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Abstract—This article aims to explore the deployment
strategy and optimization method of ML (Machine Learning)
model based on cloud computing, so as to improve the
performance of the model in the cloud computing environment,
reduce the cost and ensure the security. Aiming at this goal,
firstly, the challenges faced by the current ML model
deployment are analyzed, including poor scalability, low
resource utilization, high cost and security risks. Based on this,
a complete set of deployment strategy and optimization system
is proposed. The system covers micro-service architecture,
distributed training, model quantification and pruning,
hardware acceleration, cloud service selection and resource
allocation. The results show that micro-service architecture has
obvious advantages in scalability and management convenience
compared with single architecture. Distributed training
technology can significantly shorten the model training time;
Reasonable cloud service selection and resource allocation
strategies reduce operating costs. The research results verify
the effectiveness of the proposed strategy and optimization
method, and provide strong technical support for practical
application.
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I. INTRODUCTION

In the digital age, as the infrastructure of information
technology, cloud computing is changing all walks of life at
an unprecedented speed [1]. Its powerful computing power,
flexible resource allocation and high scalability have brought
revolutionary changes to the fields of big data processing and
high-performance computing [2]. At the same time, the rapid
development of ML technology makes it possible to extract
valuable information from massive data and make intelligent
decisions [3]. ML is a core branch of artificial intelligence. It
enables computers to learn and improve from data without
explicit programming. According to different learning styles,
ML can be divided into supervised learning, unsupervised
learning, semi-supervised learning and reinforcement
learning [4]. The selection and optimization of ML algorithm
is very important for the performance and accuracy of the
model, and it is also the basis of subsequent deployment and
optimization [5]. However, it is a big challenge to effectively
deploy the ML model into the production environment and
ensure its efficient and stable operation [6].

Cloud computing is an important support of information
technology [7-8]. Cloud computing, with its characteristics
of on-demand service, resource pooling, extensive network
access and rapid flexibility, has completely changed the

traditional way of providing IT services. [9] With its unique
advantages, cloud computing platform has become the first
choice for ML model deployment. This research is carried
out under this background. The research aims to explore how
to make full use of the characteristics of cloud computing,
realize the efficient deployment and optimization of ML
model, and promote the wide application of artificial
intelligence technology.

The significance of this study is to put forward a set of
systematic deployment and optimization strategies by deeply
analyzing the internal mechanism of the combination of
cloud computing and ML. This can significantly improve the
efficiency and accuracy of the ML model, at the same time
effectively reduce the deployment cost and improve the
utilization of resources. This is of great significance to
promote the industrial application of ML technology and
accelerate the intelligent transformation. This research will
also help to build a more secure, reliable and extensible ML
service system, provide support for data analysis and
intelligent  decision-making in the cloud computing
environment, and promote the high-quality development of
the digital economy. The core goal of this study is to design
and implement an efficient ML model deployment and
optimization strategy based on cloud computing platform,
covering the whole process from model selection,
preprocessing,  deployment  architecture  design to
performance optimization and cost control.

Il. DEPLOYMENT STRATEGY OF ML MODEL BASED ON CLOUD
COMPUTING

To deploy the ML model in the cloud computing
environment, it is necessary to comprehensively consider the
training, reasoning, storage and access of the model [10].
Cloud service providers provide rich ML services, such as
SageMaker of AWS, Al Platform of GCP and Machine
Learning of Azure. These services simplify the process of
model deployment and provide all-round support from data
preparation, model training to deployment management.
With the introduction of containerization technologies such
as Docker and Kubernetes, the model can be packaged and
deployed in a standardized way, which improves the
flexibility and portability of deployment. Micro-service
architecture serves the model, which is convenient for
expansion and management and meets the needs of different
application scenarios.

In the initial stage of ML model deployment based on
cloud computing, model selection is very important [11].



This requires comprehensive consideration of the accuracy of
the model, training time, reasoning speed and resource
consumption according to the needs of specific application
scenarios. CNN (Convective Neural Network) stands out in
this project because of its excellent performance and wide
applicability, and becomes our first choice model. CNN is a
deep learning model especially suitable for processing grid
data [12]. Through convolution layer, pooling layer and fully
connected layer, it can automatically extract features from
data and gradually construct a high-level abstract
representation. In this project, the framework and parameters
of the model are determined according to the requirements of
specific application scenarios. By adjusting the number, size
and step size of convolution layers, we can effectively
control the complexity and calculation of the model while
maintaining high accuracy. CNN's convolution layer formula
is as follows:
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pooling is a pooling operation. The hop connection in
CNN is shown in Figure 1:
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Fig. 1. Jumping connection in CNN

In this article, advanced training techniques are used to
speed up the training process of the model and prevent over-
fitting. The model training process is as follows:
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Where @ is the optimal model parameter found by grid

search and cross-validation. k is the number of folds for

1 -
cross-validation. D"a' is the verification set of the ! fold.

The volume and reasoning time of the model are further
reduced by compressing the model such as quantization and
pruning. In order to meet the strict requirements of resource
consumption and response speed in the cloud computing
environment. The quantization operation is expressed as:

Q= round(vgv+zj~s (4)

Where: Q is the quantized weight. W s the original
is the quantization step size. Z

quantization zero. FOUNd s a rounding operation. Pruning
operation is expressed as:

weight. S is the

W'=W-M (5)

where: W' is the weight after pruning. W s the
original weight. M s the pruning mask.

Deployment architecture design is the core of ML model
deployment based on cloud computing. A reasonable
deployment architecture should be able to support the rapid
deployment, flexible expansion and efficient operation of the



model [13]. In this article, micro-service architecture is
adopted to serve the model, which is convenient for
management and expansion. Each model service can be
deployed and upgraded independently, which reduces the
coupling between systems. Cloud service selection and
resource allocation are the key steps of ML model
deployment based on cloud computing. When selecting
cloud services, factors such as service quality, price,
availability, security and technical support should be
considered comprehensively. At the same time, according to
the specific needs of the model, reasonable allocation of
computing resources, storage resources and network
resources.

I11. OPTIMIZATION STRATEGY OF ML MODEL

A. Distributed training optimization

Distributed training optimization is a key means to
improve the training efficiency of ML model. In the cloud
computing environment, this article uses distributed
computing resources to process large-scale data sets in
parallel. This can significantly shorten the model training
time. To realize distributed training optimization, it is
necessary to solve the problems of data parallelism and
model parallelism. Data parallelism refers to dividing the
data set into multiple subsets, training on different computing
nodes respectively, and then summarizing and updating the
model parameters. Model parallelism is to divide the model
into multiple parts, each part is trained on different nodes,
and finally integrated into a complete model. In order to
further improve the efficiency of distributed training, this
article adopts gradient compression, parameter server and
other technologies to reduce communication overhead and

improve training speed. At the same time, this article also
pays attention to the consistency of data and the
synchronization of models to ensure the accuracy and
stability of distributed training.

B. Reasoning performance optimization

Reasoning performance optimization is the key to
improve the response speed and processing ability of ML
model in practical application. Reasoning performance
optimization mainly includes model quantization, pruning
and hardware acceleration. Model quantization is to convert
model parameters from high precision (such as 32-bit
floating-point numbers) to low precision (such as 8-bit
integers). In this way, the model size and calculation amount
are reduced and the reasoning speed is improved. Model
pruning reduces the complexity of the model and improves
the reasoning efficiency by removing unimportant
connections or neurons in the model. Hardware acceleration
is to use specialized hardware (such as GPU and FPGA) to
accelerate the reasoning process of the model. In this article,
in the cloud computing environment, the reasoning
performance of the model is further improved by combining
the reasoning acceleration service provided by the cloud
service provider (Inferentia of AWS).

C. Cost optimization

Cost optimization is an important part in the deployment
of ML model based on cloud computing. Cloud computing
services are charged according to usage. Therefore, how to
reasonably control the use of resources and reduce operating
costs is the main goal of cost optimization. In this article, the
cost optimization is realized through several aspects in Table
1:

Table 1: Detailed Cost Optimization Strategies for Machine Learning Model Deployment in the Cloud

Cost Optimization Strategy

Specific Implementation Methods

Expected Outcomes

Resource Allocation and
Release on Demand

Dynamically adjust resources based on model load to
avoid waste

Reduce unnecessary resource
expenditure and lower costs

Utilize Auto-Scaling Features

Set auto-scaling rules to automatically increase or
decrease resources based on demand

Improve resource utilization and
reduce costs from idle resources

Select Appropriate Cloud
Service Types and
Configurations

Choose cost-effective cloud service types and
configurations based on model requirements

Balance performance and cost,
avoiding over-configuration

Optimize Model Training and
Inference Processes

Adopt efficient algorithms and frameworks to reduce
computation time and resource consumption

Shorten training and inference
times, lowering computational costs

Use Data Compression and

Compress and preprocess data to reduce data

Lower data processing costs and

Preprocessing Techniques

transmission and storage costs

improve processing efficiency

Implement Resource
Monitoring and Optimization

Real-time monitor resource usage and adjust resource
configurations promptly

Ensure efficient resource utilization
and avoid waste

Leverage Reserved Instances
and Savings Plans

Purchase reserved instances in advance or participate in
savings plans to enjoy discounted prices

Reduce long-term usage costs and
improve cost-effectiveness

Multi-Cloud Strategy and
Supplier Optimization

Choose multiple cloud service providers based on needs
to achieve resource complementarity and cost

Obtain more options and reduce
risks associated with single

optimization suppliers
Adopt Serverless Architecture | Utilize serverless architecture or functions-as-a-service Lower fixed costs and increase
or Functions-as-a-Service to pay only for what is used, avoiding resource idleness flexibility

Regularly Review and

Periodically check resource usage, identify and optimize

Continuously optimize costs and

Optimize Resource Usage

inefficient or redundant resource configurations

improve resource utilization
efficiency

D. Security and privacy protection

In the deployment of ML model based on cloud
computing, security and privacy protection are very
important. The data and models in the cloud computing
environment may involve users' private information or
business secrets, which will have serious consequences if
they are leaked or maliciously used. Therefore, it is
necessary to take multi-level security measures to protect the
security of data and models. This includes data encryption,

storage and transmission, access control, identity
authentication and other technical means, as well as regular
security audit and wvulnerability scanning and other
management measures. At the same time, we also need to
pay attention to the privacy protection of the model to ensure
that the user's privacy information is not leaked during the
model training and reasoning process. By strengthening
security and privacy protection, we can ensure the safe and
reliable operation of ML model in cloud computing
environment and win the trust and support of users.



IVV. EXPERIMENTAL DESIGN AND RESULT ANALYSIS

In order to verify the effectiveness of the ML model
deployment strategy and optimization method based on
cloud computing, this section designs related experimental
schemes. The experiment aims to evaluate the advantages
and disadvantages of different deployment strategies and
optimization methods by comparing their performance, cost
and security. Experimental evaluation indicators include
training time, reasoning delay, resource consumption, cost
and safety indicators of the model. This section builds an
experimental environment, selects the mainstream cloud
service providers, and configures the corresponding
computing resources, storage resources and network
resources. At the same time, we prepared a data set for
training and testing, and selected a suitable ML model and
framework for the experiment.

In the deployment experiment, according to the
deployment strategy proposed above, the ML model is
deployed to the cloud computing environment. Single

Monolithic 6.4 7.8

Microservices 9.1 8.3

Scalability score: Micro-service architecture has a high
scalability score of 9 because of its modularity and service
characteristics. Due to tight coupling, the single architecture
is relatively weak in scalability, with a score of 6.

Management convenience score: Although micro-service
architecture has brought higher complexity, management
convenience is still better than single architecture through
good service governance and monitoring tools, with a score
of 8. Because of its simplicity, the single structure is
relatively easy to manage, but with the increase of scale, the
management difficulty will also increase, with a score of 7.

This article also tests the deployment services of different
cloud service providers and evaluates their service quality,
price and technical support. The results are shown in Table 4:

Table 4: Comparison of Service Quality, Price, and
Technical Support

architecture and micro-service architecture are adopted for Cloud Service Price Technical Technical
deployment respectively, and their deployment efficiency, Provider Quality | (CNY/month) |  Support Support
scalability and management convenience are compared. The Rating Response |~ Safisfaction
. . (1-10) Time Rating (1-
results are shown in Table 2 and Table 3: (hours) 10)
Table 2: Comparison of Deployment Efficiency M:ngfgﬁ 85 500 2 9
Architecture Deployment Resource Deployment Tianyiyun 7.8 400 4 8
Type Time (minutes) | Utilization (%) Success Rate Amazon 9.0 600 1 9.5
(%) web service
Monolithic 458 60.8 90.6 In the optimization experiment, the training, reasoning
Microservices 30.7 75.4 95.4 and cost of ML model are optimized comprehensively. In the

Table 3: Comparison of Scalability and Management

distributed

Convenience

Architecture Type Scalability Rating (1- Management
10) Convenience Rating
(1-10)
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aspect of training optimization, training

technology is adopted, and the training efficiency under
different data parallel and model parallel strategies is
compared, as shown in Figure 2:

Data parallel strategy a
—— Model parallel strategy ¢
—— Hybrid parallel strategy e

315 375 435 495 555 615

Iterations

Fig. 2. Training efficiency test

In the aspect of cost optimization, the operating costs
under different charging modes are compared, and the
control effects of automatic expansion and resource

management strategies on costs are evaluated. The results are
shown in Table 5:



Table 5: Operational Costs under Different Billing Modes
and Strategies

Billing Fixed Cost Variable Cost Total Cost Cost
Mode/Strate | (CNY/mont (CNY/hour) (CNY/mont | Saving
aqy h) h) s Ratio
(%)
On-Demand 5000 1000 (assumed) 35000 -
Billing
(Baseline)
Reserved 15000 0 15000 57.14
Instance
Billing Mode
Auto-Scaling 5000 600 (optimized) 23000 34.29
Strategy A
Resource 5000 700 (optimized) 26000 25.71
Management
Strategy B
Auto-Scaling 5000 450 20500 41.43
+ Resource (comprehensive
Management ly optimized)
C

The results show that micro-service architecture has
obvious advantages in scalability and management
convenience compared with single architecture; Distributed
training technology can significantly shorten the training
time of the model; Reasonable cloud service selection and
resource allocation can reduce operating costs. This
experiment verifies the effectiveness of the proposed strategy
and provides practical guidance for the deployment of ML
model based on cloud computing.

V. CONCLUSIONS

This study focuses on the deployment strategy and
optimization method of ML model based on cloud
computing. Through the combination of theoretical analysis
and experimental verification, this article puts forward a
complete deployment strategy and optimization system,
aiming at improving the performance of ML model in cloud
computing environment, reducing costs and ensuring
security. Deployment strategy: This article compares the
advantages and disadvantages of single architecture and
micro-service architecture in ML model deployment, and
finds that micro-service architecture has significant
advantages in scalability, management convenience and
service flexibility. At the same time, the paper puts forward
the deployment process and specification of ML model based
on cloud computing, which provides guidance for practical
application.

The research results have significant contribution and
influence on practical application. The proposed deployment
strategy and optimization method provide technical support
for the efficient deployment of ML model in cloud
computing environment, and help to improve the operational
efficiency and service quality of enterprises. By reducing

operating costs and improving performance, this study is
helpful to promote the wide application of ML technology
and the rapid development of artificial intelligence industry.
This study also provides suggestions for enterprises on how
to reasonably select and configure cloud services, helping
enterprises to make better use of cloud computing resources
and realize digital transformation and upgrading. Through
continuous research and practice, we expect to provide a
more perfect, efficient and safe solution for ML model
deployment based on cloud computing.
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