
1

Scheduling Latency-Sensitive Scientific
Workflows on Cloud Servers and Serverless

Containers
Jinquan Zhang, Xiaoping Li, Senior Member, IEEE, Long Chen, Zhicheng Cai, Member, IEEE,

Rubén Ruiz, and Rajkumar Buyya, Fellow, IEEE

Abstract—Many latency-sensitive scientific workflows consist of numerous serial and parallel tasks with diverse workloads. Common
cloud computing resources include SCs (serverless containers) and VMs (virtual machines), which have different characteristics. The
large number of topological task orders resulting from complex precedence constraints, unbalanced resource requirements, and the
unique characteristics of different resources makes effective workflow scheduling challenging. In this paper, we consider the scheduling
problem in a hybrid configuration of servers and serverless containers to minimize the rental cost of executing workflows with deadline
constraints. An algorithmic framework is proposed that comprehensively takes into account deadlines, task workloads, and dependency
relationships among tasks. The framework integrates several key components, including task sequencing, determining the number of
SCs and VMs, task-resource mapping with fragment minimization, and task migration across SCs for rental cost minimization. The
proposed algorithm is evaluated over a comprehensive set of instances. Experimental results show that WSHC achieves the lowest
mean RPD and rental cost under both homogeneous and heterogeneous resource settings.
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1 INTRODUCTION

S CIENTIFIC workflows consist of many dependent tasks
with different workloads (i.e., CPU instructions required

for execution) and are widely used to analyze data from
scientific experiments, e.g., weather forecasting, climate
modeling, storm landfall prediction [1]. These scientific
workflows are latency-sensitive, i.e., deadline constrained.
A deadline violation could lead to serious consequences,
e.g., missing the deadline for storm landfall prediction
might cause serious loss of life and property. In a scientific
workflow, some tasks must be executed in serial while
others can be executed in parallel. In the workflow shown in
Fig. 1(a), tasks t2 and t3 can start only after t1 is completed.
Tasks t1 and t2 must be executed in serial, while t2 and t3
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can be executed in parallel. The dependency relationships
and differentiated workloads among tasks result in different
resource requirements at different stages of workflow exe-
cution. Satisfying the unbalanced resource requirements on
traditional resource-limited clusters may result in deadline
violation.

Cloud computing provides elastic resources for scientif-
ic workflow execution, including virtual machines (VMs)
and serverless containers (SCs). In this paper, SCs refer to
container-based serverless services [2] such as AWS Fargate.
VMs and SCs follow different provisioning and billing mod-
els. VMs are provision-based resources, where users pay for
instance-level CPU and memory capacity over billing time
units (BTUs), regardless of actual utilization. This model
can be cost-efficient for long-running and steady tasks,
especially under loose deadlines where tasks can be consol-
idated on fewer VM instances. However, it may create idle
fragments when task execution times do not align with BTU
boundaries, leaving residual paid capacity unused. In con-
trast, SCs are task-granularity usage-based resources, where
charges depend on task execution times and requested
vCPU and memory resources. This finer-grained model can
reduce resource waste for short-lived, bursty, or deadline-
urgent tasks requiring temporary parallel capacity. Thus,
the relative cost advantage of VMs and SCs depends on
workload characteristics, deadline tightness, and resource
configuration, motivating the hybrid VM–SC configuration
studied in this paper.

The cost advantage of hybrid configurations is illustrated
in Fig. 1. For example, an EC2 a1.xlarge instance (4 vC-
PUs, 8 GB memory) was priced at 0.102$ per hour1. For

1. https://aws.amazon.com/ec2/pricing/on-demand/?nc1=h ls.
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Fig. 1. Schedules of the workflow instance in (a) under different config-
urations: (b) VM-only; (c) SC-only; (d) hybrid.

AWS Fargate, the SC cost is computed from its usage- and
resource-based pricing model, i.e., 0.04048$ per vCPU-hour
and 0.004445$ per GB-hour. Under the selected 4-vCPU and
8-GB configuration, this results in an equivalent running
cost of 4× 0.04048 + 8× 0.004445 = 0.19748$/h for an SC
instance2. Suppose that SCs and VMs have the same pro-
cessing speed, and consider a computation-intensive work-
flow with three tasks of 30, 20, and 10 minutes, respectively,
under a deadline of 50 minutes. In the server-only case, the
total execution time is 60 minutes, requiring two billing time
units and incurring a cost of 2× 0.102 = 0.204$. In the SC-
only case, the cost is 0.19748$. In the hybrid configuration,
one VM billing unit and one SC instance are sufficient,
yielding a lower total cost of 0.102 + 10

60 ×0.19748 ≈ 0.135$.
The corresponding Gantt charts are shown in Fig. 1(b)-
(d), demonstrating that the hybrid configuration achieves
the minimum rental cost. This example illustrates that the
non-trivial benefit of hybridization arises from the interplay
among workload characteristics, deadline tightness, and
billing granularity: VMs provide cost-efficient base capacity
for consolidated tasks, while SCs absorb deadline-driven
temporary parallelism or fine-grained workloads without
introducing additional VM BTUs.

This paper investigates the scientific workflow schedul-
ing problem in a hybrid environment of VMs and SCs,
aiming to minimize the total rental cost under hard deadline
constraints. Since workflow scheduling with server-only
resources is NP-hard [3], it is natural that the considered
hybrid VM–SC scheduling problem is also NP-hard with
the following additional challenges: i) The workflow is
commonly scheduled in a topological order to meet the
dependency constraints among tasks. Different topological
task orders may change the dependency release order of
tasks, which determines when downstream tasks become
ready and thus affects the degree of parallelism and resource
requirements during workflow execution. However, there
is a large number of topological orders. How to deter-
mine a topological order to balance resource requirements
is a challenge. ii) For a given topological task order, the
cost benefit of hybridization depends on the interaction a-
mong workload characteristics, deadline tightness, and BTU

2. https://aws.amazon.com/fargate/pricing/

boundaries. Assigning too many tasks to VMs may increase
BTU-induced idle fragments under tight deadlines, whereas
assigning too many tasks to SCs may lose the cost benefit of
VM consolidation under loose deadlines. Therefore, how to
assign tasks between VM and SC configurations to exploit
deadline-driven cost complementarity is challenging. iii)
For the tasks assigned to the VM configuration, different
numbers of rented VMs and different task-to-VM mappings
lead to different idle fragments under the BTU-based VM
billing model. Determining the number of rented VMs and
mapping workflow tasks to them to reduce fragments and
improve paid-capacity utilization is also complicated.

In this paper, we propose a heuristic scheduling frame-
work, Workflow Scheduling Algorithm in Hybrid Config-
uration (WSHC), which aims to minimize the total rental
cost by exploiting the cost complementarity between VMs
and SCs under deadline constraints. Specific methods for
the heuristic components in WSHC are proposed for task
sequencing, determining the number of SCs and VMs, task-
resource mapping with fragment minimization, and task
migration from SCs to VMs for rental cost minimization.
The main contributions are the following:

1) The WSHC algorithm framework is proposed for
scheduling deadline-constrained workflows on hybrid
cloud resources of VMs and SCs. Different from existing
hybrid cloud resource provisioning with a fixed num-
ber of local VMs, the considered environment supports
elastic VM provisioning.

2) Besides the total rental cost of SCs, that of on-demand
VMs is also minimized, since tasks are more commonly
executed by cloud VMs in practice than only by SCs
and local VMs in existing studies. In addition, a shared
storage is adopted to enable data exchange between SCs
and on-demand VMs.

3) To address the unbalanced resource requirements of
latency-sensitive workflows, the proposed WSHC algo-
rithm jointly considers task distribution between VMs
and SCs, task-resource mapping, and SC-to-VM task
migration to improve VM paid-capacity utilization and
reduce unnecessary usage-based SC executions, thereby
reducing the rental cost under deadline constraints.

The rest of this paper is organized as follows: Section 2
reviews the related literature. The problem is described and
formulated in Section 3. Section 4 introduces the proposed
system architecture and algorithms. Experimental results
are shown in Section 5, followed by conclusions and future
research in Section 6.

2 RELATED WORK

Workflow scheduling has been widely studied. In the
following, we briefly review related work on server-based,
serverless, and hybrid resource-based workflow scheduling.

2.1 Server-Based Workflow Scheduling

For server-based workflow scheduling, deadlines are
commonly treated as constraints, while monetary cost is
commonly optimized as the objective. Abrishami et al. [4]
proposed IC-PCP and IC-PCPD2, representing critical-path
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and deadline-decomposition heuristics for cost minimiza-
tion. Rodriguez et al. [5] used Particle Swarm Optimiza-
tion (PSO) to search task–VM mappings after estimating
the VM pool from workflow parallelism. Haidri et al.
[6] proposed the Cost-Effective Deadline-Aware (CEDA)
algorithm, which emphasizes rental-cost reduction under
VM availability and billing-interval constraints. Faragardi
et al. [7] proposed GRP-HEFT to jointly address workflow
scheduling and resource provisioning in IaaS clouds.

In addition, many studies extended cloud workflow
scheduling to more dynamic and heterogeneous settings.
Fan et al. [8] proposed a bidirectional workflow schedul-
ing approach with a feedback mechanism for deadline-
constrained cost optimization. Cai et al. [9] investigat-
ed dynamic deadline-constrained multi-objective workflow
scheduling in multi-cloud environments. Abdi et al. [10]
formulated a mixed-integer linear programming model for
minimizing workflow execution cost under deadline and
security constraints in hybrid private–public clouds. Abdel-
latief [11] proposed an energy-efficient workflow task sched-
uler for DVFS-enabled cloud systems under deadline and
budget constraints. However, these studies mainly focus
on server-based resources rather than joint VM–serverless-
container scheduling.

2.2 Serverless Workflow Scheduling
Serverless functions and serverless containers pro-

vide fine-grained elasticity for workflow execution, but
workflow-level performance, cost, and deadline require-
ments still need to be modeled and optimized. Lin et al. [12]
developed a performance and billing model for serverless
workflows and designed greedy heuristics for performance-
cost optimization. Majewski et al. [13] studied scientific
workflow scheduling on serverless architectures under bud-
get and deadline constraints. Zhang et al. [14] proposed
Jolteon for stage-level resource configuration of serverless
application workflows, selecting the size and number of
function instances for workflow stages under user-specified
cost or latency bounds.

Beyond scheduling models, serverless workflow execu-
tion is shaped by system-level factors such as execution
overhead, cold starts, and container-level scheduling. Li
et al. [15] proposed FaaSFlow to reduce scheduling and
intermediate-data transfer overheads in serverless work-
flow execution. Joosen et al. [16] characterized serverless
cold starts at large scale across triggers, runtimes, resource
configurations, and regions. Zhu et al. [2] developed RHI-
NO, a serverless container system for small-scale HPC
applications, distinguishing serverless containers from tra-
ditional Function-as-a-Service models. Birajdar et al. [17]
proposed DCRDA for function-to-container and container-
to-VM scheduling under function deadlines and heteroge-
neous resource demands. These studies improve serverless-
only workflow scheduling or execution, but they do not
exploit the cost complementarity between VM paid-capacity
consolidation and SC task-granularity elasticity.

2.3 Hybrid Resource-Based Workflow Scheduling
Only a limited number of studies have investigated

scheduling under hybrid configurations of server-based and

TABLE 1
Comparison of representative workflow scheduling studies.

Reference Workflow Deadline Cost Min On-demand VM Hybrid VM+SC

[4]–[6], [8], [9], [10] X X X X ×
[7] X × × X ×
[11] X X × X ×
[12] X × X × ×
[13] X X × × ×
[14] X × X × ×
[15] X × × × ×
[17] × X × × ×
[18], [19] × × X X X
[20] X × X × X
[21] X × × X X
This work X X X X X

serverless resources, where heterogeneous provisioning and
billing models further complicate scheduling decisions. Ma-
hajan et al. [18] analyzed the cost and performance trade-
offs between serverless and traditional cloud computing,
but their formulation focuses on independent tasks rather
than workflows. Mampage et al. [19] used deep reinforce-
ment learning to schedule application workload requests
in serverless and serverful hybrid environments, but did
not model DAG-based workflows or hard workflow dead-
lines. Jiang et al. [20] combined serverless functions with
local clusters to execute scientific workflows, but the local-
cluster setting does not capture on-demand VM provision-
ing. Zhang et al. [21] proposed a hybrid VM–serverless
workflow scheduling framework under a limited budget,
but it does not model hard workflow deadlines.

Table 1 compares existing studies in terms of constraints,
objectives, and resource characteristics. The comparison
shows that existing studies usually cover only part of the
problem space: VM-based and serverless-only studies do
not jointly model VM–SC resources, while hybrid studies
miss either DAG workflow dependencies, hard deadlines,
or on-demand VM provisioning. As a result, dependency-
aware and deadline-driven cost optimization over the com-
plementary capabilities of VM paid-capacity consolidation
and SC task-granularity elasticity remains underexplored.

3 PROBLEM FORMULATION

3.1 Assumptions

Since the problem under study is complex, we make the
following assumptions:

• Each task is non-preemptive and assigned to only
one resource instance, and each resource instance
executes at most one task at a time.

• The workflow structure, task workloads, data sizes,
and deadline are known before scheduling.

• Each VM or SC instance has a resource-specific start-
up time, which is considered before the first assigned
task can start and is included in the corresponding
rental duration.

3.2 Problem Description

A workflow can be described as a directed acyclic graph
(DAG)G = (T,E). T = {t1, . . . , tN} is the task set, andE is
the edge set. Each task ti has a workload wi. In particular, t1
and tN are the source and the sink tasks, respectively. They
are dummy tasks with 0 instructions. Edge eij = (ti, tj)
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indicates that task tj cannot be executed until the data
dij transferred from ti has been received. In addition, the
workflowG is constrained by a deadlineD. All tasks should
be completed before D.

Two types of resources are considered in this paper: SCs
and VMs. For any resource instance r, which can be an
SC or a VM, pr denotes its processing speed measured in
instructions per second, and δr denotes its startup time. Dif-
ferent resource instances may have heterogeneous execution
characteristics. The unit cost cr is resource-specific. For an
SC, it is computed according to its usage- and resource-
based pricing model. For a VM, it denotes the unit rental
cost under the BTU-based billing model. The billing time
interval of VMs is BTU . Besides, a shared cloud object
storage (COS) is used for data exchange among resource
instances, with bandwidth b between the COS and each
instance.

Suppose that R is the set of rented resource instances,
and rk is the kth resource instance in R. The first mSC

resource instances in R are SCs and the remaining mV

resource instances are VMs. mSC + mV = |R|. Let xik be
a binary assignment variable, where xik = 1 if task ti is
executed on resource instance rk, and xik = 0 otherwise.
Each task is assigned to exactly one resource instance, i.e.,∑|R|

k=1
xik = 1, ∀ti ∈ T. (1)

When task ti is processed on resource instance rk, its
candidate computation time is calculated as

CT (ti, rk) = wi/prk . (2)

Thus, the actual computation time of task ti is determined
by the assignment variable xik, i.e.,

CT (ti) =
∑|R|

k=1
CT (ti, rk)xik. (3)

This resource-dependent formulation captures the heteroge-
neous execution performance of VMs and SCs.

Let dj,i denote the data size transferred from task tj
to ti. For task ti, its total input data consist of both the
data received from its predecessor tasks and the additional
external inputs IP (ti) stored in the shared COS. Each task
reads its input data from the COS and writes its output data
back after execution. If two tasks are deployed on the same
VM instance, their intermediate data are reused locally and
thus excluded from COS transfers. Otherwise, intermediate
data are transferred through the COS. Therefore, the data
input time In(ti) can be calculated via

In(ti) = IP (ti)/b+
∑

tj∈pr(ti)

dji/b · Iji, (4)

where pr(ti) is the set of immediate predecessor tasks of
ti, i.e., those tasks tj for which a directed edge (tj , ti) ∈ E
exists. Iji is an indicator function that equals 0 when tj and
ti are co-located on the same instance, and 1 otherwise.

Iji =

{
0, if ∃ k ∈ {1, . . . , |R|} s.t. xjk = xik = 1,

1, otherwise.
(5)

For data persistence and cross-instance accessibility, each
task writes its output data to the shared COS after execution.
Therefore, the data output time of ti can be calculated via

Out(ti) =
∑

tj∈su(ti)

dij/b, (6)

where su(ti) is the immediate successor set of ti. The total
execution time of task ti on resource instance rk is the sum
of computation time and data transmission time, i.e.,

ET (ti) = CT (ti) + In(ti) +Out(ti). (7)

For each resource instance rk, Av(rk) denotes its earliest
available time. It is initialized to the startup time δrk rather
than 0, because a resource instance cannot execute its first
assigned task until its startup process is completed. It is
dynamically updated during task assignment: after a task
tj finishes on rk, Av(rk) is set to the finish time of tj .
When scheduling a new task, Av(rk) ensures that resource
conflicts are avoided and tasks start only when the assigned
instance becomes idle. The start time ST (ti) and finish time
FT (ti) of task ti satisfy

ST (ti) ≥ max
{

max
tj∈pr(ti)

{FT (tj)},
|R|∑
k=1

Av(rk)xik
}
, (8)

FT (ti) = ST (ti) + ET (ti). (9)

Considering the deadline constraint, the following inequal-
ity should be satisfied, i.e.,

max
ti∈T
{FT (ti)} ≤ D. (10)

The objective of the considered problem is to minimize
the total cost C , which can be described as follows:

min C = CSC + CV , (11)

CSC is the total cost of all rented SC instances under the
usage-based billing model, i.e.,

CSC =
mSC∑
k=1

crk ×
(
FT (rk)− ST (rk)

)
, (12)

CV is the total cost of all rented VM instances taking billing
time intervals BTU into account, i.e.,

CV =

|R|∑
k=mSC+1

crk ×BTU ×
⌈
FT (rk)− ST (rk)

BTU

⌉
, (13)

where crk is the unit cost of instance rk, FT (rk) and ST (rk)
are the finish time and start time of rk, respectively. They can
be calculated by

FT (rk) = max{FT (ti) | ti ∈ T, xik = 1}, (14)
ST (rk) = min{ST (ti) | ti ∈ T, xik = 1} − δrk . (15)
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4 PROPOSED ALGORITHM

4.1 System Architecture

To support deadline-constrained workflow execution on
hybrid VM–SC resources, a system architecture is designed,
as illustrated in Fig. 2. The hybrid system architecture con-
sists of a control plane and an execution plane. The control
plane contains a request manager, a resource monitor, and
a scheduler, while the execution plane contains the unified
resource management platform, VM and SC resource pools,
and the shared cloud object storage (COS).
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Fig. 2. Proposed VM–SC hybrid workflow scheduling architecture.

Latency-sensitive scientific workflow requests from d-
ifferent users are first submitted to the request manager.
For each request, the request manager predicts resource-
dependent task execution times using existing methods,
e.g., the learning-based approach in [22], and estimates
whether the workflow deadline can be satisfied. Requests
whose deadlines cannot be satisfied are rejected, while the
remaining ones are forwarded to the scheduler. Based on
workflow information, including dependencies, deadlines,
and estimated execution times, and resource characteristics
provided by the resource monitor, including processing
speed, startup time, billing unit, and unit cost, the sched-
uler generates a workflow schedule. The schedule is then
submitted to the unified resource management platform to
provision the required VM and SC resources. The COS is
used for data exchange among VM and SC instances, as
described in Section 3.

The scheduler consists of three modules: a queue mod-
ule, a resource requirement manager, and a deployment
module. They are responsible for task sequencing based
on topological order, assigning tasks between VM and SC
configurations, and mapping tasks to resource instances,
respectively. To address the considered problem, a work-
flow scheduling framework, termed Workflow Scheduling

in Hybrid Configuration (WSHC), is proposed. WSHC min-
imizes the total rental cost by exploiting the dependency-
aware and deadline-driven cost complementarity between
VMs and SCs, rather than relying on a fixed preference for
either resource type. Four algorithmic components are in-
cluded in WSHC: Task Sequencing (TS), Resource Require-
ment Distribution (RRD), Task-Resource Mapping (TRM),
and Task Migration for Improvement (TMI). The TS, RRD,
and TRM components correspond to the queue module,
resource requirement manager, and deployment module,
respectively. In TMI, the total rental cost is further reduced
by migrating selected tasks from SCs to VMs, which requires
cooperation between the resource requirement manager and
the deployment module. An outline of WSHC is shown in
Algorithm 1. The details of each component are described
in the following section.

Algorithm 1: Workflow Scheduling in a Hybrid Con-
figuration (WSHC)

Input: G = (T,E); D
Output: Total cost C

1 begin
2 Q← Task Sequencing (TS) ;
3 Resource Requirement Distribution (RRD) ;
4 foreach task ti ∈ Q do
5 Task-Resource Mapping (TRM) ;

6 Task Migration for Improvement (TMI);
7 return C ;

4.2 Task Sequencing (TS)
In this section, tasks are sequenced according to their

priorities. Three priority strategies are commonly used in
list scheduling algorithms: S-Level (static level), T-Level (top
level), and B-Level (bottom level). The principle behind S-
Level and B-Level is to prioritize tasks that have a greater
impact on the overall workflow completion time. Both S-
Level and B-Level search for the longest path from the
current task to the sink task, differing in whether com-
munication time is considered, and schedule tasks with
higher priorities first. In contrast, T-Level computes the
longest path from the source task to the current task while
considering communication time, and schedules tasks with
smaller priority values first.

In heterogeneous VM–SC environments, the actual ex-
ecution time of a task depends on the resource instance
to which it is assigned. However, the concrete resource
assignment is not determined in the TS stage. Therefore,
we introduce a deadline-aware reference VM speed pref to
estimate task execution times before resource assignment.
To determine pref , we assume that each task is executed on
an independent reference VM instance and that all reference
VM instances have the same processing speed. Among the
candidate VM processing speeds provided by the resource
monitor, pref is selected as the slowest VM speed under
which the workflow can satisfy the deadline in the ref-
erence execution model. This setting makes the reference
execution-time estimate consistent with the workflow dead-
line, rather than optimistically assuming the fastest available
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VM resources. Specifically, the reference computation time
of task ti is calculated as

ÊT (ti) = wi/p
ref . (16)

The specific implementations of these strategies are de-
fined as follows:

1) B-Level: Suppose that all tasks are allocated to differ-
ent instances, the data transmission time among tasks
cannot be ignored. MET (ti) denotes the estimated
execution time of ti under the reference VM speed
when all input data are read from the shared COS. It is
calculated asMET (ti) = IP (ti)/b+ÊT (ti)+Out(ti)+∑

tj∈pr(ti) dji/b. The priority of ti can be calculated by
prioi = maxtj∈su(ti){prioj}+MET (ti), prioN = 0.

2) S-Level: Suppose that some tasks may be allocated
to the same instance, the communication time among
these tasks is not considered. MET (ti)

? denotes the
estimated execution time of ti under the reference VM
speed when the transmission time of all intermedi-
ate data is ignored. It is calculated as MET (ti)

? =

IP (ti)/b + ÊT (ti) + Out(ti). The priority of task ti
can be calculated by prioi = maxtj∈su(ti){prioj} +
MET (ti)

?, prioN = 0.
3) T-Level: Similar to B-Level, the priority of ti de-

fined by T-Level is also calculated based on MET (ti).
It is calculated as prioi = maxtj∈pr(ti){prioj} +
MET (ti), prio1 = 0.

4.3 Resource Requirement Distribution (RRD)
The Resource Requirement Distribution (RRD) compo-

nent is performed before instance-level scheduling. It parti-
tions tasks into the VM pool and the SC pool according to
deadline tightness, reference execution-time estimates, and
workflow dependencies. Because concrete heterogeneous
instances have not yet been selected at this stage, RRD
uses the deadline-aware reference VM speed introduced in
Section 4.2 as a pool-level estimation basis. Let crefvm denote
the unit price of the reference VM that provides pref , and
let crefsc denote the unit price of the SC with the same or
comparable CPU-memory configuration.

First, if the deadline of a workflow is too tight, distribut-
ing tasks across multiple VM instances tends to increase
fragmentation [4], i.e., the unutilized portion within each
BTU, because a tight deadline forces many VM instances to
be launched while each task occupies only a small fraction
of a BTU. Let CSC be the total rental cost of the schedule in
the SC pool, and CH be the total rental cost of the schedule
in the hybrid VM–SC configuration. If D falls into the in-
terval (0,minti∈T {MET (ti)

?/MET (ti) ·crefvm /c
ref
sc ·BTU}],

then CSC ≤ CH under the reference execution model.
Therefore, RRD assigns all tasks to the SC pool in this
case. The detailed proof is provided in the Appendix. Note
that this conclusion is applicable to a DAG-based work-
flow rather than isolated tasks. It provides a reference-
level analytical condition for RRD rather than a complete
scheduling rule, while actual startup times are considered
later in TRM and in the final cost calculation. In addition,
the implication of this conclusion is too strict. A small
number of tasks with small MET (ti)

?/MET (ti) could
be ignored because an approximate optimal schedule can

be obtained. Therefore, we set the interval η1 as η1 =(
0, 1

N

∑
ti∈T

{
MET (ti)

?/MET (ti) · crefvm /c
ref
sc ·BTU

}]
. If

D ∈ η1, all tasks are assigned to the SC pool.
Second, tasks are assigned to resource pools according to

their reference execution-time estimates. For the task ti to be
scheduled, let ∆CSC

i be the cost increment if ti is assigned
to the SC pool, and let ∆CVM

i be the cost increment if
ti is assigned to the VM pool. Let ub = dcrefvm /(c

ref
sc −

crefvm )e. ∆CSC
i ≥ ∆CVM

i if MET (ti) falls into the in-
terval, η2 =

⋃ub
k=1

[
k ·BTU · crefvm /c

ref
sc , k ·BTU

]⋃
(ub ·

BTU,+∞), which is proved in the Appendix, under the
reference execution model. The VM pool is selected for each
task ti with MET (ti) ∈ η2 to greedily reduce the cost
increment. Specifically, if MET (ti) ∈ η2 for all ti ∈ T , RRD
assigns all tasks to the VM pool.

Finally, the remaining tasks are assigned to reduce the
imbalance of resource requirements for VMs. After the
above two steps, there are still some tasks left unassigned
to any resource pool. The idle fragments on VMs result
from unbalanced resource requirements for VM instances.
Therefore, reducing the imbalance of resource requirements
for VMs is crucial to reduce rental costs. In this section, the
imbalance of resource requirements is reduced by distribut-
ing part of the remaining tasks of each level to the VM pool.

Definition 1. The level l(ti) of task ti is the length from the
source task to the current task. It is calculated by

l(ti) =

 1, if ti = t1,

max
tj∈pr(ti)

{l(tj) + 1}, otherwise. (17)

Different levels contain different numbers of tasks. If all
tasks are deployed to the VM pool, the number of tasks
at different levels may cause severe imbalance in resource
requirements and increase the total rental cost. Intuitively,
resource requirements are more balanced if the total number
of running tasks and ready tasks is stable in the workflow
execution process. Therefore, we propose two heuristic rules
for assigning the remaining tasks.

1) Average Task Number Limitation (ATNL): The average
task number of different levels is used to set a limit
when assigning tasks to the VM pool. L is the maximal
level of the tasks, i.e., L = maxti∈T {l(ti)}. The average
task number n̄ can be calculated by: n̄ = N/(L − 2).
L−2 is adopted as a denominator instead of L, because
t1 and tN are dummy tasks. If the number of scheduled
tasks in the l(ti)th level is larger than n̄, ti is assigned
to the SC pool, and the VM pool is chosen otherwise.

2) Average Workload Limitation (AWL): The average ref-
erence workload of tasks in different levels is used to set
a limit when assigning tasks to the VM pool, which can
be calculated as w̄ =

∑
ti∈T MET (ti)/(L− 2). For the

task ti to be scheduled, if the total reference workload
of scheduled tasks in the l(ti)th level is larger than w̄,
ti is assigned to the SC pool. Otherwise, it is assigned
to the VM pool.

4.4 Task-Resource Mapping (TRM)
In TRM, tasks assigned to the VM pool and the SC pool

are mapped to concrete heterogeneous resource instances.

This article has been accepted for publication in IEEE Transactions on Services Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TSC.2026.3738104

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Melbourne. Downloaded on October 04,2026 at 03:50:07 UTC from IEEE Xplore.  Restrictions apply. 



7

For tasks assigned to the VM pool, TRM selects suitable
VM instances to reduce BTU-induced fragments. For tasks
assigned to the SC pool, TRM selects suitable SC configura-
tions according to their resource-dependent execution times,
startup times, and usage-based costs.

To avoid violating the workflow deadline, we set a
group of time constraints for tasks mapped to resources.
Here, EFT (ti) and LFT (ti) denote the earliest and latest
finish times of task ti, respectively. The reference execution-
time estimate MET (ti), which includes both the reference
computation time and the data transmission time of task
ti as described in Section 4.2, is adopted to calculate these
time constraints before concrete heterogeneous instances are
selected.

EFT (t1) = 0, (18)
EFT (ti) = max

tj∈pr(ti)
{EFT (tj)}+MET (ti), (19)

LFT (tN ) = D, (20)
LFT (ti) = min

tj∈su(ti)
{LFT (tj)−MET (tj)}. (21)

Two types of time constraints are considered in this section:
1) Sub-deadline Constraints (SDC): Sub-deadlines are

adopted to make the deadline more manageable. For
each task ti, its sub-deadline subi can be calculated by:

subi = EFT (ti)/EFT (tN ) ·D, (22)

2) Latest Finish Time Constraints (LFTC): The latest finish
time LFT (ti) of ti cannot be violated. Otherwise, the
deadline is missed.

To uniformly describe the two time constraints, we de-
fine

θi =

{
subi, under SDC,
LFT (ti), under LFTC.

(23)

Thus, a candidate resource is regarded as feasible only if the
finish time of ti on this resource does not exceed θi.

For tasks assigned to the SC pool, TRM selects a concrete
SC configuration before execution. Since SCs are charged in
a task-granularity usage-based manner, SC pool tasks do not
introduce BTU-induced fragments. Suppose that Rsc is the
set of candidate SC configurations. For each task ti assigned
to the SC pool and each SC configuration rk ∈ Rsc, TRM
calculates ET (ti, rk), ST (ti, rk), and FT (ti, rk) using the
actual processing speed, startup time, and unit cost of rk.
The candidate SC set is constructed as

Avsc(ti) = {rk | rk ∈ Rsc, FT (ti, rk) ≤ θi}.

Among the candidate SC configurations in Avsc(ti), the one
with the minimum usage-based cost is selected. If multiple
SC configurations incur the same cost, the one with the
earliest finish time is selected. In our experimental setting,
candidate VM and SC configurations are provided with
comparable resource capacities, and the generated work-
flow instances are feasible under the available configura-
tions.

The most suitable VM is chosen by jointly consider-
ing cost increment, task finish time, and lease remaining
time (the gap between the last task’s finish time and the

VM’s release time). We determine it through the follow-
ing steps. First, the set of available VMs is determined.
Suppose that ti is the task to be scheduled, Rvm is the
set of currently rented VMs. For each heterogeneous VM
instance rk ∈ Rvm, k = 1, 2, . . . , |Rvm|, calculate ET (ti, rk),
ST (ti, rk) and FT (ti, rk) using the actual processing speed,
startup time, and availability of rk. When evaluating a
candidate VM instance, the input transfer time of ti is
recalculated according to whether its predecessor tasks have
been mapped to the same instance. The set of available
VMs Avvm = {rk|rk ∈ Rvm, FT (ti, rk) ≤ θi, rel(rk) >
ST (ti, rk)} is constructed, where rel(rk) is the release time
of VM rk. Second, the VM instance that incurs the minimum
cost increment is selected from Avvm. If multiple candidates
exist, the VM with the minimum earliest finish time is
chosen to reduce the gap between ti and the previous task
and to maximize data reuse. If ties still remain, the VM
with the smallest residual lease time after accommodating
ti is selected to further utilize the leased time. Finally, if
Avvm = ∅, TRM evaluates each candidate VM type as a
newly provisioned VM instance. For each candidate type,
it computes the start time, finish time, and BTU-based cost
increment under the selected time constraint θi. The VM
type with the minimum cost increment among feasible can-
didates is selected. If multiple VM types incur the same cost
increment, the one with the earliest finish time is selected.

The reference resource requirements for the VM pool can
be regarded as approximately balanced after RRD, although
VM fragments are still difficult to avoid. Based on the
above reference-based estimation, the number of provided
VM instances should be around a reference threshold Thre
during the workflow execution.

Thre = d
∑

ti∈Tvm

MET (ti)/De (24)

Tvm is the set of tasks assigned to the VM pool. Fewer VM
instances might cause the deadline to be missed, whereas
more VM instances result in more fragments. However, the
proposed algorithm prefers to select a VM instance from
the rented ones, which results in fewer rented VMs in the
initial phase of workflow execution and more rented VMs in
later stages. Therefore, at the beginning phase of workflow
execution, if the number of rented VM instances is less than
Thre, ti is allocated to a new VM instance. Since Thre
is derived from the reference execution-time estimates, it
is used only as a reference threshold for early-stage VM
provisioning. The initially provisioned VMs follow the refer-
ence VM configuration that provides pref , while subsequent
task mappings may select concrete heterogeneous VM types
according to actual execution time, startup time, and BTU-
based cost increment.

4.5 Task Migration for Improvement (TMI)

After TRM, there are still many tasks allocated to SCs.
When consecutive SC tasks can be consolidated within a
single VM’s BTU, migrating them to a newly provisioned
VM may further reduce the total rental cost. Therefore, in T-
MI, tasks deployed on SCs are first sorted according to their
start times in ascending order. Let QSC = (q1, q2, . . . , qm)
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be the sorted list of SC tasks. For each task qi in QSC , the
migration-specific latest finish time is recalculated as

L̂FT (qi) =

{
mintj∈su(qi){ST (tj)}, su(qi) 6= ∅,
D, su(qi) = ∅.

(25)

This constraint ensures that migrating qi does not delay its
successor tasks in the current schedule.

TMI regards qi as an anchor task and evaluates each can-
didate VM type r as a newly provisioned VM instance. For
candidate VM type r, a fixed rental window is determined
by the BTU demand of qi:

Hr
i = BTU ·

⌈
δr + ET (qi, r)

BTU

⌉
. (26)

Then, qi and its subsequent SC tasks are greedily inserted
into this fixed rental window without introducing addi-
tional BTUs. Let P r

i = {qi, qi+1, . . . , qi+S} be the maximal
consecutive task set that can be placed on candidate VM
type r. When tentatively inserting tasks into the fixed rental
window, their start and finish times are recalculated accord-
ing to both the VM availability and the finish times of their
predecessor tasks. For each task qi+s ∈ P r

i , its tentative
finish time must satisfy

FT (qi+s, r) ≤ L̂FT (qi+s), FT (qi+s, r) ≤ rel(r), (27)

where rel(r) is the release time determined by the fixed
rental window Hr

i .
Let CSC(qi+s) denote the usage-based cost of task qi+s

under its currently selected SC configuration. If the total
rental cost is reduced, i.e.,

S∑
s=0

CSC(qi+s) > cr ·Hr
i , (28)

the candidate VM type and the migrated task set with the
largest positive cost decrement are selected. These tasks are
then moved to the selected VM instance.

4.6 Computational Time Complexity Analysis
The computational time complexity of TS is O(|E| +

N), since task priorities are calculated by traversing the
workflow dependencies and tasks. In RRD, calculating the
reference-based intervals, assigning tasks to resource pool-
s, and computing task levels require O(N), O(N), and
O(|E|+N) time, respectively. Therefore, the computational
time complexity of RRD is O(|E| + N). Let Mvm and
Msc denote the numbers of candidate VM types and SC
configurations, respectively. For SC pool tasks, TRM checks
candidate SC configurations, resulting in O(NMsc) time.
For VM pool tasks, TRM checks currently rented VM in-
stances, whose number is at most O(N) in the worst case,
resulting in O(N2) time. When a new VM instance is provi-
sioned, candidate VM types are checked, adding O(NMvm)
time. Therefore, the computational time complexity of TRM
is O(N2 + NMsc + NMvm). In TMI, SC tasks are first
sorted according to their start times, requiring O(N logN)
time. For each anchor task, subsequent SC tasks may be
greedily checked within the fixed VM rental window. Thus,
TMI requires O(N2) time when the VM type is fixed,
and O(N2Mvm) time when all candidate VM types are

evaluated. Combining the above components, the overall
computational time complexity of WSHC can be written as
O(N2Mvm + NMsc). Since the numbers of VM types and
SC configurations provided by a cloud platform are usually
limited and can be treated as constants, i.e., Mvm = O(1)
and Msc = O(1), the overall worst-case complexity of
WSHC can be simplified to O(N2).

5 EXPERIMENTAL RESULTS

To evaluate the proposed WSHC framework in hybrid
VM–SC environments, we first calibrate the key parameters
of WSHC under homogeneous settings to identify the opti-
mal parameter combination. In addition, the schedules gen-
erated by several existing methods for similar problems are
compared under both homogeneous and heterogeneous set-
tings. All evaluated algorithms are implemented in Python
and run on an AMD Ryzen 9 7940HX with Radeon Graphics
CPU @ 2.40 GHz with 16 GB of RAM. The source code and
the dataset are available in the anonymous repository at:
https://anonymous.4open.science/r/WSHC.

All algorithms are compared using the RPD (Relative
Percentage Deviation) measure, which is defined by:

RPD(%) =
C(A)− C?

C?
× 100% (29)

C(A) is the total rental cost obtained by algorithm A,
while C? is the minimal cost obtained among all compared
algorithms on the same workflow instance under the same
deadline factor and resource setting. The ANOVA (multi-
factor analysis of variance) technique is adopted to analyze
results. The three main hypotheses (normality, homoscedas-
ticity, independence of the residuals) are checked from the
residuals of the experiments. All three hypotheses are ac-
ceptable from this analysis.

In the experiments, both VM types and SC configu-
rations are assigned 1, 2, 4, and 8 vCPUs, with 2 GiB of
memory per vCPU. The 4-vCPU configurations are used as
the baseline configurations in homogeneous cases. It should
be noted that these baseline configurations are not fixed as
the algorithmic reference speed pref used in WSHC. The
resource configurations are summarized in Table 2. The VM
types are configured according to the AWS EC2 a1 family,
with hourly billing granularity. The SC configurations are
configured according to AWS Fargate Linux/X86 pricing,
where SCs are charged at task granularity based on the
requested vCPU, memory size, and charged usage duration.
The vCPU price is 0.04048 $/vCPU-hour, and the memory
price is 0.004445 $/GB-hour. The equivalent hourly cost
of each SC configuration is calculated as the sum of its
vCPU and memory costs. The relative processing speed is
proportional to the number of vCPUs and normalized by
the 4-vCPU baseline configuration. Thus, the relative speeds
of the 1, 2, 4, and 8 vCPU configurations are 0.25, 0.50,
1.00, and 2.00, respectively. The startup times of VM types
are set to {60, 90, 120, 180} seconds for a1.medium, a1.large,
a1.xlarge, and a1.2xlarge, respectively. The startup times of
SC configurations are set to {5, 8, 12, 20} seconds for SC-1,
SC-2, SC-3, and SC-4, respectively. In the cost calculation,
startup time is also included in the billable duration.
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Fig. 3. Mean plots of different WSHC strategies and parameters with 95.0% Tukey HSD confidence level intervals under homogeneous VM–SC
resource settings: a) Task sorting, b) Resource requirement distribution, c) Time limitation, d) Threshold strategy.

TABLE 2
Resource configurations used in the experiments.

Type vCPU Memory Relative Price Startup
(cores) (GB) Speed ($/h) (s)

VM types
a1.medium 1 2 0.25 0.0255 60
a1.large 2 4 0.50 0.051 90
a1.xlarge 4 8 1.00 0.102 120
a1.2xlarge 8 16 2.00 0.204 180

SC configurations
SC-1 1 2 0.25 0.04937 5
SC-2 2 4 0.50 0.09874 8
SC-3 4 8 1.00 0.19748 12
SC-4 8 16 2.00 0.39496 20

5.1 Parameter Calibration

The proposed WSHC has four parameters that need to
be calibrated. In TS, three strategies (B-Level, S-Level, and
T-Level) are used to calculate task priority. In RRD, two
strategies (ATNL, AWL) are adopted to reduce the imbal-
ance of resource requirements for VMs based on average
task number limitation and average workload limitation,
respectively. In TRM, two task-resource mapping strategies
are compared: one that applies the threshold Thre (with)
and one that does not (without). In addition, two kinds of
time constraints are considered (SDC, LFTC) when allocat-
ing tasks. Therefore, there are 3×2×2×2 = 24 combinations
of strategies for the proposed WSHC.

To calibrate the parameters, a large set of workflow
instances are randomly generated considering various cases.
The number of tasks N for each workflow is tested at the
following values: {100, 200, 300, 400, 500}. The link density
LD is defined as the ratio of the number of edges to the
number of tasks, which is selected from {2, 3, 4, 5}. The
base computation time of each task follows a uniform dis-
tribution U(1, 3600) on the 4-vCPU baseline configuration.
The computation-to-communication ratio (CCR) is tested
at {0.5, 0.67, 1.0, 1.5, 2.0}. The deadline for workflow in-
stances is defined as:

D = (1 + α)× EFT (tN ),

whereEFT (tN ) is calculated using the base execution times
on the 4-vCPU baseline configuration. The deadline factor
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Fig. 4. Structures of four workflows: a) BWA, b) Cycles, c) Epigenomics,
d) SoyKB.

α has five values {0.2, 0.4, 0.6, 0.8, 1.0} that reflect different
deadline tightness levels. 10 instances are generated for each
combination of N , LD, CCR and α. Therefore, 5× 4× 5×
5 × 10 = 5000 instances are generated in total. The total
number of treatments is therefore 5000× 24 = 120000.

The mean plots of the four parameters with 95.0% Tukey
HSD intervals are shown in Fig. 3. Since the plots only show
marginal effects, the final configuration is selected based
on the mean RPD of the complete parameter combinations.
The combination T-Level + AWL + LFTC + Thre achieves
the lowest mean RPD among all tested settings. Therefore,
WSHC adopts T-Level for task sequencing, AWL for re-
source requirement distribution, LFTC for time limitation,
and enables Thre in the following comparisons.

5.2 Algorithm Comparison under Homogeneous Re-
sources

To evaluate the performance of WSHC, we compare it
with several representative methods designed for related
settings. Specifically, SMOHEFT [13], originally proposed
for heterogeneous serverless scheduling under budget and
deadline constraints, is included with the budget set to
infinity. In addition, VM-based scheduling algorithms are
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considered for comparison, including IC-PCP [4], PSO [5],
and CEDA [6]. Finally, GRP-HEFT proposed in [7] and
BCWS proposed in [21] are adopted as baselines in a hy-
brid configuration. Although both GRP-HEFT and BCWS
are designed to minimize the workflow makespan under
budget constraints, we extend these two algorithms by
inverting their objectives and constraints and allowing them
to rent SC and VM resources. This modification enables the
algorithms to greedily optimize the cost while meeting the
deadline constraint. In this subsection, all baselines are first
compared under the homogeneous VM–SC resource setting
with startup times considered. For VM-only baselines, tasks
can be assigned only to VMs. For SC-only baselines, tasks
can be assigned only to SCs. For hybrid baselines, both VMs
and SCs are available.

Four scientific workflows, namely BWA, Cycles, Epige-
nomics, and SoyKB, are used to evaluate the performance of
the proposed WSHC. These workflows are widely adopted
benchmarks in workflow scheduling research [6] and cover
both computation-intensive and data-intensive application-
s. Specifically, BWA and Cycles are computation-intensive
workflows, whereas Epigenomics and SoyKB are data-
intensive workflows. Their different workflow structures are
illustrated in Fig. 4, where nodes with different colors in
each subfigure denote different task types.

WfGen3 [23] is adopted to generate a large number of
synthetic realistic workflow instances by analyzing actual
workflow executions. The number of tasks N of each work-
flow takes values from {100, 200, 300, 400, 500}. The dead-
line factor α is selected from {0.2, 0.4, 0.6, 0.8, 1.0}. For each
combination of N and α of each workflow, 10 workflow
instances are generated. Therefore, 4 × 5 × 5 × 10 = 1000
instances are generated for each resource setting. Thus,
each homogeneous or heterogeneous comparison involves
7 × 1000 = 7000 algorithm runs. Most tasks of BWA,
Cycles, and Epigenomics generated by WfGen using default
parameters are fine-grained. This causes the deadline D of
all workflow instances to be significantly less than one hour
and to fall into the interval η1, which is not suitable for the
problem under study [24]. Therefore, for a fair comparison,
the execution time of tasks in these workflows is enlarged
ten times to keep a similar magnitude to SoyKB. Some
statistical indicators of the generated dataset are shown in
Table 3, including ALD (average link density), AD (average
depth), ATCT (average total computation time), and ATDTT
(average total data transmission time).

TABLE 3
Statistical indicators of workflows.

Workflow ALD AD ATCT ATDTT

BWA 3.95 3 52113.66s 775.63s
Cycles 1.20 4 42830.99s 893.81s

Epigenomics 1.21 9 109443.86s 11794.86s
SoyKB 1.93 11 104076.08s 62430.08s

To demonstrate the effectiveness of the compared algo-
rithms, the influence of two parameters, i.e., the number of
tasks N and the deadline factor α, is evaluated over the four

3. https://wfcommons.org/generator

workflows. The RPD variations of different algorithms un-
der homogeneous VM–SC resources with 95% Tukey HSD
intervals are shown in Figures 5 and 6. As shown in Figure 5,
WSHC consistently achieves the lowest or near-lowest RPD
across different task numbers, and its RPD remains relative-
ly stable as N increases from 100 to 500. In contrast, IC-PCP
and CEDA show much larger RPD values, indicating that
their schedules are less cost-efficient in the homogeneous
VM–SC setting. The other baseline algorithms, including
BCWS, GRPHEFT, PSO, and SMOHEFT, generally obtain
moderate RPD values, but their average performance is still
worse than that of WSHC. Figure 6 further shows the effect
of the deadline factor α. WSHC maintains a low RPD under
all deadline settings, demonstrating stable cost performance
under both tight and loose deadlines. By comparison, IC-
PCP and CEDA become increasingly less competitive as α
increases, while the remaining baseline algorithms exhibit
only moderate changes. These trends indicate that WSHC is
less sensitive to workflow size and deadline tightness in the
homogeneous VM–SC setting.
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Fig. 5. RPD variation under different task numbers in the homogeneous
resource setting.
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Fig. 6. RPD variation under different deadline factors in the homoge-
neous resource setting.

Table 4 reports the mean RPD, mean rental cost, win
ratio, and deadline satisfaction ratio under homogeneous
resources. The win ratio denotes the percentage of work-
flow instances for which an algorithm achieves the lowest
rental cost, with ties counted for all tied algorithms. WSHC
achieves the lowest mean RPD of 7.996%, the lowest mean
cost of 3.906, and the highest win ratio of 50.8%. Compared
with BCWS, the second-best algorithm in terms of mean
RPD, WSHC reduces the mean RPD from 32.376% to 7.996%.
Moreover, WSHC satisfies all deadline constraints, while P-
SO and IC-PCP show a small number of deadline violations.
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These results confirm that WSHC effectively reduces rental
cost while maintaining stable deadline satisfaction under
homogeneous VM–SC resources.

TABLE 4
Cost and RPD comparison under homogeneous resources

Algorithm Mean
RPD(%)

Mean
Cost

Win
Ratio(%)

Deadline
Satisfaction(%)

WSHC 7.996 3.906 50.8 100.0
BCWS 32.376 4.825 13.3 100.0
PSO 34.521 4.670 6.6 93.7
GRP-HEFT 43.549 5.769 24.6 100.0
SMOHEFT 48.161 5.462 10.3 100.0
CEDA 137.483 8.726 3.9 100.0
IC-PCP 235.209 9.551 8.3 99.9

5.3 Algorithm Comparison under Heterogeneous Re-
sources

Table 5 reports the mean RPD, mean rental cost, win
ratio, and deadline satisfaction ratio of all compared algo-
rithms in the heterogeneous resource setting. As shown in
Table 5, WSHC achieves the lowest mean RPD of 9.002%
and the lowest mean cost of 3.657. It also obtains the highest
win ratio of 50.4%, indicating that WSHC most frequent-
ly finds the minimum-cost schedule under heterogeneous
VM–SC resources. Compared with BCWS, which has the
second-lowest mean RPD, WSHC reduces the mean RPD
from 19.696% to 9.002%. All algorithms satisfy the deadline
constraints in the heterogeneous setting. PSO performs con-
siderably worse under heterogeneous resources (mean RPD
164.460% vs. 34.521%), as the enlarged search space in this
setting makes it more difficult to converge to near-optimal
solutions. These results show that WSHC can effectively ex-
ploit heterogeneous VM–SC resource options and maintain
a clear cost advantage over the baseline algorithms.

TABLE 5
Cost and RPD comparison under heterogeneous resources

Algorithm Mean
RPD(%)

Mean
Cost

Win
Ratio(%)

Deadline
Satisfaction(%)

WSHC 9.002 3.657 50.4 100.0
BCWS 19.696 3.908 24.7 100.0
GRP-HEFT 26.401 4.185 15.5 100.0
SMOHEFT 36.403 4.568 12.0 100.0
CEDA 54.315 5.420 13.6 100.0
IC-PCP 55.876 5.525 17.5 100.0
PSO 164.460 7.847 0.1 100.0

5.4 Runtime Performance and Scalability
To further evaluate computational scalability, Table 6

reports the average runtime of all compared algorithms
under heterogeneous resources. The results are grouped
by the number of tasks and averaged over all workflow
applications, deadline factors, and generated instances. As
shown in Table 6, the runtime of most deterministic heuristic
algorithms increases smoothly with the workflow size. For
WSHC, the average runtime increases from 0.0052 s to
0.0759 s as the number of tasks grows from 100 to 500,
which is consistent with the computational time complexity
analysis in Section 4.6. The average runtime of WSHC is

only 0.0351 s over all tested cases, indicating that its cost
advantage does not introduce excessive scheduling over-
head. In contrast, PSO incurs much higher runtime because
it repeatedly evaluates candidate schedules during iterative
search.

TABLE 6
Average runtime comparison under heterogeneous resources

Algorithm 100 200 300 400 500 Mean
WSHC 0.0052 0.0154 0.0316 0.0475 0.0759 0.0351
BCWS 0.0070 0.0216 0.0438 0.0769 0.1189 0.0536
CEDA 0.0062 0.0296 0.0758 0.1136 0.2140 0.0879
GRP-HEFT 0.0047 0.0134 0.0273 0.0450 0.0700 0.0321
IC-PCP 0.0068 0.0312 0.0796 0.1175 0.2162 0.0903
PSO 4.0927 9.5939 16.4993 24.1889 34.4954 17.7741
SMOHEFT 0.0034 0.0103 0.0208 0.0350 0.0544 0.0248

6 CONCLUSIONS AND FUTURE WORK

This paper investigates latency-sensitive workflow
scheduling in a hybrid VM–serverless container environ-
ment with startup delays and both homogeneous and het-
erogeneous resource settings. We formulate the cost-aware
scheduling problem and propose WSHC, a hybrid schedul-
ing algorithm that integrates task prioritization, resource
requirement distribution, time limitation assignment, and
threshold-based scheduling decisions. Experimental results
show that WSHC consistently achieves lower RPD and
rental cost than the compared algorithms under both ho-
mogeneous and heterogeneous settings, demonstrating its
robustness to startup-delay modeling and its effectiveness in
exploiting hybrid VM–SC resources. In future work, we will
study more dynamic scenarios, including online workflow
arrivals, multi-tenant resource contention, uncertain task
execution times, energy-aware scheduling, and validation
on real cloud platforms.
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APPENDIX A
PROOF OF THEOREMS

Theorem A1. If D ∈ (0,minti∈T {MET (ti)
?/MET (ti) ·

crefvm /c
ref
sc · BTU}], then CSC ≤ CH under the reference

execution model.

Proof. Suppose Tvm is the set of tasks assigned to the
VM pool in the schedule corresponding to CH . Tvm 6=
∅, otherwise CSC = CH . Let Tw =

∑
ti∈Tvm

MET (ti)
denote the total reference workload of Tvm, and T ?

w =∑
ti∈Tvm

MET (ti)
?. Obviously, T ?

w ≤ Tw. Since D ∈
(0,minti∈T {MET (ti)

?/MET (ti) · crefvm /c
ref
sc · BTU}], we

have

D ≤ T ?
w

Tw
· c

ref
vm

crefsc

·BTU.

Therefore,

CH − CSC ≥
⌈
T ?
w

D

⌉
·BTU · crefvm − Tw · crefsc

≥
⌈
Tw · crefsc

crefvm ·BTU

⌉
·BTU · crefvm − Tw · crefsc

≥ Tw · crefsc

crefvm ·BTU
·BTU · crefvm − Tw · crefsc = 0.

Theorem A2. Assume crefsc > crefvm . Let ub =⌈
crefvm /(c

ref
sc − crefvm )

⌉
. ∆CSC

i ≥ ∆CVM
i if MET (ti) ∈⋃ub

k=1[k ·BTU · crefvm /c
ref
sc , k ·BTU ]

⋃
(ub ·BTU,+∞) under

the reference VM-based cost comparison.

Proof. Let ET (ti, r), ST (ti, r), and FT (ti, r) be the exe-
cution time, start time, and finish time of ti on resource
instance r, respectively, while r1 and r2 are the SC and
VM instances to which ti is allocated. Under the reference
execution model used in RRD, the SC execution duration of
ti is estimated by MET (ti). Thus,

∆CSC
i = crefsc ·MET (ti).

r2 is either a new VM instance or an already rented VM
instance. If r2 has been rented before scheduling ti, part
of the last time interval of r2 must be occupied by ti.
Otherwise, a new VM instance is selected. Suppose that
rel(r2) is the release time of the last time interval of r2
before ti is allocated to it. Under the reference execution
model, MET (ti) provides an upper-bound estimate of the
execution duration used in RRD. Then

FT (ti, r2)− rel(r2) ≤ ET (ti, r2) ≤MET (ti),

and
∆CVM

i ≤ crefvm ·BTU ·
⌈
MET (ti)

BTU

⌉
.

If r2 is a new instance,

∆CVM
i = crefvm ·BTU ·

⌈
MET (ti)

BTU

⌉
.

Let dMET (ti)/BTUe = k, where MET (ti) ∈ ((k − 1) ·
BTU, k · BTU ]. k is a positive integer if ti is not a dummy
task. To guarantee ∆CSC

i ≥ ∆CVM
i , it is sufficient to

require
crefsc ·MET (ti) ≥ crefvm ·BTU · k,

because ∆CVM
i ≤ crefvm · BTU · k. This sufficient condition

leads to

MET (ti) ≥ k ·BTU ·
crefvm

crefsc

.

Therefore, MET (ti) ∈ η2 is a sufficient condition for
∆CSC

i ≥ ∆CVM
i , where η2 is defined as

η2 =
+∞⋃
k=1

[
k ·BTU · c

ref
vm

crefsc

, k ·BTU
]⋂

((k−1)·BTU, k·BTU ].

MET (ti) ∈
[
k ·BTU · crefvm /c

ref
sc , k ·BTU

]
when

k ·BTU · crefvm /c
ref
sc > (k − 1) ·BTU,

i.e.,

k < 1 +
crefvm

crefsc − crefvm

.

As k is an integer,

k ≤
⌈

crefvm

crefsc − crefvm

⌉
= ub.

Therefore, η2 can be rewritten as

η2 =
ub⋃
k=1

[
k ·BTU · c

ref
vm

crefsc

, k ·BTU
]⋃

(ub ·BTU,+∞).

APPENDIX B
ENERGY CONSUMPTION ANALYSIS

Although WSHC minimizes rental cost rather than ener-
gy consumption, we further evaluate the estimated energy
usage of the evaluated schedules to examine the relationship
between the two objectives. Following the linear power
model in [25], the power of a resource with utilization u
is estimated as

Pr(u) =
vr
4

(kPmax + (1− k)Pmaxu) , (30)

where vr is the number of vCPUs, Pmax = 250 W is the
peak power of the 4-vCPU reference resource, and k = 0.7
is the idle-to-peak power ratio. Startup and task execution
intervals are treated as busy intervals with u = 1, while gaps
between tasks on a VM are treated as idle intervals with u =
0. The lifetime of a resource begins when its startup starts
and ends when its last assigned task finishes. The estimated
energy of a schedule is calculated by integrating the power
of all rented resources over their lifetimes and converting
the result to kWh.

Table B1 reports the mean estimated energy and energy
win ratio under both resource settings. The energy win
ratio is the percentage of workflow instances for which
an algorithm obtains the lowest estimated energy among
the evaluated schedules, with ties counted for all tied al-
gorithms. WSHC consumes 7.176 kWh on average under
homogeneous resources, which is 7.8% higher than the
6.658 kWh obtained by CEDA. However, WSHC reduces
the mean rental cost by 55.2% compared with CEDA, as
shown in Table 4. Under heterogeneous resources, WSHC
consumes 6.586 kWh on average, which is 13.9% higher
than the 5.783 kWh obtained by SMOHEFT, while reducing
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the mean rental cost by 19.9%. These results indicate that
rental cost and energy consumption are distinct objectives:
WSHC provides the strongest cost performance, but it does
not optimize energy consumption explicitly.

TABLE B1
Estimated energy comparison under homogeneous and

heterogeneous resources

Homogeneous Heterogeneous

Algorithm Mean Energy
(kWh)

Win
Ratio(%)

Mean Energy
(kWh)

Win
Ratio(%)

WSHC 7.176 0.4 6.586 3.2
BCWS 6.934 0.0 5.867 16.0
GRP-HEFT 8.708 0.1 5.802 14.8
SMOHEFT 6.914 0.0 5.783 92.0
CEDA 6.658 99.5 6.465 0.3
IC-PCP 7.375 0.0 6.553 0.2
PSO 8.609 0.0 8.721 0.0
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