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Abstract 

 With the increasing deployment of IoT devices and intelligent terminals, large-scale graph 

data with dynamic relational structures are continuously generated and accessed at the 

network edge. However, edge nodes typically feature limited computing capacity, 

heterogeneous hardware conditions, and fluctuating bandwidth, making traditional data 

center–oriented graph processing frameworks difficult to sustain efficient and stable 

concurrent execution in such environments. To address this challenge, this study proposes an 

Edge-Oriented Concurrent Graph Processing Framework (ECGPF). The framework 

constructs a shared data region within edge nodes and employs a tiered memory access 

strategy to reduce redundant data loading and mitigate access conflicts during multi-task 

execution. In addition, a lightweight runtime regulation mechanism dynamically adjusts 

concurrency levels based on resource conditions, preventing memory pressure accumulation 

and execution jitter. Experiments conducted on two real-world datasets, Microsoft News and 

User Behavior, demonstrate that ECGPF consistently achieves high throughput and stable 

execution latency under varying workloads and node scales, and exhibits desirable scalability 



International Journal of Applied Mathematics  

Volume 38 No. 5, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

Received: August 07 2025  451 
 

in distributed edge settings. These results indicate that optimizing data access paths and 

concurrent execution strategies enables efficient and stable graph processing under resource 

constraints, providing practical support for applications such as intelligent recommendation, 

behavior analytics, and real-time urban computing. 

Math. Subj. Classification 2020: 68M14, 65Y05, 49M27 

Key Words and Phrases: Edge computing; Graph data processing; Concurrent execution; 

Data sharing; Memory access optimization 

1. Introduction 

With the widespread deployment of IoT devices and edge-intelligent systems, large-scale 

graph data with dynamic relational structures are continuously generated at the network edge. 

These data underpin many applications, including social network analysis, personalized 

recommendation, traffic management, and security monitoring. However, graph data are 

typically large, structurally complex, and frequently updated, requiring efficient concurrent 

processing. In edge computing environments, limited computational capacity, hardware 

heterogeneity, and fluctuating network conditions often lead to redundant data loading, cache 

thrashing, memory contention, and unstable scheduling when multiple graph tasks execute 

concurrently. Consequently, traditional graph processing frameworks such as MapReduce, 

Pregel, and GraphX, which are designed for resource-rich cloud environments, struggle to 

maintain performance and stability at the edge. Although recent techniques—such as graph 

neural networks, graph compression, and streaming graph processing—have improved the 

efficiency of dynamic graph analytics, they primarily focus on model optimization or 

centralized execution and lack support for multi-task concurrency and runtime stability under 

resource constraints. 

To address these challenges, this study proposes an Edge-Oriented Concurrent Graph 

Processing Framework (ECGPF). The framework introduces a shared data region and a tiered 

memory access strategy to reduce redundant data replication and mitigate access conflicts. In 

addition, a lightweight runtime regulation mechanism dynamically adjusts concurrency levels 

based on resource conditions, preventing memory pressure accumulation and execution jitter. 

Experiments conducted on the Microsoft News and User Behavior datasets show that ECGPF 

consistently improves throughput, execution stability, and scalability under various 

workloads and deployment scales. 

The remainder of this paper is organized as follows. Section 2 reviews related work and 

presents the ECGPF framework. Section 3 reports the experimental evaluation. Section 4 

concludes the paper and outlines future research directions. 

2. Materials and Methods 

2.1 Research Background and Related Work 

Graph data often exhibit sparsity, power-law degree distribution, and small-world 

characteristics, where nodes and edges encode multi-dimensional relational dependencies [1]. 

These properties lead to irregular memory access patterns and localized computation 
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hotspots, causing storage imbalance and uneven load distribution. In distributed or edge 

environments, frequent structure updates further increase consistency maintenance overhead, 

making real-time graph processing more challenging [2]. 

Traditional graph processing frameworks, such as MapReduce, Pregel, and GraphX, offer 

vertex-centric programming models and distributed execution support. However, they are 

designed for resource-rich and stable cloud environments. When deployed at the edge, the 

overhead of cross-node communication, graph partitioning imbalance, and synchronization 

becomes significant, limiting real-time processing and concurrent task execution [3]. 

To support dynamic graph analytics, several emerging techniques have been developed. 

Graph neural networks learn complex structural patterns [4] (e.g., large-scale batch-level 

GNN partitioning [5]). Graph compression and sparse storage techniques reduce memory 

overhead [6], and streaming graph processing frameworks enable incremental graph updates 

[7]. However, these approaches mainly target model expressiveness or centralized streaming 

execution, and provide limited support for multi-task concurrency and runtime stability in 

edge environments. 

Recent research has explored improving graph processing efficiency under resource 

constraints by employing lightweight graph algorithms, locality-aware storage, and delay-

tolerant synchronization [8–9]. Despite reducing consistency overhead, these methods still 

face challenges such as low shared-data access efficiency, access conflicts, and execution 

jitter under high concurrency [10]. Conventional concurrency strategies, including multi-

threading and distributed partitioning, remain sensitive to data skew and synchronization 

complexity at the edge [11]. Meanwhile, resource-aware dynamic concurrency control and 

hardware–software co-optimization have been proposed [12–14], but they often rely on high-

performance hardware, complex coordination mechanisms, or centralized optimization 

frameworks, which limit their applicability in edge environments [15–17]. 

In summary, existing research either assumes centralized resource sufficiency or focuses 

mainly on scheduling-level optimization. A low-overhead framework capable of improving 

multi-task concurrency and runtime stability in edge environments remains lacking. This 

study addresses this gap by proposing ECGPF, which enhances edge graph processing 

performance through shared data access, tiered memory organization, and lightweight 

runtime concurrency regulation. 

2.2 Overall framework design of the system 

To address the performance degradation caused by limited resources, strong hardware 

heterogeneity, and unstable network conditions in edge computing environments, this study 

proposes an Edge-Oriented Concurrent Graph Processing Framework (ECGPF). The 

framework aims to improve data access efficiency, concurrent execution capability, and 

runtime stability of graph processing on edge nodes, while minimizing communication and 

synchronization overhead without modifying the upper-layer graph computation logic. This 

enables real-time and continuously updated graph analytics to be executed efficiently in 

distributed edge settings. 
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ECGPF is composed of two core mechanisms: a shared data access mechanism and a 

concurrent memory access mechanism. The shared data mechanism reduces redundant data 

loading and storage duplication among parallel graph tasks, while the concurrent memory 

access mechanism optimizes data access paths to mitigate access conflicts and waiting 

overhead. Together, these mechanisms enhance cache locality and improve overall execution 

throughput. 

2.3 Shared Data Access Mechanism 

In traditional concurrent graph processing, multiple tasks typically load the same vertex and 

edge data independently, resulting in redundant memory consumption and unnecessary data 

transfers. To eliminate this overhead, ECGPF maintains a shared data region within each 

edge node to store frequently accessed and reusable graph structural data. A data 

preprocessing module identifies high-access hot data and loads them into the shared region. 

Tasks directly perform read operations from the shared region, while updates or 

modifications are executed on local copies to ensure data consistency and isolation. The 

framework dynamically adjusts the shared dataset based on access frequency and memory 

pressure to maximize data locality and cache utilization under constrained resources. 

2.4 Concurrent Memory Access Strategy 

To further enhance concurrency efficiency, ECGPF adopts a tiered memory access model: 

(1) Read Operations → directly access the shared data region; 

(2) Write/Update Operations → are executed on private data copies; 

(3) Merge Operations → are performed selectively after the computation phase. 

A concurrency coordinator determines the execution order based on task-level data 

dependencies to avoid long waiting chains and access hotspots. Additionally, a lightweight 

cost model balances shared access overhead against latency to improve throughput without 

introducing substantial scheduling or merging overhead. 

Through this design, ECGPF effectively reduces redundant memory allocation, mitigates 

access conflicts, and maintains stable performance in highly concurrent, heterogeneous, and 

dynamically varying edge environments. To visually illustrate the relationship between 

shared regions and private copies, the concurrent processing strategy is shown in Figure 1. 

 

Figure 1: Concurrent Processing Strategy for High-Throughput Graph Data 
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2.5 Lightweight Runtime Regulation Mechanism 

To adapt to the fluctuating resource characteristics of edge nodes, ECGPF employs a 

resource-aware runtime regulation mechanism. The mechanism periodically monitors key 

status indicators such as CPU utilization, memory pressure, and task queue length, and 

dynamically adjusts the concurrency level according to real-time system load. By suppressing 

excessive parallel expansion under resource constraints and increasing concurrency when 

resources are sufficiently available, the mechanism alleviates local resource hotspots and 

prevents memory thrashing and throughput degradation. 

Unlike global scheduling frameworks, this regulation mechanism does not rely on a global 

consistency view, complex prediction models, or pre-training. Therefore, it introduces 

minimal system overhead and maintains good portability across heterogeneous edge 

environments. Under conditions of limited resources or significant load fluctuations, this 

mechanism contributes to maintaining stable execution efficiency and response continuity. 

2.6 Dynamic Parallelism Estimation Strategy 

While runtime regulation adjusts concurrency adaptively during execution, ECGPF further 

introduces a dynamic parallelism estimation strategy to determine an appropriate initial 

concurrency level. During task initialization, the system estimates a safe baseline 

concurrency level by considering available memory capacity, data partition scale, and 

expected task computation cost. During execution, incremental adjustments are then applied 

according to the feedback from the runtime monitoring mechanism described in Section 2.5. 

This “baseline estimation + dynamic correction” approach avoids the instability associated 

with fixed concurrency configurations. The strategy does not require training models, 

parameter priors, or additional graph sampling operations, resulting in low implementation 

overhead. Experimental observations indicate that this method maintains balanced throughput 

performance and resource utilization under multi-node heterogeneous conditions. 

2.7 Non-Intrusive Integration with GraphX 

ECGPF is integrated into the execution layer of GraphX in a non-intrusive manner, leaving 

the programming interfaces and upper-level computational logic unchanged. This enables 

direct incorporation into existing workflows without requiring modifications to graph 

algorithms. 

The integration is achieved through three key steps: 

(1) Execution Path Optimization: Frequently accessed vertex features and local adjacency 

information are preloaded into a shared data region to reduce repeated data reconstruction 

and communication overhead. 

(2) Shared-Read and Local-Write Isolation: Read operations directly access shared data, 

while write operations are conducted in private copies and merged when necessary, avoiding 

multi-threaded write conflicts. 

(3) Adaptive Concurrency Adjustment: Based on the runtime resource state, the system 
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adjusts the task submission rate and effective concurrency degree to reduce risks of memory 

overflow and scheduling jitter. 

Through these measures, the framework achieves transparency, ease of deployment, and low 

intrusion into existing GraphX-based applications. 

2.8 Implementation of the Concurrency Strategy 

The shared data mechanism and tiered concurrent memory access strategy described above 

are jointly implemented within the GraphX execution process to support stable high-

concurrency graph processing. Frequently accessed vertex and edge data are stored in the 

shared region for direct reuse, while update operations are handled through local copies to 

prevent consistency conflicts. In parallel, the runtime regulation and dynamic parallelism 

estimation mechanisms continuously adjust the concurrency degree based on real-time 

system load, preventing memory pressure spikes and excessive thread contention. 

This implementation maintains the original user-level programming model and algorithm 

semantics, ensuring that the enhancement is transparent to upper-layer computations while 

improving concurrent execution efficiency and stability. 

2.9 Summary 

This chapter presented the design and implementation of the ECGPF framework. By 

integrating shared data access, tiered memory organization, and adaptive concurrency 

regulation, the framework supports efficient and stable concurrent graph processing in 

resource-constrained edge environments. These mechanisms form the basis for the 

performance evaluation and analysis discussed in Section 3. 

3. Results 

3.1 Experimental Design and Evaluation Indicators 

To verify the concurrent graph processing performance of ECGPF in edge environments, 

experiments were conducted on a distributed platform composed of a central node and 

multiple heterogeneous edge nodes. The system was deployed based on Apache Spark and 

GraphX, and all nodes maintained a consistent software runtime environment. Two types of 

graph datasets, Microsoft News and User Behavior, were selected, representing 

recommendation graphs and user interaction networks, respectively, in order to cover task 

scenarios with different structural characteristics. The experiments included two types of 

computation tasks: WordCount (non-iterative) and PageRank (iterative), which were used to 

evaluate execution efficiency, stability, and scalability. All experiments were executed 

repeatedly and the average value was taken to reduce the impact of system fluctuations. 

To comprehensively evaluate system performance, the following metrics were adopted, See 

Table 1 for details. 

Table 1 Performance Evaluation Metrics for Edge-Oriented Concurrent Graph Processing 

Metric Definition Evaluation Focus 
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Throughput 

Number of graph 

operations completed per 

unit time 

Overall processing 

capability of the system 

Latency 
Time required to complete 

a single task (or iteration) 

Stability of concurrent 

execution 

Resource Utilization 

(CPU/Memory) 

Level of resource 

consumption during node 

execution 

Load balance and 

sustainability of the system 

Scalability 

Impact of changes in the 

number of nodes on 

throughput 

Horizontal expansion 

capability of the system 

Throughput and latency reflect concurrency efficiency, resource utilization characterizes 

execution stability, and scalability indicates adaptability under different deployment scales. 

This section evaluates the throughput, latency, and resource utilization performance of 

ECGPF under different workloads, and compares the results with those of baseline GraphX 

and static parallelism configuration strategies. To examine performance across different 

computational patterns, two representative tasks are selected: WordCount, which involves 

non-iterative processing, and PageRank, which requires multi-round iterative computation. 

These two tasks allow the evaluation to reflect both single-pass and iterative workloads in 

edge-concurrent environments, thereby providing a comprehensive assessment of the 

proposed framework. 

3.2 WordCount Task Performance Analysis 

Figure 2 illustrates the completion time trends of the three execution approaches under 

varying levels of data distribution skew. The comparison highlights how each approach 

responds to changes in data locality and load imbalance. 

 

Figure 2. WordCount Experiment 
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As the Zipf exponent increases and data skew becomes more severe, the execution time of 

standard GraphX rises noticeably, indicating that it is sensitive to data distribution and prone 

to long-tail partition effects. The static balancing strategy can alleviate load concentration to a 

certain extent, but execution instability still occurs when edge resources are constrained. In 

contrast, ECGPF maintains a comparatively stable execution curve across different skew 

levels. The shared data access mechanism reduces repeated structural data reconstruction, 

while the tiered memory access and lightweight runtime regulation suppress cache thrashing 

and replica expansion under high concurrency. As a result, ECGPF is able to sustain more 

stable execution performance even as data skew intensifies. 

3.3 PageRank Task Performance Analysis 

Figure 3 presents the PageRank experiment results on the Microsoft News (MSN) and User 

Behavior (UB) datasets, which represent different graph scales and interaction patterns. This 

experiment evaluates the framework's behavior in multi-round iterative computation 

scenarios, allowing us to examine execution stability and throughput consistency over 

repeated synchronization phases. 

 

(a) MicrosoftNews                             (b) UserBehavior 

Figure 3. PageRank Experiment 

As the number of iterations increases, both curves exhibit a linear growth trend, which is 

caused by the wide dependency synchronization inherent in iterative graph computation. 

Standard GraphX shows a more noticeable increase in latency when the number of iterations 

and graph size grow. Although the static parallelism scheme improves performance in certain 

stages, fluctuations still occur during frequent redistributions. In contrast, the execution curve 

of ECGPF is closer to a steady linear growth, indicating that it can maintain stable 

concurrency levels and resource usage during the iterative process, reducing jitter caused by 

concurrency expansion and replica reclamation, thereby lowering additional synchronization 

overhead and maintaining better execution stability. 

3.4 Resource Utilization and Scalability Performance 

In terms of resource utilization, ECGPF maintains CPU usage in the range of 70%–85% on 

edge nodes, and memory usage remains within a safe threshold, without frequent garbage 

collection or overflow, demonstrating good resource balance. By contrast, standard GraphX 
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is more likely to experience short-term memory pressure during high concurrency phases, 

which affects execution rhythm. Scalability tests show that as the number of nodes increases 

from 2 to 8, the throughput of ECGPF grows approximately linearly; when the number of 

nodes increases to 10, the growth rate slows, mainly due to edge network synchronization and 

cross-node communication overhead, which is consistent with scalability characteristics 

commonly observed in edge distributed systems. 

3.5 Comparative Discussion 

Based on the experimental results of WordCount and PageRank, the differences between the 

approaches in execution stability and resource utilization are evident. Standard GraphX is 

sensitive to data distribution and load variation, exhibiting significant execution fluctuation; 

the static balancing strategy can alleviate data skew to some extent but may still lead to 

underutilization of resources or temporary overload due to the inability to adapt dynamically 

to runtime conditions. In contrast, ECGPF maintains more stable performance across 

different task types and heterogeneous resource conditions. The shared data mechanism 

reduces cross-task data reconstruction, the concurrent memory access strategy improves 

cache hit rates under high concurrency, and the lightweight adjustment mechanism 

effectively avoids resource concentration and execution jitter. These optimizations are 

performed at the execution layer and do not alter the upper-layer graph algorithms or 

programming model, providing good transparency and portability. 

3.6 Summary 

The experimental results demonstrate that ECGPF exhibits consistent advantages in 

throughput, execution latency stability, and resource utilization efficiency, and is able to 

maintain good scalability in multi-node environments. The framework supports high-

concurrency and continuous graph data processing in edge environments without additional 

hardware cost or modifications to algorithm logic, providing a practical solution and 

experimental foundation for real-world deployment and further system optimization. 

4. Discussion 

This study proposes an Edge-Oriented Concurrent Graph Processing Framework (ECGPF) to 

address the challenges of concurrent graph computation in resource-constrained edge 

environments. The framework is designed around three core mechanisms: 

(1) Shared data region construction, which reduces redundant data loading and minimizes 

memory duplication across concurrent tasks; 

(2) Tiered memory access strategy, which improves data locality and mitigates access 

conflicts under high concurrency; 

(3) Lightweight runtime regulation mechanism, which dynamically adjusts concurrency 

levels based on real-time resource states to maintain stable execution. 

These mechanisms are integrated into the execution layer of GraphX in a non-intrusive 

manner, preserving existing graph programming interfaces and algorithmic semantics. As 

such, ECGPF can be seamlessly deployed within existing graph processing workflows 
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without requiring additional hardware support or modifications to upper-layer computation 

logic. 

Experimental results across non-iterative and iterative graph computation workloads 

demonstrate that ECGPF provides consistently higher throughput, lower execution latency 

variability, and more balanced resource utilization compared with standard GraphX and static 

concurrency configurations. These findings indicate that enhancing data locality and 

concurrency control at the execution layer is an effective approach to improving both 

performance and scalability in edge-based graph computing scenarios. 

Looking forward, several research directions can further advance this work. One direction is 

to extend ECGPF to dynamic and continuously evolving graph structures, where efficient 

shared-state maintenance and update propagation mechanisms will be essential to controlling 

synchronization overhead. Another direction is to incorporate fine-grained task dependency 

characterization and adaptive scheduling models, allowing the framework to respond more 

intelligently to fluctuating workloads and heterogeneous resource conditions. In addition, 

exploring integration with heterogeneous acceleration platforms, such as GPUs, FPGAs, and 

emerging graph processing hardware, may enable the framework to support larger-scale 

graph datasets and higher concurrency demands in real-world deployments. 
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