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Abstract

Container based microservice architecture is becoming the priority of service development in
edge computing. Its flexibility and scalability could provide stable service response. However, due
to the limited computing resources of each edge node in edge computing, how to use computing
resources efficiently has become an important issue in microservice deployment. This study for-
mulates the multi-objective microservice deployment problem (MMDP) in Kubernetes, balancing
service latency and resource utilization. We propose a deep reinforcement learning method with
reward shaping and heuristic scaling to derive optimal deployment policies. Experiments show
that our approach reduces response time by 25-30% and improves load balancing by 20% com-
pared with Kubernetes default scheduling and DQL. These results demonstrate the applicability of
reinforcement learning for distributed computing and automatic control in microservice systems.

Keywords: microservice, multi-objective microservice deployment model, deep reinforcement
learning, elastic scaling.
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1 Introduction

Against the backdrop of rapid development in cloud computing, traditional service development
methods are gradually being replaced by microservice development methods due to their poor scala-
bility and difficulty in maintenance [10]. The microservice architecture splits a single application into
multiple independent microservices, which are called through interfaces and do not affect each other’s
running results. This method not only improves the flexibility and maintainability of the system, but
also reduces the resource redundancy caused by individual applications occupying resources [22, 27].
At the same time, with the rapid development of virtualization technology and edge computing, con-
tainer based microservice development is becoming the mainstream of microservice design. Containers
on different edge nodes could provide virtualized isolation space for individual microservices, ensuring
that they do not interfere with each other [24]. Also, each of them has sufficient computing resources
[28].

However, the computing resources required for each microservice are irregular, and the total
amount of resources for nodes is limited. So how to efficiently utilize computing resources and allocate
them reasonably within limited resources has become an important issue in microservice deployment
[45]. Traditional microservice deployment mostly involves coarse-grained resource allocation, which
can easily lead to resource waste. In addition, while allocating resources reasonably, microservice
deployment should also consider quality of service (QOS) [1]. Especially when multiple user requests
occur simultaneously, it is necessary to ensure a sufficiently fast service response [37]. Therefore,
the efficient microservice deployment method should ensure the faster user request response and the
delicate resource utilization.

In recent years, there have been many research focused on microservice deployment. Papers such
as [2, 33, 39|, take many efforts to reduce service response time effectively. Where the response time
includes the processing time and the data transmission time of each service. But there remain some
problems. For example, in papers [19, 38, 48], they only considered optimizing resource load balancing
and service response latency, the elastic scaling and user access under high concurrency are ignored.
In papers [32, 35, 36|, they implemented microservice traffic routing under high concurrency and high
traffic but without microservice deployment. Kubernetes is a comprehensive tool for microservice
orchestration and deployment. Its function is realized on the basis of containers. Each container es-
tablishes a microservice, and the containers interact with each other through network communication.
It realizes the distributed deployment of microservices and makes full use of the resource advantages
of edge computing. Therefore, many studies have optimized and validated microservice deployment
on Kubernetes. Such as in papers [7, 23, 31, 42], they tended to employ a microservice deployment fol-
lowed by a request routing scheduling. Although considering the convenience of deploying Kubernetes
services, implementing a microservice deployment method that balances resource balance and service
responsiveness in Kubernetes is also a challenge. Therefore, we propose to combine user requests
and resource balancing to form a multi-objective optimization problem, in order to design a better
microservice deployment strategy.

In order to implement the above microservice deployment strategy, we propose a deep reinforce-
ment learning method based on reward shaping. But there are still some challenges that need to
be addressed. Firstly, during periods of large-scale user requests, microservices need to be deployed
in real time based on user requests, and they should be distributed in the cluster to ensure service
response. Secondly, establishing the multi-objective optimization problem of optimal resource balance
and fastest service response requires real-time allocation of all dynamic computing resources of nodes.
Finally, when using deep reinforcement learning to address the aforementioned issues, it is necessary
to design appropriate reward parameters to ensure real-time performance and optimality.

To solve the above challenge, this paper proposes a deep reinforcement learning method based on
reward shaping to solve multi-objective optimization problems, obtain optimal deployment strategies,
and design heuristic methods to achieve automatic horizontal elastic scaling of containers. Unlike
existing DRL methods that target only latency or load balance, our method simultaneously optimizes
both objectives while enabling elastic scaling in high-concurrency scenarios. In summary, the method
presented in this article mainly consists of the following three parts.

First, this paper constructs a multi-objective microservice deployment problem (MMDP) for stage
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resource balancing and rapid service response. This problem establishes the goal of fast service response
based on the service response delay obtained after processing the Jackson network queue; And resource
balancing is based on balancing all computing resources of the nodes, including CPU, memory, 10 and
network transmission rate. Moreover, it allows the deployment number of individual microservices to
scale elastically according to the dynamic changes in high concurrency state.

Second, this paper proposes a deep reinforcement learning algorithm based on reward shaping
to solve the deployment problem of multi-objective microservices under high concurrency scenarios.
This algorithm applies Markov theory to construct a multi-objective service deployment problem as
a Markov decision process with complex state, action, and reward structures, and then uses deep
learning for global solution to obtain the optimal microservice deployment strategy.

Third, this paper proposes a heuristic method that enables services to automatically achieve hor-
izontal elastic scaling during runtime. The purpose of this method is to flexibly increase service
instances based on the usage of cluster resources when user requests change, in order to improve the
stability of service response, or reduce service instances to reduce the waste of computing resources.

According to the details have been introduced, the whole paper is organized as follows. Section
2 reviews related work. Section 3 introduce the multi-objective microservice deployment problem.
Section 4 shows the detail of deep reinforce learning method including reinforce learning model and
step of deep learning. Section 5 shows the results of the experiment on Kubernetes. Finally, the
conclusion represents on section 6.

2 Related work

In recent years, there has been many research on deploying microservice in a multi-node edge
computing environment.

2.1 Container based microservice

Container based microservice architecture has become a research hotspot in cloud computing due
to its isolation and stability [40]. Ionescu and Diaconita [17] proposed that advanced technologies
such as Al and cloud computing provide new development methods for system development. Saha
et al. [34] discussed the advantages of latency reduction and performance improvement brought by
distributed computing. Hoang et al. [14] pointed out that Edge computing is also meant to meet the
increasing demands of the Internet of Things (IoT)/ Internet of Everything (IoE). Cai and Buyya [5]
proposed a feedback control method aimed to improve the accuracy of output errors, which guarantee
the QoS in Kubernetes. This feedback method has a certain level of complexity due to the combination
of varying-processing-rate queuing model and linear-model. However, it didn’t consider the waste of
node resource. Mao et al. [25] designed a novel container scheduler for short-lived deep learning
applications, which considered typical characteristics of training processes on Kubernetes. For the
limited resource in edge computing, Li et al. [20] constructed the robust application deployment
problem as a constrained optimization problem and proposed an approximate method for finding the
approximate optimal solution. Deng et al. [9] proposed a method to minimize the costs of service
deployment when resources are limited in mobile edge computing (MEC).

2.2 Microservice deployment model

Gao et al. [12] proposed a unified scheduler that optimized multiple scheduling objectives in a
GPU cluster, which including Estimator for estimating the job duration, and Selector for selecting
jobs and allocating resources. Peng et al. [30] proposed a DL-driven scheduler for deep learning
cluster, which including the offline neural network to warm up and the online neural network to
solve the problem. Duan et al. [11] considered a multi-objective optimization problem on the low
Earth orbit satellite environment, which included limited computing resources and service latency.
However, it has certain limitations due to the lack of simulation experiments on Kubernetes. Deng et
al. [8] proposed high-quality placement and low training complexity, but cannot cover the complex
interactions between containers under constraints from a global perspective. Wang [43] proposed
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the hybrid scheduling of cloud computing resources, including swarm optimization algorithm-based
resource scheduling model. These papers all have some issues, some of them do not effectively combine
cluster resource optimization with user service requests, and some have limitations in implementing
the environment. Therefore, this article will fully consider the different user requests during high
concurrency and dynamically allocate cluster computing resources to ensure service response latency
and cluster resource balance.

2.3 Optimization of deep reinforcement learning

The deep reinforcement learning algorithm has been widely applied for strategic decision-making
problem, where the agent learns a policy to optimize a cumulative reward by trial-and-error interactions
with the environment [47]. Hu et al. [15] designed a multi-objective optimization problem that
combines request routing and microservice deployment, using deep reinforcement learning methods to
construct a model and solve it, aiming to reduce resource consumption, request latency, and energy
waste. Chen et al. [6] designed a model based on graph attention network to address the heterogeneity
and connectivity of edge nodes, and combined it with deep reinforcement learning to solve the optimal
microservice deployment strategy. Lv et al. [21] used the RSDQL algorithm for multi-node deployment
of microservice chains. They also proposed a heuristic-based horizontal scaling algorithm, which could
not address the routing problem for multi-instance deployment. Jiang et al. [18] proposed a new
edge computation-based framework for IoT data processing and scheduling using deep reinforcement
learning.

Huang et al. [16] and Burns et al. [4] proposed the scheduling optimization algorithm based on
reinforcement learning on Kubernetes. The purpose is to maximize resource utilization and mini-
mize scheduling time under the constraints of CPU and memory resources, and the effectiveness of
the method has been verified through comparison. But their reinforcement learning methods have
drawbacks in reward settings and execution time has not been optimized.

The implementation of these deep reinforcement learning methods has demonstrated their superior
performance compared to traditional deployment methods. However, most existing DRL methods
consider single-objective optimization; few address multi-objective optimization with automatic scaling
under high concurrency.

Therefore, in the environment of high concurrency user requests and dynamic resource allocation,
this article designs a multi-objective optimization problem with low service latency and balanced
cluster resources. Deep reinforcement learning method is used to obtain the optimal deployment
strategy, and a heuristic algorithm is designed to achieve automatic service scaling and ensure service
stability. In addition, we conduct the entire algorithm on Kubernetes, which has reference significance
for microservice development.

3 System model and problem formulation

The purpose of this paper is to ensure low service latency, service stability and cluster resource bal-
ance in the edge computing environment with high concurrent access and dynamic resource allocation.
Therefore, in this section, we provide a detailed description of the design process for the system model,
user request model, load balancing model, and multi-objective optimization model. The system model
provides an overall and comprehensive system description, the user request model describes service
latency based on user preferences, the load balancing model describes the balance of all computing
resources on all edge nodes combined horizontal scaling, and the multi-objective optimization model
includes the above optimization objectives. There is summary of main notations showed in Table 1.

3.1 System model

A set of nodes owned by a complete microservice cluster can be expressed as N = { Ny, No, - -+, N;,
N N‘}, where N; represents a physical node in the cluster. |N| indicates the total number of
edge nodes, the subscript 1 ~ N indicates the number of each edge node. In each edge node, there
are several computing resources with different capacities, such as CPU, memory, 10, and network
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Table 1: Summary of main notation

Notations Definition

N the set of edge nodes
R the set of computing resources

R;; the available capacity of resource j on node ¢
UR the set of user requests

UM the set of microservices for a user request
M the set of containers for a microservice
Thj the required of resource j for container k
Tsi the user request s running on node
ngﬂ the number of containers on node %
y,lﬂ- the number of microservices on node 4
V the set of variances for resources
A the weight of resources

T3 the delay of microservice running

e the delay of requests chain

T5on the delay of transmission of containers
T the total delay of user request
S the state of agents

RW the reward in training

ST the action of agents

transmission rate. These resources owned by each edge node n; are represented as a set of R =
{Rz‘h Rig, -, Rij, - 'Ri\RI }, where |R| denotes the number of resources on each node and R;; denotes
the available capacity of resource j on node i.

In this paper, we consider user requests under high concurrency situation. We design a set of
UR = {URl, URsy,---,URg,--- UR|UR|}, where U R4 denotes one of user requests and |UR| denotes
the number of user requests at the same time. When a user request comes, the corresponding mi-
croservices will be deployed and run in the cluster. In addition, a user request may require multiple
microservices in order to receive corresponding service response. Therefore, we design a set of UM =
{UMSl, UMsa, -+ ,UMg, - UMy }, where U M denotes the microservice [ deploying for the user
request s and |[UM]| denotes the number of microservice running for service response. In order to
ensure the stability of microservice, we need to design the horizontal scalability of microservice in-
stances. Therefore, we assume that containers of a microservice in the cluster could be expressed as
a set of M = {Mll7 Mo, -, My, - - Ml\M|}’ where M, denotes the container k of microservice [ and
|M| denotes the number of containers. Therefore, the required resources of container k are repre-
sented as a set of r = {rkl, Th2y s Thjs " -rk‘R|}, where ry,; denotes the capacity of required resource
j. For user request s, we design xs; denotes the number of microservices running for user request s
on the node i. When x4 = 0 means the microservices running for user request s didn’t deploy on the
physical edge node i, otherwise zs; = 1. However, for user request s, there may not necessarily be
only one microservice | running for user request s on the same node i. We design yj; which denotes
the number of microservices for user request s on node i. In addition, for microservice I, there also
may not necessarily be only one container k£ on the same node i. we either design nﬁu which denotes
the number of containers running on node i. The corresponding relationship between such system
variables showed in Fig. 1.

According to the system model mentioned above, the relevant parameters need to have constraints
as Egs. (1) and (2). Eq. (1) indicates that the sum of resources consumed by all containers running
on each physical edge node must be within the corresponding resource capacity range of the node.
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Figure 1: System Model Showing Relationships Between User Requests, Microservices, Containers,
and Edge Nodes.
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Do D0 D rrmsingiyi; < Rji (1)

s=1 =1 k=1

Eq. (2) indicates that there are only two scenarios for running microservices on physical edge
nodes, and its values are specified.

{ zei=1y;=1nL, >0 @

Tsi = 0,y = O,nﬁm- <0

Generally, quality of service (QoS) needs to be considered in edge computing based on microser-
vices. Especially in environments with high concurrency user requests, low service latency is crucial
for QoS. In this paper, referring to the work [9, 46], we consider influence factor of service latency
based on requests queuing delay, microservice running delay, data transmission delay. According to
the microservice request scheduling referring to latest work, we model the request process as a queue
network model.

Microservice running delay: For a user request in the above user request queue, its service response
may be run by a combination of multiple microservices, and each microservice may be run by a
combination of multiple containers. Therefore, its service response time is mainly composed of the
data transmission delay between containers and the running delay of different containers. Here we
first provide the microservice running delay that affects the service response results. We assume that
when the required resources of a container are met, its running time at different physical edge nodes
is consistent. We set t'. = as the consumption time for container operation and TCSOS as consumption

con

time for a user request on total physical edge nodes. So th)s is calculated as Eq. (3).

|N| [UM] |M]

Tcsos = Z Z Z tf:on$5in§ci (3)

i=1 I=1 k=1

Requests queuing delay: When multiple user requests occur at the same time, there must be
queued for processing. According to the existing work [13], we apply the M/M/1 queuing network
theory to handle this type of request queuing delay. We set p."" denotes the service rate of microservice
instances running on different edge nodes, which is calculating as Eq. (4).
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_CR,
- CI,

m

Hn

(4)

In the Eq. (4), CR,, denotes the computational rate of physical edge node n and C1T,,, denotes the
computational intensity of microservice m.

When a single microservice instance belongs to microservice chains, the total traffic is expressed
as Eq. (5).

|UM]|
Ot = Z xglagzm (5)
=1

where 60y denotes the flow size of microservice chain on the edge nodes.
l

que denotes the delay of the microservice m deploy on the node

According to the queue method, ¢
n, which is calculated as Eq. (6).

9m
l — n
T (= 07
The total queuing delay of the microservice m in the microservice request chain at multiple in-
stances of multiple edge nodes is represents as Eq. (7).

(6)

|V
the =D e (7)
i=1
Therefore, the total average queuing delay Téue of the microservice request chain M C' is calculated
as Eq. (8).
|UM]|
Tope = Yt (8)
=1

Data transmission delay: For the data transmission delay, it is not only necessary to consider
the transmission between physical edge nodes, but also the transmission between different containers
on the same node. Therefore, for the deployment of different microservices on different physical
edge nodes, we denote the transmission delay time between physical edge nodes is tnoder, Which is
calculated as Eq. (9).

Dy,
T,

(9)

where Dy, is the total amount of data that the container needs to transmit and 7; is the transmission
rate between nodes. then, we denote the transmission delay time between different containers on the
same edge node is tconr, Which is calculated as Eq. (10).

tnodeT =

Dy,
tConT - T (10)
7

where t; is the transmission rate of node 7. So, the data transmission delay of a user request 75.,,.,
which is calculated as Eq. (11).

N
I;fsw"an = Z SUZZZ (tnodeT + tConT) (11)
=1



https://doi.org/10.15837 /ijccc.2026.5.7222 8

The total delay of a user request response T', which is calculated as Eq. (12).

r=17,+17;,.+1;

cos que tran

(12)

The lower the total delay time, the shorter the service response time.

3.2 Load balance model

In a microservice cluster, the resource capacity of each edge node is different, and the resources
required for different microservices are also different. Therefore, the goal of cluster load balancing is to
allocate corresponding computing resources to corresponding microservices in a reasonable manner,
which helps to reduce resource waste and redundancy in the cluster and correspondingly improve
resource utilization.

In the microservice cluster, when x4 = 1, it demotes container k running on node 7 corresponding

to microservice [. Therefore, a set of U = {Ujl, Ujp---,Uji,--- U ‘N|} is denoted as utilization rate of

J
resources in the cluster, where Uj; denotes the resource utilization of resource j on the node i. So Uj;
is calculated as Eq. (13).

UM M
ZSEUR Z‘ | Z‘ | T]f]xﬁnkzylz
Rj;

Uyi = (13)

We use Uj represent the average utilization rate of resource j on all nodes, which calculated as Eq.
(14).

B ZIN | M U
U, = (14)
’ [N
The variance of all resources can be defined as V = {Vl, Vo, - Vi) V) R|}- In the microservice

cluster, we consider four types of computing resources including CPU, memory, 10 and network
transmission rate. Therefore, the variance of resource is calculated as Eq. (15).

||

2 .
cpu = |N‘ Z ( - ji) ] = cpu (15)
The variance of memory resource is calculated as Eq. (16).

v ,
mem:‘N’Z( - ji) ;J = mem (16)

The variance of IO resource is calculated as Eq. (17).

Vjo—|N|Z( - 4)2,‘7:10 (17)

The variance of network transmission rate resource is calculated as Eq. (18).

2
Vatr = v Z (sz' - Uji) ,J = ntr (18)
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Due to the irregular demand for resources in microservices and the varying emphasis on different
resources, this article designs resource weights A\ = ()\1, Ay ey | R\) to better balance the load of the
cluster.

Then, we can calculate the weighted variance of resources is

|R|
Vuseage = Z )\j X V;‘T (19)
=1

Therefore, Lower variance means resources are more evenly balanced across nodes, improving
stability.

3.3 Multi-objective model

As the detailed description above, the multi-objective optimization model for microservice deploy-
ment and user requests under high concurrency environment, as shown in Eq. (20). The model consists
of two parts, including multiple optimization objectives and constraint conditions. The objective of
the model is to minimize load balancing and service latency. We consider capacity computing resource
including CPU, memory, IO and network transmission rate. The service response mainly including
requests queue delay, microservice running delay, data transmission delay.

min Vuseage
min T (20)
st. (1), (2)

We name the above microservice deployment and user requests problem as a Multi-Objective
Microservice Deployment Problem (MMDP). The multi-objective optimization problem proposed in
this article can be regarded as a mixed linear programming problem due to the complexity of its model
and the dynamic nature of its constraints [3, 24]. We propose a method that combines container
adaptive horizontal scaling and optimal microservice deployment strategy to provide stable and low
latency service responses under high concurrency user requests and load balancing environments.

4 Design and implementation

In order to solve the problem of optimal service deployment and low service latency under high
concurrency situations as mentioned above, we propose the hybrid method combined with container
automatic horizontal scaling and optimal microservice deployment. In this section, we first use deep
reinforcement learning method (DRFLM) to construct the multi-objective microservice deployment
problem as mentioned above, and combine deep learning method to solve it for obtaining the optimal
microservice deployment strategy under dynamic edge computing environment. The RFLMD method
in this paper is based on the DQN algorithm, introduces reinforcement learning to handle multi-
objective optimization problems, and designs rewards for optimization, thereby obtaining the optimal
results. Afterwards, we design a heuristic horizontal container auto scaling method to obtain the
number of containers that meet the requirements for service operation. According to mixed method, we
can achieve more stable service response, shorter service latency, and more balanced cluster resources.

4.1 DRFLM for microservice deployment

The purpose of reinforcement learning is to solve optimization problems and obtain optimal opti-
mization strategies while satisfying dynamic constraints. It is based on Markov theory to design the
model state, action, and reward, so that the model can obtain the optimal result that satisfies the
reward through training. Therefore, reinforcement learning is suitable for decision-making problem,

such as dynamic task scheduling, where the optimal strategy is achieved through a series of actions
[44].
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In this article, the multi-objective microservice deployment model is a step-by-step serialization
of actions taken under dynamic constraints and states to maximize expected returns. Therefore,
the learning ability of reinforcement learning methods is applicable to the research of microservice
deployment strategies.

In this section, to address the aforementioned multi-objective microservice optimization problem,
we propose a Markov reinforcement learning method based on reward shaping. This method mainly
consists of two parts. One is to train the agent offline using the deep reinforcement learning method,
and the other is to obtain the optimal deployment strategy online based on the real state by using
the trained agent as the deployment controller. In reinforcement learning model training, the agent
obtains input from the current states S, calculates the deployment operation to be performed based
on the above multi-objective model that satisfies resource balance and has low time consumption,
and then calculates according to the reward function based on the current state to obtain a reward
value to evaluate the performance of the action, and then transitions to the next state S;.1 step by
step. After completing the deployment trajectory path of the entire user request, the cumulative
reward is calculated to evaluate the advantages and disadvantages of the status. Then, after the
agent completes the deployment plan of the entire user request, the entire model is updated. Through
continuous iterative training, the agent acquires the optimal action and deployment strategy with the
greatest return in the current environment. After obtaining the real data and status, the trained agent
selects the best deployment plan for the deployment controller in the real environment based on the
current status. The entire process mentioned above is shown in Fig. 2.

; ! Online decision-making

i
[request] [ microservice ] [ containers ] !

\ f

Deployment strategy

state | T action
|

i Reward
! shaping

i
: ‘ Store
:

Trained
model

Sample data Sample S[]

Figure 2: The Architecture and Operation Process of DRFLM Method Including Agents, Actions and
Rewards.

The main factors of Markov method including states, agents, actions, and rewards. So, we provide
a detailed description of four key elements referring to multi-objective problem.

Status: According to the previous system model, the state variables in Markov theory in this
article mainly include node state, container state, and user request state. We set S denote the status,
which is calculated as Eq. (21).

S = {SNOd67SCOH73U8€T} (21)

The Syoge = {NodeST,CPUST, MemST, DTRST, NTRST} denotes the status of edge nodes ,
which NodeST including number of edge nodes, CPUST denotes available capacity of CPU resources
on edge nodes, MemST denotes available capacity of memory resources on edge nodes, DTRST de-
notes available capacity of device transmission rate resources on edge nodes, NTRST denotes avail-
able capacity of network transmission rate resources on edge nodes. The Scon, = {ConST, ReqST}
denotes the status of containers on edge nodes, which ConST denotes the number of containers
for corresponding microservice on each edge nodes. And ReqST denotes the required resources



https://doi.org/10.15837 /ijccc.2026.5.7222 11

of containers including CPU, memory, device transmission rate, network transmission rate. The
Stser = {URST, MISST, MaxzST} denotes the status of user requests, which URST denotes the
number of user requests at the same time, MISST denotes the number of microservice of a user
request, MaxST denotes the maximum tolerable service requests delay.

Agents: The agent represents the new action and status of microservice deployment, which are
used to update the parameters in edge cluster.

Actions: The action of the DRFLM is deploy containers on edge nodes satisfying the constraints
(1) and (2). In addition, a user request may require more than one microservice to provide a service
response, and a microservice may deploy multiple corresponding containers on multiple edge nodes.
So, under the premise of determining the required number of microservices for each user request,
finding the appropriate number of container deployments is necessary to achieve the lowest resource
load consumption and service response latency in the cluster.

We design a M x |N| matrix to represent the possibility of deploying microservice to node.

L1l - T1N|
Tsi
TM1 - TM|N|

According to the matrix, if a user request requires three microservices to implement service re-
sponse. To meet the service latency conditions, assume that microservice 1 needs to run two contain-
ers. When one container deploying on node ni,x1; = 1. The other container deployment on node
Nno,Tr12 = 1.

Rewards: In reinforcement learning theory, the reward function determines whether the model
can obtain better optimization strategies through training. According to the deployment problem.
We need to train the model step by step to solve multi-objective optimization problems, in order to
obtain a complete optimal deployment strategy. In this process, using Markov theory, rewards need
to be set for each action in response to deployment problems. In addition, we can only evaluate the
deployment strategy after all user requests have been deployed, which means we cannot evaluate the
model in each action.

We propose reward shaping into reinforcement learning training referring to the work [47]. We
propose a reinforcement learning method based on reward accumulation. In each training session,
the agent executes the complete microservice deployment as the default action, meaning that each
step of the agent’s execution is a complete action. Punish the agent appropriately if the chosen
action violates the constraint conditions. After completing all the training of the agent, calculate the
cumulative maximum reward for the model and provide feedback, ultimately obtaining the optimal
deployment strategy. The reward function is setting as follow Eq. (22).

—w1Tge ifi=1
Cz—wlT—WQV ifiZIUM‘—l
RW =4 —w; (T;ue + Tans ) —woV otherwise (22)
— 7|9Ull|/ : loss
2= O

where wq,ws denotes the weight of reward function and co is the positive bias reward when the
agent has successfully deployed a microservice instance.

4.2 Heuristic horizontal container auto scaling method

Although we obtained the optimal microservice deployment strategy through the aforementioned
DRFLM method which is satisfied the conditions of cluster resource balance and low service response.
There may be the situation that the resource should be limited when a certain amount of microservices
reached on a node, or when a certain microservice is heavily accessed. At this point, in order to ensure
quality of service, it is necessary to adjust the number of containers and deployment of microservices,
appropriately increasing the number of containers or deploying them to other nodes. Therefore,
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we design a heuristic container horizontal scaling method to adaptively adjust the such situation of
microservices and nodes.

When we get the user request, the corresponding microservice chain M; for service response is
considered. We consider the computing resource pressure of each edge nodes represented as F;. The
maximum response delay of the user request is ¢;. The weight of deployment on node is ¢;. Firstly,
we evaluate the possibility of accessing microservices and calculate the available resource pressure of
the node where the microservice deployment container is located. Secondly, based on the maximum
response delay of user requests, calculate the minimum number of microservice containers within the
delay requirement; And based on the required resources of the container, calculate the maximum
number of microservice containers while meeting the requirements of node resource balance. Finally,
based on the number of containers obtained and the resource pressure of different nodes, we consider
the capacity resources of each edge nodes, and deploy the containers into different edge nodes.

5 Experiment

In this section, we introduce three parts of experiment, which including algorithm application
scenarios, experimental parameter settings, and comparison of experimental results.

5.1 Scenarios

For the experiment of the methods, we design and conduct an industrial tool management plat-
form based on real tool data and management requirements on Kubernetes. According to the actual
situation of the tool management platform, the physical servers of the platform are distributed in dif-
ferent areas such as the machining workshop and the management control center. In order to achieve
efficient use of resources and distributed data management, we propose the design and development
of the tool management platform based on edge computing and microservice architecture. We vir-
tualize the physical servers of the platform into multiple edge nodes, virtualize physical resources
into service data, and split the platform’s related service functions into multiple microservices, which
are deployed on different edge nodes. The microservices exchange data through interfaces to achieve
isolation between services. Through microservice architecture, not only has the utilization efficiency
of computing resources in various physical servers been improved, but the platform has also gained
stronger flexibility, scalability, and stability. The scenarios are showed as Fig. 3.
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Figure 3: Scene of Tool Management Platform.

We conduct the experiments on such tool management cloud service platform. According to
the design scheme of microservice architecture and edge computing, we built the above platform on
Kubernetes [41] and Alibaba Spring Cloud. We develop microservices separated from the platform
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in Spring Cloud, package them into images, and store them in Kubernetes’ image repository. When
calling microservices, generate and deploy corresponding Docker containers in Kubernetes based on
the corresponding images, and communicate between containers through API interfaces.

The powerful orchestration and management capabilities of Kubernetes allow us to individually
edit the calling and scaling methods of containers, facilitating the experiments we propose.

5.2 Experiment settings

The tool management platform based on Kubernetes consists of five nodes, which including one
master node and four working nodes. The configuration of the master node includes an Intel 19-13900k
CPU and an RTX3090 GPU, which has fast enough processing speed for the DRFLM algorithm. We
provide the platform details in Table 2, which including computing resources, the version of Kubernetes
on each edge nodes in cluster.

Table 2: Capable resources of edge nodes on Kubernetes

Node CPU | Memory 10 Trans of Net

Master | 30cores 32G 500MB/s 100MB/s
Workingl | 20cores 32G 500MB/s 100MB/s
Working2 | 20cores 32G 500MB/s 100MB/s
Working3 | 20cores 32G 500MB/s 100MB/s
Working4 | 20cores 32G 500MB/s 100MB/s

In the design of the platform, we use the Prometheus as a cluster monitoring tool [26]. Its open-
source nature and powerful real-time monitoring of various resources make it easy to deploy in Ku-
bernetes. Therefore, we use it to monitor the usage of computing resources on clusters and containers
during the deployment and running process. In addition, our user requests are based on the actual
needs and data of the tool management platform. According to the design of the platform manage-
ment, we provide at least ten microservice images, so that when users make requests, corresponding
containers can be deployed and corresponding service responses can be obtained. In Table 3, we list
the required resources of the microservices.

Table 3: Required resources of microservices in cluster
Microservice | Memory | CPU 10 Trans of Net

Microservicel 0.5core | 256MB | 10MB/s 1MB/s
Microservicel 0.5core | 128MB | 20MB/s 512KB/s
Microservicel 0.8core | 512MB | 25MB/s 1.5MB/s
Microservicel 0.5core | 256MB | 20MB/s 1MB/s
Microservicel 0.9core | 256MB | 15MB/s 2MB/s
Microservicel 1.0core | 512MB | 25MB/s 2.5MB/s
Microservicel 0.3core | 128MB | 5MB/s 512KB/s
Microservicel 0.2core | 128MB | 5MB/s 512KB/s
Microservicel 0.6core | 256MB | 15MB/s 1.5MB/s
Microservicel 0.7core | 256MB | 20MB/s 2MB/s

We take experiments of the other three methods compared with our method, which including
Kubernetes Default Scheduling method, DQL method, and FFD method. FFD is a first-fit greedy
algorithm that has been widely used for service placement [29]. All these methods are implemented
on master node and obtained the same user requests. Therefore, we compare the results in five
aspects, which including response time, load balancing, results of multi-objective microservice optimal
deployment, convergency and results of edge nodes increasing.

Due to the increased flexibility of Kubernetes scheduling algorithms with the development of
microservices, we can replace scheduling methods through plugins. In this article, during the exper-
imental process, we separately developed the model and method as a scheduling tool, replacing the
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default scheduling method as a plugin to achieve real-time container scheduling. And combined with

Prometheus, achieve real-time scheduling and management of the platform.

5.3 Experiment Results

Under the same service request, we deployed 40 containers in the cluster and compared the response
delay, variance and convergence data of the above four methods as shown in Table 4. According to
the data in the table, it can be seen that compared with the other three methods, DRFLM has lower
response delay, lower variance and better convergence. This indicates that our method responds faster,

has more balanced resources, and is more robust.

Table 4: Capable resources of edge nodes on Kubernetes

Figure 5: Response Time of User Requests: DRFLM reduces latency by 25% Compared with DQL
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Figure 4: The Response Time of User Requests.

1000

900

800

700

600

Response Time(ms)

400

300

and 30% Compared with Default.

Response delay: For the response delay of user requests, Fig. 4 shows the average service response
time of three algorithms on Kubernetes for the same chain of user requests. And Fig. 5 shows the
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average service response time of containers increasing in cluster. According to the user request model
mentioned above, the service response time mainly combine three parts. As the experiment results, the
microservice running delay are similarly based on DRFLM method, DQL method, FFD method and
default method. But the data transmission delay and the requests queue delay of the user requests
are better based on such four methods. It is because of the different optimal deployment strategy
achieved by different method. The corresponding containers are deployed on different nodes. It leads
to the different containers running for user requests.

300

m Default mFFD mDQL = DRFLM

250

20 30 40 50 60

Number of user requests

Variances of resources
= o n
o a o
o o o

13
=]

Figure 6: The Resources Variances Based on Different User Requests
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Figure 7: The Resources Variance Based on Containers: DRFLM Reduces Variances by 10% Com-
pared with DQL and 17% Compared with Default.

Load balancing: Unlike the article [14, 21], our microservice for tool management in this article
also has high requirements for the transmission rate on edge nodes. Therefore, the load balancing
of computing resources in Kubernetes clusters includes CPU, memory, 10, and network transmission
rate. We initiated user requests simultaneously for four methods and obtained the average occupancy
rates of thus resources for each method, as shown in Fig. 6. In Fig. 7, the variances of resources
based on different containers in cluster are shown. It can be seen that the average resource occupancy
rates of the four methods are relatively low. However, Fig. 6 shows the variance of four method after
implement, it can be seen that the variance of our DRFLM method is the smallest, indicating that
our method can provide better load balancing. And DRFLM achieves better stability under increased
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nodes, demonstrating robustness as a dynamic controller.

Results of multi-objective microservice optimal deployment: We present the results of the multi-
objective microservice optimization problem solved by Default method, DRFLM, DQL, and FFD
methods. Our multi-objective optimization includes minimum load balancing and minimum service
latency, with the aim of ensuring average resource utilization and fastest service response. As shown
in Figs. 8 and 9, it can be seen that all four methods achieved the optimization objectives mentioned
above during the model training phase. Through model training, the decision strategies generated
by the four methods all belong to the optimal deployment strategy, but their generation time can be
clearly seen from the graph. The RFLMD method in this article is approximately 50% faster than the
default method and about 20% faster than the DQL method in terms of the average policy generation
time. This is because in the training and decision-making process, the RFLMD method’s design of
rewards is more in line with Kubernetes’ deployment process.
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Figure 9: The Using Time of Methods Conducting: RFLMD Method in this Article is Approximately
50% Faster than the Default Method and about 20% Faster than the DQL Method.

Convergence: We conduct convergence experiments with both DRFLM and DQL at the optimal
learning rate. Fig. 10 shows the convergence curves in the normalized reward training process of two
methods. It can be seen that as the number of training steps increases, both algorithms are effective in
finding a better strategy. It is obvious that the DRFLM algorithm converges quickly and stably within
the interval of the optimal strategy compared to DQL. This indicates that in the real-time deployment
of microservices, our method is more real-time and faster compared to DQL and the default method.
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Impact of the number of edge nodes: The number of edge nodes determines the complexity of
the network topology. The increase of the number of edge nodes has also increased the difficulty of
microservice deployment. The results are shown in Figs. 11 and 12. As the number of edge nodes
increases, the combination metric of baseline algorithms tends to decrease, and user request latency
increases. the DRFLM algorithm exhibits a very gentle trend, proving the effectiveness of our proposed
algorithm. DRFLM enables faster, more stable distributed control of microservices in real-time.

6 Conclusion

Through the deep reinforcement learning method based on multi-objective problems proposed in
this paper for the online deployment operation of microservices, compared with the default method of
Kubernetes and the DQL method, this method has a faster response time and better load balancing.
This method enables the deployment and application of microservices in distributed computing to have
higher efficiency, and has more practical reference significance for reinforcement learning in solving
optimization problems and control problems. Future work will extend the method to multi-agent DRL
across federated Kubernetes clusters and integrate communication-aware scheduling to further reduce
overhead.
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