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Abstract: With the continuous development of cloud computing, the demand for intelligent cost 
management and resource optimization is increasing. This paper focuses on the application of ma-
chine learning in the whole process of cloud services, including time series modeling, regression 
analysis and transfer learning in cost prediction, load modeling in resource optimization, reinforce-
ment learning scheduling and multi-tenant allocation mechanism. The research results also verify 
that machine learning helps cloud service platforms improve prediction accuracy and resource uti-
lization effect and is conducive to building efficient self-adaptive service architecture. 
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1. Introduction 
With the development of cloud computing, enterprises have an increasing demand 

for cost reduction and reasonable allocation of resources. Traditional management meth-
ods are unable to respond accurately to changing environments, which limits efficiency 
and flexibility. Therefore, the data-driven nature of machine learning provides a new so-
lution, namely cost prediction and resource optimization, to solve these problems. This 
paper mainly studies the specific practices and advantages in model selection, job sched-
uling, and system adaptability in the aspects of cost prediction and resource optimization. 

2. Basic Concepts of Machine Learning 
Machine learning refers to a class of algorithms that learn from data to automatically 

find patterns and make predictions and decisions based on them. The core idea of machine 
learning is to learn patterns from past data through algorithms and to exhibit better gen-
eralization ability when faced with new data. In cloud computing, in addition to analyz-
ing resource usage trends, machine learning is also widely used in automatic capacity 
expansion, load balancing, quality of service monitoring and other fields [1]. Depending 
on the learning styles applied, machine learning can be divided into three categories: su-
pervised learning, unsupervised learning and reinforcement learning. Supervised learn-
ing is a common processing method for labeled data sets, which is often used for cost 
prediction and classification tasks. In unsupervised learning it is used for data clustering 
and pattern discovery, such as different types of workloads; Reinforcement learning, on 
the other hand, is well-suited for dynamic decision-making problems and has been widely 
used in resource scheduling and policy optimization [2]. 

3. Application of Machine Learning in Cloud Service Cost Forecasting 
3.1. Time Series Prediction Model 

In the cloud computing environment, resource consumption and cost data often have 
a strong time correlation, which is mainly reflected in the two aspects of cycle change and 
trend change. We can use existing historical data to capture these characteristics in order 
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to make accurate cost predictions [3]. Traditional data models, such as the autoregressive 
moving average model, are used in situations where environmental changes are relatively 
stable, and their structure is clear, easy to interpret, and easy to install and maintain in 
resource-limited systems. Its prediction function can be expressed as: 

𝐶𝐶
^
𝑡𝑡+1 = 𝑓𝑓(𝐶𝐶𝑡𝑡，𝐶𝐶𝑡𝑡−1, … ,𝐶𝐶𝑡𝑡−𝑛𝑛)          (1) 

Where 𝐶𝐶𝑡𝑡 represents the cost at moment 𝑡𝑡, 𝐶𝐶
^
𝑡𝑡+1 is the projected cost at the next mo-

ment, and 𝑛𝑛 is the window length. However, with the increase of service load, it is diffi-
cult for the model of simple linear structure to accurately establish the non-stationary se-
quence. Especially in the context of frequent events or rapid changes in resource use, lin-
ear models become very constrained. In recent years, neural network-based methods have 
been widely used in this field, especially in recurrent neural networks and their variants 
such as long-term memory networks, which have superior generalization ability to deal 
with complex patterns and abrupt changes. LSTM can capture the temporal correlation 
well and has a good effect on constructing the periodic resource usage trend model. Com-
pared with traditional models, deep learning methods require a wealth of high-quality 
historical data as a basis, and its training and application costs are higher. Therefore, the 
selection of the model should comprehensively consider the actual demand, data volume, 
and system operation efficiency, in order to achieve the desired prediction accuracy and 
maintain optimal system expenditure [4]. 

3.2. Regression Algorithm Modeling 
In addition to time, other resource usage metrics also affect cloud service costs, such 

as CPU utilization, memory allocation, and storage access times. Such complex structures 
are well suited to the construction of regression models. Regression algorithms estimate 
future costs by creating a mapping relationship between input attributes and predicted 
costs. Commonly used methods include linear regression, support vector regression, ran-
dom forest, gradient lifting decision tree and so on. Although linear regression is simple 
to construct, it has limited ability to express nonlinear relationships or complex connec-
tions between features. Ensemble learning methods offer better stability and accuracy 
when dealing with high-dimensional feature sets. At the same time, training efficiency 
and generalization performance should also be considered in model selection, so as to 
avoid over-adaptation to small samples [5]. The applicability of common regression algo-
rithms is summarized and compared in Table 1 below: 

Table 1. Comparison of Common Regression Models. 

Model Peculiarity 
Application sce-

nario 
Restrict 

Linear re-
gression 

Simple and easy 
to explain 

The linear correla-
tion is obvious 

The ability to fit complex relation-
ships is weak 

SVR 
Support nonlinear 

modeling 
Small scale com-

plex data 
Parameter tuning is difficult and the 

calculation cost is high 

XGBoost 
High precision 
and robustness 

Large-scale feature 
space 

The structure of the model is com-
plex and the training time is long 

Table 1 summarizes the cost estimation characteristics and applicability of common 
regression models. Linear regression modeling is simple and suitable for linear relation-
ships. SVR can build nonlinear models, but it requires a lot of computation. XGBoost has 
strong accuracy and anti-interference ability, which is more suitable for handling large 
amounts of data. The choice of the model should be judged according to the actual appli-
cation requirements and data characteristics [6]. 
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3.3. Feature Selection and Preprocessing 
Ensuring the quality of input features is essential for building an effective cost pre-

diction model. Since features are generally obtained from multi-dimensional monitoring, 
features usually contain noise, missing and redundant variables, etc. Without proper fea-
ture selection, irrelevant or redundant variables may introduce errors; similarly, lack of 
data pre-processing can significantly reduce model performance. Therefore, feature selec-
tion and pre-processing of data have become a very important step in modeling. 

The function of feature selection is to discard the elements that are irrelevant to the 
cost change or have little correlation, reduce the complexity and improve the model per-
formance. Typical selection methods include filtering methods based on statistics (such as 
variance screening and correlation filtering), wrapping methods based on model perfor-
mance (such as recursive elimination), and embedded selection (such as L1 regularization, 
tree model feature importance ranking, etc.). Table 2 below is a comparison of common 
feature selection methods: 

Table 2. Comparison of Common Feature Selection Methods. 

Method 
type 

Common technique Advantage Restrict 

Filtration 
method 

Variance threshold, Pear-
son correlation coefficient 

Simple and fast for high-di-
mensional data 

The combination effect be-
tween features is not con-

sidered 

Wrapping Recursive feature elimi-
nation 

High precision, based on 
model feedback optimization 

The calculation cost is high 
and the training time is 

long 

Embedding 
method 

Lasso, tree model 
weights 

Can be integrated with the 
training process, automatic se-

lection 

It relies on the model struc-
ture, and its generality is 

weak 
Table 2 compares the common feature selection methods. The filter method can be 

used for efficient initial screening. The wrapping method is based on the enhancement of 
model performance, which has better accuracy but a large amount of calculation. The em-
bedding method integrates feature selection directly into the model training process, mak-
ing it the most flexible among the three approaches. The selection method should be com-
prehensively considered according to data scale, model type and computing resources. 

In the process of data analysis, the purpose is to make the data more accurate and 
standardized, mainly including the processing of missing data, mining of outliers, stand-
ardization and time window construction. Missing data can be dealt with by means of 
averaging, interpolation, or building model predictions; The processing of outliers is usu-
ally Z-score, box graph or isolated forest algorithm. Standardization can reduce differ-
ences to avoid certain features being too significant. The main purpose of the sliding win-
dow is to transform raw historical data into structured sample data that can be used to 
infer cost trends over time. Figure 1 shows the feature processing flow chart: 

 

Figure 1. Feature Processing Flows Chart. 
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After the processing of the above steps, the data is more concentrated, and the model 
can be more stable and generalized. It should be noted that each type of model has a dif-
ferent sensitivity to the shape and distribution of data. For example, neural networks ben-
efit more from data standardization, while decision trees and similar models are less sen-
sitive to outliers. Therefore, it is necessary to select different preprocessing methods ac-
cording to different algorithms. 

3.4. Model Migration and Generalization 
For predictive models in multi-tier or hybrid cloud environments, they need to be 

run repeatedly on different machines. However, due to the different pricing mechanisms, 
load characteristics, and operating environments on each machine, the learned patterns 
of the model on the training machine are difficult to transfer to other machines. Therefore, 
improving the portability and generalization of the model has become a key challenge in 
the practical application of cost estimation. One effective solution is transfer learning, 
which essentially takes general knowledge from the original environment and fine-tunes 
the model to suit the new environment with less data from the target environment. The 
commonly used methods include feature transfer, model parameter movement, expres-
sion conversion, etc. The choice depends on the similarity between the source domain and 
the target domain. If there is a large distribution difference between the two, it may be 
necessary to use domain adaptation to reduce the impact of inter-domain differences on 
the model effect. Figure 2 shows the framework diagram of model migration: 

 
Figure 2. Model Migration Diagram. 

Furthermore, good generalization ability also requires proper normalization plan-
ning, data extension techniques, and control of the learning process. For example, consid-
ering multi-device universality when establishing features, or establishing learning archi-
tectures that formally input multiple tasks, can make the model scalable for a variety of 
cloud environments. Designing multi-task learning architectures not only allows for the 
sharing of underlying network structures but also enhances the generalization ability of 
the model through the integration of multiple tasks, which is suitable for cloud environ-
ment applications with limited resources or complicated tasks. In addition, different types 
of sub-models can also be jointly trained to train in different data partitions or regions 
with different characteristics and then combine the results during inference to improve 
the overall prediction reliability. 

4. Application of Machine Learning in Cloud Service Resource Optimization 
4.1. Workload Modeling 

In the cloud service model, the effect of resource scheduling policy depends on the 
accurate identification and modeling of cloud system workload characteristics. Work-
loads refer to various computing tasks on the cloud platform, which have different re-
source usage patterns, task deadlines, access modes and other attributes. For different 
types of tasks, they have different requirements for computing, storage, and network re-
sources. Therefore, establishing an appropriate classification and modeling method can 
improve the overall resource utilization and scheduling intelligence of the system. Ma-
chine learning technology is used to develop a data-based job type recognition method to 
extract the relevant characteristics of various job types through historical resource usage 
data. This process usually includes three steps: feature extraction, feature reduction and 
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classification. The resource utilization vector is used to map the task behavior into multi-
dimensional data feature vector, and the input clustering or classification algorithm is 
used for training and decomposition. For unlabeled flow data, unsupervised learning 
methods can be automatically divided into multiple categories based on similarity, and 
these categories can be further used to guide future scheduling or resource allocation 
strategies. 

It is important to note that building a workload model should not only focus on the 
current resource usage, but also on its change over time and periodic behavior patterns. 
Using time series analysis or sliding window method can improve the accuracy of the 
description of workload change process. Figure 3 shows the workload modeling flowchart: 

 
Figure 3. Workload Modeling Flowchart. 

4.2. Reinforcement Learning Expansion and Contraction 
Elastic resource allocation and scheduling is a major feature of cloud service platform, 

mainly reflected in the ability to automatically adjust or return resources according to real 
needs, which is of great significance to achieve service stability and optimize operating 
costs. Traditional capacity expansion technologies typically rely on pre-set thresholds, 
which may perform poorly in dynamic or unpredictable workload scenarios due to their 
lack of adaptability. Therefore, an automatic reinforcement learning optimization based 
on online feedback can be established to realize resource control. In the modeling process, 
system state 𝑆𝑆𝑡𝑡 represents the current resource usage, such as CPU, memory load; Action 

ta  indicates expansion, contraction, or unchanged. Environment feedback an instant re-

ward tr , used to evaluate the effectiveness of the current operation. The learning goal is 
to maximize cumulative discounted rewards: 

𝑄𝑄(𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡) = 𝑟𝑟𝑡𝑡 + 𝛾𝛾 ⋅ 𝑚𝑚𝑎𝑎𝑚𝑚
𝑎𝑎′

𝑄𝑄(𝑠𝑠𝑡𝑡+1, 𝑎𝑎′)         (2) 
Where 𝛾𝛾 is the discount factor for future rewards, and the 𝑄𝑄 -value function guides 

policy updates. Reinforcement learning is a strategic learning method to optimize envi-
ronmental feedback, and it is also suitable for solving such complex problems that require 
timely response to frequent changes in resource status. In the reinforcement learning 
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framework, resource management is modeled as an interactive process between agents 
and the environment. The agent decides whether to expand or reduce capacity based on 
the system state (such as CPU usage and memory utilization) and uses the environmental 
reward feedback to adjust its strategy, aiming to optimize resource efficiency and system 
performance. Compared with fixed strategies, reinforcement learning is better at dealing 
with nonlinear and multi-objective optimization scenarios. Attention should be paid to 
the design of state space, the applicability of reward function and the effect of model de-
ployment when formulating strategies, so as to ensure the robustness of strategies and 
platform compatibility. 

4.3. Priority Scheduling Optimization 
In a cloud environment, dealing with thousands of jobs running concurrently is a key 

issue for the cloud. Work priority typically governs task scheduling and execution order 
throughout the processing lifecycle. Algorithms in machine learning are more in line with 
a more appropriate ordering of actual work in the cloud than rule-based and pre-set rules. 
The core of scheduling optimization is to assign a priority score to each task iT  to be 
scheduled: 

𝑃𝑃𝑖𝑖 = 𝑓𝑓(Deadline𝑖𝑖 ,Age𝑖𝑖 ,Resource𝑖𝑖 ,SLA𝑖𝑖)        (3) 
Where, Deadline𝑖𝑖  is the cut-off time, Age𝑖𝑖  is the waiting time, Resource𝑖𝑖 is the re-

source requirement, and SLA𝑖𝑖 is the service level indicator. When the model calculates 
the output timing, it can prioritize and allocate resources. Through task feature modeling, 
each task will have a task scheduling level to evaluate the auxiliary scheduling decision 
process. In this training process, the model can learn a set of task sorting models according 
to the historical scheduling data and running results, to update the scheduling queue or-
der in real time and maximize scheduling efficiency. 

In general, machine learning scheduling optimization algorithms are adaptive and 
can automatically adjust strategies to changes in business volume. Combined with rein-
forcement learning technology, the long-term benefit optimization goal can be introduced 
into the strategy, so that the system will not only consider the current load, but also predict 
the possibility of future resource competition, so that the task can be managed in time. 

4.4. Multi-Tenant Resource Allocation 
Multi-tenant resource allocation requires a dynamic, controllable and predictable 

sharing mechanism in the resource sharing pool. The resource usage and dynamic service 
requirements of different tenants vary greatly. Therefore, static and fixed allocation can-
not balance resource usage and improve resource efficiency in the shared pool. With the 
help of machine learning methods, tenant behavior model can be established, which be-
comes an important part of resource allocation prediction and optimization. The tenant's 
resource requirements can be modeled as a time series vector: 

𝐷𝐷𝑖𝑖(𝑡𝑡) = [𝐶𝐶𝑃𝑃𝑈𝑈𝑡𝑡 ,𝑀𝑀𝑀𝑀𝑚𝑚𝑡𝑡 , 𝐼𝐼 𝑂𝑂𝑡𝑡⁄ ](𝑖𝑖)          (4) 
Predict the resource application trend in a future period based on historical data. 

𝐷𝐷
^
𝑖𝑖(𝑡𝑡 + 1) The system dynamically adjusts resource allocation to improve the overall re-

source utilization. At the same time, in order to measure resource fairness among tenants, 
the resource utilization ratio index is introduced: 

𝑈𝑈𝑖𝑖 = 𝐴𝐴𝑖𝑖
𝐷𝐷𝑖𝑖

             (5) 
Where 𝐴𝐴𝑖𝑖 indicates the resource obtained by tenant, 𝐷𝐷𝑖𝑖  indicates the resource re-

quested by tenant 𝑖𝑖, and 𝑈𝑈𝑖𝑖 indicates the higher the resource satisfaction. Through ma-
chine learning, a new multi-tenant resource management scheme can be proposed. The 
solution models and forecasts each tenant's future resource needs based on historical us-
age patterns, enabling proactive and optimized allocation decisions. Predictive models 
often employ regression or series-building techniques and are constantly updated with a 
picture of each tenant's usage through real-time monitoring data. In addition, a dynamic 
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quota adjustment strategy based on reinforcement learning has been gradually intro-
duced, and the current contribution and real usage status of each tenant are constantly 
evaluated during the implementation process to achieve refined resource management. 
In multi-tenant environments, fairness must be balanced with resource optimization to 
ensure equitable access and efficient resource use. Therefore, a measure of fairness can be 
introduced as an optimization goal, such as the number of resources received by a user in 
a specific time is equal to the number of actual needs. In addition, at the whole system 
level, the differentiated needs of services should be considered to ensure that customers 
with higher priorities can have better services and more resources during peak hours, so 
as to avoid performance degradation or disservice. 

5. Conclusion 
The increasing complexity of cloud computing infrastructures means that traditional 

processing methods can no longer effectively handle cost and resource management. This 
paper analyzes and completely expounds the process of cloud service cost prediction and 
resource optimization based on machine learning technology, from model construction to 
application landing. The research shows that the solution based on machine learning can 
effectively enhance the accuracy of prediction, optimize resource scheduling and 
strengthen the adaptive ability of the system. In the future, the intelligent strategy com-
bining multi-task learning, online optimization and cross-platform migration is the main 
means to further improve the level of cloud services and provide the basis for the intelli-
gent development of cloud computing. 
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