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Abstract

The increasing demand for distributed computational resources has led to inno-vative approaches in sharing
hardware capabilities. This paper introduces a frame-work for global remote RAM sharing, enabling devices
to utilize excess memory across geographically distributed nodes. By leveraging low-latency protocols such
as RDMA and scalable communication models, the proposed system addresses mem-ory constraints without
necessitating high-cost upgrades. Benchmarks on hetero-geneous devices demonstrate significant
improvements in computational efficiency for memory-intensive applications. This work explores the design,
implementation, and potential applications of remote RAM sharing as a complementary resource in
distributed systems.
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1 Introduction

The exponential growth in distributed computing and machine learning has amplified the demand for
resource sharing across heterogeneous devices. Traditional approaches focus primarily on sharing
computational power, overlooking the critical bottleneck posed by memory constraints in modern
distributed applications. This limitation becomes evident in scenarios where:

» Applications require more memory than available locally, such as training large language models
or processing high-resolution datasets.

* Resource-constrained devices (e.g., loT devices or edge computing nodes) struggle with memory-
intensive tasks despite adequate compute power.

* Hardware enhancement is not manageable because it is expensive or cannot support the overall
population.

In order to meet these challenges, this paper propose a new model for Global Remote RAM Sharing
(GRRS). Through GRRS, devices in geographically diverse locations can allocate their unused memory
resources and improve memory capability without addi-tional hardware. Unlike existing solutions that
require high-bandwidth local networks, GRRS uses a combination of the on-the-wire Remote Direct
Memory Access (RDMA) with Google’s gRPC and TCP/IP failback for both efficiency and flexibility.

1.1 Motivation and Research Gap

Current research particularly emphasizes computation offloading; however, implicit solu-tions to
dynamic memory sharing are scarce. Software, such as Kubernetes and Apache Mesos, effectively
orchestrate distributed computing resources, while expecting adequate local memory for tasks. This
gap becomes more prominent in:

» Federated Learning: It was seen that nodes into distributed learning experience memory
constraint during model training as well as aggregation.

» Large Dataset Inference: If a deployed application is something like GPT or uses Stable Diffusion
it would naturally require more memory than a single node can provide.

» Scalable Edge Deployments: L3 caches, commonly used in edge devices, for example, do not
provide enough memory for today’s tasks.

Figure 1 illustrates scenarios where GRRS is critical.
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Motivational Scenarios for Remote RAM Sharing
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Figure 1: Motivational Scenarios for Remote RAM Sharing.

1.2  Objectives of This Paper

This research aims to:

1. Design and implement a remote RAM-sharing framework leveraging unused mem-ory across
distributed devices.

2. Optimize data transfer protocols to minimize latency and maximize throughput.

3. Evaluate the framework’s performance across heterogeneous environments, includ-ing cloud,
edge, and consumer-grade hardware.

4. Provide robust security mechanisms for safe and authorized resource sharing.

1.3 Contributions

Key contributions of this work include:
» A novel architecture integrating RDMA and fallback gRPC for low-latency remote memory access.

* A dynamic allocation algorithm that balances memory demands across distributed nodes based
on network conditions.

« Comprehensive evaluations demonstrating memory throughput improvements of up to 4x for
memory-intensive workloads.
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* Open-source implementation with benchmarks for heterogeneous devices, including macOS,
Windows, and Linux platforms.

The remainder of this paper is organized as follows:
» Section 2 discusses the design and implementation of GRRS.

» Section 3 presents experimental setups and results.
» Section 4 evaluates the framework’s implications, limitations, and future work.

» Section 5 summarizes the findings and contributions.

2 Methodology

The GRRS framework is designed to enable efficient sharing of memory resources across
distributed devices, ensuring scalability and low-latency access. This section outlines the
architecture, communication protocols, memory allocation strategies, and security measures.

2.1 System Architecture

The architecture of GRRS is modular, comprising three key components:

* Memory Pool Server: Manages a centralized pool of unused memory, handling client requests for
allocation, deallocation, and read/write operations.

* Memory Pool Client: Acts as a consumer, integrating remote memory into its local memory space
for seamless application access.

« Communication Layer: Facilitates interactions between servers and clients using low-latency
protocols, with fallback mechanisms for less reliable networks.

GRRS System Architecture

Cient Layar

> Protocol Layer — Security Layer

Memory Manager

Memaory Pool

Figure 2: System Architecture of GRRS Framework.
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2.2 Communication Protocols

Efficient communication between clients and servers is critical for minimizing latency.
GRRS employs:

* Remote Direct Memory Access (RDMA): Provides high-speed memory shar-ing by bypassing the
CPU during data transfers. RDMA achieves latencies as low as 2 ms.

* gRPC (Fallback): Enables structured communication for environments without RDMA support.
Data is serialized using Protocol Buffers for efficiency.

» Socket-based TCP/IP: A final fallback for devices lacking gRPC support.

Algorithm 1 Protocol Selection for Communication Require: Device capabilities D, Network
environment N

1:if RDMA is supported and N bandwidth > threshold then

2:Use RDMA for communication

3:else if gRPC is available then

4:Use gRPC with Protocol Buffers

5:else

6:Use TCP/IP for fallback

7:end if

8:return Selected protocol

2.3 Memory Allocation Strategy

Memory allocation in GRRS follows a dynamic approach:
« Static Allocation: Pre-allocates fixed memory blocks to clients based on pre-negotiated capacity.

» Dynamic Allocation: Allocates memory on demand, using predictive algorithms to estimate client
requirements.

The dynamic allocation algorithm uses a memory usage prediction model based on historical usage
data. Table 1 shows the efficiency of static vs. dynamic allocation.

Table 1: Comparison of Static and Dynamic Allocation

Aetric Static Allocation J)ynamic Allocation
Aemory Utilization (%) 65 92
.atency (ms) 10 5
Dverhead (%) 25 12

2.4  System Workflow

The workflow of GRRS is illustrated in Figure ??, detailing the interaction between components.
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2.5 Security Mechanisms

To ensure secure memory sharing, the framework implements:

* TLS Encryption: All data transfers are secured using TLS to prevent eavesdrop-ping and
tampering.

» Token-Based Authentication: Devices must authenticate using cryptographi-cally signed tokens.

» Sandboxing: Memory access is restricted to allocated regions, preventing unau-thorized usage.

2.6 Performance Optimizations

Key optimizations include:
« Compression: Reduces bandwidth usage for large data transfers.
 Prefetching: Anticipates memory requests to reduce latency.

» Caching: Stores frequently accessed data locally to minimize remote calls.

AN

Figure 3: Performance Optimization Techniques in GRRS.
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3 Experiments and Results

3.1 Experimental Setup

The experiments were conducted using a combination of cloud-based and local hardware
configurations to evaluate the framework’s performance in heterogeneous environments. Table 2
summarizes the hardware configurations used.
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Table 2: Hardware Configurations Used for Experiments

Jevice specifications

NacBook Pro (M4 Pro) A4-core CPU, 20-core GPU, 24GB RAM
Vindows Laptop (RTX 3060) 8-core CPU, NVIDIA RTX 3060 Max-Q, 16GB RAM
Raspberry Pi 4 Juad-core ARM Cortex-A72, 4GB RAM
\WS EC2 Instance :6gn.16xlarge (64 vCPUs, 128GB RAM)

The experimental setup includes:

* A centralized memory server running on the AWS EC2 instance.
* Clients running on the MacBook Pro, Windows Laptop, and Raspberry Pi 4.

» Network configurations including LAN, Wi-Fi, and cloud connectivity.

3.2 Performance Metrics

The framework was evaluated based on the following metrics:

» Latency: Measured as the time taken for a memory request to be processed.

* Throughput: Measured as the amount of data (in MB/s) transferred between the server and
clients.

* Memory Utilization: Percentage of memory effectively utilized by the clients.

» Application Performance: Improvement in runtime for memory-intensive work-loads.

3.3 Latency Analysis

Figure 4 shows the latency for memory access under different protocols and network conditions.

Latency Analysis by Protocol and Network Type
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Figure 4: Latency Analysis of GRRS for Various Protocols and Networks.
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Observations:

 RDMA achieved the lowest latency, with an average of 2.5 ms for memory accesses over a high-
speed LAN.

* gRPC performed well in cloud environments, with an average latency of 10.2 ms.

* TCP/IP had the highest latency (25.8 ms) due to the overhead of socket-based communication.

3.4  Throughput Analysis

The throughput of the system was measured for memory transfers of varying sizes. Table 3
summarizes the results.

Table 3: Throughput Analysis for Memory Transfers

>rotocol 1MB Transfer (MB/s) 10MB Transfer (MB/s) 100MB Transfer (MB/s)
RDMA 980 950 900
IRPC 500 450 400
"CP/IP 120 110 100

Throughput Comparison Across Protocols
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Figure 5: Throughput Comparison for Memory Transfers Across Protocols.

3.5 Memory Utilization Efficiency

The memory utilization for static and dynamic allocation strategies was compared. Fig-ure 6
demonstrates the efficiency of dynamic allocation.
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Memory Utilization Over Time
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Figure 6: Comparison of Static and Dynamic Memory Utilization.

Observations:
* Dynamic allocation achieved up to 92% memory utilization, compared to 65% for static allocation.

* Dynamic strategies reduced memory fragmentation and improved overall system performance.

3.6  Application Performance Improvement

To evaluate the practical benefits of GRRS, a large dataset inference task was performed on clients with and
without remote memory sharing. Table 4 summarizes the results.

Table 4: Application Runtime with and Without Remote Memory Sharing

client Device Runtime Without GRRS (s)  untime With GRRS (s)
ANacBook Pro 120 75
Vindows Laptop 150 95
Raspberry Pi 4 300 180
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Application Performance Comparison
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Figure 7: Runtime Improvement for Memory-Intensive Applications.

Observations:

* GRRS reduced application runtime by 30-40% on average.

* The impact was most pronounced on resource-constrained devices like the Rasp-berry Pi 4.

3.7 Network Impact on Performance

The performance of GRRS was evaluated under different network conditions, including LAN, Wi-Fi,
and cloud environments. Figure 8 illustrates the results.

Latency by Natwork Type Throughput by Network Type
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Figure 8: Impact of Network Conditions on GRRS Performance.

Observations:

* LAN offered the best performance, with low latency and high throughput.
* Wi-Fi introduced moderate delays but remained viable for most workloads.

» Cloud environments experienced higher latencies but maintained acceptable through-put for batch
operations.
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4 Discussion

The experimental results presented in Section 3 demonstrate the effectiveness of the GRRS
framework in addressing memory constraints in distributed systems. This sec-tion evaluates the
advantages, limitations, and potential use cases of GRRS, along with proposed directions for future
research.

4.1 Advantages of GRRS

The GRRS framework provides several significant benefits:

* Enhanced Memory Utilization: Dynamic allocation strategies achieved up to 92% memory
utilization, significantly reducing memory wastage compared to static allocation (65%).

* Improved Application Performance: Memory-intensive applications experi-enced runtime
reductions of 30-40%, particularly on resource-constrained devices like the Raspberry Pi 4.

* Low Latency Access: RDMA enabled near-native memory access latencies of 2.5 ms, making
GRRS viable for real-time workloads.

» Cost-Effective Scalability: Instead of investing in new memory hardware, GRRS leverages existing
memory resources within the various devices, thus cutting costs on upgrades.

GRAS Framwwork Advantages Sammary

Imgrovement Soore %)

Nemory Utiszation Arphceton Soved Cout Reducton Scalabiky

Figure 9: Advantages of the GRRS Framework.

4.2  Challenges and Limitations

Despite its promising results, GRRS faces several challenges:

* Network Dependency: GRRS behaves relatively sensitively concerning network conditions, and
therefore, its performance stands or falls with the network condi-tions. Overview: Latency
consumers are connected to low computational speed networks LANs and high-latency WAN public
internet.
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» Security Concerns: Despite integrating TLS and token-based authentication, the issue of
unauthorized access is always prevalent, particularly in large and widespread networks of GRRS.

 Device Heterogeneity: Supporting a wide range of devices with varying memory architectures,
operating systems, and network capabilities introduces complexity.

* Energy Overhead: Memory sharing across devices increases network activity and potentially
raises energy consumption for resource-constrained devices.

4.3 Implications for Industry

GRRS has far-reaching implications across various industries:

* Machine Learning: Enables the training and inference of large models on memory-constrained
edge devices by offloading memory requirements to cloud or other local devices.

* Healthcare: Facilitates the processing of large medical datasets without requiring high-memory
workstations at every node.

» Autonomous Vehicles: Provides scalable memory solutions for edge devices in real-time
autonomous systems, enhancing data processing capabilities.

* loT Networks: Supports 0T applications requiring memory-intensive computa-tions, such as video
analytics and environmental monitoring.

Applications of GRRS Across Industries

Edge Device
Scalng

Medical Data
Processing
Memorydntansive
loT Workioads

GRAS

Large Mode!
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Figure 10: Applications of GRRS Across Industries.
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4.4  Future Directions

To overcome the limitations and extend the capabilities of GRRS, future research should focus on:

» Hybrid Protocols: Developing hybrid communication protocols that dynamically switch between
RDMA, gRPC, and TCP/IP based on network conditions.

» Edge-Centric Optimization: Reduction of network overhead to improve the energy efficiency of
GRRS for loT and edge devices.

» Cross-Platform Compatibility: Increasing the functionality range of the soft-
ware in terms of the operating systems and architectures: Android and iOS.

» Security Enhancements: The measures include the use of enhanced encryption methods and
techniques and the integration of intrusion detection systems, which are used to solve security
challenges in distributed settings.

» Al-Driven Allocation: Real-time monitoring to anticipate distribution densities of memory and make the
right allocation determinations by using machine learning.

4.5 Broader Impacts

The adoption of GRRS could have transformative effects on the following:

» Democratizing Technology: In smaller organizations and for individuals, GRRS allows utilize high-
performance computation without additional hardware.

 Sustainability: Optimisation of resource usage eliminates the constant need to upgrade hardware,
thereby minimizing electronics’ wastage.

» Global Collaboration: GRRS ensures the sharing of resources and, in turn, enhances collaborative
computing amongst cross-situated teams.

5 Conclusion

The increase in scale and density of distributed systems and the need for higher memory insensitivity make
fresh resource-sharing paradigms. This paper introduced the Global Remote RAM Sharing (GRRS)
methodology for memory sharing among heterogeneous devices, stating the essential memory issues in
contemporary computing.

5.1 Key Findings
The results from our experiments demonstrate the following:

* GRRS enhances memory utilization, achieving up to 92% efficiency with dynamic allocation
strategies compared to 65% for static methods.

* The framework significantly improves application performance, reducing runtime for memory-
intensive tasks by 30-40% on average.
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* RDMA-based communication achieves near-native latency (2.5 ms) and high through-put (980
MB/s), making it suitable for real-time workloads.

* By leveraging existing memory resources, GRRS reduces hardware upgrade costs and promotes
the sustainable use of computational devices.
5.2  Contributions

The major contributions of this work include:

* The design and implementation of a scalable architecture for remote RAM sharing, integrating
RDMA and fallback protocols.

* A dynamic memory allocation algorithm that minimizes latency and maximizes resource utilization.

« Comprehensive evaluations across diverse hardware and network environments, demonstrating
GRRS'’s effectiveness and adaptability.

* Open-source implementation with benchmarks, fostering further research and prac-tical
applications.
5.3 Limitations

While the GRRS framework shows significant promise, the following limitations were identified:

* The framework’s performance is highly dependent on network conditions, with higher latencies in
cloud environments affecting throughput.

» Security measures, while robust, may need enhancements to address emerging threats in
distributed networks.

* The energy overhead of memory sharing on resource-constrained devices requires further
optimization.
5.4  Future Work

Future research directions include:

* Proposal of hybrid messaging approaches as specific protocols to address altering environment
characteristics in the networks.

* Optimizing energy consumption for IoT and edge devices so as to minimize the effects of
enhanced networking.

* Constant enhancement of support of numerous other platforms, including but not limited to
Android and iOS, to widen the horizon of GRRS usability.

* Implementing Al as a technique for running likely predictions provides resources for memory and
work.

* Researching enhanced security measures at a higher level, such as homomorphic encryption and
blockchain-associated authentication, to enhance reliance on dis-tributed memory sharing.
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5.5 Broader Implications

The adoption of GRRS has transformative implications:

» Democratizing Technology: According to the paper, GRRS, being a resource-sharing tool, helps
small organizations and individuals have access to highly complex computations without having to
invest in expensive hardware.

* Promoting Sustainability: These qualities decrease electronic waste, hence pro-moting
environmentally sustainable computing.

» Advancing Collaboration: GRRS enhances Teamwork Across Scale and Geo-graphical Areas in
the sense that geographically dispersed workers/teams are able to share resources easily.

5.6 Closing Remarks

Thus, the introduced GRRS framework can be considered a contribution towards over-coming memory
problems in distributed systems. Using the operating system’s unused overall memory resources across
departments, combined with efficient /O protocols and dynamic memory allocation, HPC is a practical
and highly effective solution to address contemporary computation demands. GRRS, by making
memory resources available to anyone and through its advocacy of the sustainable use of such
resources, can help de-termine the future of distributed computing as well as resource management.
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