
Self-Hosted Inference Throughput:
vLLM vs. Ray Serve

■ Key Highlights

• Understanding selfhosted inference throughput is essential for optimizing AI

deployments.

• vLLM and Ray Serve are two leading frameworks with distinct approaches to managing

resources and scaling applications.

• Comprehensive evaluation of performance metrics aids in decisionmaking for enterprise

generative AI solutions.

Introduction to Self-Hosted Inference Throughput
Self-hosted inference throughput is the measure of how effectively a system processes

requests using deployed machine learning models. In the rapidly evolving landscape of artificial

intelligence, organizations increasingly require solutions that facilitate high performance while

being mindful of resource utilization. Among the most prominent contenders in this domain are

vLLM and Ray Serve, each offering unique capabilities for self-hosted inference. In a world

where real-time decision-making and the ability to handle large volumes of data are crucial,

understanding the nuances of these two frameworks is essential. This article aims to provide an

in-depth comparison of vLLM and Ray Serve, focusing on their architecture, performance

metrics, deployment trade-offs, and best practices for optimizing inference throughput.

Overview of vLLM
vLLM is a dedicated inference engine optimized for processing large language model requests

while maintaining high throughput. Developed for ease of integration, vLLM leverages

advanced memory optimization techniques along with state-of-the-art resource management to

facilitate real-time interactions. The architecture of vLLM employs a unique memory

management system that allows it to load models efficiently and handle multiple concurrent

inference requests. As a result, users can expect minimal latency and maximized throughput.

Overview of Ray Serve
Ray Serve is an elastic inference serving solution designed to provide scalable deployment

capabilities for machine learning models. It integrates tightly with the Ray distributed

framework, allowing for high concurrency and robust resource management. Ray Serve utilizes

a combination of automatic scaling and task distribution, enabling it to allocate resources
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dynamically based on demand. This architecture is instrumental for organizations aiming to

achieve flexibility and reliability in real-time inference.

Performance Comparison
To draw meaningful insights into the performance of vLLM and Ray Serve, it is essential to

understand their key metrics, which can significantly affect an organization’s overall operational

efficiency. The following table delineates a comparative analysis of the two frameworks based

on several pivotal parameters:

Parameter vLLM Ray Serve

Latency
Low, optimized for
fast-response times

Moderate, can be adjusted
with scaling policies

Concurrency
High, supports multiple
requests simultaneously

Very High, scales horizontally
with system load

Deployment Complexity
Low, straightforward
integration

Moderate, requires Ray
environment setup

Resource Utilization Efficient memory usage Dynamic resource allocation

Optimal Use Case
Large language model
applications

General ML model serving with
variable workloads

This table illustrates how both frameworks cater to diverse business needs while optimizing for

inference throughput, indicating specific scenarios where each excels.

Implementation Steps for Optimal Throughput
Achieving optimal inference throughput requires careful planning and execution, regardless of

the chosen framework. Below are actionable steps designed to help organizations implement

either vLLM or Ray Serve effectively.

1. Assess your organization's specific needs and identify performance requirements.

2. Evaluate the model types to be served (e.g., transformers, CNNs) and their resource

demands.

3. Choose between vLLM and Ray Serve based on your deployment environment and

scalability needs.

4. Configure the chosen framework, ensuring system compatibility and performance tuning.

5. Conduct load testing to identify capacity thresholds and optimize configurations.

6. Implement monitoring tools to track performance metrics over time.

7. Iteratively improve the deployment based on feedback and usage patterns.



The steps outlined above are crucial in maximizing the potential of either framework, ensuring

sustained high performance in production environments.

Best Practices for Using vLLM and Ray Serve
To fully leverage the capabilities of vLLM and Ray Serve, organizations should adopt best

practices that emphasize efficiency, scalability, and maintenance. These practices can facilitate

smoother deployments and optimal throughput. 1. Optimized Model Loading: Use batch

processing techniques to load models into memory efficiently. 2. Asynchronous Processing:

Implement asynchronous request handling wherever possible to reduce latency. 3. Elastic

Scaling: Configure auto-scaling settings in Ray Serve to dynamically adjust to workload

demands, minimizing resource waste. 4. Monitoring and Logging: Continuously monitor system

performance through logging and tracking tools to identify bottlenecks. 5. Regular Updates:

Keep the frameworks updated with the latest releases to benefit from ongoing enhancements

and bug fixes.

Conclusion: Selecting the Right Solution
Choosing between vLLM and Ray Serve for self-hosted inference is a critical decision that will

influence the performance of AI-driven applications at scale. The final choice should be guided

by specific use cases, system requirements, and long-term operational goals. For enterprises

seeking to enhance their AI capabilities in a competitive landscape, it is essential to weigh

performance metrics, deployment complexities, and suitability for operational demands

logically. The deployment of robust solutions through either framework can lead to substantial

gains in efficiency, customer satisfaction, and ultimately, business value.

Frequently Asked Questions

What are the primary considerations when choosing between vLLM and Ray
Serve?

The primary considerations include use cases, latency requirements, resource management

capabilities, and deployment complexity.

How does vLLM handle large-scale deployments?

vLLM optimizes memory usage and processes requests concurrently, ensuring low latency

even during high demand.

Can Ray Serve integrate with other data processing frameworks?

Yes, Ray Serve is designed to work seamlessly with other components of the Ray ecosystem

and can integrate with various data processing tools.

What types of models are best suited for vLLM?



vLLM is particularly well-suited for large language models and applications demanding high

throughput and low response times.

How do I monitor performance for these frameworks effectively?

Utilize dedicated monitoring tools that can evaluate metrics such as latency, requests per

second, and resource usage for each framework.


