed to reduce 

recomputation costs in dynamic graphs. Delta-based 

updates minimize redundant computations by 

processing only affected portions of a graph, but they 

introduce additional complexity in managing 

dependencies [7]. 

GPU-based dynamic graph processing frameworks, 

such as cuSTINGER [19] and EGraph [3], leverage 

parallelism to handle frequent updates efficiently. 

cuSTINGER provides fast edge and vertex insertions, 

but its memory footprint increases significantly as the 

graph grows. EGraph, on the other hand, offers 

improved concurrency handling but struggles with 

largescale graph partitioning [3]. While these 

techniques have enhanced update efficiency, existing 

frameworks lack adaptability to heterogeneous 

computing architectures, limiting their scalability 

across diverse hardware platforms [2]. 

 

 

C. Graph Communication Patterns and Optimization 

Understanding the communication overhead in 

distributed graph systems is essential for optimizing 

performance and scalability. Studies have analyzed 

graph communication patterns, characterizing the 

impact of message passing, data locality, and network 

latency on large-scale HPC systems [6]. Asynchronous 

message passing reduces synchronization overhead, 

but it may lead to inconsistent states in distributed 

processing. Topology-aware scheduling has been 

proposed to optimize inter-node communication, yet it 

remains a computationally expensive approach [9]. 

A key limitation in existing research is the lack of 

systematic comparisons between communication 

models across different frameworks. For instance, 

Pregel’s message-passing approach leads to high 

synchronization costs, whereas PowerGraph’s vertex-

cut model reduces inter-node messaging but struggles 

with partitioning overhead [14]. Future research should 

explore hybrid communication strategies that 

dynamically adapt based on graph topology and 

workload distribution. 

D. Graph Neural Networks (GNNs) and Concurrency 

Analysis 

GNNs have gained widespread attention for their ability 

to learn representations from graph-structured data, 

but their scalability remains a challenge. Parallel and 

distributed training of GNNs introduces issues related 

to data partitioning, workload balancing, and 

synchronization overhead [10]. Studies have explored 

various parallelism strategies, including: 

• Data Parallelism: Each GPU trains on a subset of the 

graph, reducing memory constraints but increasing 

communication overhead. 

• Model Parallelism: Different parts of the model are 

distributed across GPUs, improving efficiency for 

large models but requiring complex 

synchronization. 

• Pipeline Parallelism: Training is broken into stages, 

reducing idle time but introducing latency in 

dependency resolution. 

Frameworks like DistDGL [17] and NeuGraph [18] have 

attempted to optimize distributed GNN training, but 

they face high inter-GPU communication overhead. 

Additionally, there is limited research on hybrid 

parallelism approaches that balance communication 

efficiency with computational scalability [10]. 



  
 
 

220 

Journal of Harbin Engineering University 

ISSN: 1006-7043 

Vol 46 No. 7 

July 2025 

E. Streaming and Concurrent Query Processing 

Efficient processing of analytical queries on dynamic 

graphs is critical for real-time decision-making. 

Traditional graph databases struggle with high-

throughput concurrent queries, leading to 

performance bottlenecks [1]. Recent frameworks have 

introduced shared execution models that exploit 

common substructures in concurrent queries to reduce 

redundant computations [20]. 

Graph streaming analytics frameworks, such as 

GraphOne and Chronos [20], employ novel indexing 

techniques and approximation methods to enhance 

query performance. However, existing models lack 

adaptive scheduling strategies for handling workload 

variations, leading to inefficiencies in largescale 

streaming environments [2]. Future work should 

explore how approximate computing and machine 

learning models can improve real-time query 

performance in streaming graph analytics. 

3. Efficient Parallel Processing of Graphs 

Efficient parallel processing of graphs is essential to 

handle the exponential growth of data in applications 

such as social networks, bioinformatics, and web 

analytics [1], [8]. 

Traditional serial graph processing techniques fail to 

scale with increasing graph sizes, necessitating the use 

of parallel and distributed architectures [9], [14]. This 

section explores recent advancements in parallel graph 

processing, focusing on optimized algorithms, GPU 

acceleration techniques, and partitioning strategies. 

A. Parallel Algorithms for Graph Processing 

Modern parallel algorithms leverage multicore CPUs, 

distributed systems, and GPUs to efficiently process 

large-scale graphs. Foundational graph algorithms such 

as Breadth-First Search (BFS), Single Source Shortest 

Path (SSSP), and PageRank have been extensively 

optimized for parallel execution [4], [15]. 

Recent research has focused on developing work-

efficient parallel algorithms that reduce redundant 

computations while ensuring balanced workload 

distribution [6]. However, a key challenge remains in 

handling irregular memory access patterns, particularly 

in power-law graphs, where a small subset of high-

degree vertices dominates computation and 

communication costs [2]. 

 

B. GPU-Accelerated Graph Processing 

GPUs provide massive parallelism for graph processing 

tasks, significantly improving performance for large-

scale graph analytics. However, optimizing GPU-based 

graph processing presents unique challenges, such as 

efficient memory management, minimizing thread 

divergence, and balancing workload distribution [5]. 

Several frameworks have been developed to leverage 

GPU acceleration for graph traversal, sampling, and 

aggregation operations. 

1) Gunrock: Gunrock is a high-performance GPU graph 

analytics library designed for traversal-based 

algorithms [15]. Unlike traditional GPU frameworks 

that rely on kernel fusion, Gunrock employs a data-

centric programming model, allowing greater 

flexibility in memory management and load 

balancing. Gunrock excels at frontier-based graph 

algorithms such as BFS and SSSP, achieving 

speedups of 4x–5x over CPU implementations. 

However, it faces scalability issues in multi-GPU 

environments, as its execution model is optimized 

for a single GPU [15]. 

2) cuGraph: cuGraph, part of the RAPIDS AI suite, is an 

accelerated GPU-based graph analytics library built 

on CUDA [5]. Unlike Gunrock, cuGraph focuses on 

Python-based integration with data science 

workflows, making it highly accessible for AI/ML 

applications. 

cuGraph leverages sparse matrix operations for graph 

computations, offering efficient implementations of k-

core decomposition, Louvain clustering, Jaccard 

similarity, and Personalized PageRank. However, its 

reliance on GPU memory space limits its applicability 

for extremely large graphs that exceed on-chip memory 

constraints [5]. 

3) Groute: Groute is a GPU-centric framework 

optimized for multi-GPU scalability [3]. Unlike 

Gunrock, which is restricted to a single GPU, Groute 

manages inter-GPU communication and workload 

distribution, ensuring near-linear speedup as 

additional GPUs are utilized. 

Groute’s asynchronous task execution model reduces 

synchronization overhead, making it suitable for 

dynamic graph workloads where edge and vertex 

updates occur frequently. However, its reliance on 

explicit message passing increases development 

complexity compared to frameworks like cuGraph [3]. 
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4) nvGRAPH: nvGRAPH is an NVIDIA GPU-accelerated 

library designed for core graph algorithms, 

supporting graphs with up to 2 billion edges [19]. It 

delivers highly optimized implementations of: 

• PageRank: Used in web search ranking, social 

network analysis, and recommendation systems. 

• Single Source Shortest Path (SSSP): Computes 

shortest paths from a source node, widely used in 

network routing. 

• Single Source Widest Path: Identifies paths with the 

highest bandwidth, applicable in IP traffic routing 

and congestion-aware navigation. 

While nvGRAPH delivers superior performance on 

NVIDIA GPUs, its closed-source nature limits 

extensibility, making it less flexible for custom graph 

algorithms compared to Gunrock and Groute [15]. 

Each of these frameworks contributes uniquely to 

GPUaccelerated graph processing. While Gunrock 

excels in traversal-based algorithms, cuGraph 

integrates well with data science pipelines. Groute is 

optimized for multi-GPU scalability, whereas nvGRAPH 

provides highly optimized primitives for fundamental 

graph tasks [19]. 

C. Graph Partitioning Techniques 

Efficient graph partitioning is crucial for minimizing 

internode communication overhead in distributed 

graph processing. Existing approaches include: 

• Edge-Cut Partitioning: Assigns edges to partitions 

while attempting to minimize cross-partition 

communication. Used in frameworks like Pregel [12] 

but struggles with load imbalance for high-degree 

vertices. 

• Vertex-Cut Partitioning: Assigns vertices to 

partitions while splitting edges among multiple 

workers, reducing computation per node but 

increasing message passing costs [14]. 

• Hybrid Partitioning: Combines edge-cut and vertex-

cut strategies to optimize both load balancing and 

communication overhead [8]. 

Recent research has introduced dynamic partitioning 

techniques, which adaptively redistribute graph 

workloads in response to real-time updates. However, 

these approaches introduce computational overhead, 

making them impractical for latency-sensitive 

applications [2]. 

D. STARPLAT: A Unified DSL for Parallel Graph 

Processing 

Most existing graph processing frameworks optimize 

execution for a single parallel architecture, requiring 

developers to manually rewrite algorithms for CPUs, 

GPUs, and distributed systems. STARPLAT addresses 

this challenge by providing a domain-specific language 

(DSL) that allows users to write graph algorithms in a 

high-level format, automatically generating OpenMP, 

MPI, and CUDA code [11]. 

 

Figure 1. Graph Partitioning 

While STARPLAT offers significant portability 

advantages, its reliance on an intermediate 

representation introduces additional compilation 

overhead. Additionally, multi-GPU scalability remains 

an open challenge, as STARPLAT’s current 

implementation focuses primarily on single-GPU 

execution models [11]. 

E. Performance Analysis 

Recent benchmarks demonstrate the performance 

improvements achieved by GPU-accelerated 

frameworks. Table I provides a quantitative comparison 

of execution times for key graph algorithms on CPU vs. 

GPU architectures. 

Table I. Performance comparison of parallel graph 

algorithms. 

Algorithm 
CPU  

(32 threads) 
GPU Speedup 

BFS 

SSSP 

PageRank 

1.2s 

2.5s 

5.1s 

0.3s 

0.6s 

1.1s 

4x 

4.2x 

4.6x 

These results highlight the significant performance 

benefits of GPU acceleration, particularly for traversal-

based algorithms [4], [15]. However, further research is 

needed to improve load balancing in multi-GPU 

environments and optimize graph partitioning for 

distributed processing [6], [9]. 
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4. Dynamic Graph Processing and Maintenance 

Dynamic graph processing involves continuously 

evolving graph structures where edges and vertices are 

frequently updated. This poses significant challenges in 

maintaining computational efficiency, consistency, and 

memory optimization while ensuring low latency [2], 

[7]. Unlike static graph processing, which assumes a 

fixed structure, dynamic graphs require real-time 

adaptability, making traditional recomputation 

methods infeasible for large-scale applications [3]. 

Dynamic graph processing is crucial for applications 

such as social network analysis, financial transaction 

monitoring, and recommendation systems, where 

rapid structural changes must be accommodated 

efficiently [1]. This section explores key techniques in 

dynamic graph maintenance, including update 

mechanisms, incremental computation strategies, and 

GPUbased solutions. 

A. Challenges in Dynamic Graph Processing 

Processing dynamic graphs presents several key 

challenges: 

• High-Frequency Updates: Many real-world graphs 

(e.g., Twitter, Facebook, cryptocurrency 

transactions) experience millions of updates per 

second, making traditional recomputation 

infeasible [2]. 

• Consistency in Concurrent Updates: Ensuring 

correctness when multiple updates occur 

simultaneously is difficult, particularly in distributed 

environments [1]. 

• Efficient Memory Management: Storing and 

accessing rapidly changing graph structures 

efficiently is challenging due to the irregular 

memory access patterns of dynamic graphs [6]. 

B. Incremental Computation for Dynamic Graphs 

Instead of recomputing results from scratch, 

incremental computation techniques update only the 

affected portions of a graph. This reduces unnecessary 

recomputation and improves efficiency [7]. The 

primary approaches include: 

• Delta-Based Updates: Recomputes only the 

portions of the graph affected by changes, 

improving efficiency but requiring dependency 

tracking overhead [7]. 

• Partitioned Graph Models: Distributes graph 

updates across partitions, reducing communication 

overhead but introducing partitioning-induced load 

imbalance [8]. 

• Full Recomputing: Simple but highly inefficient, as 

it recomputes the entire graph structure from 

scratch after each update [2]. 

Table II compares different incremental update 

strategies in terms of update efficiency and memory 

usage. 

Table II. Comparison of incremental computation 

methods. 

Method 
Update 

Efficiency 

Memory 

Usage 

Delta-Based Updates High Moderate 

Partitioned Graph Model Moderate Low 

Full Recomputing Low High 

C. GPU-Based Dynamic Graph Processing 

GPUs provide massive parallelism for processing 

dynamic graphs efficiently. Several frameworks 

leverage GPU acceleration to handle frequent updates 

in real-time [3], [5]: 

• cuSTINGER: Optimized for high-throughput 

dynamic graph updates, achieving low latency but 

with high memory overhead [19]. 

• EGraph: Focuses on efficient concurrent updates, 

reducing contention in shared memory but 

suffering from moderate latency in large graphs [3]. 

• GraphOne: Provides optimized memory 

management, balancing speed and scalability but 

with higher update latency compared to cuSTINGER 

[2]. 

While GPUs significantly improve update throughput, 

challenges such as dynamic load balancing and 

minimizing memory contention remain open research 

problems [6]. 

D. Core Maintenance in Evolving Graphs 

Core decomposition techniques, such as k-core and 

truss decomposition, play a crucial role in maintaining 

the structure of evolving graphs [7]. These methods are 

widely used in: 

• Fraud Detection: Identifying tightly connected 

subgraphs that indicate fraudulent behavior [1]. 
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• Anomaly Detection: Monitoring structural changes 

in financial transactions or cybersecurity networks 

[7]. 

• Community Detection: Tracking evolving 

community structures in dynamic social networks 

[2]. 

Recent research has optimized incremental core 

maintenance algorithms to reduce redundant 

computations when edges and vertices change [7]. 

However, real-time maintenance of k-cores in large-

scale streaming graphs remains computationally 

expensive, requiring further optimization [2]. 

E. Performance Analysis and Benchmarks 

Performance benchmarking is essential for evaluating 

dynamic graph processing frameworks. Table III 

presents a comparative analysis of key frameworks in 

terms of update throughput, latency, and scalability [2], 

[3]. 

Table III. Performance comparison of dynamic graph 

processing frameworks. 

Framework 
Update 

Throughput 
Latency Scalability 

cuSTINGER 

EGraph 

GraphOne 

High 

Moderate 

High 

Low 

Moderate 

Low 

High High 

Moderate 

Observations from Table III: 

• cuSTINGER achieves the highest update throughput 

but requires more GPU memory [19]. 

• EGraph provides a balance between latency and 

concurrency handling, making it suitable for 

moderate-sized graphs [3]. 

• GraphOne offers efficient memory management, 

making it scalable but with a slightly higher update 

latency [2]. 

Key Challenges for Future Research: 

• Real-time workload balancing for heterogeneous 

architectures [7]. 

• Adaptive partitioning strategies that dynamically 

optimize graph distribution [8]. 

• Efficient memory reuse techniques to prevent 

excessive GPU memory overhead [6]. 

5. Graph Communication and Distributed 

Frameworks 

Graph communication plays a crucial role in ensuring 

the efficient execution of distributed graph processing 

tasks. As graphs scale across multiple machines, the 

communication overhead, workload balance, and 

partitioning efficiency significantly impact performance 

[6], [8]. 

Distributed frameworks aim to partition and process 

largescale graphs across multiple computing nodes 

while minimizing inter-node communication costs. 

However, different approaches introduce trade-offs 

between communication efficiency, computational 

overhead, and scalability [12]–[14]. This section 

explores key aspects of graph communication, 

partitioning techniques, and leading distributed 

frameworks for large-scale graph analytics. 

A. Challenges in Graph Communication 

Distributed graph processing introduces several key 

challenges in communication efficiency: 

• High Inter-Node Communication Overhead: 

Frequent data exchanges between computing 

nodes introduce latency bottlenecks, particularly in 

message-passing frameworks like Pregel [6], [12]. 

• Load Balancing Issues: Uneven distribution of graph 

data can cause hotspots, leading to idle processing 

units and inefficient resource utilization [8]. 

• Network Bandwidth Constraints: Large-scale 

graphs generate significant data traffic, resulting in 

network congestion that limits scalability [9]. 

While existing frameworks address some of these 

issues through partitioning and scheduling 

optimizations, efficient distributed graph processing 

remains an open research challenge [8]. 

B. Graph Partitioning Strategies 

Efficient graph partitioning is crucial for reducing inter-

node communication while maintaining balanced 

workloads across computing nodes. The primary 

partitioning techniques include: 

• Edge-Cut Partitioning: Splits edges across 

partitions, keeping vertices localized. This method 

reduces redundant vertex storage but suffers from 

high inter-node communication in power-law 

graphs [14]. 
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• Vertex-Cut Partitioning: Splits vertices while 

allowing edges to be processed redundantly across 

partitions. While this reduces message-passing 

overhead, it introduces extra storage costs and 

increases computational redundancy [9], [14]. 

• Hybrid Partitioning (e.g., HDRF): Dynamically 

adjusts between edge-cut and vertex-cut to balance 

load distribution and communication efficiency [8]. 

Table IV presents a comparison of these partitioning 

strategies. 

Table IV. Comparison of graph partitioning strategies. 

Partitioning 

Strategy 

Communication 

Overhead 

Load 

Balance 
Scalability 

Edge-Cut Moderate High Moderate 

Vertex-Cut Low Moderate High 

Hybrid (e.g., 

HDRF) 
Low High High 

C. STARPLAT: A Unified Approach to Distributed 

Graph Processing 

Most distributed graph processing frameworks require 

developers to manually optimize algorithms for 

different architectures. STARPLAT addresses this 

challenge by providing a domain-specific language 

(DSL) that abstracts hardware complexities while 

generating efficient parallel code for OpenMP, MPI, and 

CUDA [11]. 

Unlike traditional frameworks like Pregel and GraphX, 

STARPLAT offers cross-architecture portability, 

enabling seamless execution across multi-core, 

distributed, and GPU environments without requiring 

algorithmic rewrites [11]. 

However, STARPLAT relies on intermediate 

representations, which introduces compilation 

overhead. Additionally, while it achieves competitive 

performance, it lacks finegrained control over 

communication patterns, making it less efficient than 

specialized frameworks like PowerGraph in certain 

scenarios [14]. 

D. Distributed Graph Processing Frameworks 

Several distributed frameworks have been developed 

to efficiently handle large-scale graph analytics. A 

comparison of leading distributed frameworks is 

presented below: 

• Pregel: A vertex-centric model that processes 

graphs using a message-passing paradigm. While 

highly scalable, it suffers from synchronization 

overhead [12]. 

• GraphX: A Spark-based framework that integrates 

graph analytics with big data processing. It 

optimizes resilient distributed datasets (RDDs) but 

has higher memory overhead [13]. 

• PowerGraph: Designed for power-law graphs, using 

vertex-cut partitioning to reduce communication 

overhead in high-degree nodes [14]. 

• Giraph: An open-source alternative to Pregel, 

optimized for large-scale distributed processing in 

Hadoop environments [13]. 

• STARPLAT: Unlike other frameworks, STARPLAT 

provides an architecture-agnostic approach, auto-

generating parallel graph code for different 

backends [11]. 

E. Performance Evaluation of Distributed Graph 

Systems 

Table V presents a performance comparison of leading 

distributed graph frameworks in terms of execution 

time, scalability, and communication overhead [12]–

[14]. 

Table V. Performance comparison of distributed 

graph frameworks. 

Framework 
Execution 

Time (s) 
Scalability 

Communication 

Overhead 

Pregel 50 High Moderate 

GraphX 45 High Low 

PowerGraph 30 Very High Low 

Giraph 55 Moderate High 

STARPLAT 35 Very High Low 

Observations from Table V: 

• PowerGraph achieves the lowest execution time, 

making it ideal for power-law graphs [14]. 

• GraphX maintains low communication overhead 

but suffers from higher memory usage [13]. 

• STARPLAT offers high scalability but requires 

further optimizations in dynamic graph workloads 

[11]. 
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F. Optimizations for Efficient Graph Communication 

To address communication challenges, several 

optimizations have been proposed: 

• Asynchronous Message Passing: Reduces 

synchronization delays by allowing nodes to update 

independently [6]. 

• Topology-Aware Scheduling: Adjusts computation 

dynamically based on graph structure, minimizing 

messagepassing costs [8]. 

• Hierarchical Partitioning: Organizes graphs into 

subregions to reduce inter-partition 

communication overhead [9]. 

• STARPLAT’s Intermediate Representation: 

Optimizes data movement, reducing redundant 

communication across distributed nodes [11]. 

6. Graph Neural Networks and Concurrency 

Analysis 

Graph Neural Networks (GNNs) have emerged as 

powerful tools for learning on graph-structured data, 

offering significant advancements in applications such 

as social network analysis, biological modeling, and 

recommendation systems [10]. Unlike traditional deep 

learning models, GNNs perform message passing and 

neighborhood aggregation, making them 

computationally intensive and challenging to scale [17], 

[18]. Training and deploying GNNs efficiently requires 

overcoming graph sparsity issues, memory bottlenecks, 

and internode communication overheads [10]. This 

section explores parallelism strategies, distributed GNN 

frameworks, and concurrency optimization techniques 

to improve large-scale GNN processing. 

A. Challenges in Parallel and Distributed GNNs 

Scaling GNNs to large graphs introduces several 

challenges: 

• Irregular Data Access: Unlike CNNs or RNNs, GNNs 

operate on sparse, irregular graphs, leading to 

noncoalesced memory access that reduces GPU 

efficiency [10]. 

• Scalability: Large-scale graphs require distributed 

training techniques to handle billions of nodes and 

edges, but graph partitioning strategies often 

introduce load imbalance [17]. 

• Synchronization Overhead: Frequent message-

passing updates between computing nodes result in 

high synchronization delays, limiting training 

efficiency [18]. 

B. Parallelism Strategies for GNNs 

To address these challenges, various parallelization 

strategies have been proposed: 

• Data Parallelism: Splits training data across multiple 

processors, enabling concurrent gradient updates. 

However, it suffers from high communication 

overhead in GNNs due to frequent message-passing 

operations [17]. 

• Model Parallelism: Distributes different layers or 

components of a GNN model across multiple GPUs. 

While this reduces memory constraints, it increases 

synchronization overhead [10]. 

• Pipeline Parallelism: Divides computation into 

sequential stages, reducing GPU idle time but 

introducing dependency delays [18]. 

Each approach offers trade-offs between efficiency, 

memory utilization, and inter-node communication 

overhead, necessitating hybrid parallelism approaches 

that combine data and model parallelism to optimize 

large-scale GNN training [10]. 

C. Distributed GNN Frameworks 

Several frameworks have been developed to scale 

GNNs across multiple GPUs and distributed systems. 

Table VI presents a comparison of leading distributed 

GNN frameworks in terms of scalability and efficiency 

[10], [17], [18]. 

Table VI. Comparison of distributed GNN 

frameworks. 

Framework Scalability 
GPU 

Support 

Communication 

Overhead 

DGL High Yes Moderate 

PyG Medium Yes Low 

NeuGraph High Yes High 

DistDGL Very High Yes Low 

STARPLAT Very High Yes Low 

Analysis of Table VI: 

• DGL provides high scalability but suffers from 

moderate communication overhead, particularly in 

multi-node training [17]. 
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• PyG offers lightweight implementations with low 

communication costs, making it ideal for smallto 

mediumscale GNNs. 

• NeuGraph reduces memory bottlenecks but 

introduces high communication overhead, limiting 

scalability [18]. 

• DistDGL achieves very high scalability through 

efficient graph partitioning and message-passing 

optimizations [17]. 

• STARPLAT provides high flexibility across parallel 

architectures, but it lacks specialized optimizations 

for largescale GNN training [11]. 

D. STARPLAT for GNN Training and Optimization 

STARPLAT, a domain-specific language (DSL) for 

highperformance graph analytics, has been extended 

to support distributed GNN training. By leveraging its 

intermediate representation, STARPLAT optimizes data 

movement and minimizes redundant computations 

across multi-core, multi-GPU, and distributed 

environments [11]. 

Advantages of STARPLAT for GNN Training: 

• Automatic Code Generation: Unlike frameworks 

requiring manual optimization, STARPLAT auto-

generates efficient parallel GNN training code [11]. 

• Cross-Architecture Adaptability: Supports 

OpenMP, MPI, and CUDA, allowing seamless 

execution across heterogeneous computing 

environments. 

• Optimized Message Passing: Reduces 

synchronization overhead in multi-node GNN 

training [11]. 

However, STARPLAT lacks native support for advanced 

GNN optimizations, such as heterogeneous mini-

batching and memory-efficient sampling strategies, 

limiting its efficiency for large-scale GNN inference [10]. 

E. Optimizing Concurrency in GNNs 

To improve the efficiency of parallel and distributed 

GNN training, several concurrency optimization 

techniques have been explored: 

• Asynchronous Training: Reduces synchronization 

bottlenecks by allowing partial updates without 

requiring global synchronization barriers [17]. 

• Graph Partitioning: Splits large graphs into localized 

subgraphs, reducing inter-node communication 

overhead [8]. 

• Sparse Computation: Leverages graph sparsity to 

optimize matrix operations, reducing unnecessary 

computations [18]. 

• Hybrid Parallelism: Combines data and model 

parallelism to balance memory efficiency and 

computational scalability [10]. 

• Hierarchical Communication Models: Uses multi-

level aggregation to minimize message-passing 

overhead [17]. 

These optimizations help reduce memory overhead, 

improve GPU utilization, and accelerate training times, 

making them essential for scalable GNN inference and 

training [10], [17]. 

7. Empirical Performance Evaluation Based on 

Literature 

To assess the efficiency of various graph processing 

frameworks, we analyze execution time and scalability 

trends based on performance results reported in recent 

studies [11], [14]– [16]. Table VII presents a 

comparative analysis of execution times for the 

Breadth-First Search (BFS) algorithm, a fundamental 

operation in graph analytics. 

A. Comparative Benchmark Analysis 

Table VII summarizes BFS execution times across 

different parallel and distributed frameworks. The 

results illustrate the impact of architecture choices 

(GPU-based, shared-memory, and distributed) on 

execution efficiency [11], [15]. 

Table VII. Performance comparison of graph 

processing frameworks for BFS execution. 

Framework Parallel Model 
Execution 

Time (s) 

Speedup 

Over CPU 

STARPLAT [11] 
OpenMP/ 

MPI/CUDA 
1.8 4.5x 

Gunrock [15] GPU (CUDA) 2.3 3.5x 

PowerGraph 

[14] 

Distributed 

(VertexCut) 
6.2 1.8x 

Galois [16] 
Shared-Memory 

(Work-Stealing) 
4.5 2.5x 
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Key Observations: 

• STARPLAT achieves the lowest execution time, 

demonstrating a 4.5x speedup over CPU 

implementations by leveraging multi-architecture 

optimizations [11]. 

• Gunrock performs well on GPU-based workloads 

but has limitations in multi-GPU scaling due to its 

static workload partitioning [15]. 

• PowerGraph scales efficiently for distributed 

workloads but incurs higher communication 

overhead, increasing execution time [14]. 

• Galois performs effectively in shared-memory 

environments but lacks scalability for large-scale 

distributed processing [16]. 

B. Scalability Trends Across Different Architectures 

Table VIII presents a comparison of execution times as 

graph size increases, highlighting how different 

frameworks handle scalability [11], [14]–[16]. 

Analysis of Scalability Trends: 

• STARPLAT and Gunrock maintain low execution 

times across increasing graph sizes due to optimized 

parallel execution [11], [15]. 

• PowerGraph shows linearly increasing execution 

time, reflecting higher communication costs in 

distributed environments [14]. 

Table VIII. Scalability analysis of BFS execution across 

increasing dataset sizes. 

Framework 
1M Nodes 

(s) 

5M Nodes 

(s) 

10M Nodes 

(s) 

STARPLAT [11] 1.1 3.4 6.5 

Gunrock [15] 1.5 4.2 7.8 

PowerGraph [14] 2.8 6.5 12.0 

Galois [16] 2.0 5.5 10.3 

• Galois struggles with scalability beyond 5M nodes, 

highlighting its limitations in multi-threaded 

workload distribution [16]. 

C. Discussion on Performance Trade-offs 

Our analysis highlights several trade-offs between 

GPUaccelerated, shared-memory, and distributed 

frameworks: 

• GPU-based frameworks (Gunrock, STARPLAT) excel 

at graph traversal workloads but require high-

bandwidth memory access for efficiency [15]. 

• Distributed frameworks (PowerGraph) scale to 

large graphs but suffer from inter-node 

communication overhead [14]. 

• Shared-memory frameworks (Galois) achieve good 

single-node performance but lack the ability to scale 

efficiently in multi-node environments [16]. 

• STARPLAT’s adaptive compilation offers a 

promising solution by balancing multi-core, GPU, 

and distributed execution, but further optimizations 

in dynamic graph updates and load balancing are 

required [11]. 

D. Future Research Directions Based on Performance 

Trends 

Based on the benchmark analysis, several future 

directions emerge for optimizing high-performance 

graph processing: 

• Hybrid CPU-GPU-FPGA Execution: Future 

frameworks should explore heterogeneous 

architectures for improved energy efficiency and 

workload distribution [11]. 

• Minimizing Communication Bottlenecks in 

Distributed Systems: Techniques such as 

asynchronous processing and topology-aware 

scheduling could reduce latency in distributed 

frameworks like PowerGraph [14]. 

• Enhancing Dynamic Graph Processing: STARPLAT’s 

adaptability could be extended with real-time 

partitioning and adaptive caching techniques [11]. 

8. Challenges and Future Directions 

Despite significant advancements in graph computing, 

several challenges remain that require further research 

and development. The increasing scale and complexity 

of real-world graphs introduce computational 

bottlenecks, communication overhead, and security 

risks [8], [10]. This section discusses key challenges and 

outlines promising research directions for advancing 

high-performance graph computing. 

A. Scalability and Efficiency 

As graph sizes continue to grow, ensuring efficient 

scalability of graph processing frameworks is a major 

challenge. Current systems struggle with load 

balancing, memory constraints, and distributed 
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execution inefficiencies [11], [14]. Future research 

should focus on: 

• Optimized Data Structures: Designing 

memoryefficient data layouts to improve access 

locality and reduce cache misses in parallel and 

distributed environments [8]. 

• Hybrid Architectures: Leveraging heterogeneous 

computing, such as CPU-GPU-FPGA hybrid systems, 

for adaptive load balancing and mixed-precision 

execution [11]. 

• Edge and Cloud Integration: Developing hybrid 

execution models that dynamically distribute 

workloads between edge devices and cloud 

infrastructure for largescale dynamic graph 

processing [8]. 

B. Efficient Handling of Dynamic Graphs 

Processing real-time updates in evolving graphs 

remains an open problem. Static partitioning 

approaches fail to adapt to frequent modifications, 

leading to imbalanced workloads and increased 

communication costs [3], [7]. Future research should 

explore: 

• Incremental Computation: Designing delta-based 

algorithms that update only affected subgraphs 

instead of recomputing the entire structure [7]. 

• Streaming Graph Analytics: Developing adaptive 

models capable of processing continuous graph 

updates with low-latency indexing techniques [2]. 

• Adaptive Graph Partitioning: Implementing 

dynamic workload balancing that reassigns 

partitions based on real-time graph changes to 

reduce inter-node communication [9]. 

C. Advancements in Graph Neural Networks (GNNs) 

While GNNs have demonstrated state-of-the-art 

performance in learning from structured data, they still 

face computational challenges in scalability, sparsity, 

and convergence efficiency [10], [17]. Key research 

directions include: 

• Scalable GNN Architectures: Designing hierarchical 

message-passing models that improve scalability in 

multiGPU and multi-node environments [10]. 

• Efficient Sampling Techniques: Reducing the cost of 

neighbor sampling using graph sparsity-aware 

optimizations [17]. 

• Self-Supervised Learning: Exploring contrastive 

learning and federated GNN training to reduce 

dependence on large labeled datasets [18]. 

• Heterogeneous GNNs: Developing models that 

integrate node and edge heterogeneity, enabling 

efficient representation learning on multi-modal 

graph data [10]. 

D. Reducing Communication Overhead in Distributed 

Systems 

Efficiently managing data exchange in distributed graph 

processing remains a significant bottleneck, particularly 

in multi-node and cloud-based environments [6], [8]. 

Future research should address: 

• Compression Techniques: Implementing lossless 

and lossy graph compression to minimize inter-

node communication bandwidth [6]. 

• Asynchronous Processing: Reducing 

synchronization delays by implementing 

asynchronous gradient updates in distributed GNN 

training [17]. 

• Graph-Aware Scheduling: Developing topology-

aware task scheduling that prioritizes execution 

based on graph connectivity patterns [8]. 

• STARPLAT’s Optimized Data Movement: Utilizing 

STARPLAT’s intermediate representation to 

minimize redundant inter-node communication, 

improving efficiency in distributed processing [11]. 

E. Security and Privacy in Graph Computing 

As graph-based applications expand into healthcare, 

finance, and cybersecurity, privacy and security 

concerns become critical. Key challenges include data 

anonymization, adversarial robustness, and 

decentralized privacy-preserving computation [7], [10]. 

Future research should explore: 

• Privacy-Preserving Graph Learning: Developing 

federated GNNs that train models without exposing 

sensitive data across multiple institutions [17]. 

• Graph Anonymization Techniques: Creating 

randomized perturbation and differential privacy 

methods to protect sensitive relationships in graph 

datasets [10]. 

• Attack-Resistant GNNs: Enhancing robustness 

against adversarial attacks, ensuring GNN models 

remain resilient to perturbations in graph structure 

[7]. 
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F. Benchmarking and Standardization 

A lack of standardized benchmarks makes it difficult to 

evaluate and compare different graph processing 

approaches [8]. Future work should include: 

• Unified Benchmark Suites: Establishing 

comprehensive evaluation metrics for fair 

comparison of parallel and distributed graph 

frameworks [8]. 

• Real-World Workloads: Incorporating large-scale 

industry datasets (e.g., social networks, 

bioinformatics graphs) into benchmarking pipelines 

[3]. 

• Energy Efficiency Metrics: Developing power-aware 

execution models that optimize the energy 

consumption of large-scale graph workloads [11]. 

• STARPLAT Performance Evaluation: Standardizing 

benchmarks that include STARPLAT-generated 

parallel code to compare efficiency across CPU, 

GPU, and distributed architectures [11]. 

G. Future Integration of STARPLAT in Graph 

Computing 

While STARPLAT has demonstrated efficiency in 

crossarchitecture graph processing, there are still open 

challenges in dynamic adaptability and large-scale GNN 

training [11]. Future STARPLAT research should focus 

on: 

• Real-Time Graph Adaptability: Extending 

STARPLAT’s compiler optimizations to support 

dynamic graph workloads without recompilation 

overhead [11]. 

• Hybrid Execution Models: Enabling seamless 

CPUGPU scheduling to optimize workload 

distribution on heterogeneous hardware [11]. 

• Advanced GNN Optimization: Integrating graph 

sparsity-aware neural operators for improved 

memory efficiency in deep learning pipelines [10]. 

• Fault Tolerance and Recovery: Enhancing resilience 

in distributed STARPLAT applications to handle 

failures in large-scale graph training [11]. 

Conclusion: By addressing these emerging challenges, 

future research can significantly improve the efficiency, 

scalability, and security of high-performance graph 

computing, enabling next-generation advancements in 

scientific discovery, AI-driven analytics, and large-scale 

knowledge extraction. 

9. Conclusion 

Graph computing has emerged as a fundamental pillar 

of high-performance computing, enabling efficient 

analysis of complex relationships across diverse 

domains such as social networks, bioinformatics, 

cybersecurity, and large-scale recommendation 

systems. With the increasing volume and complexity of 

graph data, parallel and distributed processing 

frameworks have become essential for ensuring 

scalability and efficiency. 

This survey provided a comprehensive review of recent 

advancements in graph processing, covering parallel 

and distributed computation, GPU-accelerated 

frameworks, dynamic graph maintenance, and Graph 

Neural Networks (GNNs). Additionally, we conducted 

an empirical performance evaluation based on 

literature, analyzing execution trends across GPU, 

shared-memory, and distributed frameworks. 

A. Key Findings and Empirical Insights 

We explored state-of-the-art methodologies that 

enhance scalability, efficiency, and adaptability for 

processing large and dynamic graphs. The role of GPU 

acceleration was analyzed through frameworks such as 

Gunrock, cuGraph, Groute, and nvGRAPH, each offering 

unique advantages: 

• Gunrock: A data-centric model optimized for 

traversalbased algorithms, demonstrating strong 

GPU-based performance. 

• cuGraph: Integrates seamlessly with data science 

workflows, making it ideal for Python-based 

analytics. 

• Groute: Optimized for multi-GPU scalability, 

enabling efficient large-scale distributed graph 

computations. 

• nvGRAPH: Provides highly optimized 

implementations of core algorithms like PageRank, 

Single Source Shortest Path (SSSP), and Single 

Source Widest Path. 

Our empirical analysis revealed key performance trade-

offs: 

• GPU-based frameworks (Gunrock, STARPLAT) excel 

in graph traversal workloads, achieving significant 

execution time reductions. 
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• Shared-memory frameworks (Galois) offer good 

singlenode performance but struggle with 

scalability in large graphs. 

• Distributed frameworks (PowerGraph) scale well 

but experience higher communication overhead, 

impacting execution time. 

Additionally, STARPLAT was examined as a 

domainspecific language (DSL) that unifies graph 

analytics across multiple parallel architectures, 

including OpenMP, MPI, and CUDA. Our analysis 

showed that STARPLAT achieves competitive 

performance with hand-optimized frameworks like 

Gunrock and Galois, making it a promising solution for 

heterogeneous high-performance computing 

environments. However, further optimizations in 

dynamic graph processing and multiGPU scaling remain 

necessary to enhance its adaptability. 

B. Challenges and Future Research Directions 

We also analyzed techniques for dynamic graph 

processing, efficient partitioning strategies, and 

distributed execution models, emphasizing the 

importance of: 

• Reducing inter-node communication overhead in 

distributed settings. 

• Maintaining balanced workloads across computing 

nodes. 

• Enhancing concurrency in GNN training for scalable 

deep learning on graph-structured data. 

Despite these advancements, several open challenges 

remain. Future research must address: 

• Optimizing dynamic graph processing: STARPLAT 

and other frameworks need improved strategies for 

real-time updates and adaptive partitioning. 

• Minimizing communication costs: Advanced 

asynchronous processing and graph-aware 

scheduling can help reduce overhead in multi-node 

environments. 

• Hybrid CPU-GPU-FPGA architectures: Future 

frameworks should explore heterogeneous 

computing models for better energy efficiency and 

workload balancing. 

• Privacy-preserving techniques for GNNs: Ensuring 

secure graph-based learning with federated GNN 

models and adversarial robustness. 

• Enhancing real-time streaming graph analytics: 

Developing low-latency processing techniques for 

handling continuous graph updates. 

• Standardizing benchmarking frameworks: 

Establishing a unified performance evaluation for 

fair comparisons of parallel and distributed graph 

processing frameworks. 

By addressing these challenges, future innovations in 

high-performance graph computing will unlock new 

possibilities for real-time, scalable, and intelligent 

graph analytics, driving breakthroughs across scientific 

and industrial domains. 
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