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Abstract. The early task scheduling algorithm generally completes the static scheduling action from the
perspective of the inherent resource usage. This way also lacks the feedback regulation of the running
environment, and it is easy to fall into local optimum and cannot achieve the best convergence. To solve this
problem, a rule-based collaborative scheduling algorithm for container cloud (CSC2T) is proposed. Firstly,
we construct the scheduling rules according to the relationship between nodes and tasks, and describe the
problem of finding the best node for scheduling. Then, the nodes are divided into task-related nodes and task-
irrelated nodes according to their states. For task-related nodes, the correlation coefficient of twin services
and dependent services are described by AHP model. For the task-irrelated nodes, pearson similarity model is
used to describe the correlation coefficient of the nodes with twin instances. Combined with two scoring
methods, the forward scheduling calculation based on multi-objective is realized. Finally, four kinds of
indicators are selected as the feedback evaluation criteria to update the parameters. The experimental part
verifies the feasibility of the algorithm from different angles such as resource imbalance degree, resource
utilization rate, replica scheduling imbalance degree and dependency scheduling imbalance degree, and
improves the overall efficiency of task scheduling in container cloud.

Keywords: container cloud, cloud native service, collaborative scheduling, AHP model, pearson
correlation coefficient

1. Introduction

As the mainstream branch of cloud computing, container cloud further refines the service ability of cloud
computing to provide high-quality computing resources in a lighter, more economical, and faster way [1].
With the continuous development of container cloud technology, more and more applications begin to be
containerized and then be migrated to the cloud, or directly face the container cloud, and adopt cloud native
architecture for development, integration, and deployment. Relying on the advantages of lightweight, less
resource consumption, fast start-up, and powerful centralized storage and processing capacity of the
container cloud, it aims to provide users with more efficient and high-quality services. However, due to the
architecture characteristics of cloud native services [2], the services in container cloud platform have the
characteristics of large number, complex dependency relationship and fast version iteration. These factors
increase the complexity of service scheduling and resource utilization, and finally may affect the availability
of services. How to improve the reliability and quality of container cloud services through service scheduling
has become a research hotspot [3]. Early task scheduling algorithms such as greedy algorithm, heuristic
algorithm, analytic hierarchy process and so on, generally perform scheduling actions from the perspective
of inherent resource usage, and lack of interaction feedback with the actual running environment. Especially
for the task scheduling problem with multi-replica and multi-dependency, it is easy to fall into local optimum
and cannot achieve optimal convergence.

Aiming at the problems caused by container cloud and cloud native services, this paper proposes a rule-
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based collaborative scheduling algorithm for cloud task. The main contributions are as follows:

1. We refine the node state of the current time, and add the similarity relationships between nodes and
tasks into the objective function for forward scheduling to optimize the scheduling performance.

2. We establish the mechanism of feedback evaluation for scheduling action, which the parameters of
the algorithm are optimized by analyzing the real-time feedback of the environment. it is beneficial to
jump out of the local optimal solution and accelerate convergence with a better direction.

3. From the engineering point of view, combined with the container cloud cluster Kubernetes, the
experimental platform is established, which proves the feasibility of the feedback collaborative
algorithm for scheduling, especially for the task scheduling problem with different dependences,
shows better resource convergence results and scheduling performance.

2. Related Work

At present, the academia and industry have lots of researches on resource scheduling of container cloud,
mainly including the scheduling optimization of a single objective [4][5] and the combination optimization
of multiple objectives [6][7]. [4] proposed a scheduling algorithm with the fuzzy analytic hierarchy process
(FAHP) to model and solve the weight of multi-dimensional resource. [5] proposed a resource scheduling
algorithm based on Markov prediction model to realize task migration decision in case of node failure. [6]
proposed a micro service scheduling algorithm based on ant colony multi-objective optimization, which uses
the quality evaluation function of feasible solution to ensure the effectiveness of pheromone update, and
combines with multi-objective heuristic information to improve the selection probability of optimal path.
Based on particle swarm optimization algorithm and the multi-objective optimization model including
resource utilization, resource imbalance and service access delay, [7] achieved the comprehensive
optimization of cluster’s resources and service’s performance.

Most of these researches are based on basic resource metrics as scheduling reference, such as the CPU,
disk, memory, and bandwidth of nodes, or simply increasing the number of service statistics as the direction
of metric optimization. The above methods lack the filtering and analysis of native service information, and
the impact of task dependencies on resource allocation. Meanwhile, because of the characteristics of the
cloud environment, the problem of scheduling for container cloud needs to consider the dynamic changes of
resources and the uncertain factors of the environment, constantly adjusting parameters of the model to
search for the optimal scheduling solution at the current time. Therefore, this paper proposes a task
collaborative scheduling algorithm for container cloud. It not only increases the task dependencies and
similarity of nodes to schedule cooperation, but also considers the current running state of cluster resources.

3. Proposed Methodology

3.1. Problem Formulation

Define node set N = {ny, n,, ***, n;}, service queue to be scheduled S = <sy, S,, ***, 5>. The scheduling
problem can be described as seeking an optimal node from the set N to match it according to the scheduling
priority of service in the queue S, thus transforming the scheduling problem into the problem of finding the
optimal node. According to the evaluation score matrix shown in Fig. 1, the ability of nodes to be scheduled
is evaluated. That is, according to the rules and feedback, the scheduling algorithm scores P;; for all nodes n;
(1=<j<2J) and selects the node with the highest score as the best scheduling node.

n, n, .. n,
51 P11 P12 PlJ
S, P21 Pzz PZJ
S Pll PI 2 | PIJ

Fig. 1: Evaluation score matrix.
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3.2. Scheduling Rules

The proposed collaborative scheduling algorithm focuses on the collaborative effect of services and
nodes with associated characteristics. According to the dependency between tasks and the similarity between
nodes, the relevant rules of thumb 1~3 are summarized to guide the implementation of collaborative
scheduling algorithm.

Rule 1: L(n,)>L(n;)«<R(n)>R(n;)

Rule 2: L(n,)<L(n;)« Ny, (n)> Ny ()

Rule 3: L(n,)>L(n;)« Ny, (n)> Ny, (n;)

Where R(n,) is the idle amount of the node's basic resources, Nin(ni) and Ngep(n;) are the number of
twin instances (different instances of the same service) and dependent instances (dependent parties with
dependent services) associated with tasks on the node respectively, and L(n,) is the scheduling priority of
the node. Rule 1 is the principle of priority, that is, the node with more idle basic resources has higher
scheduling priority. Rule 2 is the principle of mutual exclusion, that is, the node with more twin service
instances, the lower the priority of scheduling, "inhibit" scheduling. Rule 3 is the principle of compatibility,
that is, the node with more dependent service instances, the higher the priority of the node, "promote"
scheduling. Collaborative scheduling algorithm is a comprehensive application based on the above
experience rules, based on the different running environment and the state of the basic resources, it
constantly learns and optimizes the action coefficient of the collaborative rules, balances the membership
weight of resources between tasks, and maximizes the reasonable convergence of resources.

3.3. Analysis of the Algorithm

The implementation process of the feedback collaborative scheduling algorithm (Fig. 2) proposed in this
paper mainly includes the following five steps. (O Feature data acquisition. It includes feature data of basic
resource and task collaboration. The feature data of basic resource includes CPU, memory, disk, bandwidth
of nodes and so on, while the feature data of task collaboration includes service dependency, node similarity
and so on. @ Node scoring and sorting. The nodes are scored according to the scoring algorithm, and the
highest score is the optimal scheduling node. 3 Scheduling execution. The scheduling executor completes
the scheduling of the service to the optimal node. @ Scheduling evaluation. According to RID, RUR, RSID
and DSID (see section 4.1 for details), the scheduling results are comprehensively evaluated. &) Parameter
adjustment. According to the change of evaluation metrics, the parameters are adjusted dynamically to
realize the comprehensive optimization of the four evaluation metrics. The following describes the specific
implementation of scoring algorithm and collaborative scheduling algorithm.
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Fig. 2: The execution process of feedback collaborative scheduling algorithm.
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3.3.1 Implementation of Scoring Algorithm
We model the decision score Pj; of service s; scheduling to node n; as the weighted average of the node
basic score P’ and the collaborative score P, of services and nodes. As shown in Formula (1).

Pi'

=P’ +(l-aV)P;, ae[0,] (1)

Among them, the basic score P is determined by the idle resources of the node itself. The collaborative

score P; is determined by the collaboration of services and nodes. coordination coefficient a](‘) is used to

adjust the proportion between P and P

A. Basic Scoring Algorithm

Suppose that there are K different basic resources R; ={R;;,R;,,~~ R} on node nj, ry is the idle amount

of resource Ry, and r; = rjk/ijlrjk is the global idle rate of resource Ry, where J is the number of nodes.

Due to the time effect usage of resources, so timing sampling is needed. Define r,, as the global idle sample
of resource Ry at scheduling time t, r,, is the latest sample, then P; can be expressed as follows:

K
PP =2 Wylia 2
k=1

Where wj is the weight coefficient, which is calculated from the historical samples of global idle rate of
node resources by entropy weight method [8]. The process of weight calculation of entropy weight method
has gone through three steps: standardization of metrics, calculation of information entropy and calculation
of metric weight. The related details are referred to Ref. [8]. wj can reflect the usage of node resources in
real time, and then play the purpose of dynamic balancing for the cluster resources.

The pseudo code of basic scoring algorithm (BSA) is shown in Algorithm 1. The inputs of the algorithm
are node set N and basic resources set R. The output of the algorithm is the node’s basic score vector P°,
Line 1 loops through all nodes. Line 2 initializes basic score. Lines 3~6 calculate the score of basic resource.
Line 7 ends the node loop. Line 8 encapsulates the basic score into a basic score vector.

Algorithm 1: BSA

Input: N, R

Output: P°

1:  for each node n;in N do

P{’=0;

for each resource Ryin N do
Wi :(1_ Ejk)/(K _ZE:IEjk) ;

0, _ v
Pl+=w,r ;

end for
end for
P =(R° P P);

B. Collaborative Scoring Algorithm
The collaborative score is determined by the services and nodes associated with the task. We divide the
nodes into task-related nodes and task-irrelated nodes for discussion respectively.

Situation 1: collaborative scoring of task-related nodes.

Task-related nodes have twin or dependent service instances associated with task. According to Rule 2
and Rule 3, we introduce Analytic Hierarchy Process (AHP) to determine their comprehensive collaboration.
In the service collaboration hierarchy shown in Fig. 3, the goal layer is service collaboration. The criteria
layer is the number of different types of service instances on the same node. The alternatives layer is the
collaborative solutions.
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Fig. 3: Service collaboration hierarchy.

Assuming that the number of twin service, dependent service and featureless service instances on the
node are ny, Ny, N3 respectively, the pairwise comparison matrix A = (aj))3~3 between the criteria layer and the
goal layer is constructed according to the 1-9 scaling method. The element &;; is defined as follows:

1 1<i=j<3
[n/n;].1<[n/n;|<9
a;=1{a; =|9, [n/n;]>9 A<i<j<3 ®)
1, [n/n;]=0 or =
]/a{j A<i>j<3

Formula (3) defines the quantitative results of the influence of various factors in the criteria layer on
service collaboration. In addition, according to the experience of experts, the pairwise comparison matrix of
each factor of alternatives layer to criteria layer is set as:

e - T

The weight vector solution of AHP has four kinds of methods: geometric average method, arithmetic
average method, eigenvector method and least square method [9]. This paper adopts geometric average method,
as shown in Formula (5).

(4)

Wi:[ll[aijjn Zn:[f[aijJn,i:l,Z,---,n (®)

Where n is the number of factors in each layer. Suppose W ® =(w’) . (i =1,2,3) ,W,°=(w§ ) s (k =1,2i =1,2,3) are
the weight coefficients of the criteria layer to the goal layer and the alternatives layer to the criteria layer
obtained by Formula (5) respectively, where i and k represent the sequence numbers of the factors of the
criteria layer and the alternatives layer. Then the weight of alternatives layer to goal layer can be expressed as:

3
WkA:ZWiBWE,(kzl,Z) (6)
i=1
Suppose that there are bj; twin service instances and d;; dependent service instances of service s; on node n;,

and define b; =b, /Zj:lbij and d; = d; / Zj:ldij to represent the global occupation rate of corresponding

services respectively. Then the collaborative score in situation 1 can be expressed as follows:

2

R=2 (1) Wy, (b >0 |l d;>0) ()
k=1
bd o 0 (b;>0 & d;>0)
fo=—3d_+s (b +d;), 6,= 8
ij bij+dij+ IJ('J+ IJ) j 1(bij>0 & dij=0) I (b”.:O & dij>0) ( )
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Where w,* (k=1,2) is the correlation coefficient of service, f; [0, 1] is comprehensive weight and &; is
switching variable. The collaborative score of task-related node is the linear combination of correlation
coefficient and comprehensive weight of service.

Situation 2: collaborative scoring of task-irrelated nodes.

Task-irrelated nodes do not exist twin service instances and dependent service instances associated with
task. In the field of recommendation system, when recommending items for users, the collaborative effect of
similar items will be considered. Here, the service is compared to the user, and the node is compared to the item.
The collaborative contribution of similar nodes’ score is considered in the rating of task-irrelated node.

Define Q; = (rjr, rior, ..., I'ikr) as the global idle rate vector of basic resources of node n;. The similarity
between node n; and any node n, (1<v<J,v# j) is calculated by pearson similarity model [10] p, = ,o(Qj ,Qv) .
Define F, = {nv < N|b, >0,p,, > 0} as the set of similar nodes of node n;. So, the collaborative score of task-
irrelated node can be expressed as:

Pi=2 PR p}v=pjv/ 2, P ©)

Formula (9) defines the collaboration score of task-irrelated node as a linear combination of correlation
coefficient p,, and decision score of similar nodes P, .

The pseudo code of collaborative scoring algorithm (CSA) is shown in Algorithm 2. The inputs of the
algorithm are node set N, node resource set R, node scheduled service instance set C, and service to be
scheduled s;. The output of the algorithm is the collaborative scoring vector P;. Line 1 loops through all
nodes. Line 2 initializes collaborative scoring. Lines 3,4 calculate the collaborative score of task-related
nodes. Lines 5~12 calculate the collaborative score of task-irrelated nodes. Line 13 ends the node loop. Line
14 encapsulates the scheduling collaboration score into a collaboration score vector.

Algorithm 2: CSA

Input: N,R,C, s
Output: P’
1:  for each node n;in N do
2: Pij*ZO;
3 if (b;;>0 || d;>0)
4 H;:i(‘l)kilwk”ij ;
k=1
5: else
6: for each node n;in N do
7: if (b>0) do
8: Pu=r(Q.Q);
9 end if
10: end for
11: Rl =2 PR
veF;
12:  endif
13: end for

i

14 P =(PLP,R));

3.3.2 Implementation of Collaborative Scheduling Algorithm
To sum up, the scoring algorithm integrates the effect coefficients of different dimensions such as basic
resources and task association. The polynomial expression is as follows:

K 2
a®> w e +@1=a®)> (-1) T w i (b >0lld; >0)
« k=1 k=1
P =P +(l-al)P = & | (10)
aft)zwjk Fir + (1_ajm)z pijiv’<bij = O&dij = 0)
k=1

veF;

The adjustment method of coordination coefficient a}‘) is as follows:
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o) NI
Dol e (), AR (1)) > 0&AR (i) <0 1)
Where 7 is the adjustment rate. the deviation of evaluation metrics A" (i, j) =A% (i, j)+A% (i, ),
in which AQ (i,/)=EQ (i, )-ES"(i,i), A% (i,i)=EYL(i,i)-E%"(i,j) . The comprehensive evaluation
metrics E{ (i, j) = RIDY (j) + (1-RURY(j)) , EQ (i, j) = RSIDY (i) + DSIDY (i) .When A% (i, j) > 0, it
indicates that the resources of cluster environment and quality of service performance become worse, we
trigger to update «" at this time. Specifically, if A% (i, j) >0, we increase " to balance the node resources,
else if A% (i, j) >0, we decrease &!" to enhance the collaboration.

The pseudo code of CSC2T is shown in Algorithm 3. The inputs are node set N, node resource set R,
node scheduled service instance set C, and service queue to be scheduled S. The output is the optimal
scheduling scheme. Among them, lines 1~3 are used to initialize the algorithm. Lines 4~12 are used for
forward optimal scheduling. Lines 13~19 are used for adjusting the coordination coefficient.

The computational process of CSC2T mainly includes three steps: Step 1: Use the scoring algorithm to
score the nodes(line5~linel0). Step 2: Calculate the optimal scheduling node and execute scheduling
(linel1~linel2). Step 3: Schedule evaluation feedback and adjust parameters (line13~line18). Assuming that
the number of samples of node resources is T, the total number of nodes is J, and the type of node resources
is K, then the computational complexities of step 1 is O(J xTxK)+0O(JIxJxK)+0O(J). the computational
complexities of step 2 and step 3 are O(J) and O(1) respectively. Because of T J, the computational
complexity of CSC2T for single service scheduling is O(J xT xK).

Algorithm 3: CSC2T

Input: N,R,C,S

Output: Optimal scheduling scheme
1:  for each node njin N do

2: initialize ;=0.5, »=01;

3:  end for

4.  for each service s;in S do

5: P° = Algorithm1(N, R);

6: P = Algorithm2(N, R, C, s));

7 for each node njin N do

8: Rj=aP’+(@1-a)R;

9: end for

10: Pi:(PivPizv"'vPiJ);

11:  optimal_scheduling_node =max P, ;
]

12:  schedule(s;, optimal_scheduling_node);

13:  j=optimal_scheduling_node;

14: if Al (i, j)>0 then

15: aV=a+paY (i j);

16:  else if A% (i,j)>0 then

17: aV=al - (i, j);

18: end if

19: end for

4. Experimental Simulation and Analysis

In this section, we design experiments to verify the performance of CSC2T in the task scheduling of
container cloud, that is, to compare the performance with K8S native scheduling algorithm and two
representative scheduling algorithms MRWS [4] and PSOS [7] related to this study.

4.1. Experiment Setting

In the experimental environment, Kubernetes (v1.16.2) cluster was built on 53 servers with the same
specifications as the experimental platform, including 3 master nodes and 50 slave nodes. The resource
information of cluster is shown in Table 1. In terms of experimental data, tasks are divided into five types:
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CPU oriented, memory oriented, disk oriented, bandwidth oriented, and resource non-oriented, and some of
them have the relationships of dependency.

Table 1: Node resource

Role CPU Mem Disk Band Amounts
(core) (GB) (GB) (Ghps)
master 128 256 1000 10 3
slave 64 128 1000 10 50

In the feedback evaluation of cluster resource scheduling, RID (Resource Imbalance Degree) and RUR
(Resources Utilization Rate) are two widely used metrics. RID can reflect the balance of cluster resources
usage, while RUR can reflect the comprehensive utilization of resources. On this basis, we add RSID
(Replica Scheduling Imbalance Degree) and DSID (Dependency Scheduling Imbalance Degree) to evaluate
the scheduling performance of service. The detailed description of all evaluation metrics are as follows:

RID( \/Zk Uik~ (j,k)/K)z/K (12)

Where U (j,k) is the utilization rate of resource Ry, Define RID :ijlRlD(j)/J . The smaller the RID,
the more balanced the resource utilization of cluster, and vice versa.

RUR(j)=3¢ U (ik)/K (13)
Define RUR:ZLIRUR(j)/J , The larger the RUR, the higher the resource utilization of cluster, and
vice versa.

RSID(i) = (14)

> N (I J)
Z N,.;
Ntwin(i ‘_ twm —" Ntwml /0 ‘J>0) & ( twm(i ]) [ twm()/']—‘)

(
N~twin(i'j): LNtW|n(i J twm ’(Ntwml A) ‘]>0) (0<Ntwm(|'J) [ lwm()/‘]—l) (15)
[Ny /J\(N (i) % J=0) & (0<N,,(ij)

twin tWIﬂ twin

In Formula (14), N, (i, j) and N, (i, j) represent the total number of twin instances of service s; on

node n; and the number of twin instances with unbalanced scheduling, respectively. In Formula (15), the
function of the symbol [+],|+|,% is to round up, to round down, and take the remainder respectively. Define

RSID =Z::1 RSID(i)/1 , where | is the number of cluster services. The smaller the RSID, the more balanced
the cluster twin service scheduling, and the more reliable the service.

J .
Zj:l N(twin,dep)(l’ J)
min ( Ny, (i), N, (1))
« (1) are the total number of twin instances and dependent instances of

(wincep) (1+ 1) 18 the combined number of twin and dependent instances of service

DSID(i)=1-

(16)

In Formula (16), N, (i) and N
service s; in the cluster, and N

si on node n;. Define RSID:Z::lDSID(i)/I . The smaller the RSID, the more balanced the service
dependency composition scheduling, the better the quality of service.

4.2. Experiment and Results

In experiment A, we verify task priority and mutually exclusive scheduling rules. The twin service
relationship is added to experiment. Five types of independent services are randomly selected for scheduling
experiments. The number of services is 500, and the number of service instances is set to a random number
between (0, 10J]. Compare the performance of CSC2T and three comparison algorithms under 3 metrics of
RID, RUR and RSID. The experimental results are shown in Fig. 4. We can see that the CSC2T algorithm not
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only reduces the imbalance of cluster resources, but also improves the utilization rate of resources.
Especially, the degree of imbalance of replica scheduling has been improved. When the number of
scheduling instances exceeds 5x10°, the RSID metrics of CSC2T decreases rapidly and finally converges to
about 0.2535. Compared with PSOS, K8S and MRWS, the performance of CSC2T scheduling algorithm is
improved by 29.80%, 33.37% and 45.90% respectively. At the same time, the performance of RID and RUR
has been improved to some extent.

0.65 r——CSCaT K55 0.9
0.55 MRWS PSOS - o8
=) 0.45 “._’-_‘_.__H_‘;:‘_.__—d—h—ki A o
& 035 ! Gl S0
0.35 =
025 b* 0.6 M
25 k :
0.15 | . I PP T BN | |
012345678910 5556657758 859 9510 01 2 3 456 7 8 910
The number of service instances The number of service instances e 2 e S

Fig.4: Comparison of the results of experiment A.

In experiment B, we verify the rules of task priority, mutual exclusion and compatibility. On the basis of
experiment A, five types of services (including dependent services and non-dependent services) are
randomly selected to carry out the scheduling experiment. The number of dependent service combinations is
300, and the number of service instances is set to a random number between (0, 10J]. Compare the
scheduling performance of CSC2T and comparison algorithm. The experimental results are shown in Fig. 5.
We can see that CSC2T comprehensively optimizes RID, RUR, RSID and DSID. The performance of RSID
and DSID is improved by 8.36% and 17.03% compared with PSOS, and 19.38% and 37.24% compared with
MRWS. Meanwhile, the performance of RID and RUR is similar to that of PSOS.
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Fig.5: Comparison of the results of experiment B.

To sum up, C2C2T algorithm models the two scenarios of task scheduling respectively by introducing
the rules of mutual exclusion and compatibility between tasks, and continuously adjusts the contribution of
the current time correlation coefficient to the next scheduling state through the feedback mechanism.
Experiments A and B prove the optimization effect of the algorithm on the final scheduling result, especially
for the application with complex topological relationship, which ensures the balanced allocation of basic
resources.

5. Conclusions

Aiming at the problems brought by container cloud and cloud native services, C2C2T focuses on the
impact of the relationship between services and nodes on the forward scheduling, and optimizes the method
parameters according to the feedback from the current environment. The proposed algorithm and another
three comparative algorithms are comprehensively evaluated under the four indicators of RID, RUR, RSID
and DSID, which proves that C2C2T has better scheduling performance for multi-replica and multi-
dependency services.
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