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Abstract: In a cloud-native era, the Kubernetes-based work-
flow engine enables workflow containerized execution through
the inherent abilities of Kubernetes. However, when encounter-
ing continuous workflow requests and unexpected resource
request spikes, the engine is limited to the current workflow load
information for resource allocation, which lacks the agility and
predictability of resource allocation, resulting in over and under-
provisioning resources. This mechanism seriously hinders work-
flow execution efficiency and leads to high resource waste. To
overcome these drawbacks, we propose an adaptive resource
allocation scheme named adaptive resource allocation scheme
(ARAS) for the Kubernetes-based workflow engines. Consider-
ing potential future workflow task requests within the current
task pod’s lifecycle, the ARAS uses a resource scaling strategy
to allocate resources in response to high-concurrency workflow
scenarios. The ARAS offers resource discovery, resource evalua-
tion, and allocation functionalities and serves as a key compo-
nent for our tailored workflow engine (KubeAdaptor). By integrat-
ing the ARAS into KubeAdaptor for workflow containerized exe-
cution, we demonstrate the practical abilities of KubeAdaptor
and the advantages of our ARAS. Compared with the baseline
algorithm, experimental evaluation under three distinct workflow
arrival patterns shows that ARAS gains time-saving of 9.8% to
40.92% in the average total duration of all workflows, time-sav-
ing of 26.4% to 79.86% in the average duration of individual
workflow, and an increase of 1% to 16% in centrol processing
unit (CPU) and memory resource usage rate.
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1. Introduction

With the advent of a cloud-native era, the most popular
virtualization solution is using Docker for container
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encapsulation with Kubernetes (K8s) [1] for multi-host
container orchestrating. Docker and K8s have become
mainstream tools for cloud resource management and
dominated the whole cloud-native technology ecosystem
[2]. Workflows have been widely applied in scientific
computing communities such as astronomy, bioinforma-
tics, material science, and earth science [3]. A scientific
workflow is commonly formulated as a directed acyclic
graph (DAG), which consists of dozens of workflow
tasks (represented by nodes) and dependencies among
tasks (indicated by directed edges). A DAG abstracts a
particular scientific computing process through shared
data files between tasks and predefined task dependen-
cies [4,5]. Powered by Docker and K8s, cloud infrastruc-
ture features the scalability and high availability of com-
putational resources[6] and is especially suitable as a run-
ning platform for scientific workflows.

Scientific workflows usually serve large-scale applica-
tions and require a considerable amount of resources to
execute. Efficient resource allocation is a key issue in
workflow execution. Existing workflow management
engines like Nextflow [7], Pegasus [8,9], Galaxy [10],
and Argo workflow engine can execute hundreds of
workflows on cloud infrastructure and be responsible for
assigning computational resources to workflow tasks
[11]. When encountering continuous workflow requests
and unexpected resource request spikes, the computa-
tional resource requirements of workflows can be highly
dynamic. The ever-changing resource requirements of
workflows bring a great administrative burden to the
workflow engines for resource allocation and seriously
decrease the execution efficiency of workflows. First, the
permanent provision of fixed computational resources
will cope with peak loads in a resource-intensive sce-
nario but incur high costs and resource over-provisioning,
as resources are not fully utilized during off-peak times.



724 Journal of Systems Engineering and Electronics Vol. 34, No. 3, June 2023

Second, some workflows may not be executed at all and
suffer from a poor quality of service (QoS) due to insuffi-
cient resource provisions.

In order to avoid over and under-provisioning of
resources, some existing works propose reasoning
[12,13], feedback [14], heuristics [15], learning and pre-
diction models [16—19] to cope with resource allocation
in cloud environment. Although these solutions can par-
tially address the cloud resource allocation problem, they
commonly use prior knowledge of cloud systems to cope
with resource allocation. As a result, these solutions
might play to their strengths in a specific application sce-
nario, but they are not fully adaptable to the K8s-based
cloud environment with dynamic resource requirements.
In addition, numerous iteration training may result in high
computational complexity and resource overheads in
learning and prediction models. Therefore, with the appli-
cation platform and technology stack in mind, they do not
fit with the K8s-based workflow management engines.
The bottleneck here is the absence of a high-efficiency
adaptive resource allocation scheme that can help the K8s-
based workflow management engines to make approp-
riate resource provisions in response to continuous work-
flow requests and unexpected request resource spikes.

In [20,21], the customized K8s-based workflow man-
agement engine KubeAdaptor was proposed, which was
able to integrate workflow systems with K8s and imple-
ment workflow containerization on K8s cluster. In this
paper, we present an adaptive resource allocation scheme
(ARAS) that follows the monitor-analyse-plan-execute
knowledge (MAPE-K) model [22,23]. The ARAS perio-
dically responds to the task pod’s resource request and
uses the resource discovery algorithm, resource evalua-
tion algorithm, and resource allocation algorithm to com-
plete the resource allocation of this round task by the
resource scaling strategy. We reconstruct and extend
KubeAdaptor, and implement ARAS as the resource
manager component of KubeAdaptor, which consists of a
resource discovery module, resource evaluator module,
and allocator module. Three modules complement each
other to achieve the adaptive resource allocation. First,
the resource discovery module invokes the resource dis-
covery algorithm to obtain the remaining resources (such
as CPU and memory) of K8s cluster nodes and the
resource usage of running task pods. Then the resource
evaluator module integrates the remaining resources of
the K8s cluster and workflow workloads from the Redis
database and evaluates resource adequacy for the K8s
cluster nodes. Finally, the allocator module uses a
resource scaling strategy (i.e., vertical autoscaling) [24]
to make resource provisions for current active task pods
in response to continuous workflow requests and sudden

request spikes. We have open-sourced the proposed
ARAS. The source code is publicly available on
GitHub [25].

This paper focuses on adaptation, that is, the adaptive
adjustment of resource allocation in the context of chang-
ing workflow resource requirements. Compared with the
baseline algorithm, experimental evaluation of running
four scientific workflows under three different workflow
arrival modes shows that ARAS gains time-saving of
9.8% to 40.92% in the average total duration of all work-
flows, time-saving of 26.4% to 79.86% in the average
duration of individual workflow, and an increase of 1%
to 16% in CPU and memory resource usage rate. The
main contributions of this paper are summarized as fol-
lows.

(i) MAPE-K architecture. With the MAPE-K mecha-
nism as a core, we decouple and reconstruct the
KubeAdaptor and integrate our ARAS into four phases of
the MAPE-K model to equip the KubeAdaptor with self-
healing and self-configuration abilities.

(i) A novel monitoring mechanism. We devise and
develop a resource discovery algorithm through the K8s
resource characteristics and informer component. The
resource discovery module uses this algorithm to build a
novel monitoring mechanism to collect all related data in
K8s clusters.

(iii) Automation deployment. We modularize and
implement the four steps of the proposed ARAS with
loose coupling in mind so that the users can easily mount
a newly designed algorithm module to replace an exist-
ing one with minimal intrusion into the workflow mana-
gement engine.

(iv) Better performance. With the help of K8s and the
MAPE-K mechanism, we use ARAS to conduct a wealth
of experiments on four scientific workflows on K8s clus-
ters. Our ARAS shows better performance compared to
the baseline algorithm.

The rest of the paper is organized as follows. Section 2
introduces related work. Section 3 elaborates on the sys-
tem model and problem formulation, while Section 4 fur-
ther describes our system architecture and components.
Section 5 illustrates the implementation of our adaptive
resource allocation scheme. Section 6 describes the
experimental setup and discusses the evaluation results.
Finally, Section 7 concludes this paper.

2. Related work

The resource allocation scheme in the workflow manage-
ment engine is influenced by the virtualization techno-
logy of cloud infrastructure, which is directly related to
whether workflow tasks are hosted by virtual machine
(VM) instances or containers. In this section, we review
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the development of resource allocation strategy and dis-
cuss three categories of resource allocation strategy from
the perspective of the evolution of virtualization techno-
logy, namely VM-based, container-based, and cloud-
native-based. Note that the analysis of each aspect is not
completely limited to the scope of the workflow manage-
ment engine.

2.1 VM-based resource allocation

In the VM-based era, Lee et al. [26] proposed an adap-
tive scheduling approach to adjust resource allocation and
scheduling in the Pegasus workflow management system.
This approach utilized batch queues to assign jobs to
cluster’s VMs and optimizes job scheduling across
cluster’s VMs through the average queue time of each
available VM. Islam et al. [27] developed prediction-
based resource measurement and provisioning strategies
using neural networks and linear regression to satisfy
upcoming resource demands. The sliding window
approach for predicting resource usage in the cloud fits
with dynamic and proactive resource management for
interactive e-commerce applications. As for business pro-
cess management system (BPMS) field, Hoenisch et al.
[12] presented a self-adaptive resource allocation
approach to automatically lease and release cloud
resources for workflow executions based on knowledge
(resource usage in VMs) about current and future process
landscape. This approach has been implemented as part
of ViePEP, a BPMS able to manage and schedule work-
flows in the cloud. By monitoring resource usage of VMs
and the QoS of individual service invocations in VMs,
ViePEP uses a prediction model to provide resource pro-
visioning for elastic process execution of workflows.
Subsequently, Hoenisch et al. [13] extended ViePEP by
dynamic workflow scheduling and resource allocation
algorithms. The proposed algorithm not only provided a
complete schedule plan based on their former predicting
model but also moved the service invocations (workflow
task) from one timeslot to another to fully utilize the
acquired resources.

Although these solutions present appropriate cloud
resource allocation schemes to some extent, the predic-
tive models commonly require the collection and model-
ing according to former data. These upfront preparations
consume unnecessary resources and block the automatic
operation flow of the workflow management engines. In
addition, VMs-based resource allocation schemes are
commonly limited to VM’s features such as slow startup,
clumsy deployment, and high resource consumption.
Therefore, these schemes are not suitable for performing
workflows with dynamic and ever-changing resource

requirements in cloud infrastructures.
2.2 Container-based resource allocation

In the container era, container-based resource allocation
schemes gradually become the mainstream of cloud
resource management. Considering the absolute resource
isolation and security features of VMs, most container-
based resource allocation scenarios adopt the deployed
model of VM hosting containers. For instance, Mao et al.
[28] proposed a differentiated quality of experience sche-
duler to adjust resource provisioning for deep learning
applications. This scheduler is implemented into Docker
Swarm and can accept the targeted quality of experience
specifications from clients and dynamically adjust
resource limits of containers to approach performance tar-
gets. Abdullah et al. [16] introduced a new deep learning-
based approach to estimate the execution time of the jobs
through the collected performance traces. This approach
also predicts the execution time for different CPU pins
and uses the laws of diminishing marginal returns to pro-
vide optimal CPU allocation to Docker containers. In the
fog computing community, Yin et al. [29] proposed a
container-based task-scheduling algorithm with task
delay constraint in mind. Herein, a resource reallocation
mechanism works to achieve resource-utilization maxi-
mization on fog nodes by modifying the resource quota of
task containers. Hu et al. [30] proposed containerised
edge computing (CEC), a CEC framework for dynamic
resource provisioning in response to multiple intelligent
applications. The CEC first makes resource provisioning
for containers in advance based on the workload predic-
tion for the edge cluster formed by Docker Swarm and
then uses the idea of control theory to achieve dynamic
resource adjustments (meaning a sufficient number of
containers) for hosted service applications.

Containers, an efficient and lightweight virtualization
technology, bring significant technology change to VMs-
based resource allocation strategies. However, it needs a
container orchestration tool (e.g., Docker Swarm) to ma-
nage a wealth of containers across cluster nodes in seve-
ral scenarios. In practice, resource limits’ adjustment and
reallocation of resource quotas in running containers have
brought significant administrative burdens to Docker
Swarm. Also, the adjustments to the number of cont-
ainers will cause a delay in the startup of new containers.
In addition, the preparation for predictive models is also
not conducive to the automation of workflow manage-
ment engines. Due to the shortcomings of the above solu-
tions and the task dependencies and high concurrency of
workflow, these resource allocation strategies cannot pro-
vide efficient ideas for container-based workflow man-
agement engines.
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2.3 Cloud-native-based resource allocation

As the first hosted project by cloud native computing
foundation (CNCF), K8s has become the defacto stan-
dard container orchestration system. Docker and K8s are
reshaping resource management strategies for cloud
infrastructures in the cloud-native era. For example,
Chang et al. [31] proposed a generic platform to facilitate
dynamic resource provisioning based on K8s. The plat-
form employs open-source tools to retrieve all the
resource utilization metrics (such as CPU and memory)
while integrating the application QoS metrics into moni-
toring. The resource scheduler module in the platform
makes dynamic resource provisioning by horizontal scal-
ing of task pods according to the K8s cluster’s workload.
Mao et al. [32] investigated the performance of using
cloud-native frameworks (Docker and K8s) for big data
and deep learning applications from the perspective of
resource management fields. Together with Prometheus
and Grafana, the authors build a container monitoring
system to keep tracking the resource usage of each job on
worker nodes. To address massive aggregate resource
wastage, Google uses Autopilot to configure resources
automatically, adjusting both the number of concurrent
tasks in a job (horizontal scaling) and the CPU/memory
limits for individual tasks (vertical scaling) [24]. Subse-
quently, Bader et al. [11] proposed Tarema, a system for
allocating task instances to heterogeneous KS8s cluster
resources during the execution of scalable scientific
workflows. Using a scoring algorithm to determine the
best match between a task and the available resources,
Tarema provides the near-optimal task-resource alloca-
tion.

However, most of these resource allocation solutions in
the cloud-native era use open source tools (from the
CNCF community) to build resource monitoring systems,
obtain the required resource utilization of the cluster, and
provide corresponding resource provisioning strategies. It
brings high deployment costs to the workflow manage-
ment engine, which is inconsistent with the simple
deployment and automatic system characteristics. In addi-
tion, these tools put too much pressure on the K8s cluster
because of frequent access to kube-apiserver for acquir-
ing cluster resources [33].

To summarize, we can conclude that resource alloca-
tion policies change with the evolution of virtualization
technologies to adapt to different application scenarios
and technology platforms. The most typical example is
ViePEP-C [34], which evolved from former work
[12,13,35,36] in the VMs era to a container-based resi-
lient BPMS platform in the container era, using contain-
ers instead of VMs for the execution of business process

activities. Considering automation and flexible deploy-
ment of the integrated platform, resource allocation tech-
nology in the cloud-native era is more focused on Docker
and K8s platforms. The design of our workflow manage-
ment engine follows this idea. K8s, with its unique tech-
nical advantages and ecology in scheduling, automatic
recovery, horizontal scalability, resource monitoring, and
other aspects, makes its integration with workflow man-
agement engines far beyond the capabilities of container-
based workflow management engines. Inspired by the
work in [24,28,32], the proposed ARAS takes into
account workflow loads in K8s clusters and uses vertical
scaling technology of containers to cope with continuous
workflow requests and sudden resource spikes.

3. System model

This section describes how to use the proposed ARAS to
cope with continuous workflow requests and unexpected
resource request spikes and maximize resource utiliza-
tion while meeting workflow service level objectives
(SLOs).

3.1 System description

For the clarity of presentation, we consider the scenario
of a single K8s cluster with a set of nodes (VMs),
donated by V ={v,,v,,---,v,}, where m represents the
number of K8s cluster nodes. As for m nodes, we have a
set of available CPU cores C = {¢;,¢,, -+ ,¢,,} and a set of
availble memory capacity M = {mem,;, mem,,---,mem,,}
correspondingly. The workflow set injected into the
KubeAdaptor is represented as W ={w,wy,- - ,w},
where k indicates the amount of workflows. Herein, a
workflow is abstractly defined as w; = {sla,,, i1, Si2,- " »
sin}, wherein i indicates the identification (ID) number of
a workflow, sla, represents a service level agreement
(SLA) of a workflow and s;;, 5;2,**,S;, indicates steps
(i.e., tasks) of workflow w;. Each workflow task is
defined as

s;; = {slay, ,id,image, cpu, mem, duration,

MiNgy,, MiNyen}, 1 <i<k; 1< j<n )

where “id” is the unique identifier of this workflow task
in workflow w;, and “image” represents the Docker
image address of this workflow task. The “cpu” is the
amount of CPU Milli cores required by the users, and
“mem” is the amount of memory capacity required by the
users. “duration” indicates the duration of the task pod
running, and “ming,” and “min,,,” represent a mini-
mum of CPU and memory resources required to run the
task container of s;; in workflow w;, respectively. Gener-
ally, a workflow can have an optional SLA (sla;) com-
posed of several SLOs expressed by slo;,slo,,---,slo, on
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workflow (sla,, ) or workflow task (sla,, ) as follows:
sla; = {sloy,slo,, -+ ,slo,}, i€ {w;,s;;}. 2)

Herein, we only consider the deadline as the single
SLO, meaning that each task in the workflow must be
completed before its respective deadlines. Likewise, this
workflow is no exception:

sla,, = deadline,,
sla,,, = deadline,, -

3)

Note that the deadline for the last task s, in a work-
flow is identical to this workflow execution deadline:

727

3.2 Problem formulation

We assume that SLAs and deadlines defined by users are
valid and achievable, i.e., a properly completed work-
flow means that all of its tasks must be completed by the
deadline. With maximizing the resource utilization in the
KS8s cluster as a goal, as long as a task request arrives, our
ARAS uses the resource scaling method to provide com-
putational resources to the task container. Here, the
resource provision of the task container must not be less
than a minimum of running resources to ensure the
smooth operation of the task container.

Fig. 1 depicts an execution process of a small-scale

deadline,, = deadline,,. 4 Montage workflow.

Nodel [~ Tm s ] s T
Node2 [0 [m e [T e
Nodes {7 T W [ aw | [ [aw s ] T

0 1 t, 15

v

t ts
t/s

Fig. 1 Resource allocation example

At f, seconds, task request of T, arrives, and our
ARAS has abilities to acquire concurrent tasks within its
lifecycle (from ¢, to t,) considering predefined deadlines.
As can seen from Fig. 1, T,, T, and T, will be launched
within 7’s lifecycle and four workflow tasks will com-
pete for computing resources each other. To ensure that
four concurrent tasks have enough resources to run
smoothly, our ARAS employs the resource scaling
method to reasonably allocate resources, i.e., scaling
down resource requirements of the current task T
according to the ratio of the total resource requirements
of four tasks to the remaining resources in the K8s clus-
ter (refers to (9)). Similarly, T, executes between 7, and
t;, T)s executes between t, and #5. Their respective life-
cycle all contains several concurrent tasks. The arrival of
each task request also requires the resource scaling
method to allocate resources in line with (9).

In the following, we elaborate on the optimal problem
in our ARAS. The allocated CPU and memory resources
for each requested task in workflow w; are respectively
defined as follows:

U= {ui,l»ui,Zs"' »Ui,n}, %)

Rz{ri,l,ri,z,"',ri,n}- (6)
x;’z € {0, 1} with workflow identifier i is adopted as a

decision variable for task placement, where 1 <y <n and
1 <z < m and defined as
{1, yth task in w; is scheduled on node v,

X . . .
10, ythtaskin w; is notscheduled onnode v,

We assume that each node in the K8s cluster is always
active and that workflows are continuously injected into
our workflow management engine. Mem,,, indicates the
total number of remaining memory resources of the K8s
cluster. Since CPU is a compressible resource and me-
mory is an incompressible resource, we only consider
memory to maximize resource allocation in the optimiza-
tion model. So our objective function is as follows:

=1 j=1

max —————
Memmtal
m
i
D=1
z=1
k n
i
S.t. Z Xy Uiy S Cj . @)
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Equation (7) maximizes the resource utilization
for the remaining memory of the K8s cluster at each
moment of the task request. The first constraint in (7)
indicates that a task can be scheduled on only one cluster
node. The last two constraints in (7) imply that
the total CPU and memory resources consumed by all
task pods on the hosted node v; must be less than or equal
to the amount of the respective available resources on
that node.

Containerized workflow builder

4. Architecture

This section presents the system architecture of
KubeAdaptor in detail, including its framework, design
logic, and key modules. Subsequently, the MAPE-K
model is elaborated around the resource allocation mech-
anism of KubeAdaptor.

4.1 KubeAdaptor framework
The KubeAdaptor for the ARAS is illustrated in Fig. 2.
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Fig.2 KubeAdaptor architecture

As a workflow management engine, it works to adminis-
trate, schedule, and execute containerized workflow
tasks. Its core functionalities are as follows:

(1) Provide an interface to the public or private cloud,
allowing to customize workflows on demand.

(i1) Implement the containerized execution of workflows
following the precedence and dependency relationships.

(ii1) Adaptively allocate resource quotas for requested
workflow tasks and maximize resource utilization when
ensuring the SLAs of workflows.

(iv) Provide the ability of flexible deployment and the
automatic operation flow and integrate into the K8s plat-
form.

With the assistance of ARAS in this paper, KubeAdap-
tor equips with the functionalities of a cloud resource
management system to elegantly manage a potentially
highly volatile cloud workflow application scenario.

4.2 KubeAdaptor modules

As depicted in Fig. 2, KubeAdaptor consists of three
main top level entities, including a command line inter-
face (CLI), a workflow injection module and a container-
ized workflow builder. The containerized workflow
builder comprises seven sub-components responsible
for workflow reception, containerization, resource alloca-
tion, resource monitoring, and task container cleanup.
We focus on the resource manager module related to
ARAS.

CLI: it aims to define SLAs-based workflows and offer
configuration files of one-key deployment. In addition,

the users may request many workflows consecutively or
even simultaneously through the CLI module.

Workflow injection module: its Parser and Packaging
modules serve as an independent function pod and work
to read variable configuration information of workflow
definition from the mounted directory, parse and encap-
sulate workflows in response to generating request of the
subsequent workflow from the Interface uint.

Interface uint: this module works on receiving the
workflow generating request, decomposing the workflow
tasks, watching the state changes of task pods or work-
flows from the task container cleaner, invoking the con-
tainerized executor to generate workflow namespaces and
task pods, and writing workflow status into the Redis
database. Once the creation of the task pod fails, this
module turns to fault tolerance management [21], also
known as self-healing, the ability of a system to detect
and recover from potential problems and continue to
operate smoothly.

Containerized executor: its two subcomponents work
on generating workflow namespaces and task pods. This
module creates task pods through allocated resources
from the resource manager. In addition, the states of
workflows and task pods are timely written into the Redis
database.

Resource manager: it contains three subcomponents,
such as resource discovery, resource evaluator and alloca-
tor. The resource discovery is responsible for acquiring
the remaining resource of the overall K8s cluster from the
Informer. The resource evaluator obtains workflow
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resource requirements and workflow execution states
from the Redis database, assesses the adequacy of the
current remaining resources of the K&8s cluster, and
launches corresponding countermeasures, if necessary.
The allocator module uses resource scaling strategy to
make resource allocation for current active task pods in
response to continuous workflow requests and sudden
request spikes. It is also known as self-configuration, the
ability of a system to reconfigure itself under changing
and unpredictable circumstances.

Informer: as a core toolkit in Client go, the informer is
in charge of synchronizing resource objects and events
between K8s core components and Informer local cache.
It provides the resource discovery with the remaining
resources of the KS8s cluster and responds to the state
tracker for the state changes of the resource objects.

State tracker: it hosts the monitoring program based on
the List-Watch mechanism and responds state queries of
various resource objects to each module anytime.

Task container cleaner: it works on deleting the pods in
a state of succeeded or failed or OOMKilled and work-
flow namespaces without uncompleted task pods. Once
receiving successful feedback on the just-deleted work-
flow or task pods, this module proceeds to Interface unit
and triggers the following workflow or subsequent task.

Redis: the Redis database is to be deployed within or
outside the cluster in advance and is responsible for stor-

4
v

MAPE-K model

729

ing workflow execution status and predefined resource
requirements of workflow tasks.

KubeAdaptor is implemented by the Go language and
provides an CLI interface to K8s clusters. With just a few
tweaks to the configuration file, the users can go out of
the box and smoothly deploy the KubeAdaptor on K8s
clusters. The deployment and uninstalling of KubeAdap-
tor are non-intrusive and clean to the cluster, and its
workflow containerization execution works in an auto-
mated way. Further details about KubeAdaptor can be
referred to [21].

4.3 MAPE-K model

The MAPE-K model [37], originated from the field of
automatic computing, is an instrumental framework for
systematic development of adaptive systems, including
resource allocation and workflow adaptation. Adaptive
strategy within the KubeAdaptor works to realize the self-
optimization of resource utilization maximization. Herein,
the self-optimization ability, along with self-healing and
self-configuration (elaborated in Subsection 4.2), enables
our KubeAdaptor to become a self-management system.

To deal with persistent workflow requests and ever-
changing resource requirements, we use the MAPE-K
model to retrofit with minimal intervention to the
KubeAdaptor, which forms an adaptive execution cycle
as depicted in Fig. 3.
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In the following, we will briefly discuss the four steps
of this cycle and how they influence the self-manage-
ment capabilities of KubeAdaptor.

Monitoring: the monitoring functionalities stem from
the Informer and Redis database and work to provide
workflow status and the remaining resources in K8s clus-
ters to the next step. Workflow status data includes which
workflows have been executed, which tasks have been
completed, resource requirements of workflow tasks, as
well as the SLOs of the workflow and task. The remain-
ing resources refer to the residual CPU and memory
resources of the K8s cluster and each node in the K8s
cluster.

Analysis: the functionality of this step comes into play
in the resource evaluator and allocator within resource
manager. For adaptive resource allocation, it is necessary
to analyze the monitored data and reason on the general
knowledge about the system. It is done so that we can
adapt according to countermeasures to deal with dynamic
workflow requests and SLA violations.

Planning: the planning step takes full account of the
resource requirements for future workflow tasks to be
launched within the current task lifecycle and SLAs of
workflows to carry out reasoning and generate a resource
allocation plan. The planning results also provide suffi-
cient prior knowledge for subsequent workflow input to

the CLI module.

Execute: the execution steps are put into practice
through containerized executor, aiming to finish the crea-
tion of a new round of task pods combined with the ana-
lysis results of the MAPE-K model.

Knowledge base: while not really a part of the cycle,
the knowledge base stores the configuration information
about the system and provides workflow execution status
and the remaining resources in K8s clusters to MAPE-K
model running.

In short, the KubeAdaptor needs to provide further
analysis of the resource allocation scheme to self-opti-
mize application scenarios in response to persistent work-
flow requests and sudden resource spikes.

5. Adaptive resource allocation scheme

Once resource manager receives a resource request of
workflow task from containerized executor, its three sub-
components immediately launch resource discovery,
resource evaluation, and resource allocation in turn.
The entire execution process responds to the workflow
task’s resource request iteratively. Next, we introduce
the adaptive resource allocation algorithm, resource
discovery algorithm, and resource evaluation algorithm.
All notations used in our algorithm are illustrated in
Table 1.

Table 1 Major notations used in adaptive resource allocation scheme

Notation

Meaning

Vi

A K8s node (VM), v; € V

Sij The jth task in workflow w; (1 <i<k,1<j<n)

allocatedcpy
allocatedpem
request.cpu
request.mem

The allocated CPU resource number through the adaptive resource allocation algorithm
The allocated memory resource number through the adaptive resource allocation algorithm
The accumulated CPU resource number for many task requests
The accumulated memory resource number for many task requests

Repn, The maximum remaining resource amount of CPU among K8s cluster nodes

max

Repo? The maximum remaining resource amount of memory among K8s cluster nodes

totalResidual.cpu
totalResidual.mem

The total of residual CPU resource across K8s cluster nodes
The total of residual memory resource across K8s cluster nodes

task™4 The current task request with respects to s; ;
taskfifﬁs A record of task-state data from Redis database
PodLister An interface of acquiring pod list in Informer component
NodeLister An interface of acquiring node list in Informer component
ResidualMap A data dictionary for storing remaining resources (CPU and memory) of each node
nodeReq.cpu The accumulated CPU resource requirements for all pods on a node

nodeReq.mem
allocatable.cpu
allocatable.mem
residual.cpu
residual.mem
pod;
Cpucul
memeyt
a

B

The accumulated memory resource requirements for all pods on a node

The accumulated allocatable CPU resource across K8s cluster nodes
The accumulated allocatable memory resource across K8s cluster nodes

The residual CPU resource in K8s cluster
The residual memory resource in K8s cluster
A data struct from Podlist, which contains many key fields about container’s features
The allocated CPU resource amount for task request based on (9)
The allocated memory resource amount for task request based on (9)
A proportional value derived from experience, « € (0,1)
A constant value derived from experience, 8 > 20
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In addition, workflow execution states are represented
as a set of state data for all tasks of workflow
w; (1 < i< k) and a record of task-state data is defined as

task" = {fyq, duration, fe,, cpu, mem, flag},

1 <i<k; 1< j<n; flag € {false, true}. ®)

Note that as long as KubeAdaptor starts, taskff;lis is
stored in Redis database through Interface unit, and then
is continuously updated by the containerized executor.
Herein, fy,, is the start time of the current task pod in K8s
cluster, duration is similar to the definition of s; ;.duration
and represents the duration of the current task pod’s run-
ning, f.,q is the completed time of the current task in the
KS8s cluster, cpu and mem are equivalent to the defini-
tion of s;;.cpu and s;;,mem, and flag is a boolean vari-
able that identifies the execution status of the current task
pod. Herein, the boolean variable false indicates that the
current task is not complete. We use Dictionary data
structure Map < task; ;.id, task’" > to indicate state data
of the current task, and task;;.id is the unique identifier
passed by task s;; of workflow w; (refer to (1)).

Because the pod is the minimum execution unit of the
K8s container orchestrator, coupled with KubeAdaptor’s
non-invasive automated execution process, Resource
manager allocates resources only once throughout the
requested task pod’s lifecycle in response to task pod’s
resource request. The users can initially set min,, and
min,,, of the task pod in CLI module, by which this task
pod ensures its hosted container runs smoothly.

5.1 Adaptive resource allocation algorithm

Algorithm 1 presents an adaptive resource allocation
algorithm. It initializes these parameters to be 0 in line 1
and takes workflow task s;; as input. Once the containe-
rized executor sends a task pod’s resource request, the
Adaptive resource allocation algorithm performs the fol-
lowing process. Lines 4-13 work to access the Redis
database and get the total of requested resources of all
task pods to be launched within s;;’s lifecycle. These task
pods have resource competition with the currently
requested task pod. Subsequently, Algorithm 1 uses
Resource discovery algorithm to obtain the remaining
resources about the K8s cluster and each node in the K8s
cluster. Lines 16—23 traverse the remaining resource
structure ResidualMap and accumulate to get the total
remaining resources of all nodes across the K8s cluster.
Meanwhile, the proposed algorithm obtains the maximal
remaining CPU and memory resources. Here, we assume
that one node with the maximal remaining CPU resources
also has the maximal remaining memory to facilitate the
conditional comparison in Resource evaluation algorithm
(prioritize CPU resource for allocation). Then, the pro-
posed algorithm calls Resource evaluation algorithm to
present the allocated resources (line 25).

Algorithm 1 Adaptive resource allocation algorithm

Input: s, ;;

Output: allocated,,,, allocatedem;

1: Initialization: request.cpu, request.mem, Re”' , Re-,
totalResidual.cpu, totalResidual.mem « 0;

2: for each task pod’s resource request do

3:  /*Access the Redis and get the total of requested
resources of all pods to be launched within s;;’s lifecy-
cle*/

4: Get task™ with respects to s;; of w; from Redis;

5: request.cpu « task™.cpu;

6: request.mem « task™.mem;

7: Get all task" for all workflows from Redis;

8: for each task € {task"*} do

9: if task.ty,, € [task™ tyuq, task™.z.,4) then

10: request.cpu += task.cpu;
11: request.mem += task.mem;
12: end if

13: end for

14: /*Call the Resource discovery algorithm*/

15: ResidualMap < ResourceDiscoveryAlgorithm;
16: for each item € ResidualMap do

17: totalResidual.cpu += item.residual.cpu;

18: totalResidual.mem += item.esidual.mem;

19: if item.residual.cpu > Re™™ then

max

20: Re™ = item.residual.cpu;
21: Repo" = item.residual.mem;
22: endif

23: end for

24: /*Call the Resource evaluation algorithm*/
25: allocated,,, allocatedyem <

26: ResourceEvaluationAlgorithm;
27: if (allocated,,, > s;;.min,) and

28:  (allocatedyen > §; ;. MiNye, +3) then

29: break;

30: end if

31: end for

32: Return allocated,y, , allocated e .

To ensure the task pod run properly in our experimen-
tal testbed, with the running program via stress tool
within the task pod in mind, we add a constant 8 to the
minimum running resource for the task pod. It is because
that Stress tool in the running program of task pod uses
min,,, to allocate and release memory resources for
resource loads. Resource amount min,,, +83 as a mini-
mum of memory resource is just enough to run the task
pods. Finally, the allocated resources returned by the pro-
posed algorithm meet the conditions of minimum
resource demands (line 27).
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5.2 Resource discovery algorithm

Algorithm 2 shows how our resource discovery algo-
rithm acquires the remaining resources of the K8s cluster
and returns the remaining resource MapResidualMap. At
first step, this algorithm initializes related parameters to
be 0 in line 1 and respectively get the PodList and
NodeList of K8s cluster from PodLister and NodeLister
through informer component. Then the algorithm tra-
verses all nodes in the K8s cluster and uses for-loop
(lines 6-13) to acquire the total number of occupied
resources for all pods with Running and Pending states on
the current node v;. Lines 15—17 obtain the residual CPU
and memory resources on the current v;. Next, the algo-
rithm encapsulates the ResidualMap for each v;. Once the
iteration is complete for all the K8s cluster nodes, the
algorithm returns the residual resource ResidualMap.

Algorithm 2 Resource discovery algorithm

Input: PodLister, NodeLister, ResidualMap;

Output: ResidualMap;

1: Initialization: nodeReq.cpu, nodeReq.mem, allocatable.
cpu, allocatable.mem, residual.cpu, residual.mem « 0;
2: Get the PodList from PodLister through Informer;

3: Get the NodeList from NodeLister through Informer;
4: for node v; € V do

5:  /*Obtain the total resource requests of all pods on

v
6: for each pod p; in PodList do

7: if p; is hosted in v; then

8 if pod,.phase € {Running, Pending} then
9 nodeReq.cpu += pod,.request.cpu;

10: nodeReq.mem += pod,.request.mem;
11: end if

12: end if

13:  end for

14: /*Obtain the allocatable resources on each node v;*/
15: Obtain node; from NodeList corresponding to v;.
16: allocatable.cpu = node;.allocatable.cpu;

17: allocatable.mem = node;.allocatable.mem;

18: /*Acquire the remaining resources on node v;*/
19: residual.cpu = allocatable.cpu—nodeReq.cpu;

20: residual.mem = allocatable.mem—nodeReq.mem,;
21: /*Encapsulate Dictionary ResidualMap*/

22: ResidualMap[v;.ip]={residual.cpu,residual.mem};
23: end for

24: Return ResidualMap.

5.3 Resource evaluation algorithm

Algorithm 3 elaborates the resource evaluation process
in detail. The algorithm takes task.,, Rel., Rep.’

max > max

totalResidual.cpu, totalResidual.mem, request.cpu and

request.mem as input and finally return the allocated
CPU and memory resources. As mentioned in Subsection
5.1, some task pods to be launched during the requested
task pod’s lifecycle will compete for computational
resources with the current task request task™, and we use
a resource scaling method to provide resource allocation
based on a proportional value of the total remaining
resources over the total amount of resource requests,
defined as follows:

totalResidual.
Cpucu[ = (taskreq'cpu) . w

request.cpu
totalResidual.mem °

©

mem,, = (task™?.mem)
request.mem

Algorithm 3 Resource evaluation algorithm

Input: task™, ReP', Rel>", totalResidual.cpu,
totalResidual.mem, request.cpu, request.mem;

Output: allocated.cpu, allocated.mem;

1: Get cpu,,, and mem,, through (9);

2: Define conditions request.cpu<totalResidual.cpu as

A,, request.mem<totalResidual.mem as A,, task™d.cpu<
Re™ as B, task“.mem<Re,." as B,, cpu,,<Re?l" as
C,, and mem,,<Re. as C,;

3: Define the symbol — as the negation of a condition and
the symbol A as the logical and.

4: /*(D The remaining resources are sufficient™/

5:if A, AA, then

6: if B, A B, then

7: allocated.cpu = task™.cpu

8: allocated.mem = task™?.mem

9: else

10: if =B, A B, then

11: allocated.cpu = Re;™ -«

12: allocated.mem = task™!.mem
13: else

14: if B, A =B, then

15: allocated.cpu = task™.cpu
16: allocated.mem = Re, " - &
17: else

18: allocated.cpu = Re[” -«
19: allocated.mem = Re."" - &
20: end if

21: end if

22: endif

23: end if

24: /*(2) The remaining cpu resource is unsufficient*/
25:if =A; A A, then
26: if C; AB, then

27: allocated.cpu = cpu,,,
28: allocated.mem = task™.mem
29: else
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30: if =C, A B, then

31 allocated.cpu = Re™ -«

32: allocated.mem = task™?.mem
33: else

34. if C, A= B, then

35: allocated.cpu = cpu,_,,

36: allocated.mem = Re| - - &
37: else

38: allocated.cpu = Re" -«
39: allocated.mem = Rej.' - &
40: end if

41: end if

42: endif

43: end if

44: /*(3) The remaining memory resource is

unsufficient*/
45:if A, A—A, then
46: if B, AC, then

47: allocated.cpu = task™.cpu

48: allocated.mem = mem,,,

49: else

50: if =B, AC, then

51: allocated.cpu = Re™ -«

52: allocated.mem = mem,,

53: else

54: if B, A—C, then

55: allocated.cpu = task™.cpu
56: allocated.mem = Rej' - «
57: else

58: allocated.cpu = Re[” -«
59: allocated.mem = Re|- -
60: end if

61: end if

62: end if

63: end if

64: /*@) Both residual resources are unsufficient®/
65:if -A, A—A, then

66: allocated.cpu = cpu,,
67: allocated.mem = mem,,,
68: end if

69: Return allocated.cpu, allocated.mem.

In addition, we define a resource allocation factor « for
each node with a maximum of residual resources (CPU or
memory). Through lots of experimental evaluations, we
use a = 0.8, which means that the algorithm only allo-
cates 80% of the remaining resources in response to
insufficient residual resource scenario on the current node
while ensuring 20% residual resources for its other loads.

Algorithm 3 first uses resource scaling to obtain allo-
cated CPU and memory resources by (9) and defines six
comparative conditions A;, A,, By, B,, C, and C, (lines

1-2). The symbol — denotes the negation of the condi-
tion and the symbol A denotes the logical and (line 3).
Then the algorithm implements four resource allocation
scenarios according to comparative conditions between
accumulated resource requests (concurrent scenario)
within the current task lifecycle and the total resi-
dual resources.

Sufficient residual resources. When the total residual
resources across the K8s cluster are abundant for concur-
rent tasks within the current task lifecycle, we only think
about B; and B,. When the CPU and memory resource
requests of the current task™ are smaller than the maxi-
mum remaining resources of a node (meets B, and B,),
the algorithm allocates resources in the light of the cur-
rent task request task™ (lines 6—8). If the maximum
remaining CPU resource on the cluster node fails to suf-
fice for the current task request task™, the algorithm allo-
cates Re;" -« of the maximum remaining CPU resource
on cluster node (lines 10—12). Conversely, so is memory
(lines 14—16). When neither of the two remaining
resources on cluster node (CPU and memory) can satisfy
task™, both types of allocated resources scale down by
multiplying @ (lines 17-19).

Insufficient residual CPU resource. When the total
residual CPU resource across the K8s cluster cannot sa-
tisfy the total resource demand of concurrent tasks, condi-
tions C, and B, are considered. The algorithm acquires
the cpu,, through the resource scaling method (in (9)). In
case of conditions C; and B,, we allocate resources
according to cpu,, and task“’.mem (lines 26—28). When
the maximum CPU remaining resources of a node fail to
accommodate cpu,,, the algorithm adopts Re;" -« as the
allocated CPU resource. Due to sufficient memory capa-
cities, the algorithm suffices for the current task memory
request task“’.mem (lines 30—32). In case of conditions
Ci A= B,, the algorithm allocates cpu,, CPU resource
and Re; " -a memory resource, which is due to that the
current task memory request is greater than the maxi-
mum residual memory resource on cluster node (lines 34—
36). Instead, the algorithm allocates resources (CPU and
memory) according to the a scale factor of the largest
node’s remaining resources (lines 37-39).

Insufficient residual memory resource. When the total
residual memory resource across the K8s cluster cannot
satisfy the total resource demand of concurrent tasks,
conditions B; and C, are considered. The algorithm
acquires the mem,,, through the resource scaling method
(in (9)). The operations under conditions B; AC,,
=B, AC,, BiA=C, and —=B,A—=C, are similar to the
above, except that here we are talking about memory
resource (lines 45—63).

Insufficient residual CPU and memory resources. In
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the case of =A; A = A,, meaning that the total remaining
CPU and memory resources across the K8s cluster fail to
suffice for the CPU and memory resource requests of
concurrent tasks, the algorithm allocates CPU and me-
mory resources according to cpu,, and mem,, obtained
by resource scaling method (lines 65—67). Finally,
Resource evaluation algorithm returns allocated resources
allocated.cpu and allocated.mem.

6. Experimental evaluation

In the following subsections, we evaluate the proposed
ARAS for different evaluation metrics and discuss the
benefits of the proposed ARAS under three distinct
arrival patterns compared with the baseline.

6.1 Experimental setup and design

For the evaluation, we apply a setting employed in our
former work [21] and make adaptations for the proposed
ARAS within KubeAdaptor discussed here. In this sub-
section, we briefly introduce experimental scenarios,
workflow examples, workflow instantiation, workflow
arrival patterns, evaluation metrics, and baseline algo-
rithm.

6.1.1 Experimental scenarios

The K8s cluster used in our experiments consists of one
Master node and six nodes. Each node equips with an
8-core AMD EPYC 7742 2.2 GHz CPU and 16 GB of
RAM, running Ubuntu 20.4 and K8s v1.19.6 and Docker
version 18.09.6. The Redis database v5.0.7 is installed on
the Master node. Workflow injector module and Con-
tainerized workflow builder are containerized and
deployed into the K8s cluster through service and deploy-
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ment. We explore the performances of the proposed
ARAS and baseline by running four scientific workflows
on the K8s cluster.

6.1.2 Workflow examples

To verify the adaptations of our proposed ARAS within
KubeAdaptor, four scientific workflows, such as mon-
tage (astronomy), epigenomics (genome sequence),
CyberShake (earthquake science), and laser interferome-
ter gravitation-wave observatiory (LIGO) inspiral (gravi-
tational physics), are used to run on K8s cluster in a con-
tainerized manner [3]. We make a few tweaks to the
workflow structure and add virtual entrance and exit
nodes of workflows to form the workflow structure with
the DAG diagram. As for each type of scientific work-
flow, we uniformly adopt a small-scale workflow (about
20 tasks) in our experiments, as shown in Fig. 4, derived
from the Pegasus workflow repository [38]. Structurally,
four types of workflows cover all the structural features
regarding composition and components (in-tree, out-tree,
fork-join, and pipeline) that serve to illustrate the univer-
sality and complexity of workflows. Here, we only con-
sider the topologies of four scientific workflows and do
not focus on the real-world data processing of the tasks,
which does not affect verifying the adaptability of our
ARAS. For ease of performance comparisons among
resource allocation solutions, we assume that four classes
of scientific workflows consist of the same tasks. Each
node of workflow DAGs uses resource load (CPU and
memory utilization) and service runtime to simulate
workflow tasks in the experiments. Note that the
KubeAdaptor schedules workflow tasks topologically in a
top-down fashion according to task dependencies.
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(c) CyberShake (d) LIGO

Fig. 4 Topological diagram of four scientific workflow applications

6.1.3 Workflow instantiation

As for resource load in workflow tasks, we employ seve-

ral parameters together with Stress to work on simulating
scientific workflow tasks. In each task program, we use
the Stress tool to set several CPU forks, a memory of
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1 000Mi (is equal to mem,;, of (1)), and random dura-
tion (user’s definition ahead of time in (1)). CPU forking
and memory allocation operations in the task pod last
twice as long as duraion. The total duration of each task
pod is random and falls between 10s and 20s. Then we
pack the Python application with stress program into a
task Image file through Docker Engine, store the task
Image file in local Harbor or remote Docker Hub reposi-
tory. We can import container parameters (refer to (1))
defined in the ConfigMap file in Workflow injection
module into the task container hosted in the task pod. For
resource setting within task pod, we uniformly set the
resource requests and limits to 2000 Milli cores (i.e.,
2000m) CPU and 4000Mi memory. Note that the
requests field has the same parameter as the limits field,
which ensures that this task pod has the highest priority,
namely Guaranteed [39].

6.1.4 Workflow arrival patterns

We make use of three distinct workflow request arrival
patterns.

Constant arrival scenario: in this scenario, workflow
requests arrive in a constant manner. Workflow injector
moduler together with CLI sends five workflow requests

735

simultaneously to the containerized workflow builder
every 300 seconds, i.e., y=15. Send six times for a total
of 30 workflows. A graphical depiction of this arrival
curve is depicted in Fig. 5(a).

Linear arrival scenario: in this scenario, the workflow
requests are injected into Containerized workflow builder
in a linear rising function, i.e., y = kx+d, where y is the
amount of concurrent workflow request and d is the ini-
tial value 2. Concurrent workflow requests increase by
k=2 every 300 seconds. This linear arrival curve is
depicted in Fig. 5(b). Send five times for a total of 30
workflows.

Pyramid arrival scenario: in this scenario, workflow
requests are sent to containerized workflow builder in
line with a pyramid-like function. We start with a small
number of concurrent workflow requests (is equal to 2),
till it grows to a randomly selected large number (is equal
to 6 for each type of workflow), which can be seen in
Fig. 5(c). Concurrent workflow requests grow every 300
seconds by 2 until the peak is reached. Once the peak
reaches, we immediately reduce this number to the small
initial value in the same manner and repeat this process
until the total number of workflow requests is reached
(here the number is 34).
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Fig. 5 CPU and memory resource usage rate under three distinct arrival patterns for Montage workflows
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The deployment of these three scenarios aims to maxi-
mize coverage of the ever-changing resource needs and
sudden peaks of workflow requests in a production envi-
ronment. Even if there is some predictability in the con-
stant and linear arrival scenarios, the Pyramid function
follows an unpredictable arrival pattern.

6.1.5 Evaluation metrics

To evaluate our ARAS, we conduct each arrival pattern
three times and analyze the results against the following
quantitative metrics.

Total duration of all workflows (in minutes): this met-
ric is the average total duration of all injected workflows,
i.e., the elapsed time from the arrival of the first work-
flow request to the moment when the last workflow
request is complete.

Average workflow duration (in minutes): this metric
reflects the average execution time of individual work-
flow, which is the time that each workflow takes from the
start of the first task to the end of the last.

Resource usage: resource usage contains CPU and
memory resource utilization, reflecting the average
resource utilization throughout the total duration of all
injected workflows across the K8s cluster. The greater the
resource utilization, the closer to our optimization goal.
The resource usage comparison covering four types of
scientific workflows with the baseline algorithm further
verifies the better performance of our ARAS solution.

6.1.6 Baseline

In experiments, we used our recent resource allocation
strategy [21] as a baseline method, which does not take
into account the potential future task requests throughout
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the current task’s lifecycle. It means that the resource
allocation strategy in the baseline follows the first come
first serve (FCFS) and relies on the adequacy of residual
resources on cluster nodes. If enough, the resource alloca-
tion is complete. Otherwise, wait for other task pods to
complete and release resources to meet the resource real-
location for the current task request.

6.2 Results and analysis

To fully evaluate KubeAdaptor together with our ARAS,
we present a general evaluation and the evaluation of
resource allocation failure, and discuss the evaluation
results. In order to minimize external influences, our K8s
cluster has no other application load, and we execute each
evaluation three times at different times of one day.

6.2.1 General evaluation

In the following, we use the KubeAdaptor with our
ARAS and the baseline to run four scientific workflows
against three distinct workflow arrival patterns three
times and compare our ARAS with the baseline on expe-
rimental results. We calculate the mean value and the
standard deviation ¢ for all metrics.

Table 2 presents the resulting mean values and the
standard deviation from the conducted evaluation runs. In
general, the observed standard deviation is low and there-
fore indicates a low dispersion in the results of the diffe-
rent evaluations. As presented in Table 2, “adaptive” de-
notes our ARAS, while “Baseline” marks the application
of the baseline algorithm (mentioned in Subsection 6.1.6).
The interval between two workflow request bursts is set
to 300 seconds for three arrival patterns, and the amount
of injected workflows for three arrival patterns is set to
30, 30, and 34, respectively.

Table 2 Evaluation results

Constant arrival

Linear arrival Pyramid arrival

Metrics - - - - - -

Adaptive Baseline Adaptive Baseline Adaptive Baseline
Workflow type
Number of workflow rquests 30 30 34
Interval between two requests bursts/s 300 300 300

Total duration of all workflows/min 33.18 36.79 26.95 36.45 49.31 54.69
(standard deviation) (6=021) (6=226) (6=038) (6=631) (6=246) (6=174)

Average workflow duration/min 5.74 7.80 5.41 11.33 7.22 11.73
Montage (standard deviation) (6=049) (6=036) (6=026) (6=428) (5=136) (5=0.88)

CPU resource usage 0.28 0.27 0.35 0.31 0.26 0.20
(standard deviation) (6=0.00) (6=0.02) (6=001) (6=007) (6=003) (6=0.01)

Memory resource usage 0.28 0.27 0.35 0.31 0.26 0.20
(standard deviation) (6=0.00) (6=0.13) (6=0.01) (6=0.07) (6=0.03) (6=0.01)

Total duration of all workflows/min 30.55 39.06 343 43.66 51.42 62.12
(standard deviation) (6=0.19) (6=1.84) (6=729) (6=4.37) (6=428) (6=4.32)

Average workflow duration/min 4.24 9.35 9.81 16.53 9.65 19.41
Epigenomics (standard deviation) (6=005) (6=156) (6=511) (6=441) (6=333) (6=6.04)

CPU resource usage 0.34 0.27 0.32 0.25 0.21 0.20
(standard deviation) (6=0.02)  (6=0.01) (6=0.06)  (6=0.00) (6=0.00)  (6=0.00)

Memory resource usage 0.34 0.27 0.32 0.25 0.21 0.20
(standard deviation) (5=002)  (5=001)  (§=006) (6=000)  (56=001) (5=0.01)
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Continued
Metri Constant arrival Linear arrival Pyramid arrival
etrics
! Adaptive Baseline Adaptive Baseline Adaptive Baseline
Workflow type
Number of workflow rquests 30 34
Interval between two requests bursts/s 300 300 300
Total duration of all workflows/min 38.30 50.29 34.06 49.46 46.76 66.41
(standard deviation) (6=577) (6=529) (6=6.16) (6=1.18) (6=4.02) (6=6.56)
Average workflow duration/min 9.19 17.29 9.41 20.61 4.94 19.47
(standard deviation) (6=3.72) (6=289) (6=427) (6=086) (6=207) (6=650)
CyberShake
CPU resource usage 0.26 0.24 0.27 0.24 0.22 0.19
(standard deviation) (6=0.03) (6=0.02) (6=0.04) (6=0.01) (6=0.03) (6=0.01)
Memory resource usage 0.26 0.24 0.27 0.23 0.22 0.19
(standard deviation) (6=0.03) (6=0.02) (6=0.04) (6=0.01) (6=0.03) (6=0.01)
Total duration of all workflows/min 30.82 52.17 44.02 53.87 45.26 63.56
(standard deviation) (6=038) (6§=3.99) (6=109) (6§=4.20) (6=052) (6=1.60)
Average workflow duration/min 426 21.15 16.21 28.05 420 14.07
LIGO (standard deviation) (6=0.09) (6=044) (6=17.68) (6=17.88) (6=0.15) (6=1.33)
CPU resource usage 0.40 0.24 0.28 0.23 0.31 0.23
(standard deviation) (6 =0.00) (6=0.02) (6=0.08) (6=0.02) (6=0.01) (6 =0.00)
Memory resource usage 0.40 0.24 0.28 0.23 0.31 0.23
(standard deviation) (6=0.00) (6§=0.02) (6=0.08) (6=0.02) (6=0.01) (6=0.00)

Generally, our ARAS is superior to the baseline algo-
rithm on each observation metric against four different
workflow types under distinct workflow arrival patterns.
In addition, the CPU and memory resources set in the
task pod are constant, the allocatable cluster resources are
fixed, and the resource scaling method scales down
resources according to (10). So in each arrival pattern and
each resource allocation algorithm, the utilization rate of
CPU and memory resources are the same, and both
resource usage curves in each workflow arrival pattern
are similar. In the following, we elaborate on the evalua-
tion metrics of each workflow arrival pattern in the light
of workflow types.

Fig. 5to Fig. 8 illustrate the presentation of the aver-
age evaluation results by depicting the arrival patterns
(workflow requests) over time and the number of used
computational resources (CPU and memory) until all
workflow requests have been served. Note that the used
resource curve in each workflow arrival pattern usually
ends later than the workflow request curve. It can be
traced to the fact that each workflow has a deadline in the
future, and some workflows are still waiting in queue for
execution.

Montage: in our experimental setup, a small-scale
Montage workflow consists of 21 tasks (refer to
Fig. 4(a)). Compared with the baseline, as for the total
duration of all workflows in Table 2, our ARAS leads to
time savings of 9.8% for the constant arrival pattern and
time savings of 26.06% for the linear arrival pattern,
while in the pyramid arrival pattern, time savings
amounts to 9.8%. Similarly, as for average workflow
duration, our ARAS, in comparison to the baseline, gains
a time saving of 26.4%, time savings of 52.3%, and time

savings of 38.5% for three different workflow arrival pat-
terns from left to right, respectively. Fig. 5 broadly

reflects the consistency of the above data with the total
duration of all injected workflows, even with a set of
evaluation data. Our ARAS achieves better performances
in total workflow duration and average workflow dura-
tion in linear arrival patterns. It can be deduced that the
concurrent degree of received workflow requests is
directly related to the total duration of all injected work-
flows and the average duration of a single workflow. The
higher the concurrent degree of received workflow
requests, the more workflow tasks are executed per unit
time, so the shorter the total duration of all injected work-
flows and the average duration of individual workflow.

Regarding the CPU and memory resource usage in
Fig. 5, our ARAS outperforms the baseline for each
arrival pattern. Herein, the linear arrival pattern features a
maximum value of 35% for our ARAS, 4% higher than
the baseline algorithm. Our ARAS outperforms the base-
line algorithm by 1% and 6%, respectively, in the other
two patterns. It can be traced back to the fact that over
time the linear arrival pattern requests more task pods to
be performed in parallel in response to more and more
workflow requests and gains a maximum resource usage
rate.

Looking at the resource usage curves (CPU and me-
mory) of three workflow arrival patterns in Fig. 5, the
resource usage peak of our ARAS is higher than that of
the baseline algorithm for most of the time. It can be fur-
ther observed that the peak of the resource usage curve is
consistent with the centralized arrival of workflow
requests. It is because our ARAS can use a resource scal-
ing strategy to adjust the resource limits of potential
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future task requests within the current task’s lifecycle.
This scheme launches task pods as many as possible on
the premise of the smooth operation of task pods, thus
speeding up the execution efficiency of workflows. How-
ever, the baseline algorithm depends on the adequacy of
residual resources on cluster nodes. In high concurrency
scenarios, the insufficient remaining resources of nodes
will make the baseline algorithm lead to endless waiting
and much time-wasting and prolong the total duration of
workflows and the average duration of a single workflow.
Epigenomics: we adopt a small-scale Epigenomics
workflow with 20 tasks in experimental evaluations. As
can be seen from Fig. 4(b), the topology of Epigenomics
workflows is mostly pipeline structure. As for the total
duration of all workflows, our ARAS obtains time sav-
ings of 21.8% for the constant arrival pattern, time sav-
ings of 21.4% for the linear arrival pattern, and time sav-
ings of 17.2% for the pyramid arrival pattern compared
with the baseline. As for average workflow duration, our
ARAS, in comparison to the baseline, gains time savings
of 54.65%, time savings of 40.65%, and time savings of
50.28% for three arrival patterns from left to right,
respectively. Note that the Epigenomics workflow is sub-
stantially more significant in performance improvement
than the Montage workflow in terms of average total
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workflow duration and average duration of individual
workflow for three arrival patterns. Because the pipeline
topology in the Epigenomics workflow is better suited for
high concurrency scenarios, our ARAS scheme saves
more time than the baseline in response to continuous
workflow requests.

Regarding the resource usage in Fig. 6, the constant
arrival pattern features a maximum value of 34% for our
ARAS, 7% higher than the baseline. The linear arrival
pattern features a value of 32% for our ARAS, which is
also 7% higher than the baseline. The higher resource uti-
lization of these two patterns can be attributed to the fact
that 30 workflows are injected in the first 25 min, total-
ing more than 600 tasks. The higher density of workflow
requests results in higher CPU and memory resource uti-
lization. In addition, the resource scaling method enables
our ARAS to adjust the resource limits of the task pods in
time and cope with the continuous workflow requests on
the premise of the normal execution of workflow tasks. It
also shows that the peak time of resource usage in our
ARAS is longer than that of the baseline. The baseline
algorithm waits for resource release in response to
resource shortage on cluster nodes, so it consumes too
much time and results in a longer total workflow dura-
tion and average duration of a single workflow.
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Fig. 6 CPU and memory resource usage rate under three distinct arrival patterns for Epigenomics workflows
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CyberShake: a small-scale CyberShake workflow in
our experiments comprises 22 tasks (refers to Fig. 4(c)).
Our ARAS, in comparison to the baseline, leads to time
savings of 23.8% (for the constant arrival pattern), time
savings of 31.1% (for the linear arrival pattern), and time
savings of 29.6% (for the pyramid arrival pattern) for the
total duration of all workflows. Similarly, for average
workflow duration, our ARAS, in comparison to the
baseline, gains time savings of 46.85%, time savings of
54.34%, and time savings of 74.63% for three arrival pat-
terns from left to right, respectively.

Due to the topology structure of the CyberShake work-
flow with smaller depth and greater width, the Cyber-
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Shke workflow features a higher degree of inherent paral-
lelism, which is easier to take advantage of our ARAS in
response to continuous workflow request arrivals. Com-
pared with the baseline algorithm, the ARAS has promi-
nent performance advantages on metrics of total work-
flow duration and duration of a single workflow. As for CPU
and memory resource usage, the proposed ARAS obtains
26%, 27%, and 22% for three distinct arrival patterns, res-
pectively, and slightly higher than the baseline. Combi-
ned with the resource utilization curve in Fig. 7, it can be
observed that our ARAS benefiting from the resource sca-
ling method outperforms the baseline in all performance
metrics under three different workflow arrival patterns.
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Fig. 7 CPU and memory resource usage rate under three distinct arrival patterns for Cybershake workflows

LIGO: a small-scale LIGO workflow in our experi-
ments consists of 23 tasks (refers to Fig. 4(d)). Com-
pared with the baseline, our ARAS gains time savings
of 40.92% (for the constant arrival pattern), time savings
of 18.28% (for the linear arrival pattern), and time
savings of 28.79% (for the pyramid arrival pattern)
for the total duration of all workflows. Similarly, for
average workflow duration, our ARAS, in comparison
to the baseline, gains time savings of 79.86%, time
savings of 42.21%, and time savings of 70.15% for

three arrival patterns from left to right, respectively.
With unique concurrent topology, LIGO workflows,
like epigenomics and CyberShake workflows, enable
our ARAS to perform better in the total workflow dura-
tion and individual workflow duration metrics than
the baseline algorithm under three different arrival pat-
terns.

As for resource usage in Fig. 8, our ARAS obtained
40% for the constant arrival pattern, 28% for linear arri-
val pattern and 31% for pyramid arrival pattern, respec-
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tively, much higher than the baseline algorithm. In com-
bination with the resource utilization curve trend, the
resource scaling strategy and workflow’s unique concur-
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rency topology once again help the proposed ARAS out-
perform the baseline under three different workflow
arrival patterns.
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Fig.8 CPU and memory resource usage rate under three distinct arrival patterns for LIGO workflows

6.2.2 Evaluation of resource allocation failure

In this evaluation, we analyze the behavior of the
KubeAdaptor in a failure situation of resource allocation.
This situation means that our ARAS allocates resource
quotas less than min,,, +8 through the resource scaling
method against a high-concurrency scenario. So the task
pods cannot smoothly execute and turn to OOMKilled
status due to insufficient memory resources. Accordingly,
the OOMKilled task pods make the workflow running get
stuck. The source code of evaluation of resource alloca-
tion failture is available [40].

In the following, we investigate how KuberAdaptor
responds to OOMKilled task pods, reallocates resources
to execute task pods, and resumes workflow execution
under our ARAS. For this evaluation, we inject 10 mon-
tage workflows into our K8s cluster (mentioned in Sub-
section 6.1.1) at a time under the constant arrival pattern.
We fine-tune ming, and min,., to be less than the
amount of memory required by the Stress tool in the task
pod. Subsequently, our ARAS tries to reduce the allo-

cated resource quota by the resource scaling method in
response to continuous workflow requests. When the
allocated resource is less than min,,, +8, OOMKilled
task pods will appear due to running resource shortage.

Fig. 9 depicts the results of this evaluation. The first
vertical blue line labeled OOMKilled indicates that this
task pod encounters OOMKilled due to insufficient allo-
cated memory resources. Another vertical blue line
labeled Reallocation indicates that the task pod previ-
ously OOMKilled is recreated due to sufficient allocated
memory resources.
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Fig. 9 Evaluation results of resource allocation failure

In Fig. 9 the first annotation marker, labeled
OOMKilled, signalizes when the current task pod
encounters the out of memory (OOM) event, and the
other annotation marker, labeled Reallocation, signalizes
when the current task pod is regenerated by using the
reallocated computational resources. As can be seen in
Fig. 9, at the beginning (second 0), our ARAS uses the
resource scaling method to allocate CPU of 1 048 milli
cores and memory of 2009 Mi. In this evaluation, the
minimum memory for a task pod to run, i.e., the amount
of memory operated by the Stress tool in the task pod is
set to 2000Mi. Here, we only focus on memory
resources because memory resources are incompressible
resources, and insufficient memory resources will trigger
the task pod OOMKilled, while CPU resources as com-
pressible resources do not. Once the allocated memory
resource fails to reach min,,, +8 (i.e., 2 000Mi + 20Mi),
the current task pod turns to OOMKilled at 66 s. Mean-
while, the workflow with the current OOMKilled task
pod also terminates execution. KubeAdaptor can capture
the OOMKilled task pod and delete the task pod at 66 s.
In our experimental evaluation, up to 210 task pods (10
Montage workflows) possess frequent created and deleted
operations, leading to operation delay of deleting
OOMKilled task pod. At 97 s, KubeAdaptor triggers the
regeneration of the current task pod, reallocates computa-
tional resources, and launches the task pod. Since the sec-
ond allocation of resources is sufficient for the smooth
execution of the task pod (1849 m CPU and 3 560 Mi
memory), the task pod is completed at 181 s. At 258 s,
KubeAdaptor deletes the completed task pod.

KubeAdaptor equipped with our ARAS in this paper
can watch OOMKilled events, delete these OOMKilled
task pods, reallocate computational resources, and rege-
nerate these OOMKilled task pods, ensuring continuous
execution of workflows. In production practice, the users
inevitably misestimate the resource quota of the main
program inside workflow tasks, resulting in a large num-
ber of OOMKilled task pods and termination of work-

flow execution. These countermeasures ensure conti-
nuous executions of workflows and keep the KubeAdap-
tor stable and robust. It also reflects the self-healing and
self-configuration abilities of the KubeAdaptor (men-
tioned in Subsection 4.3).

6.2.3 Concluding discussion

Finally, it can be observed that the KubeAdaptor with our
ARAS always achieves better results regarding each met-
ric (Subsection 6.1.5). From Montage workflows to
LIGO workflows, our ARAS outperforms the baseline
against different metrics under three distinct workflow
arrival patterns.

Most of the time savings from the total workflow dura-
tion and average duration of individual workflow result
from the fact that the resource scaling method enables our
ARAS to maximize resource utilization on cluster nodes
according to our optimized functions while ensuring the
smooth running of workflow pods. In addition, the work-
flow topology with concurrent characteristics also plays a
positive role.

Concerning resource allocation failure and workflow
recovery after termination, we have shown in Subsection
6.2.2 that the KubeAdaptor has abilities to watch the state
changes of task pods in real-time, delete the OOMKilled
task pods, and reallocate computational resources for the
task pod, followed by the re-creation of this OOMKilled
task pod and recover of workflow executing.

7. Conclusions

In this paper, we propose an ARAS for our tailored work-
flow management engine. With the novel architecture of
KubeAdaptor and the integration between KubeAdaptor
and K8s, our ARAS enables the KubeAdaptor to maxi-
mize resource utilization through the resource scaling
method in response to complex and changing workflow
requests. Experimental evaluations show that our ARAS,
ranging from Montage to LIGO workflows, obtain better
performances than the baseline algorithm for various me-
trics under different workflow arrival patterns. Further-
more, we have shown that the KubeAdaptor detects and
handles failure situations of resource allocation. The self-
healing and self-configuration abilities of the KubeAdap-
tor are also fully verified. In our future work, we intend to
use KubeAdaptor to analyze different resource allocating
algorithms and try to use deep reinforcement learning
method to investigate cloud resource allocation for cloud
workflows. In addition, we will study resource allocation
strategies suitable for a cloud-edge cooperation environ-
ment and provide a practical solution for cloud-edge task
scheduling.
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