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ABSTRACT

The rapid progress of cloud computing technology has attracted widespread
attention, and the importance of microservices architecture is also increasing. In
this regard, we studied a new algorithm, Xgboost, which effectively addresses
the load balancing issues in the current microservices cluster, thus better meeting
user demands. We identified factors that significantly impact load balancing
effectiveness through in-depth research on various features. We used ensemble
learning to estimate the load received by each server node, thereby achieving
load balancing. Experimental results confirm that our proposed algorithm
significantly improves throughput, reduces interception errors, and lowers the
system’s average response time compared to other load-balancing algorithms.
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1. Introduction

In recent years, with the rapid development of cutting-edge information
technologies such as big data and cloud computing, there has been an
unprecedented upgrade in various fields such as science, engineering, trade,
finance, etc., setting higher standards for the evolution of traditional software
and hardware architectures [1]. With the advancement of technology,
microservices architecture has become an important application approach that
decomposes complex applications into a set of independent microservices
that coordinate with each other to perform more functions, greatly improving
the efficiency and reliability of the system [2]. By adopting the microservices
architecture, various microservices can be installed across multiple servers to
form a complex service structure known as a cluster [3]. Over time, the server
load in the cluster may change, so to effectively handle client tasks; we must
adopt efficient load-balancing algorithms to ensure effective control of task
response time. Using this strategy, the load distribution among cluster servers
becomes more balanced, and the overall efficiency of the cluster system is
significantly improved. Although Dubbo and Spring Cloud can provide a series
of simple load balancing algorithms, such as random, round-robin,
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and shortest response time, they fail to fully utilize server scalability and address potential
server resource scheduling issues [4]. Researchers have attempted to develop dynamic load-
balancing algorithms to improve their deficiencies, especially when dealing with complex
network environments. However, due to their limited capacity to handle heavy loads and inability
to meet complex network environments, developing a method to achieve dynamic load balancing
has become increasingly important [5].

2. Related Work

Currently, two major types of dynamic load balancing techniques have been developed: static load
balancing algorithms, which are based on the same basic principles to achieve load balancing. Static
load balancing algorithms can be implemented in various ways, including random, round, and weighted
round-robin algorithms. Among them, the random algorithm allows the system to automatically
select the optimal load from multiple servers [4], aiming for the minimum, maximum, or optimal
load. Although the basic concept of static load balancing algorithms is relatively easy to grasp, they
overlook the actual server load conditions, making it difficult to guarantee load balancing within the
cluster when load variations exceed expected ranges [5]. The cluster load can be better assessed
using dynamic load balancing algorithms, and more precise optimization can be provided to individual
servers. For example, using the shortest response time algorithm, task distribution can be optimized
upon receiving a detection request, thereby improving system performance. Although the shortest
response time algorithm indirectly reflects real-time server performance, it also comes with significant
network transmission costs, especially when dealing with large-scale multi-threading, making this
issue more prominent [6]. The dynamic load balancing algorithm proposed by Li and Lina uses CPU,
disk, and memory utilization as metrics for measuring server load. Observing the changes in these
metrics within two seconds allows weight values to effectively allocate tasks to servers with the
lowest load [7]. Liao proposed a load-balancing strategy inspired by the minimum connection
algorithm, incorporating load evaluation parameters. Still, they failed to fully consider the impact of
different task types on response time [8]. This paper introduces queue waiting time as an important
parameter for evaluating server load. It constructs a predictive model based on task types to
measure the balancing effect of CPU-intensive loads. However, the model can only reflect the
influence of task types and cannot accurately reflect actual situations. Liao proposed a new approach
that uses machine learning techniques to predict the response time of microservices in a multi-
cloud environment, assuming a time correlation between response time and other factors [9].
However, this approach does not elaborate on how to select appropriate performance indicators.
Although we selected some feature parameters, they did not consider server CPU utilization and
other load metrics, thus being unable to evaluate the performance of server nodes fully. To address
this challenge, we propose a machine learning-based dynamic microservices load-balancing algorithm.
This algorithm simulates the consumption of CPU, memory, tape, and other resources of client
devices and combines regression models to estimate the load balancing of client devices accurately.
The load can be distributed to micro-servers to operate client devices [10] efficiently.

3. Machine Learning-Based Microservices Load Balancing Algorithm

3.1. System Framework Based on Microservices Cluster

With the advancement of technology, an increasing number of open microservices architectures
are emerging, including Dubbo, Spring Cloud, and some other more advanced architectures. Dubbo,
as the core of Alibaba’s service-oriented management, enables scheduling, detection, supervision,
and management and implements large-scale service management. On the other hand, Spring
Cloud consists of various scalable sub-architectures that allow enterprises to build more flexible
distributed services that better meet their needs. Building upon the previous research on these two
open-source microservices cluster frameworks, we propose a new load-balancing algorithm that
effectively addresses service discovery and load-balancing issues. The details can be referred to in
Figure 1.

The microservices cluster system framework provided in this paper consists of a client, task
processing module, service registry center, and microservices cluster. Each plays a different role
and can achieve efficient service invocation, thus ensuring the system'’s efficient operation. The
task processing module comprises four components: the monitor, network connector, load balancing
scheduler, and service request receiver.
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(1) The monitor module can handle two different types of tasks simultaneously: one receives
tasks from clients and then passes them to servers, and the other collects feedback from client
tasks on micro-servers and analyzes it comprehensively for better understanding and handling by
clients.

(2) The service gateway is an indispensable component of the microservices cluster system,
responsible for unified access, providing secure protection, and ensuring task security through
filtering and verification. It also transfers tasks to the load-balancing scheduler for more efficient
data transmission.

(3) The load balancing scheduler is responsible for coordinating and optimizing the load of the
microservices cluster. It can quickly identify tasks to be processed and their corresponding
optimization plans based on user demands. It helps users adjust the load quickly to achieve better
efficiency.

(4) The service request receiver retrieves task execution results from microservice instances,
integrates them effectively, and transmits them to the service monitor module.
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Figure 1. System framework based on microservices cluster
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3.2. Load Balancing Scheduler Algorithm Based on Machine Learning Technology

This paper explores a load-balancing algorithm based on machine learning, which includes two main
steps: offline simulation and online simulation. We will analyze these two steps in detail. The offline
phase aims to build effective predictive models by collecting load status information and response
times for various task types. Since this data is offline, it will not be considered in the actual server
selection process. The online phase is the core part of the algorithm, where servers are selected
based on pre-trained models. When tasks arrive at the load-balancing scheduler, the service registry
center analyzes which servers can provide services and sends this information to the load-balancing
scheduler. Then, the load balancing scheduler collects server resource usage and uses the pre-
trained machine learning model to predict the response time of each server for that task. Finally, by
comparing the predicted results, the server’s performance is determined. We can pass the task and
relevant information to the microservice executor by selecting the server with the fastest response
time.

3.3. Load Balancing Algorithm

The core of the load balancing algorithm lies in carefully selecting suitable models, including factors
such as random forest, gradient boosting, extreme gradient boosting, etc. In our actual model, we
adopt the xgboost model and, through experimental verification, demonstrate its effectiveness in
simulating load balancing, thus achieving better model performance. The ensemble learning model
constructed by the Boosting algorithm can extract information from the stored training set of the
first learner, enabling the use of this information to predict future trends and estimate their accuracy
by comparing them, ultimately forming a complete learning system to meet the evolving
environmental demands. Therefore, the base learners of the Boosting algorithm influence each
other. Through continuous iterations, they can approximate the real data more closely and integrate
it into other learning algorithms, thereby forming a more comprehensive learning model. The Boosting
algorithm can effectively improve the performance of the model by first training the first base
learner f(c) using the dataset {(X; ,y)}, then calculating the residual between the true value y
and the prediction of the first base learner f(xo), i.e., c=y-f(xo). Next, it trains a new base
learner to fit the residuals better and repeats this process to boost the model. By constructing
a new sample set {(x;, c¢;)} and training a base learner, after m iterations, the final prediction
result will be the sum of m base learners, i.e., f..(.x) = f m.-.(c).T(x,0m).

The GBDT algorithm is an optimized algorithm that estimates the residuals of the current model by
computing the negative gradient of the loss function, thus constructing a more accurate learner to
identify better and predict complex situations. Its construction process includes:

In the training set Data, initialize the base learner to understand the relationship between x and y
better.

N
fo(x):al'gmih n;;L (yi’ ho(x)) (1)

In this model, i ranges from 1 to N, and the quantity of each sample is represented by L(-). The loss
function is represented by h0(z), and the first training obtains n base learners composed of n
samples. If the number of iterations exceeds m, then during the m-t iteration, the negative gradient
of the i-™ data will change:

g 2ol (1) @
Ofm - 1(Xi)

The Xgboost method and GBDT algorithm are both known as Boosting methods and have their
advantages. However, the Xgboost method is more powerful as it not only regularizes but also
takes more measures to control the complexity of base learners’ decision trees, effectively avoid-
ing overfitting. By combining strong learners, the Xgboost method significantly improves its
performance.Compared to the GBDT algorithm, its key feature is the combination of strong
learners and higher efficiency and accuracy.

In the Xgboost method, J represents the number of leaf nodes, and b represents the value of
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each leaf node. This regularization approach helps reduce the complexity of the trees and
effectively reduces the number of leaf nodes, thereby preventing the model from overfitting.

4. Experimental Results and Analysis

4.1. Data Collection

We collected data by monitoring each node in the Alibaba microservices production clusterin 2021
using the cluster-trace-microservices-v2021 dataset [15-16]. This dataset provides valuable
information on each task’s response time, CPU, memory, and disk usage, enabling us to evaluate
their performance better. By training three different ensemble learning regression models (Random
Forest, GBDT, Xgboost), we obtained more accurate results, and the Root Mean Square Error
(RMSE) served as an important metric to measure the accuracy of these models. The calculation
formula for RMSE is as follows:

RMSE = (v, = v.) 3)

Here, m represents the number of samples, yi represents the actual values, and wi represents the
predicted results.

4.2. Model Comparison

In this section, we conducted eight experiments to comprehensively evaluate the models
effectiveness, accuracy, reliability, and operability. We used RMSE as the metric to compare the
three models’ training, prediction, and reliability. By training the established models, we obtained
the accuracy of RMSE. For future RMSE, we conducted experiments using the established models
to obtain accurate results. Through the training of the three different ensemble learning regression
models, we obtained faster training RMSE. Figure 2 displays the predicted results for the future.
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Figure 2 . Model Evaluation

After model testing, we found that although the training time of the Xgboost algorithm is
longer than that of the Random Forest algorithm and GBDT algorithm, its accuracy, based on
training RMSE data, improved by 79.2% compared to the former and 82.1% compared to the
latter. The Xgboost model effectively reduces the residuals of the GBDT algorithm by introducing
regularization terms and feature sampling from the Random Forest, thus avoiding the
overfitting problem.
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Through testing, we observed that the prediction time of the Xgboost algorithm is 16.5%
shorter than the Random Forest algorithm but longer than the GBDT algorithm. However, in
terms of accuracy, the Xgboost algorithm outperforms the Random Forest and GBDT algorithms,
with an accuracy improvement of 49.3% and 41.7%, respectively.

After comparing various machine learning algorithms, we found that the Xgboost model exhibits
extremely high predictive accuracy, making it the final choice for our machine learning algorithm.

4.3. Model Training Results

After in-depth research, we used the Xgboost algorithm for machine learning. We tracked a large
amount of data using Alibaba’s WeChat official account and randomly arranged this data, dividing it
into two training sets and test sets in a ratio of 9:1. After careful optimization of the Xgboost
model parameters and multiple experiments, we found that when these parameters were
appropriately configured, the predictive performance was better. After evaluating the test set, the
fitted effect of the trained prediction model was significantly better than that shown in Figure 3,
with a notable improvement in prediction accuracy, even in minor details. Therefore, integrating the
model into the load-balancing scheduler can achieve more accurate predictive results.
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Figure 3. Model Predictive Fit

The performance parameters of SPRT were considered, and when the concurrent task quantity
was between 300 and 450, the SQLB and Shortest Response Time (SRT) algorithms showed
similar average response times as the SPRT algorithm. However, if the concurrent task quantity
continued to increase, the server node load would also increase, and the SRT algorithm network
communication cost would increase accordingly. As SQLB does not consider various performance
indicators of server nodes, when the concurrent task quantity exceeds 500, the mean response
time of all algorithms increases rapidly. Overall, compared to the LSTM model for load balancing
prediction, the SQLB and SRT algorithms showed a 21.8%, 14.2%, and 18.6% reduction in mean
response time, respectively, and it can be observed that the SPRT algorithm had a more significant
improvement effect under high concurrency rates.
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5. Conclusions

In response to the problem of poor load balancing in server nodes of microservice clusters,
this paper comprehensively uses machine learning models to propose a load balancing algorithm
based on the minimal predicted response time. The theoretical analysis considers the impact
of job type, CPU utilization, storage utilization, and disk utilization on job response time.
Regression models are built between target values and feature parameters, and these trained
models are integrated into the load-balancing scheduler. When new job tasks arrive, the
model is used to estimate the response time of the job on different server nodes, and the job
is finally assigned to the server node with the minimum estimated response time, aiming to
assign jobs to better-performing server nodes each time. The study shows that for high-
parallel environments, the load balancing algorithm in this paper performs better in throughput,
cut-off rate, and average response time compared to the LSTM time series model load balancing
algorithm, Shortest Response Time algorithm, and SQLB.
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