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ABSTRACT: Workflow scheduling is critical for efficient cloud resource management. This paper proposes Tunicate
Swarm-Highest Response Ratio Next, a novel scheduler that synergistically combines the Tunicate Swarm Algorithm
with the Highest Response Ratio Next policy. The Tunicate Swarm Algorithm generates a cost-minimizing task-to-VM
mapping scheme, while the Highest Response Ratio Next dynamically dispatches tasks in the ready queue with the
highest-priority. Experimental results demonstrate that the Tunicate Swarm-Highest Response Ratio Next reduces costs
by up to 94.8% compared to meta-heuristic baselines. It also achieves competitive cost efficiency vs. a learning-based
method while offering superior operational simplicity and efficiency, establishing it as a highly practical solution for
dynamic cloud environments.

KEYWORDS: Workflow scheduling; cloud computing; tunicate swarm algorithm; highest response ratio next
scheduling

1 Introduction
The cloud environment offers a wide range of diverse computing resources along with reliable data

storage options, so many institutions are increasingly using cloud computing to handle workflows [1]. In the
scheduling process, it is essential to rent and allocate suitable Virtual Machines (VMs) to execute a series of
tasks or requests while minimizing both execution time and expenses [2]. Within cloud computing, workflow
scheduling focuses on improving task deployment speed and lowering infrastructure costs by dynamically
allocating tasks to appropriate virtual machines.

This type of problem is NP complete [3]. Existing scheduling approaches can be broadly categorized
into several strands, each with distinct limitations. Traditional methods [4], such as list scheduling, are
computationally efficient but often fail to address multi objective optimization under deadline constraints
or adapt to dynamic, heterogeneous cloud environments. Heuristic and meta-heuristic algorithms (e.g.,
Genetic Algorithm (GA), Particle Swarm Optimization (PSO) and Ant Colony Optimization (ACO)) have
been widely applied to workflow scheduling [5]. However, they frequently suffer from complex parameter
tuning, high computational complexity as the problem scale increases, and slow convergence, making it
challenging to minimize operational costs and avoid SLA (Service Level Agreement) violations efficiently
[6–8]. We identify that their coupled decision-making process entangling strategic planning with operational
dispatch is a primary source of these inefficiencies, leading to inherent trade offs between cost minimization
and responsiveness.
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More recent approaches seek greater adaptability. For instance, hyper-heuristic methods operate at a
higher level of abstraction, aiming to select or dynamically generate heuristics [1]. While this promises
flexibility, their performance is often contingent on the quality and diversity of the underlying heuristic pool,
and significant overhead incurs in evaluating and switching between strategies. Similarly, Reinforcement
Learning (RL)-based schedulers learn optimal policies through interaction with the environment [9,10]
but often require extensive training data, sophisticated reward function, and may lack stability in non-
stationary cloud settings. Both hyper-heuristic and the RL approaches hinder interpretability and real-time
decision-making in production systems.

To address these challenges, this paper proposes the Tunicate Swarm-High Response Ratio Next
(TS-HRRN) method, which employs a static two-layer architecture with highly responsive to dynamic
workloads. It synergistically couples the Tunicate Swarm Algorithm (TSA) for global, cost-aware VM
allocation with the HRRN policy for local, responsiveness-driven task dispatch. This fixed assignment of
distinct, complementary roles eliminates the runtime overhead of dynamic algorithm selection or model
inference, ensuring inherent stability and efficiency. Extensive evaluations against state-of-the-art schedulers
demonstrate the significant improvements in cost-effectiveness and performance achieved by the TS-HRRN.

In summary, this paper makes the following main contributions:
• We propose the TS-HRRN method for the heterogeneous workflow scheduling problem, which aims to

minimize total rental cost while preventing SLA violations.
• In the proposed TS-HRRN method, the TSA is used to select the VMs with the highest priority, and the

HRRN is used to prioritize the tasks to be executed. The proposed TS-HRRN method shows potential
to improve scientific workflow scheduling strategies.

• We use extensive experiments on real scientific workflow datasets to verify the effectiveness and
efficiency of the proposed algorithm. Experimental results show that the TS-HRRN is superior to the
referring algorithms in terms of cost minimization and algorithm stability.
The structure of the article is as follows: Section 2 introduces background knowledge; Section 3

introduces relevant work; Section 4 gives the collaborative use between two algorithms; Experimental and
analytical results are given in Section 5; Finally, Section 6 summarizes the article.

2 Background Knowledge
This section introduces the background knowledge and definitions.

2.1 Workflow
In cloud computing, a workflow is modeled as a Directed Acyclic Graph (DAG) in which each node

represents an independent computational task and each edge specifies data or control dependency between
tasks. Following the established cost model and definitions of cloud workflow scheduling [1], we formalize
the problem as follows.
Definition 1: The ith workflow is defined as: Wi = (DAGi , ATi , NORi , DLi , RDLi).

Among them, i varies from 1 to m, DAGi is a workflow mode, ATi indicates the arrival time, whereas
NORi refers to the quantity of tasks that have not yet been assigned within the workflow, DLi represents the
deadline, once the workflow execution violates the deadline, corresponding compensation liability is triggered.
RDLi represents the remaining time.

The remaining time is calculated as follows:

RDLi = DLi − current time (1)
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The workflow in the ready queue is handled by a collection of VMs (V = {V1 , V2, . . . , Vn}). Each VM
instance is characterized as:
Vk = ( TYPEk , NIQk , TIQk , VMRk).
where k varies from 1 to n, TYPEk = (CUk , MEMk , PRICEk) represents its VM type. CUk is the unit of
calculation (i.e., computing power), MEMk represents the memory capacity, while PRICEk indicates the
hourly rental fee imposed by the cloud provider. NIQk refers to the number of tasks in the queue of Vk , TIQk
denotes the cumulative execution time for tasks in the queue, VMRk signifies the remaining lease duration
for Vk . All of these definitions are specific to the scheduling model adopted in this paper.

We aim to lower the total expenses of workflow execution, including VM rental and penalties:

TotalCost = ∑
k∈LV MS

RentFeek + ∑
i∈W

Penal tyi (2)

s.t.RentFeek = PRICEk × ⌈
FTt − STt

3600
⌉ (3)

Penaltyi = δ ×max{0, ATi +Makespani −Deadlinei} (4)

Deadlinei = ATi + ε ×Makespani (5)

In the formulas above, W (resp. LVMS) is a collection of workflows (resp. rented VM instances).
RentFeek represents the rental fee of Vk , Penaltyi represents the penalty for violating the deadline of Wi . FTt
(resp. STt) represents the completion (resp. start) time of the final task on Vk .

Definition 2: RentFee: an hourly cost for the VM offered by the worldwide cloud service industry [1,11,12]. The
denominator and upper limit in Eq. (3) collectively transform this time interval into the total rental duration.

ATi signifies the arrival time of Wi , ε is relaxation coefficient [6]. Makespani denotes the optimal earliest
completion time of Wi . If Deadlinei is violated as a result of a holdup in processing Wi , Eq. (4) is imposed,
where δ represents the penalty factor. In our experiments, we set δ = 0.24/h, aligning with the unit penalty
rate adopted in a prior cloud scheduling study [1] to ensure a comparable cost basis. A lower value indicates
a higher tolerance for exceeding the deadline.

2.2 The Highest Response Ratio Next Scheduling
The workflow is represented as a DAG, where each node corresponds to an independent task and each

edge indicates dependency—a predecessor task must be completed before its successor executes. The system
first identifies schedulable tasks, defined as nodes whose predecessors have executed. These tasks constitute
the Ready Queue. To determine an appropriate execution order, the HRRN algorithm is employed, which
computes a response ratio for each task based on its waiting time and estimated service time, thereby favoring
tasks that contribute to the overall system responsiveness.

The response ratio [13] R is calculated as:

R = 1 +WaitT/S (6)

where WaitT is the waiting time, and S is the required service time. The HRRN selects the task with the
highest response ratio.
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2.3 The Mathematical Model of the TSA
The TSA is a meta-heuristic that emulates the jet propulsion and swarm behaviors of tunicates during

foraging. Its mathematical model comprises two core processes.

2.3.1 Jet Propulsion Process of Tunicates
Tunicate achieves vertical migration behavior through its jet propulsion, which also includes the process

of moving from one position in a specific direction to another.
a. To avoid conflicts between search individuals: a positional variable A is introduced to calculate the

new position of each searched individual, effectively avoiding collision problems during searching.

A = G
M

(7)

G = c2 + c3 − F (8)
F = 2 ⋅ c1 (9)

M = ⌊Pmin + c1 ⋅ Pmax − Pmin⌋ (10)

Among them, G represents gravity, M is the interaction force between two search agents, with variables
c1, c2 and c3 representing random values within the range of [0–1], Pmin and Pmax depict the starting velocity
along with the velocity influenced by the interaction force among individuals, respectively. Generally, these
two velocities are set to 1 and 4, respectively, F is the advection of water in the deep sea.

b. Moving towards the best position: it is essential to calculate the location of the food source and the
separation between searching entities to identify the optimal position. In the first iteration, the separation of
the searched entity from the food source is:

PD = FS − r ⋅ P(x) (11)

PD represents the separation between the food source and the encapsulated entity, FS indicates the
position of the food source, P(x) indicates the position of encapsulated individuals of the x th iteration, r is
a random number between [0–1].

c. Approaching the optimal position: the tunicate reaches a new position and updates according to the
following formula:

P(x) = {FS + A ⋅ PD, r ≥ 0.5
FS − A ⋅ PD, r < 0.5 (12)

2.3.2 The Swarm Behavior
After resolving individual conflicts and calculating positions with the food source, tunicate uses swarm

intelligence to approach the optimal food source. We use Formula (13) to simulate the swarm intelligence of
tunicate:

Pf inal(x + 1) = P(x) + Pcand id ate(x + 1)
2 + c1

(13)

P(x) represents the current position of a search agent of iteration x. Pcand id ate(x + 1) denotes the new
candidate positions, Pf inal(x + 1) is the finalized position of the agent of x + 1.
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3 Related Work

3.1 Optimization Objective
Early workflow research primarily focused on minimizing execution time. Rimal et al. leveraged idle

cloud resources to reduce workflow makespan [14]. Meanwhile, Ahmed et al. proposed an enhanced HEFT
algorithm that improved task prioritization and resource mapping [15]. Subsequently, scheduling objectives
expanded to incorporate cost and deadline requirements. Djigal et al. introduced a two-stage list scheduling
algorithm that reduced both cost and time [16]. Sun et al. optimized scheduling time by integrating critical
path analysis and task merging into the HEFT algorithm [17]. In a similar vein, Chen et al. enhanced the
Min-Min algorithm by treating data transmission time as a critical optimization factor [18].

3.2 Optimization Algorithm
Heuristic algorithms have been widely applied to workflow scheduling and have yielded substantial

results. For instance, Mohammadzadeh et al. combined the Seagull and Grasshopper Optimization Algo-
rithms to optimize cost and time; however, the complexity of their proposed approach may hinder its
practical application [19]. Similarly, Mikram et al. integrated the PSO and GA to reduce completion time
but did not account for dynamic environments [5]. Zeedan et al. employed an Enhanced Binary ABC
within a Pareto frontier model, which demonstrated performance on specific problems [20]. Other notable
approaches include Iranmanesh et al., who enhanced genetic operators for effective load balancing under
deadline constraints [21], and Varshney et al., who leveraged an ant colony algorithm to optimize task
migration for shorter time and lower cost [22]. Additionally, Chakravarthi et al. incorporated an encoding
scheme to generate cost-effective schedules [23].

Beyond traditional heuristics, more advanced paradigms such as hyper-heuristic [1] and the RL [9,10]
have been explored to enhance the adaptability. However, as discussed before, these methods have compu-
tational overhead and complexity in pursuit of generality, which motivates us to design a decoupled, yet
responsive and cost-effective hybrid architecture.

3.3 Motivation for Algorithm Selection
Traditional workflow schedulers employed monolithic framework to simultaneously optimize task

sequencing and resource allocation. This coupled approach forces a single algorithm to make conflicting
decisions, leading to a fundamental trade-off: methods effective in global, cost-sensitive resource planning
are often too slow to respond to dynamic task arrivals, while fast, responsive task dispatchers lack the
global view necessary for overall cost minimization. Our TS-HRRN method breaks this paradigm by
introducing a novel dual-priority scheduling architecture that strategically decouples these two concerns. In
this architecture, the HRRN policy acts as a dedicated high frequency scheduler to dynamically prioritize
tasks in the ready queue, thereby ensuring immediate system responsiveness. The TSA focuses on long term
cost efficiency and the SLA compliance. The scheduler executes the optimal match by assigning the highest
priority task from the HRRN queue to the most suitable VM as prescribed by the TSA generated scheme.

4 Process and Algorithm

4.1 Execution Process of the Method
This article proposes collaborative scheduling of dynamic arrival workflows using the HRRN and

the TSA. Fig. 1 illustrates the execution process: The high-level workflow structure is adapted from prior
work [1], the core technical components and their interactions are original and depict our novel TS-HRRN
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architecture. When the workflow is uploaded to the cloud, the TSA is employed to generate an optimal task-
to-VM matching scheme. Different tasks of the workflow are assigned to different VMs. The fitness function
defines the overall cost and drives the global optimization. The HRRN is used to prioritize the tasks.

Figure 1: The execution process of the workflow.

Mapping the TSA to Cloud Workflow Scheduling
To apply the TSA to cloud workflow scheduling, each candidate solution (i.e., an individual of the pop-

ulation) represents a specific task-to-VM allocation scheme. By defining a fitness function that incorporates
the execution time, the VM rental cost, and the SLA violation penalties, the TSA iteratively minimizes the
total cost. The collective migration behavior of the swarm simulates the cost-driven optimization process,
guiding the population toward more efficient scheduling solutions.

4.2 Algorithm Structure
Algorithm 1 presents the main scheduling loop of the TS-HRRN, which implements the dual-layer

architecture through coordinated execution. The algorithm initializes the simulation parameters, including
the time, queues, and a global task-to-VM mapping scheme (lines 1–6). The core loop operates in four phases.
First, it adds new tasks to the ready queue (lines 10–18). Second, it invokes the TSA as a global optimizer
to regenerate the mapping scheme (lines 21–23). Third, the HRRN dispatches the highest-priority task by
assigning it to the VM in the current mapping scheme and updates execution timelines (lines 26–38). Finally,
the simulation advances to the next event time (lines 41–42). This ensures global optimization through
periodic the TSA execution while maintaining responsiveness via the HRRN dispatch.

This decoupled architecture, comprising two layers, inherently adjusts to dynamic workloads. The
HRRN scheduler handles microscopic task queue changes (e.g., arrivals, resolved dependencies) in real time,
guaranteeing low latency. In parallel, the TSA module operates as a periodic strategic planner, which re-
optimizes the global task to the VM mapping by processing a current system snapshot of all ready tasks and
available resources.

Algorithm 2 presents the TSA global optimization procedure. The algorithm initializes a population
of candidate task-to-VM mappings and iteratively refines them by emulating tunicate swarm behavior.
Solutions are evaluated by the fitness function (Eq. (2)). Algorithm 2 adjusts each individual’s position based
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on conflict avoidance, movement towards the best neighbor, and swarm intelligence. It returns the solution
with the minimized cost while satisfying the SLA requirements.

Algorithm 3 defines the fitness assessment for complete scheduling solutions. It simulates task execution
under a given mapping scheme while respecting task dependencies. The function processes tasks in
topological order, calculates VM busy intervals, aggregates rental costs based on actual usage, and sums
deadline violation penalties using predefined SLA parameters. The final fitness value represents the combined
cost of resource consumption and SLA violations.

Algorithm 1: TS-HRRN main scheduling loop
Input: List of workflows W, List of VMs V
Output: Scheduled tasks with assigned VMs and timestamps
1: currentTime ← 0
2: read yQueue , schedul edTasks, mappingScheme ← ∅ ⊳ Global TSA-generated mapping
3: l astO ptimizationTime ← 0
4: optimizationInterval ← Δt ⊳ TSA runs every Δt time units
5: taskFinishTimes ← {} ⊳ Track task completion times for dependencies
6: while unscheduled tasks remain do
7: Step 1: Add Ready Queue
8: for each workflow Wi ∈W do
9: if Wi .arrivalTime ≤ currentTime then
10: for each task t in Wi do
11: if t not scheduled and t ∉ read yQueue and predecessors of t are completed then
12: read yQueue ← read yQueue⋃ t
13: end if
14: end for
15: end if
16: end for
17: Step 2: Periodic Global Optimization via TSA
18: if currentTime − l astO ptimizationTime ≥ optimizationInterval then
19: mappingScheme ← TSA_GlobalOptimize(read yQueue , V)
20: l astO ptimizationTime ← currentTime
21: end if
22: Step 3: HRRN Task Dispatch
23: if read yQueue ≠ ∅ then
24: candidateTasks ← GetReadyTasks(read yQueue) ⊳ Tasks with

all dependencies satisfied
25: if candidateTasks ≠ ∅ then
26: sel ectedTask ← HRRN_Select(candidateTasks, currentTime)
27: assignedV M ← mappingScheme[sel ectedTask]
28: if assignedVM is available at currentTime then
29: sel ectedTask.startTime ← currentTime

(Continued)
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Algorithm 1 (continued)
30: sel ectedTask. f inishTime ← currentTime + estimatedExecutionTime

(sel ectedTask, assignedV M)
31: sel ectedTask.assignedV M ← assignedV M
32: read yQueue ← read yQueue/sel ectedTask
33: schedul edTasks ← schedul edTasks⋃ sel ectedTask
34: taskFinishTimes[sel ectedTask] ← sel ectedTask. f inishTime
35: Update VM availability timeline for assignedVM
36: end if
37: end if
38: end if
39: Step 4: Advance Simulation Time
40: nextEventTime ← CalculateNextEventTime(schedul edTasks, W , taskFinishTimes)
41: currentTime ← nextEventTime
42: end while

Algorithm 2: TSA_GlobalOptimize
Input: ReadyQueue R, VM list V, maxIterations, popSize
Output: Task-to-VM mapping scheme M
1: Initialize population P with popSize random mappings
2: bestFitness ←∞; bestMapping ← ∅; FS ← ∅; t ← 0
3: while t < maxIterations do
4: for each individual Pi ∈ P do
5: f itnessi ← EvaluateFitness(Pi , R, V)
6: if f itnessi < bestFitness then
7: bestFitness ← f itnessi ; bestMapping ← Pi ; FS ← Pi
8: end if
9: end for
10: for each individual Pi in P do
11: c1 , c2, c3 ← Random([0, 1]); r ← Random([0, 1])
12: M ← ⌊Pmin + c1 ⋅ (Pmax − Pmin)⌋
13: F ← 2 ⋅ c1; G ← c2 + c3 − F; A← G/M
14: D ← ∣FS − r ⋅ Pi ∣
15: if r ≥ 0.5 then
16: Pcand id ate

i ← FS + A ⋅ D
17: else
18: Pcand id ate

i ← FS − A ⋅ D
19: end if
20: Pi ← (Pi + Pcand id ate

i )/(2 + c1)
21: end for
22: t ← t + 1
23: end while
24: return bestMapping
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Algorithm 3: Fitness evaluation for complete schedule
Input: Mapping scheme M, Task set T, VM set V
Output: Total cost of the schedule

1: totalRent ← 0; totalPenal ty ← 0
2: vmFinishTime ← ϕ; taskFinishTime ← ϕ; vmUsageInterval s ← ϕ
3: ε ← 1.5; δ ← 10 ⊳ SLA parameters
4: for each task t ∈ T in topological order do
5: vm ← M[t]
6: earl iestStart ←max(t.arrivalTime , vmFinishTime[vm])
7: predecessorFinish ←maxp∈pred(t) taskFinishTime[p]
8: startTime ←max(earl iestStart, predecessorFinish)
9: f inishTime ← startTime + t.burstTime/vm.computePower

10: vmFinishTime[vm] ← f inishTime; taskFinishTime[t] ← f inishTime
11: vmUsageInterval s[vm] ← vmUsageInterval s[vm]⋃[startTime , f inishTime]
12: end for
13: for each VM v ∈ V used in M do
14: totalBusyTime ← calculateTotalBusyTime(vmUsageInterval s[v])
15: totalRent ← totalRent + v .price × ⌈totalBusyTime/3600⌉
16: end for
17: for each task t ∈ T do
18: deadl ine ← t.arrivalTime + ε × t.burstTime
19: if taskFinishTime[t] > deadline then
20: totalPenal ty ← totalPenal ty + (taskFinishTime[t] − deadl ine) × δ
21: end if
22: end for
23: return totalRent + totalPenal ty

5 Experimental Results

5.1 Experimental Environment Configuration
The experiments are conducted on a Windows 10 machine. Algorithms are implemented in Java (JDK

1.8) and are executed. Custom Java modules for task queue management, the VM modeling, and scheduling
control are developed for simulation.

5.2 Experimental Setup and Parameter Settings
5.2.1 Datasets

VM datasets: The VM datasets are sourced from AmazonEC2 [1] and include six configurations
(in Table 1) with varying compute, memory, and hourly cost attributes. The number of VM instances is
flexible per type. Workflows consist of tasks with unknown patterns and resource requirements until arrival,
enabling dynamic allocation to running VMs. This approach enhances resource utilization and adaptability
to uncertain, fluctuating workloads.
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Table 1: Six types of VM instances configurations.

Type vCPU Memory On-Demand Hourly Rate
m6g.large 2 8 GiB $0.077

m6g.xlarge 4 16 GiB $0.154
m6g.2xlarge 8 32 GiB $0.308
m6g.4xlarge 16 64 GiB $0.616
m6g.8xlarge 32 128 GiB $1.232
m6g.12xlarge 48 192 GiB $1.848

Workflow datasets: Our evaluation uses mixed workflow scenarios to simulate cloud resource com-
petition, integrating four scientific workflows (CyberShake, Inspiral, Montage, Sipht [24]) with distinct
structures into three concurrent testing scenarios: Scenario S (30 tasks CyberShake + 30 tasks Montage),
Scenario M (50 tasks Inspiral + 50 tasks Sipht), and Scenario L (staggered arrivals of 100 tasks CyberShake,
50 tasks Montage, and 30 tasks Inspiral). This design tests scheduler performance under heterogeneous,
dynamic loads, with a consistent $0.24 per hour deadline penalty and system level performance evaluation.

Baseline algorithms: We evaluate the proposed TS-HRRN method against six scheduling algorithms
to ensure a comprehensive comparison. This includes the standalone HRRN and TSA schedulers, which
serve as baseline components to demonstrate the performance improvement achieved by their integration
in our hybrid method. We also compare against four state of the art schedulers: Deadline aware and Cost
effective Hybrid Genetic Task Scheduling (DCHG-TS) [21], Ant Colony Optimization (ACO) [22], the Cost
Effective Firefly based Algorithm (CEFA) [23], and a Genetic Algorithm with Deep Reinforcement Learning
(GA-DRL) [9]. This selection enables a thorough performance assessment across heuristic, metaheuristic,
and learning based algorithmic paradigms.

5.2.2 Parameter Settings
To ensure a fair comparison, hyperparameters are configured as follows. Population-based algorithms

(standalone TSA, the TS-HRRN, the ACO, the CEFA, the DCHG-TS, and the GA-DRL) used a population
size of 100 and 200 iterations. For the GA-DRL, the mutation probability was 0.25, with a DQN agent
configured with one hidden layer (16 neurons), replay memory size 200, learning rate 0.01, and discount
factor 0.9. The HRRN, as a deterministic heuristic, requires no parameters. For the TSA (original and
within the TS-HRRN), velocity bounds are set as Pmin = 1 and Pmax = 4, with random factors c1 , c2, c3, r ∼
U(0, 1). Baseline algorithms use original parameters: ACO (α = 1, β = 2, ρ = 0.5), CEFA (γ = 1.0, β = 2.0, α =
0.9), and DCHG-TS (Pc = 0.8, Pm = 0.2). In the fitness function, the SLA penalty factor δ = 0.24 h, and the
deadline-relaxation coefficient ε varied over {1.00, 1.25, . . . , 2.25}.

5.3 Comparison of Algorithm Costs under Different SLA Relaxation Coefficients
Table 2 reports the cost of the HRRN, the TSA, the ACO, the CEFA, the DCHG-TS, the GA-DRL and our

proposed TS-HRRN across combinations of relaxation coefficient and workflow instance scale (Scenario S:
30 CyberShake + 30 Montage, Scenario M: 50 Inspiral + 50 Sipht, Scenario L: 100 CyberShake + 50 Montage
+ 30 Inspiral). <1.00, S> denotes ε = 1.00 on Scenario S workflow instances. The symbols (+), (−) and (≈)
indicate that, under a Wilcoxon signed rank test at the 0.05 significance level, the result is significantly better,
worse, or statistically equivalent to the corresponding baseline algorithm.
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Results show that the TS-HRRN outperforms its standalone components (the HRRN and the TSA).
For example, in scenario ⟨1.50, M⟩, it reduces total cost by 71.6% vs. the DCHG-TS and by 90.0% vs. the
ACO. This advantage scales with workflow complexity: in ⟨1.50, L⟩, the TS-HRRN incurs a cost of only 10.69,
representing reductions of 94.8% and 77.4% compared to the ACO and DCHG-TS, respectively. Compared to
the GA-DRL, the TS-HRRN remains highly competitive; although the GA-DRL achieves a slightly lower cost
in some cases (e.g., 9.45 at ⟨1.50, L⟩), the margin is narrow, and the TS-HRRN offers superior computational
efficiency and operational simplicity. All improvements over non-learning-based baselines are statistically
significant (p < 0.05, Wilcoxon rank-sum test). Furthermore, the TS-HRRN’s penalty cost decreases with
increasing ε, demonstrating its ability to leverage relaxed deadlines. Maintain low costs for all ε ≥ 1.25 in
large-scale scenarios, showing robustness.

The overall cost comparison across all algorithms and scenarios is synthesized in Fig. 2. A key observa-
tion is that TS-HRRN uniquely employs an adaptive strategy: it strictly adheres to deadlines when ε < 1.00,
and strategically accepts minimal penalties to leverage low-cost VMs when deadlines are relaxed (ε ≥ 1.25),
achieving the lowest overall cost. This stands in contrast to the static policies of the HRRN/TSA and the
cost-ineffective VM selections of the ACO/CEFA. Compared to the learning-based the GA-DRL, the TS-
HRRN attains competitive cost efficiency with significantly lower computational complexity, underscoring
its practical advantage.

Figure 2: The average of VM fees and SLA penalties of all algorithms.

5.4 Comparative Performance Analysis
Performance Evaluation of TS-HRRN Compared to Other Algorithms

We evaluate the TS-HRRN against its component algorithms and state-of-the-art methods, including
the GA-DRL, across three mixed workflow scenarios using the consistent parameter settings detailed
in Section 5.2.2.

Fig. 3 shows execution efficiency and turnaround time. The results confirm that integrating the HRRN
(for fast dispatch) with the TSA (for global cost optimization) gives the TS-HRRN balanced performance
across all metrics. Notably, the TS-HRRN achieves this with approximately three times lower scheduling
overhead than the GA-DRL method, demonstrating greater practical efficiency. Consistent gains across
scenarios (S, M, L) validate the robustness and adaptability of our approach. Consequently, the method
capably handles both transient and macroscopic workload dynamics.
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Figure 3: Performance comparison in mixed workflow scenarios.

6 Summary
This paper proposes the TS-HRRN, a workflow scheduling method that synergistically combines the

TSA with the HRRN policy. Our approach effectively minimizes the rental cost and the SLA penalties for
heterogeneous workflows. Extensive evaluation demonstrates that the TS-HRRN reduces the cost by up to
94.8% against meta-heuristic baselines. It also achieves competitive cost-efficiency compared to a learning-
based method, while offering superior operational simplicity and stability, confirming its practical value and
excellent scalability. In the future, we will deploy the proposed method in fully dynamic cloud settings with
auto-scaling and stochastic arrivals. We also plan to extend it to the cloud-edge environment and investigate
integration with multi-objective optimization.
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