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ABSTRACT 

The use of artificial intelligence (AI), which depends only on CPU resources, 

tends to result in longer execution times or CPU time. Especially when handling 

large amounts or complex workloads. To overcome that issue, the use of a 

graphics processing unit (GPU) becomes a significant support. GPUs can 

significantly speed up AI inferences through their parallel architecture. One 

recent approach to integrating GPUs into an AI system is called GPU 

passthrough. Either natively (native environment), or through Docker 

environment. However, until recently, the efficiency and results between those 

methods have remained unexplored, particularly in local cloud 

environment.This study aimed to compare GPU performance between native 

and Docker environment using a 10.000 x 10.000 matrix multiplication 

workload with the TensorFlow frameworks. Execution time and GPU 

performance measured using the nvidia-smi tool. Data is recorded automatically 

in CSV format. The researcher used the NVIDIA CUDA environment to ensure 

full compatibility with GPU acceleration.The result demonstrated that GPU 

processing in native environment had faster average time, as in 1.52 seconds. In 

another case, GPU passthrough in docker environment demonstrated higher 

GPU utilization, as in 86.2% but had a longer execution time.These findings 

indicate that GPU overhead occurred in docker environment due to the 

containerization layer. On the contrary, the native environment resulted in 

shorter execution time, even though it did not maximize the GPU utilization. 

These results provide valuable basis data for technical decision-making in GPU-

based AI deployment in a limited environment. 
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INTRODUCTION 

Nowadays, Artificial Intelligence (AI) has becomes main innovation in various sectors. Including healthcare, 

agriculture, finance, and transportation. To fully maximize true potential of AI, requires large-scale, and flexible 

computational resources. 

Actually, AI inference process, such as; image classification, object detection, and natural language processing, 

require the support of graphics processing units (GPUs).  In addition, both AI training and inference are intensive 

computational processes. In order all of those processes to run smoothly and fast, is recommended to use GPUs rather 

than only CPU (Walters et al., n.d.). 

Better understand the context of this research, it is important to first explore the role of Graphics Processing 

Units (GPUs) in greater details. GPUs are hardware made to perform graphical rendering and numerical computations 

in parallel. To overcome all of those tasks, GPUs come with thousands of small cores(Kurkure et al., 2017).  GPUs are 

capable of executing many operations simultaneously, so it is very efficient to solve large-scale data processing. 

GPUs are particularly well-suited for machine learning and AI applications(Chang et al., 2020). GPUs role in AI 

is critical, due to processes such as image classification, and natural language processing, demand intensive 

computational power. GPUs are able not only to accelerate AI model training, but also reduce the inference time, 

making faster development and deployment of AI solutions. 

NVIDIA GPUs has programming layer called NVIDIA CUDA (Compute Unified Device Architecture). CUDA is 

a parallel computing and programing model platform which enabled developer to utilize GPU for general-purpose 

tasks. CUDA is also enabled programmers to code in various popular programming languages such as C, C++, and 

Fortran, which is then executed in parallel by thousands of cores within the GPUs. This paralelism significantly 

accelerates the processing of large and complex datasets, as commonly appeared in AI applications. 

Cuda is also facilitates various applications, from graphic computer, scientific simulations, and, deep learning. It 

makes GPUs vital component in the development of modern technologies that leverage the high computing data 

(Belkhiri & Dagenais, 2024). Main advantages of using CUDA lies in its ease of use and its ability to directly 

manipulate GPU memory. That feature is allowing developers to optimize application performance efficiently. 
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Furthermore, CUDA is also have a set of highly optimized libraries designed to enhance performance in 

numerical computing and data analysis.  As results of that, CUDA accelerating critical function in machine learning and 

AI (Choi et al., 2021). These features make CUDA a fundamental tool in the technology industry, where the demand for 

fast and efficient computation increasingly dominates various domains and applications. 

Native GPU usage can be inefficient as a single GPU typically runs only one AI app at a time. To improve 

resource utilization, GPU Passthrough is employed in virtualization environments such as Proxmox (Zhao et al., 2025). 

In Proxmox, virtual GPU Passthrough (vGPU) can be implemented by enabling a single NVIDIA GPU to be partitioned 

and shared across multiple virtual machines. 

However, the vGPU Passthrough method is typically less practical for local environments or educational 

purposes. This is primarily because GPU Passthrough lacks support for consumer-grade NVIDIA graphic cards, such as 

the RTX 3000, 4000, and 5000 series, which are equipped with CUDA and Tensor Cores. 

In addition, Virtual Machines (VMs) strongly rely on an additional layer called hypervisor, which runs on top of 

the host operating system. The function is to emulate hardware to produce virtual machine. However, the addition of 

hypervisor will decrease the performance of the virtual machine itself. 

To overcome this weakness, the researcher uses an alternative which claim to be lighter than virtual machines.  

This alternatives called as Container (Kumar & Kaur, 2022). Over time, Container become more popular because of its 

advantages, such as; lower resource consumption, and easy to make (Oh et al., 2019). 

In this study, the researcher will apply Container technique called Docker. Container Docker can also be called as 

light and efficient virtualization technology(Shea & Liu, n.d.). This feature enables developers to contain the application 

and all of its dependences in one unit which run together consistenly in all of computing environment. 

A Docker container uses the kernel from the host operating system and isolates each container with app and 

services needed. It creates process which low consuming resource and time efficient (Openja et al., 2022). Docker also 

support fast-paced app distribution, which simplify development and management of cloud-based solution. Docker 

container also increase the efficiency of machine learning and web-based application . Docker container even more 

special because it replaces the necessity of heavy virtual machine. We can say goodbye to overhead and welcome the 

increasing performance of running apps simultaneously (Shetty et al., 2017). 

To assist Docker Container, the researcher uses NVIDIA Container Toolkit which enable Docker accesses 

NVIDIA GPU directly to run CUDA-based app (Tiying & Zhengwei, 2019) such as deep learning, computer vision, and 

data analysis. This toolkit includes special runtime (nvidia-container run time), and library (libnvidia-container) which 

automatically mapping the GPU and CUDA library from host to container (NVIDIA, n.d.-a). By only adding the flag --

gpus all, the container can utilize the GPU as it would on a native system. The toolkit is also support various AI 

framework, such as TensorFlow and Pytorch. Moreover, the toolkit is compatible with modern docker and 

environmental orchestration like Kubernetes. 

Later on, the researcher compares the GPU performance in native environment, and the GPU performance via 

GPU passthrough using Docker Container. Then the researcher classifies the efficiency and the overhead between those 

two environments. 

This study is important because provides empirical and practical insight about the efficiency of workload 

execution on GPU-based AI in local environments, an area that has not been studied much before. This study also 

support in decision making technique between the using of container and native execution. 

The purpose of this study is to compare the performance and utilization of GPU between native environment and 

Container Environment using Docker. The researcher limits the work field in local cloud. Hopefully this research can 

provide technical recommendations to practitioner and academics in order to choose the most suitable methods to 

maximize the AI inference with local GPU. 

 

LITERATURE REVIEW 

In the last couple years, cloud computing technology and containerization has grown exponentially. It is reflected 

in the using of GPU in order to produce Virtual Machine (VM) on OpenStack and Docker. This research explores the 

application of GPU on those two environments and the effect on performance and efficiency data processing. 

First, GPU plays an important role in leveling up the application performance, especially in machine learning and 

graphic processing. Belkhiri and Dagenais wrote that GPU virtualization provides scalable GPU resource which 

adaptive to virtual machine. This features increases apps efficiency and responsiveness, which run on top of it (Belkhiri 

& Dagenais, 2024). 

In the case of OpenStack, Zhao et al. explains that the using of GPU Passtrough allows direct resource allocation 

to the host cloud. This method significantly fulfills the necessity of high level computing data (Zhao et al., 2025). This 

stats show that GPU integration in cloud environment amplify speed and data efficiency process. 

Furthermore, the implementation of Docker as container platform enables high flexibility in management and 

deployment of application that need GPU. Based on Shetty et al., Docker offers performance level that similar with 

native. It is better that virtualization technology based on hypervisor like KVM. All of these advantages are possible by 

its architecture which need no additional abstraction layer between the hardware and the virtual machine (Shetty et al., 
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2017). 

When used with GPUs, Docker allows developers to package all the application with all dependencies needed. 

The feature makes it easier to deploy GPU oriented application in the cloud (Openja et al., 2022). It makes higher rate 

efficiency possible and better resource management. This study also integrate container with OpenStack to create better 

scheduling technique. The technique is particularly useful for maximizing GPU resource utilization (Lingayat et al., 

2018). Through the research by Chang et al., shows that increasing GPU efficiency resource can be reach by using 

virtually accelerated GPU (Chang et al., 2020). This approach is very crucial in the developing cloud-computing era. 

Besides all the advantages above, the use of GPU on Docker and OpenStack also quiet challenging. The primary 

challenges are the management and maintenance so the hardware performance keeps optimum. User must regularly 

maintain network traffic and manage the resource in multi-tenant environment. Those challenges can be complicated if 

not manage properly (Čisar et al., 2018). 

The combination of GPU, Docker, and OpenStack enables new opportunity in cloud computing development. 

The use of this technology – from machine learning to graphic rendering- offer significant advantages, especially for 

organization or team who want to utilize cloud-based infrastructure. 

Despite the fact that various studies have examined the use of GPU with virtual machine and containers, most of 

it have focused on large-scale cloud environments such as OpenStack and Kubernetes. It is utilizing enterprise GPU 

configuration and centralized pools(Belkhiri & Dagenais, 2024; Zhao et al., 2025). Such approaches are often not 

applicable to individual or organization with limited funding which can only rely on consumer-grade GPUs. 

Moreover, prior research has largely emphasized deployment capability and compatibility. It has not yet been 

widely discussed about quantitative analysis on GPU performance using Docker vs. Native. Similar studies by Shetty et 

al. (2017) and Openja et al. (2022) are also comparing a GPU container without a direct experiment to compare the 

utilization and the efficiency of the GPU. 

 

METHOD 

This study uses a quantitative experiment to measure and compare the execution performance and utilization of 

the GPU in two modes. Those are workload AI executions in the native environment and Docker container. Main 

workload uses are big matrix multiplication of 10,000x10,000, which generally represents computing workload on AI 

inferences. 

The use of matrix multiplication as a workload benchmark is regarded as standard practice in AI computing 

research (Shi et al., 2017; Wang et al., 2019). It reflects the fundamental Neural Network. GPU monitoring with the 

nvidia-smi tool is chosen because the accuracy is high and represents the industry (NVIDIA, n.d.-b). 

 

Experimental Environment 

The experiments are conducted in a local system with specifications as shown below: 

GPU: NVIDIA RTX 3060 (12 GB VRAM) 

CPU: Intel Core i5-12400 

RAM: 32 GB DDR4 

OS Host: Ubuntu 22.04 LTS 

CUDA Toolkit: Version 12.8 

Driver NVIDIA: Versi 570.133.07 

 

Experimental Stages: 

The experimental process consisted of four main stages. First, the environmental setup was conducted by 

installing compatible NVIDIA drivers, the CUDA toolkit, and the NVIDIA Container Toolkit to ensure GPU support in 

both native and containerized (Docker) environments. Second, in the workload preparation stage, a script named 

infer.py was developed using TensorFlow to perform large-scale matrix multiplication. This script was executed ten 

times in each environment—native and Docker—to ensure consistency and comparability of results. 

Third, the measurement stage involved two key aspects: execution time and GPU utilization. Execution time was 

measured using the time.time() function within the Python script to capture the duration of each run. Simultaneously, 

GPU utilization was monitored using the nvidia-smi tool in polling mode, which logged GPU usage every 0.1 seconds 

during execution. 

Finally, in the logging and analysis stage, all data—including execution time and GPU utilization—were 

recorded automatically in CSV format using a shell script. These datasets were then subjected to basic statistical 

analysis to calculate the average execution time and GPU utilization for each execution mode, enabling clear 

comparison and interpretation of performance differences between native and containerized environments. 

 

 

 

Research Instrument 

https://doi.org/10.47709/brilliance.v5i2.6794
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Table 1. Research Instrument 

Instrument Function 

TensorFlow Running a matrix multiply 

NVIDIA-SMI Monitoring real-time GPU utilization 

Bash Script Automatic logging time and utilization to CSV 

Docker CLI Running a container with GPU access 

Python Stopwatch Measuring the execution duration of an AI workload 

 

RESULT 

This study benchmarks the performance of GPU-based TensorFlow workload execution in two environments: 

native (directly on the host system) and Docker container based on the image in nvcr.io/nvidia/tensorflow:24.05-tf2-

py3. The workload used is a large matrix multiplication, representing a standard type of computation in AI model 

inference. 

Table 2. Representing a Standard Type 

Run 
Time GPU Utilization 

Native Docker Native Docker 

1 1.5417 2.5334 37 99 

2 1.5059 2.5513 69 85 

3 1.5214 2.5671 11 61 

4 1.5492 2.5134 72 100 

5 1.5286 2.5545 24 60 

6 1.5333 2.5538 68 95 

7 1.5127 2.5327 12 99 

8 1.5033 2.5697 33 63 

9 1.5028 2.5438 57 100 

10 1.4941 2.6024 73 100 

 

The benchmark showed that TensorFlow execution in native is faster compared to Docker. The average is 1.52 

seconds compared to 2.55 seconds. The result implies that the native environment is more efficient in handling the task. 

This is likely due to the absence of containerization overhead and direct access to the hardware resources. 

 
Fig. 1 Comparation execution time per run native and docker 

 

 

 

 

 

 

 

 

 

 

GPU Utility Analysis 
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Fig. 2 Comparation GPU Utilization 

 

Docker mode created significantly higher GPU utilization than native mode. The average results are 86%, with 

several runs reaching 100%. This suggests that the nvcr.io/nvidia/tensorflow image and the Docker environment are 

highly optimized for GPU workloads. In contrast, the native mode exhibits lower GPU utilization, averaging 45,6%, 

despite achieving faster execution times. This indicates that the GPU was used more efficiently in the native 

environment. 

 

Implication and Evaluation 

These findings offer valuable insights into the use of a GPU for an AI workload in a local environment. The 

primary goal is to achieve minimal execution time, and a native environment is preferable. However, in order to 

maximize GPU utilization and ensure consistent run time, a Docker environment is an advisable alternative. 

For educational institutions or research centers with limited resources, these results can serve as a practical 

reference for designing AI execution pipelines – both for training and inference- on local GPU infrastructure. 

 

Comparison with Previous Studies 

Studies by Shetty et al. (2017) and Openja et al. (2022) have shown that Docker generates minimal overhead in 

executing GPU workloads, while offering a more controllable and reproducible environment. This study supports those 

findings by providing empirical evidence that, although Docker has higher GPU utilization, it still lags slightly behind 

native in terms of execution time. 

Unlike most previous research, which focused on large-scale cloud environments, this study targets a local cloud 

context with a single GPU. Addressing a relevant gap for practitioners and researchers working in limited resources. 

Specifically, it provides insights for small-to medium-scale AI inference workloads. 

 

DISCUSSION 

Benchmarking results indicate that the native execution mode exhibits faster processing times compared to 

Docker, with average runtimes of 1.52 seconds and 2.55 seconds, respectively. This confirms that the overhead 

introduced by containerization systems such as Docker still impacts execution performance, even when GPU access has 

been optimized. 

However, in terms of GPU utilization, Docker demonstrates higher and more consistent values, reaching an 

average of 86.2% and even peaking at 100% in several runs, while the native mode only averages around 45.6%. These 

findings suggest that Docker is able to allocate and utilize GPU resources more intensively for TensorFlow-based AI 

workloads. 

This difference may be attributed to internal mechanisms in memory management and process execution adopted 

by TensorFlow within container environments. The high GPU utilization in Docker does not necessarily correlate with 

faster execution time due to the additional latency introduced by the virtualization layer. 

From a practical standpoint, Docker is well-suited for deploying AI models that require consistent environments, 

scalability, and ease of distribution. In contrast, the native mode is preferable for local or experimental scenarios that 

demand maximum performance and faster execution times. 

These results also align with previous findings, such as the study by Shetty et al. (2017), which reported that 

Docker introduces minimal overhead while offering advantages in consistency and dependency management. In the 

context of GPU consumer-grade local cloud environments, the contribution of this study lies in its empirical 

measurement of GPU performance and utilization, which has been rarely explored in prior research. 

CONCLUSION 

https://doi.org/10.47709/brilliance.v5i2.6794
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This study compared GPU execution performance and utilization between native and Docker mode. A large 

matrix multiplication is used as the main workload using TensorFlow. The experiment resulted in native mode giving 

faster execution performance with an average of 1.52 seconds. In another hand, Dockers needs 2.55 seconds. 

Nonetheless, the Docker environment has better GPU utilization with an average 86,2%, while native can only reach 

45.6%. 

These findings highlight the trade-off introduced by containerization: while Docker incurs some execution 

overhead, it enables higher and more stable GPU utilization. Conversely, native execution proves to be more time-

efficient, utilizing fewer GPU resources to complete the same task. Therefore, the decision to adopt Docker or native 

execution should align with specific use-case priorities—whether emphasizing minimal execution time or prioritizing 

environment portability and consistency. 
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