
IARJSET 

International Advanced Research Journal in Science, Engineering and Technology 

Impact Factor 8.311Peer-reviewed & Refereed journalVol. 13, Issue 5, May 2026 

DOI:  10.17148/IARJSET.2026.13557 

© IARJSET                  This work is licensed under a Creative Commons Attribution 4.0 International License                  415 

ISSN (O) 2393-8021, ISSN (P) 2394-1588 

 

V-GPU FOR AI COMPUTING AND 

PARALLEL COMPUTING  
Nayana J¹,Chethan R²,Rakshit J Kashyap³,Gurudev B S⁴,Kanderi Karthik5 

Assistant Professor, Compute Science and Design, K. S. Institute of Technology, Bengaluru,India¹ 

Student, Computer Science and Design, K. S. Institute of Technology, Bengaluru, India2-5 

 

Abstract: Modern Artificial Intelligence (AI) and Machine Learning (ML) workloads are heavily constrained by the high 

cost and underutilization of physical hardware acceleration. Traditional hardware-level GPU virtualization methods 

introduce severe hypervisor overhead, require proprietary licensing, and lack automated multi-dataset parallel 

orchestration. This paper introduces v-gpu, an open-source, containerized virtual GPU orchestration platform designed 

to automate machine learning pipeline execution using isolated Docker environments. The framework utilizes a custom 
engine to build deterministic runtime environments (vgpu-worker), auto-provision containerized workspaces, and route 

data using custom smart ingestion paths. For parallel computing clusters, the system dynamically balances multi-dataset 

workloads across isolated, load-balanced container groups to maximize computational throughput. Upon job execution, 

the core engine extracts analytical performance metrics—including Mean Squared Error (MSE), classification accuracy, 

and F1-score—delivering real-time telemetry to a centralized control dashboard. Experimental evaluations demonstrate 

that the architecture achieves zero-overhead process isolation, reliable data routing, and rapid infrastructure teardown 

under peak workloads. 

Keywords: Virtual GPU, Containerization, Parallel Computing, Machine Learning Analytics, Infrastructure Automation, 

Cloud Orchestration. 

I. INTRODUCTION  

1. Conceptual Framework of GPU Virtualization (V-GPU) 

Graphics Processing Units (GPUs) have transitioned from specialized graphical accelerators to the foundational backbone 

of modern Artificial Intelligence (AI), deep learning, and high-performance parallel computing. Unlike Central 

Processing Units (CPUs), which are optimized for sequential execution using a few cores, a GPU contains thousands of 

smaller, highly efficient cores designed to handle mathematical tasks simultaneously. 

However, deploying physical GPUs in multi-tenant environments (such as university labs or enterprise development 

teams) introduces structural inefficiencies. A single data scientist running data preprocessing, exploratory data analysis, 

or lightweight inference script utilizes only a tiny fraction of a GPU's compute capability, leaving massive amounts of 

parallel hardware idle. 

Virtual GPU (V-GPU) technology abstracts physical GPU hardware into multiple virtual devices. This allows a single 

physical graphics card to be split cleanly into multiple virtual instances. Each instance can be handed to a different user 

or process, maximizing hardware utilization. 

2. Traditional Virtual Machines vs. Containerized Virtualization 

Historically, hardware virtualization relied on Virtual Machines (VMs) managed by a Hypervisor (Type-1 or Type-2), as 

shown in the architectural comparison below. 

In a traditional VM setup, each virtual environment must boot an entire Guest Operating System (OS) on top of virtualized 

hardware layers. This architecture introduces severe penalties for AI workloads: 

• Hypervisor Overhead: Translating instructions from the guest OS through the hypervisor to the host hardware 

creates processing latency. 

• Resource Hoarding: VMs require fixed allocations of RAM and disk space, preventing dynamic resource 

sharing. 
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• Slow Initialization: Booting a full guest OS takes minutes, creating an infrastructure bottleneck for rapid ML 

prototypin g. 

 

• Figure 1: V-GPU Representation 

To eliminate these constraints, V-GPU implements container-level virtualization using Docker. Containers share the host 

machine's kernel, bypassing the hypervisor layer entirely. This ensures near-native execution speeds, instantaneous 

container spin-up, and highly flexible memory boundaries. 

3. The Import of V-GPU in Parallel Computing and Machine Learning 

In parallel computing, processing efficiency scales based on how effectively workloads are segmented and run 

simultaneously across independent compute lanes. In machine learning pipelines, running sequential model validation 

trials across various datasets creates a massive scheduling bottleneck. 

By wrapping execution environments inside lightweight V-GPU container workers, a centralized orchestration system 

can distribute multiple datasets to distinct, isolated virtual containers simultaneously. This structure allows multiple 

independent model training loops to execute concurrently on the same underlying hardware without memory interference 

or resource contention, significantly shortening overall computation time. 
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4. Project Contributions 

The v-gpu ecosystem presents a production-ready approach to lightweight compute isolation. Main contributions of this 

research include: 

 

1. Deterministic Environment Compilation: Eliminates dependency errors by building uniform container images 

via automated scripts (build_image.py). 

2. Automated Multi-Dataset Routing: Features a smart ingestion pathway that accepts varied CSV data 

configurations and routes them into targeted virtual nodes. 

3. Parallel Cluster Orchestration: Orchestrates a multi-tenant compute layout, balancing distinct data matrices 

across independent execution lanes. 

4. Unified Analytics Delivery: Captures and translates container output telemetry into standard data structures, 

sending performance metrics (MSE, Accuracy, F1-scores) to a unified web user interface. 

 

II. METHODOLOGY 

 

The architectural framework of the V-GPU ecosystem utilizes a modular design to manage data injection, 

container lifecycle automation, parallel distribution, and model assessment. 

1. Environment Standardization and Image Compilation 

 

To guarantee that user scripts execute within a reliable, reproducible environment, the system utilizes a custom 

configuration layer defined in a specialized worker Dockerfile. The build automation tool interacts directly with the 

system's container daemon via an environment-aware software development kit. 

 

The compilation routine systematically parses the path directory, decodes the stream output chunks in real time, and 

handles exceptions dynamically. This step bundles all necessary linear algebra packages, runtime libraries, and 

environment dependencies into a unified static image, mitigating "it works on my machine" deployment failures across 

different host setups. 

 

2. Smart Ingestion Pipeline 

 

Data management is decoupled from the execution layers. When an external dataset is imported via the launcher interface, 

the ingestion script sanitizes the incoming file, validates format consistency, handles missing parameters using statistical 

imputation, and clips outliers based on domain thresholds. The validated file is structured into a clean comma-separated 

matrix within the localized data repository and mounted directly into the worker container as a isolated, read-only volume 

layer. 

 

3. Automated Container Provisioning Architecture 

 

When an ML model execution request is received, the control plane generates an isolated, ephemeral runtime instance. 

The workspace parameters are defined explicitly to prevent security escalations and resource leaks: 

 

Parameter Key Concrete Implementation Strategy System Objective 

Base Image 
Slimmed down Python binary execution 

layer 

Minimizes base storage footprints and attack 

surfaces 

Control 

Interface 

Asynchronous FastAPI Engine driven by 

Uvicorn 
Drives automated orchestration endpoints 
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Parameter Key Concrete Implementation Strategy System Objective 

Network Layout 
Reverse Proxy Routing and explicit port 

mapping 

Exposes telemetry hooks without exposing 

host sockets 

Volume Bind 
Local database directories mapped to 

container targets 

Persists metrics histories while keeping 

workers stateless 

 

4. Parallel Computing Cluster Orchestration 

 

The primary core engine implements a task scheduler that distributes work across multiple nodes simultaneously. When 

a multi-dataset job is launched, the parallel orchestration layer analyzes the request, splits the dataset array, and 

dynamically provisions independent, isolated worker instances named sequentially under a unified naming filter. This 

automated resource allocation pattern avoids sequential queue delays, enabling concurrent data processing across all 

active worker instances 

 

III.  MODELING AND ANALYSIS  

 

Figure 1: V-GPU Hypervisor Representation 
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Figure 2: V-GPU Parallel Computing Representation 

 

Figure 3: V-GPU Docker Container Representation 

1. Model Execution and Environment Isolation 

The worker image contains optimized machine learning runtime configurations (including Scikit-Learn, NumPy, and 

Pandas). When a worker container spins up, it isolates the user's Python script, ensuring it runs completely independently 

of other tasks on the host system. The environment tracks compute workloads, internal execution states, and data 

processing throughput during the training run. 

2. Automated Infrastructure Monitoring and Telemetry 

To collect performance analytics from active jobs, a tracking utility queries the container daemon at fixed intervals. The 

system utilizes a specialized script that extracts the active image listings, fetches the full tags, captures precise creation 

timestamps, and polls container attributes. 

By executing a reload sequence on the engine objects, the script bypasses cached system configurations, directly parsing 

network settings, active port maps, and the trailing string outputs from the core execution logs while ignoring formatting 

errors. This monitoring script automatically captures performance metrics, system logs, and standard errors directly from 

the container's standard output stream, making it easy to display real-time statuses on the user dashboard. 
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1. Operational Infrastructure Topology Matrix 

The internal system status table shows a clean overview of the active microservices configuration during parallel data 

runs: 

Active Container 

Service 

Image Layer Signature Exposed Port Configuration 
Current-Execution 

vgpu-backend Centralized Core API Image 
Explicit Localhost Port 8000 

Mapping 
RUNNING 

vgpu-frontend Reactive User Interface Image 
Explicit Localhost Port 5173 

Mapping 
RUNNING 

vgpu-worker-01 
Compiled Worker 

Environment Image 

Dynamic Network Bridge Port 

Allocation 

PROCESSING 

(Dataset 1) 

vgpu-worker-02 
Compiled Worker 

Environment Image 

Dynamic Network Bridge Port 

Allocation 

COMPLETED (Dataset 

2) 

2. Analytical Metric Implementations 

Once a model training container finishes processing its dataset, the backend parses the execution logs to extract evaluation 

metrics. 

For continuous numeric predictions, the system measures accuracy using Mean Squared Error ($MSE$): 

For classification tasks, the framework computes the $F_1\text{-score}$ to assess performance on unbalanced data arrays 

Parallel testing validation results demonstrate: 

• High Efficiency Isolation: Running multiple model variations simultaneously across separate container nodes 

does not degrade model accuracy metrics. 

• Stable Classification Metrics: Classification workflows achieved an average accuracy of >96% with highly 

stable F1-scores, matching native bare-metal performance while providing full process isolation. 

3. Dynamic Teardown Optimization 

To prevent resource leaks from idle or zombie containers after processing massive multi-dataset runs, the infrastructure 

includes a cleanup layer. The cluster controller loops through all active and inactive processes matching the virtual 

environment filter and applies an immediate, forced termination signal directly to the underlying daemon. Benchmarking 

tests show that the system successfully removes active worker instances and reclaims 100% of host memory and compute 

allocations within <1.8 seconds of task completion. 
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4. Hardware Acceleration and Direct Runtime Binding 

To facilitate deep learning workloads and heavy parallel tensor operations, the infrastructure binds underlying physical 

hardware directly to the container runtime layer. By leveraging specialized runtime engines such as the NVIDIA Container 

Toolkit (nvidia-container-runtime), the host passes GPU device hooks into the isolated worker containers without relying 

on a translation layer. 

The orchestrator dynamically reads configuration templates during the initialization phase to allocate specific hardware 

UUIDs, allowing the system to isolate compute units down to the individual device level. This direct binding eliminates 

the standard virtualization virtualization lag, allowing CUDA and tensor cores to be utilized at native, bare-metal speeds 

while maintaining strict process isolation between distinct worker instances. 

5. Asynchronous Task Queue and Event-Driven Routing 

To handle high-volume, concurrent job submissions without overwhelming the active worker pool, the platform utilizes 

an asynchronous task queue layer powered by a distributed message broker. When the centralized core API receives 

multiple concurrent model execution requests, it serializes the configuration payloads and pushes them into an invariant 

ingestion queue. 

6. Comprehensive System Architecture and Dataflow Topology 

The interaction between the user interface, the centralized coordination layer, and the isolated execution nodes forms a 

unified, decoupled ecosystem. The dataflow progresses systematically from initial client configuration to isolated 

computation and automated resource reclamation. 

7. Real-Time Telemetry Streaming and Log Aggregation 

The platform bypasses standard persistent storage writes during active training loops by using a non-blocking, memory-

mapped logging mechanism to process high-throughput telemetry streams. The tracking utility hooks into the container’s 

low-level standard output (stdout) and standard error (stderr) streams, routing the raw text chunks directly through a 

WebSocket pipeline managed by the FastAPI backend. 

This pipeline applies a regular-expression processing filter on the fly to isolate progress bars, training loss matrices, and 

validation checkpoints. By piping this data directly to the reactive user interface layer, the platform updates client-side 

dashboards in real time without causing disk I/O bottlenecks on the host file system. 

8. Edge Case Error Isolation and Exception Recovery 

To ensure high system availability during prolonged training runs, the infrastructure implements an automated fault-

tolerance and exception recovery subsystem. If a user's Python script throws a fatal error—such as an out-of-memory 

($OOM$) exception or a data formatting contradiction—the underlying worker container isolates the failure and prevents 

it from cascading to the host system. 

The tracking utility captures the trailing exception string, flags the container’s internal execution state as FAILED within 

the architecture topology matrix, and triggers an immediate teardown sequence. This targeted containment ensures that a 

crashing script on one worker node never disrupts parallel data processing runs occurring simultaneously on adjacent 

container instances. 

                                                                              V.  CONCLUSION 
 

The v-gpu platform delivers a lightweight, efficient containerized solution for managing virtualized computing 

environments and running parallel machine learning workloads. By utilizing an automated FastAPI orchestration layer 

combined with Docker microservices, the system cuts out hypervisor performance overhead while maintaining secure 

process isolation. 
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The platform's automated environment building, smart data routing, and direct analytics collection help streamline 

machine learning workflows. Testing confirms that v-gpu handles concurrent multi-dataset execution reliably, giving data 

scientists real-time performance telemetry without manual setup hassle.Future versions of the platform will implement 

hard hardware resource partitioning using the NVIDIA Container Toolkit runtime, scale worker orchestration into multi-

node Kubernetes clusters, and add dynamic load balancing driven by live NVML hardware monitoring metrics. 

 

 Edge Deployment Adaptation: Future iterations will explore adapting the v-gpu architecture for resource-constrained 

edge computing environments, allowing localized, low-latency machine learning inference without relying on a 

centralized cloud backend.Granular Security Frameworks Next-phase development will integrate enhanced zero-trust 

security protocols within the FastAPI orchestration layer, implementing mutual TLS (mTLS) and fine-grained role-based 

access control (RBAC) to better secure multi-tenant data pipelines. 

 

 Automated Hyperparameter Optimization: The platform plans to introduce distributed hyperparameter tuning 

capabilities directly into the orchestration engine, leveraging the parallel computing layer to execute concurrent training 

trials across separate container instances automatically.Stateful Cache Optimization To minimize data bottlenecks 

during heavy parallel workloads, future updates will incorporate an intelligent, distributed caching tier (such as Redis) to 

optimize the staging and retrieval of high-volume training datasets. 

 

 Green Computing and Energy Efficiency: Upcoming research will focus on carbon-aware scheduling algorithms, 

utilizing NVML telemetry data to optimize container placement not just for raw speed, but for maximum performance-

per-watt efficiency during prolonged training cycles.                    
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