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ARTICLE INFO ABSTRACT

Keywords: In multi-domain environments, task scheduling is one of the most critical elements in stream processing
Task dependency systems, as it directly determines the upper bound on overall system performance. Existing task scheduling
Scheduling strategy

approaches in multi-domain stream computing environments primarily focus on achieving load balancing and
efficient resource allocation. However, they often overlook the performance degradation that occurs when
highly interdependent tasks are assigned to different domains. To address this limitation, we propose Md-
Stream, a multi-domain cooperative scheduling framework that improves task allocation efficiency and enables
collaborative processing across domains. The framework is discussed from the following perspectives: (1)
Impact Analysis: We analyze the negative effects of communication dependencies between tasks on system
performance under traditional scheduling methods in multi-domain environments. (2) Model Construction: We
design models that incorporate stream topology, task dependency, resource cost, and resource elasticity. (3)
Heuristic Graph Partitioning: We propose a heuristic graph partitioning method (KFM) that initially partitions
the task topology by extending the Kahn algorithm and subsequently refines it using an advanced move
strategy, non-periodic fast checking, and an adaptive Fiduccia-Matthews algorithm to refine the partitioning
based on computed gain values. (4) Task Allocation and Resource Elasticity: We develop a multi-domain
dependent task allocation method combined with a resource elasticity mechanism to optimize both task
distribution and resource utilization. Experimental evaluations demonstrate that Md-Stream significantly
outperforms both Storm and Lc-Stream. It reduces average latency by 56.9% and 34.0%, increases throughput
by 39.3% and 11.7%, and improves resource utilization by 65.8% and 33.0%, respectively.

Stream computing
Multi-domain environment
Distributed systems

1. Introduction resource scheduling is particularly critical for ensuring efficient and
stable system operation, especially in real-time environments.

In distributed cluster systems that span multiple domains, delays
caused by frequent I/O operations present a major challenge, partic-
ularly when processing large volumes of streaming tasks with inter-
task communication dependencies. Prior research often overlooks the
impact of task dependencies on system performance. When highly
dependent tasks are split and assigned to nodes across different do-
mains, frequent cross-domain communication is triggered, resulting in

The value of big data is realized through the collection, stor-
age, analysis, and in-depth mining of data within multi-domain envi-
ronments [1]. Batch processing, as a traditional big data processing
method, offers the advantage of handling multiple jobs simultaneously.
However, it falls short in meeting the requirements of real-time big
data analysis. Consequently, distributed stream processing systems
(DSPS) such as Spark Streaming [2], Samza [3], Cao et al. [4], Apache
Storm [5], and Apache Flink [6] have emerged. These systems incor-

porate specialized data processing architectures and drive advances in
data processing technologies.

Current research on stream computing primarily focuses on five key
challenges: resource scheduling [7], data migration [8], data partition-
ing [9], load balancing [10], and fault tolerance [11]. Among these,
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significant performance degradation. By contrast, scheduling tasks with
strong communication dependencies on processing nodes within the
same domain can substantially reduce I/0 transmission overhead and
lower system latency.
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Scheduling policies embedded in widely used DSPS frameworks,
such as Apache Storm [12], are typically general-purpose and domain-
agnostic [13]. For instance, Storm distributes tasks across worker pro-
cesses using round-robin strategies, which achieve superficial numer-
ical load balancing while neglecting data dependencies and commu-
nication locality. As a result, interdependent tasks may be allocated
to different workers, leading to excessive inter-process communication
and reduced system efficiency. This oversight negatively impacts sys-
tem performance, leaving opportunities for optimization in communi-
cation overhead [14], resource allocation [15], and related areas. Fur-
thermore, these strategies lack adaptability to dynamic multi-domain
computing environments, where network conditions, task graphs, and
resource states vary over time.

Several studies have explored heuristic and approximate schedul-
ing algorithms [16,17]. However, most heuristic-based formulations
remain tailored to a single administrative domain and do not account
for holistic resource elasticity dynamics and cross-domain cooperation
in multi-domain stream deployments.

In multi-domain environments, computing resources are heteroge-
neous, and network latency and bandwidth are often non-uniform.
These factors violate the uniform-resource assumptions of traditional
schedulers. As a result, task placement becomes inefficient and commu-
nication overhead increases due the need for handling heterogeneity
issues explicitly. Therefore, there is a pressing need for scheduling
frameworks that go beyond load balancing and address the unique
challenges of multi-domain dependency-aware scheduling to achieve
more efficient and precise data processing [18].

To this end, we propose Md-Stream, a multi-domain cooperative
scheduling framework designed to reduce communication overhead,
improve resource utilization, and adapt to runtime variations by in-
tegrating task dependency modeling, domain-aware partitioning, and
elastic resource management. The framework comprises four key com-
ponents:

(1) Refined Partitioning and Dependency Modeling: Constructs

stream topology, quantifies task dependencies, represents the

application as a graph, and introduces resource elasticity for
real-time monitoring.

Topology Graph Partitioning: Partitions the application’s di-

rected acyclic graph (DAG) using an enhanced version of Kahn’s

algorithm that arranges tasks in topological execution order.

Communication-intensive tasks are grouped into initial blocks,

and the Fiduccia-Matthews algorithm is used to refine parti-

tions based on communication dependency degree and resource
constraints.

(3) Multi-Domain Task Dependency-Aware Allocation: Maps par-
titioned task blocks to resource nodes using a lightweight greedy
strategy. This strategy ranks candidate nodes based on communi-
cation overhead and resource availability, prioritizing resource
utilization while minimizing cross-node and cross-domain data
transmission.

(4) Resource Elasticity Mechanism: Detects bottleneck nodes with
high resource usage and applies a heuristic parallelism adjust-
ment algorithm to iteratively reconfigure executors, reduce sys-
tem latency and improve performance.

(2

—

This paper builds upon the earlier Td-Stream work [19], which pro-
posed a task dependency-aware scheduling strategy for cross-domain
Storm deployments, including dependency modeling, dependency-
aware task allocation, and an initial elasticity mechanism for runtime
parallelism adjustment.

Building on Td-Stream, Md-Stream extends the framework in three
aspects. First, it introduces a heuristic topology-partitioning algorithm,
KFM, which constructs an initial partition via a modified Kahn-based
topological ordering and refines partitions using an adaptive Fiduccia—
Mattheyses move strategy with non-periodic fast checking. Second, it
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strengthens the resource elasticity design by incorporating an Orl-based
capacity model, an online parallelism update algorithm for operator
reconfiguration, and an idle-node hibernation mechanism to further
improve resource utilization. Third, it expands the experimental eval-
uation with additional topologies, broader performance metrics, and
extended comparisons against Storm, R-storm and Lc-Stream.

The remainder of this paper is organized as follows: Section 2 re-
views related work. Section 3 defines the problem and Section 4 focuses
on model construction. Section 5 details the Md-Stream scheduling
framework. Section 6 presents experimental results and performance
analysis. Finally, Section 7 concludes the paper and outlines future
work.

2. Related work

This section reviews recent research in two relevant areas: resource
scheduling strategies and multi-domain cooperation frameworks for
distributed stream computing systems. Table 1 summarizes a compari-
son between Md-Stream and representative related works across several
key dimensions.

2.1. Resource scheduling

Resource scheduling is the process of ensuring that the resource re-
quirements of a converged streaming task are aligned with the resource
capacities of distributed hosts. Its objectives involve minimizing com-
munication dependencies between tasks, optimizing overall resource
utilization, and maximizing cost-effectiveness under a set of system
constraints.

R-Storm [27] is the built-in resource-aware scheduler for Apache
Storm. It aims to enhance processing performance by optimizing re-
source utilization and minimizing internal network latency. The sched-
uler formulates resource-aware scheduling as a quadratic multivariate
three-dimensional knapsack problem.

P-Scheduler [20] introduces an adaptive hierarchical scheduling
scheme that estimates the number of nodes required for a topology and
co-locates high-traffic components on the same JVM or node to reduce
inter-task communication overhead. To improve adaptability, Leila Es-
kandari et al. later proposed T3-Scheduler [21], a two-stage topological
traffic-aware approach that co-locates communication-intensive execu-
tors to further minimize communication costs. Building upon these,
I-Scheduler [22] adopts a heuristic mechanism that compresses task
graphs and leverages optimization software for task assignment. In the
absence of such software, it uses a backtracking method to partition the
application graph based on node heterogeneity.

Similarly, several works have investigated operator placement from
an optimization perspective. Cardellini et al. [28] formulated operator
placement as an integer linear programming problem, accounting for
heterogeneous computational and network resources. Liu et al. [29]
proposed a selectivity-based partitioning method that determines op-
erator parallelism by evaluating the influence domain of upstream
operators. SP-Ant [23], on the other hand, applies an ant colony
optimization algorithm to allocate executors across heterogeneous com-
pute nodes, balancing local and global optimization objectives. ER-
Storm [24] focuses on resource elasticity and scalable decision-making
by introducing model-free reinforcement learning to guide runtime
operator replication and relocation under dynamic workloads.

Wang et al. proposed CAPSys [26], an adaptive resource controller
for Apache Flink that jointly optimizes task placement and auto-scaling.
It models compute, state-access (I/0), and network contention, and
uses empirically validated heuristic pruning to search the NP-hard
placement space. CAPSys can generate a feasible placement within
100 ms even for queries with hundreds of parallel tasks. However,
it is designed for datacenter settings where propagation delay is as-
sumed negligible, and thus does not explicitly address cross-domain
cooperative scheduling. It also assumes homogeneous tasks within the
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Table 1
Comparison between Md-Stream and related work.
Work Year Performance Method
Resource utilization Real-time Heuristic Multi-domain Task dependency Operator
efficiency responsiveness strategy cooperation awareness parallelism
P-Scheduler [20] 2016 v X X X X X
T3-Scheduler [21] 2018 v X X X X v
I-Scheduler [22] 2021 v X v X X X
SP-Ant [23] 2022 v X v X X v
ER-Storm [24] 2023 v X v v v v
Chunlin et al. [25] 2022 v X v v X v
CAPSys [26] 2025 v v v X X v
Md-Stream (Our work) v v 4 v v v

same operator and treats data skew as out of scope, requiring separate
mitigation before placement.

Despite these contributions, several limitations remain. R-Storm
suffers from high computational overhead in distributed scenarios.
P-Scheduler, T3-Scheduler, and I-Scheduler incur substantial computa-
tional delays during node prediction and depend heavily on external
optimization software such as METIS [30], which adds latency and
complexity during runtime scheduling. Moreover, while SP-Ant and ER-
Storm incorporate optimization and elasticity considerations, they pro-
vide limited modeling of task dependencies and often introduce signif-
icant decision-making overhead, hindering their real-time adaptability
in large-scale, heterogeneous stream processing environments.

2.2. Multi-domain cooperation

Multi-domain cooperation serves as a fundamental model for scaling
distributed systems. By distributing system components, data storage,
computing power, and network resources across multiple domains, it
overcomes single-node bottlenecks. This model supports parallel task
execution, enhances resource utilization, and improves data security
and service availability, making it a key area of research.

Chunlin et al. [25] proposed a data placement algorithm based on
Lagrangian relaxation to optimize massive data transfers across geo-
graphically distributed domains. The algorithm minimizes transmission
costs by jointly considering data center capacity and load balancing.
It reformulates the bandwidth cost problem as a multi-source shortest
path problem and derives the optimal placement scheme using linear
programming and Lagrangian relaxation.

Xu et al. [31] developed a bandwidth-aware algorithm that inte-
grates convex optimization with random sampling to minimize band-
width consumption while meeting latency constraints. This approach
effectively balances user requests across data centers but degrades
in performance when facing irregular or rapidly changing request
patterns.

In parallel, growing environmental concerns have motivated energy-
aware multi-domain scheduling studies. Ehsan et al. [32] presented
ECAIVMP, a heuristic approach designed to reduce cross-domain en-
ergy consumption and carbon emissions while maintaining service
quality. The strategy accounts for both IT and non-IT energy usage
in virtual machine placement. Similarly, Hosseinalipour et al. [33]
introduced a graph-based job assignment method that models power
consumption in data centers. Their scheme utilizes low-complexity
subgraph extraction for scheduling under both fixed and adaptive
pricing models and incorporates online learning algorithms to improve
adaptability in dynamic environments.

Despite these advancements, existing solutions share several limi-
tations. Most exhibit limited adaptability to dynamic network topolo-
gies and fluctuating workloads, resulting in inefficient resource allo-
cations under varying traffic conditions. Furthermore, they generally
lack awareness of task dependencies and provide weak integration
between communication-aware scheduling and elasticity mechanisms,
restricting their effectiveness in large-scale, heterogeneous, and rapidly
changing stream processing systems.
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Fig. 1. Operator instantiation.

To overcome these challenges, Md-Stream is proposed as a cooper-
ative multi-domain scheduling framework that integrates task depen-
dency modeling, adaptive task allocation, and resource elasticity. It is
designed to minimize communication overhead, reduce latency, and
improve resource utilization under dynamic conditions.

3. Problem statement

This section first analyzes the task dependency challenge in multi-
domain computing environments, then presents the task allocation
strategy and the construction of our optimization model.

3.1. Task dependency

Stream computing systems need to address challenges posed by
large volumes of mixed data and complex computations [34]. The
instantaneous and non-uniform inflow of data complicates resource
prediction and often leads to unbalanced resource allocation. Insuffi-
cient resources and stream congestion can slow down processing and
negatively impact performance. To optimize performance, both task
dependency and resource allocation must be considered in scheduling
decisions.

Modern stream systems use operator instantiation to enhance re-
source scalability and distribute input load. The parallelization strategy
splits complex computational tasks into subtasks, which are executed in
parallel on different processing units. Each operator instance indepen-
dently processes fragments of data stream across processors, threads,
or compute nodes.

As shown in Fig. 1, data from the source is passed to a Splitter
component. The Splitter component divides it into segments and passes
them to downstream operator instances. Each instance processes its
segment in parallel and returns results to a Merger component, which
aggregates outputs before sending them to the data sink.

In Storm systems, multiple instances of spouts (data sources) and
bolts (data processors) are executed in parallel. Users configure the
number of executors to set the degree of parallelism, and resource
elasticity can be achieved by increasing the number of executors when
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Fig. 3. Task allocation in Storm.

congestion is detected. Although topologies are configured statically,
Storm allows re-balancing during runtime to adjust parallelism levels.

Task dependencies define constraints on data flow and execution
order between tasks [35]. In stream systems, such dependencies pri-
marily involve communication dependencies—i.e., the need for tasks
to exchange data rather than to execute in strict order. Fig. 2 illustrates
three typical dependency types: serial, parallel, and mixed.

Serial dependency: one task must complete before another task
can begin, enforcing sequential execution. Parallel dependency: Inde-
pendent tasks can execute simultaneously, with no mutual constraints.
Mixed dependency: A combination of both, involving partially parallel
and partially sequential task flows.

Unlike batch systems, stream task execution is loosely coupled.
Component instances are relatively independent, and task dependencies
primarily impact data transfer (not execution correctness), making
communication latency a critical factor.

3.2. Task allocation

In Apache Storm, the default scheduler (DefaultScheduler) attempts
to balance load by assigning tasks to resource nodes with the highest
remaining capacity. Fig. 3 shows a scenario in which tasks (repre-
sented by diamond shapes) with mutual dependencies are assigned
to the third resource node based solely on capacity. Since dependent
tasks reside on different nodes (e.g., nodes 1, 2, and 4), communica-
tion occurs across nodes, significantly increasing latency—especially in
multi-domain settings.

While DefaultScheduler achieves basic load balancing by evenly
distributing executors, it does not account for inter-task dependencies.
As a result, related tasks may be assigned to distant nodes, lead-
ing to excessive communication overhead and increased processing
latency [36].

To further analyze this issue, a cross-domain cluster environment
was emulated using Apache Storm on local virtual machines. Two

Future Generation Computer Systems 184 (2026) 108616

1.0 T T T T T
Y(1,3)
Y@, 1)
\g/ 0.8 =
g
§ |
£0.6 [\ T
=) \
£ \
2 \
3 e
204 e, .
Q \rlfl—f'—o 0000000000000 000
©
Zozt

K G KKK HH KA H T K Kt KK ox

0.0 L 1 1 I 1
100 200 300 400 500 600

Running Time (s)

Fig. 4. Effect of task dependencies on latency in WordCount.

1.0 T T T T T

—— Y(1,3)
—— Y(3,1)

S
®
T
1

)
)
T
I

/*—04——./—01".\0/\. |
j%& /r.\.,.\. ‘/" ._.\rH

[ K~
K=K N%%%%%‘*éygéKgKfaee

0.0 1 1 1 1 1
100 200 300 400 500 600

Running Time (s)

e
K
T

Average Processing latency (ms)
o
o

Fig. 5. Effect of task dependencies on latency in TOP-N.

representative stream applications, WordCount and Top-N, were de-
ployed to evaluate average processing latency — measured as the time
interval between tuple generation and processing completion — under
two configurations: Y(1,3) (one domain with three resource nodes) and
Y(3,1) (three domains with one resource node each).

As shown in Figs. 4 and 5, latency in the Y(3,1) configuration
is consistently higher than in Y(1,3), due to additional cross-domain
communication overhead. Although DefaultScheduler distributes ex-
ecutors evenly, it fails to consider task dependencies, which leads
to suboptimal placements in terms of latency. If the actuators are
unnecessarily dispersed to resource nodes in different domains, the
communication due to task dependencies introduces additional latency.
The DefaultScheduler used in the experiments distributes component
executors evenly across resource nodes and achieves a basic level of
load balancing. However, it may not provide optimal task placement
when task communication dependencies are considered. It is necessary
to fully consider the dependencies between tasks and choose appropri-
ate configuration and scheduling strategies to reduce communication
delays and thus improve system performance.

In real-world multi-domain environments, where resource nodes
may be deployed in geographically distributed environments, cross-
node communication introduces non-negligible delays. Factors such as
physical transmission distance, network infrastructure quality, conges-
tion, and protocol overhead contribute to this latency. These delays not
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Table 2
Main notations used in this paper.

Symbol Description

G Directed acyclic graph

V(G) Set of graph vertices

EG) Set of connected edges

v Component vertex i

Vix kth instance of component vertex i

€0y Edge between instances v;, and v;,

Tael; Average execution latency of instance j

Temn; Number of messages processed by instance j

de,,,, Dependency between components v; and v,

de, .. Dependency between task instances v;, and v;,,

sy, 0, Dependency strength between v, and v;,,

fas(eing;) Communication dependency overhead between subgraphs g; and g;
R Integrated resource entity comprising fully-interconnected nodes
r; Resource node ith within the integrated resource entity

Py Resources consumption of instance v;,, at node i

f(g) Resource overhead of subgraph g;

Orl; Resource level (capacity) of operation node i

Orl oy Maximum capacity threshold of operation node

Orl i Minimum capacity threshold of operation node

only increase the execution time of individual tasks but also degrade
the overall throughput and real-time responsiveness of the system.

4. System model

To address these issues, four interrelated models are established: (1)
a stream topology model to describe the structure of stream applica-
tions, (2) a task dependency model to reveal inter-task dependencies
and communication requirements, (3) a resource cost model to quantify
the computational cost of task execution, and (4) a resource elas-
ticity model to evaluate node capacity and trigger adaptive resource
adjustments when necessary.

For clarity, the main notations used throughout the paper are
summarized in Table 2.

4.1. Stream topology model

A stream application can be represented as a topology with two
views: logical view and physical view.

The logical view consists of operators and stream. Operators are
self-contained processing units responsible for performing specific op-
erations, such as filtering or labeling. Streams represent unbounded
sequences of tuples exchanged between operators. Each operator per-
forms partial computation on incoming tuples and sends the partial
processing results to downstream operators.

The physical view is represented by a directed acyclic graph G =
(V(G), E(G)), where V(G) is a set of vertices consisting of data sources,
operators, and receivers, and E(G) is a set of edges along which streams
flow between vertices. Each operator can have one or more tasks,
which are instance of the operator performing identical computations
on different data streams, enabling parallel execution. The number of
tasks can dynamically change during runtime based on system states.

When multiple tasks exist within an operator, a stream grouping
mechanism defines how data from sender tasks is partitioned and
distributed among receiver tasks. As shown in Fig. 6, a simple ex-
ample topology contains five components (one spout and four bolts).
Squares represent components, circles denote task instances, and the
number of circles corresponds to component parallelism. In this ex-
ample, components A, B, C, and D have 1, 3, 2, and 1 task instances,
respectively.

Formally, V(G) = {yli €1,...,n} denotes a finite set of n ver-
tices, where each vertex v; corresponds to an operation. E(G) =
[Vi ks Vjm € V(G)} denotes the set of directed edges between

eU:,k»”j.m
instances, with e,
Vik-Vjm
stances v;; and v; .

representing communication between task in-
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Spout: A

Fig. 6. Stream topology structure.

4.2. Task dependency model

In streaming systems, task dependencies are defined by data trans-
fer relationships rather than execution order. In the topology graph,
upstream and downstream operators are connected by edges wherever
data transmission occurs, as defined in Eq. (1).

1, if data transfer exists between v; and v,

= ) @
7 0, otherwise.
Similarly, dependencies between task instances are represented as
in Eq. (2).

Co0

(2)

0, otherwise.

The dependency strength ds quantifies the communication intensity
between tasks, expressed as the product of the dependency indicator
and the average transmission rate (asr) between two tasks, as shown in
Eq. (3).
ds =de . atrui'kajJn’ 3)

“UiksVjm Vi ksVjm

{1, if data transfer exists between v, and v; ,,,
VikVim ~

Here, atr represents the expected number of tuples transmitted from
the upstream to downstream instance per unit time.

In stream computing, communication can occur (i) within nodes,
(ii) across processes on the same node, or (iii) across nodes—with cross-
node communication being the most expensive. Therefore, the objective
is to maximize the sum of dependency strengths within nodes and
minimize those across nodes.

Let the topology be divided into k partition blocks, where g; denotes
the ith block (g; € G,(i = 1,2, ..., k)), and blocks are non-overlapping.
The inter-block dependency strength between subgraphs g; and g; is
defined in Eq. (4).

fasteg) =, D, dsyu )
Vi k€8i VjmE€Ej
The objective function for minimizing cross-block dependency

strength is expressed in Eq. (5).

k k
F = min 2 Z fdx(g,-,gj), ®)

i=1 j=1
4.3. Resource cost model

Each component has distinct computational requirements, leading
to varying runtime resource consumption. Even within the same com-
ponent, tasks may differ in cost due to data characteristics or stream
grouping patterns.
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The resources of a node can be measured in dimensions such as
CPU and memory. Define a resource set R consisting of / fully intercon-
nected nodes, where R = {rl, ,r,}. The CPU resource occupancy of

node i is denoted as rf, and its memory resource occupancy is denoted
as r,M . At a certain point in time, there may be multiple task instances
running at node i. Let Uy, i denote the amount of computational
resources consumed by the task v;,, at node i. The value of Uy, i
can be obtained by proportionally calculating the resource occupancy
of the resource nodes collected during the topology runtime, and this
relationship is expressed by Egs. (6) and (7).

Urbc'j,m,i =ry 0y, i (6)
orM =M. ™

i i Vjmol?
where 8y,,,.i Tepresents the ratio between the number of data tuples

transferred by this instance and the number of data tuples transferred
by all tasks of node i, as represented by Eq. (8).

p, jm
Oy, IS (8)

mol ’
I ka'per,- Ipvkyp
The total resource consumption of a task is defined in Eq. (9), where
a is the weighted value of CPU resources.

— .1 C N M
Uy, =@ Urv,,m,i"'(l a) Urv,,m,i’ 9

The resource overhead for a single subgraph is calculated by
Eq. (10).

fe)= Y, vry,. 10)

Ui m€8i "
4.4. Resource elasticity model

To evaluate whether a node has reached its capacity limit, we
define a capacity parameter for each operational node. This parameter
indicates whether a node is becoming a performance bottleneck or is
underutilized.

Let instance j of a component have an average execution latency
Iael; and a total number of processed messages Iemn;. The capacity of
instance j is given by Eq. (11), where ¢, and ¢, denote the start and end
times of the sampling window.

I Lael; - Iemn; 1
ri; = ?, an
As multiple instances execute in parallel, the component-level ca-
pacity Orl; is determined by the maximum instance capacity, as shown
in Eq. (12).

Orl[:max(Irlj),je{1,2,...,M}, 12)

When Orl; approaches 1, the node is near full capacity, and paral-
lelism should be increased. Conversely, when Orl; approaches 0, the
node is underutilized, and parallelism can be reduced. Two thresholds,
Orl,,,. and Orl,;, are defined to trigger elastic resource adjustments
when these bounds are reached.

5. Md-stream: architecture and algorithms

Building on the models presented above, we propose Md-Stream, a
multi-domain cooperative scheduling framework for distributed stream
computing systems.
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5.1. System architecture

Md-Stream optimizes task scheduling by integrating topology graph
partitioning, multi-domain task allocation, and a resource elasticity
model. It accounts for task dependency strength, cross-domain com-
munication overhead, and available resources to improve scheduling
decisions in stream computing environments.

Fig. 7 illustrates the overall architecture of Md-Stream, which is
implemented on top of Apache Storm. The system consists of core Storm
components (Nimbus, Zookeeper, and Supervisors) and three additional
modules: a Monitoring module, a Database, and the Core Scheduling
module introduced by Md-Stream.

Among them, Nimbus is responsible for coordinating and managing
the entire Storm system. It assigns tasks to worker nodes and manages
their lifecycle.

Zookeeper provides distributed coordination services. It maintains
global configuration parameters, ensures consistency across compo-
nents, and simplifies resource discovery through unified naming ser-
vices.

Supervisor runs on each compute node and receives task instruc-
tions from Nimbus. It starts or stops worker processes accordingly,
enabling dynamic adaptation to task changes and ensuring stable ex-
ecution.

To enable real-time optimization of task placement and resource
allocation, Md-Stream introduces three key modules:

Monitoring module: Continuously collects system metrics such as
CPU usage and data stream characteristics, enabling real-time assess-
ment of system load and resource demands.

Database module: Stores historical and current task information
along with monitoring data. It provides a persistent backend for data-
driven scheduling decisions.

Core scheduling module: The central component of Md-Stream,
this module replaces Storm’s default scheduler by implementing the
IScheduler interface. It integrates real-time monitoring and histor-
ical data to perform dependency-aware and resource-optimized task
scheduling.

Together, these enhancements enable Storm to support real-time
monitoring, data-driven task allocation, and adaptive scheduling, sig-
nificantly improving responsiveness, scalability, and overall system
performance in complex and dynamic stream processing scenarios.
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5.2. Topology partitioning

Topological graph partitioning seeks to divide a task topology graph
by considering task dependencies and resource consumption. However,
this problem is theoretically NP-hard, making it infeasible to search
exhaustively for an optimal partitioning scheme. To address this, we
adopt a heuristic graph partitioning algorithm, KFM. This algorithm
first generates an initial partition using a modified Kahn’s algorithm for
topological sorting. It then combines an adapted Fiduccia—Mattheyses
algorithm for gain computation with a non-periodic fast-check vertex
movement strategy to refine the partitioning.

The stream topology is modeled as a directed acyclic graph (DAG)
G = (V(G), E(G)). Let g, ..., g, denote the k partition blocks such that
g U-Ug, =G, and g;ng; =@ forall i # j.. A threshold L, is defined
for the aggregate weight of vertices in each partition. A block g; is
considered overloaded if its total vertex weight exceeds this threshold,
i.e., f.(g;) > L,y otherwise, it is balanced if f,(g;) < L. A vertex v
is termed a boundary node if it has neighbors in a different partition.

The partitioned graph can be abstracted into a quotient graph,
in which each node represents a partition block and edges denote
inter-block dependencies. In a weighted quotient graph, node weights
reflect the total weight of the block, and edge weights correspond to
the cumulative weights of inter-block edges. This abstraction helps
capture the relative importance of each partition and the strength of
connections between them.

The KFM partitioning approach must satisfy two constraints:

(1) Balance constraint: Vi € {1,...,k}, the total weight must not

exceed a relaxed threshold: f,(g,) SL ax=U+p) [f ’(G)w where
x €(0,1) is a user-defined imbalance factor.

(2) Acyclic constraint: The input graph must be acyclic, a condition
inherently satisfied by stream processing topologies.

The objective function of KFM aims to minimize the total weight
of edges cut across partitions: min Zf.;l Zj;l fas(g;>8;), where f,.(g;,8;)
denotes the total weight of edges connecting blocks g; and g;.

In summary, the goal is to find a partitioning [] = g, ..., g such
that: the balance constraint is satisfied, the graph remains acyclic, and
the total weight of inter-partition edges is minimized.

The balance constraint ensures that the aggregated resource demand
of each partition does not exceed the domain’s processing capacity,
which is critical for avoiding resource contention. Minimizing the
edge cuts reduces inter-domain task dependencies, which in turn de-
creases communication overhead and enhances the efficiency of stream
application processing.

Algorithm 1: Modified Kahn Algorithm
Input: Stream application G = (V, E)
Output: Topologically sorted list T’
1 Initialize list S containing all vertices with in-degree of 0;
2 Initialize empty list T’ to store the topological ordering;
3 while S # ¢ do

4 Select u € S;

5 S.remove(u) /* Remove vertex u from S */;

6 T.append(u) /* Add vertex u to sorted list T */;
7 for each neighbor v of u do

8 indegree[v] = indegree[v] — 1 ;

9 if indegree[v] == 0 then

10 ‘ S.append(v)

1 end

12 end

13 end
14 return T

As shown in Algorithm 1, the algorithm begins by initializing two
lists: .S, which stores vertices with zero in-degree, and T, which will
hold the final topological order. In each iteration of the loop, a vertex u
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Fig. 8. Example stream topology.

Fig. 9. Initial partitioning result of the stream topology.

is selected from S, appended to T, and its outgoing edges are removed.
If this results in any of u’s neighboring vertices reaching zero in-degree,
they are added to S. The process repeats until S becomes empty. The
final list T represents a valid topological sort of the input graph.

The modified Kahn algorithm achieves a time complexity of O(|V |+
| E|), making it efficient for sorting large-scale graphs. During initializa-
tion, all vertices are scanned once to compute in-degrees and identify
those with zero in-degree, yielding O(|V|) time. Each edge is processed
exactly once across the loop, leading to O(| E|) time in total.

Using Algorithm 1, we obtain the topological list T that includes
all vertices in the graph. Based on this list, the graph is divided into
a sequence of blocks composed of consecutive nodes, forming the
initial partitioning scheme. The design of the improved Kahn algorithm
ensures that vertices in block g; do not have outgoing edges to any
block g; for i < j, thus maintaining acyclicity across partitions.

Due to the randomized nature of the initial partitioning, the algo-
rithm is executed  times, each with a different random seed. Among
these candidates, the partition with the best performance (e.g., lowest
inter-block communication cost) is selected as the final initial solution.

Consider the example topology graph shown in Fig. 8, where all
vertex weights are set to 1. The weights on the edges denote commu-
nication costs between connected tasks. Suppose we aim to divide this
graph into k = 3 partitions, with an imbalance tolerance y = % and a
maximum partition capacity L., =5.

Fig. 9 illustrates the resulting initial partition layout obtained
through the modified Kahn-based method.

Using the modified Kahn algorithm, we obtain a valid topological
ordering of the example graph: T = {v],uz,v3,v4, vs,vﬁ,v7,us,vg}.
We aim to divide the graph into k = 3 partitions, ensuring that
the total vertex weights across the partitions are balanced and meet
the equilibrium constraint. One feasible initial partitioning is: g, =
{vi,v3,03}.8 = {v4, 05,06} .83 = {v7,08.09}, This initial division is
illustrated in Fig. 9.
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5.3. Heuristic graph partitioning

To facilitate reproducibility, we provide a standalone implementa-
tion of the KFM algorithm and make the source code publicly avail-
able.!

The KFM algorithm reduces the number of cut edges by migrating
nodes between blocks given an initial solution. This reduction in the
number of cut edges after the migration operation is called the gain of
that migration. To evaluate the migration gain of node v, we define
two functions for assessing the effects of different vertex migration
strategies on the partitioning quality of KFM, as shown in Egs. (13)
and (14).

Cin(v.8) = ) ds, . (13)
ueg;

Caut(v’ gi) = Z dsv,u7 (14)
ueg;

C;, denotes the sum of dependency weights from all nodes in
partition g; to node v; C,, is sum of dependency weights from node
v to all nodes in partition g;.

Here, ds,, denotes the dependency strength from node u to v, as
previously defined. If v currently resides in g;, these edges are internal.
Moving v to another block would convert them into external edges,
increasing the inter-block communication cost. Conversely, if v belongs
to g; and is moved to g;, external edges become internal, reducing the
cut-edge cost.

For the given partitioning g;, g,, and g;, suppose we consider a
refinement step between g, and g,. Candidate vertices for migration
are selected using the following criteria: (1) From g,: vertices with no
outgoing edges pointing to any earlier partition than g,. (2) From g,:
vertices with no incoming edges from any later partition than g;.

Then the candidate vertices in g, are v, and v;, and the candi-
date vertices in g, are vy and vs. The gain values of these candidate
vertices are computed separately. The gain for a candidate vertex v;
is calculated as the edge weights between the blocks v; is moving to
minus the edge weights inside the block v; is located. It is expressed
by Eq. (15), which is the sum of the edge weights of this vertex inside
the partition block minus the sum of the edge weights of this vertex
connected between another partition block.

Sfunc(v, g4 — gp) = Cp (v, 8p) — C; (v, 84)
Sfunc(v,gg = g4) = Ci(0,84) — Cpy (0, 8 )

(15)

This gain function effectively evaluates the trade-off between de-
creasing cut edges (by converting external to internal edges) and in-
creasing them (by converting internal to external edges). The KFM
refinement process uses this gain value to determine which node move-
ments improve the overall partition quality while still satisfying re-
source balance constraints.

The candidate vertices are sorted into a priority queue based on
their gain values. If two candidates share the same gain value, a random
comparator determines their order in the queue. Based on the topology
graph and the gain calculation defined in Eq. (15), the initial priority
queue becomes:

For each candidate vertex v;, state modification rules are applied as
follows:

(1) Forward migration (g Ai» gp): Vertex v; is moved from partition
g4 to gp. After the move: v; and all its neighbors in gz (with
incoming edges from v;) are locked (disabled). Vertices in g, that
either point to v; or no longer have successors in earlier partitions
are enabled.

1 Source code available at: https://github.com/695200453/kfm.
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Fig. 11. Partitioning results for example topology.

(2) Reverse migration (gsi’ g4): Vertex v; is moved from gz to g4.
After the move: v; and all its neighbors in g, (with outgoing edges
to v;) are locked. Vertices in g5 that are pointed to by v; or that
no longer have predecessors in later partitions are enabled.

Next, the highest-priority enabled vertex in the queue is selected. If
a vertex is already disabled or its move violates the balance constraint,
the algorithm skips it. Otherwise, it is moved to the target block, and
the enable/disable states of related vertices are updated. Even vertices
with negative gain values are processed (moved and disabled) to ensure
completeness. Newly enabled vertices have their gain recalculated and
are added back into the priority queue. Previously computed gains for
other candidates remain valid unless their connectivity changes.

Fig. 10 shows the updated partitioning after moving v; from g; to
g,, a change that satisfies the balance constraint and yields a positive
gain. According to the update rules: v;, vy, and vs are disabled. v, a
newly enabled vertex, is evaluated and found to have a gain of 0. The
new priority queue becomes: v; (disabled), vs (disabled), v, (disabled),
v, (enabled), v, (enabled).

The algorithm proceeds with v,. Since v, has a gain of 0 and
its movement does not benefit the balance constraint, it is disabled.
Similarly, v; is also disabled for the same reason. Once all candidates
are disabled, the current internal pass between g, and g, concludes.

Next, the algorithm randomly selects another pair of partitions
for a new internal pass, provided that at least one of them is active
(i.e., contains an enabled vertex). If no active partitions remain, the
process terminates. To avoid local minima, the algorithm performs
multiple iterations (with all vertices re-enabled) until a predefined
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iteration limit is reached. The final result for the example is shown in
Fig. 11.

The total cut edge weight is reduced from 15 to 6, demonstrating
that the KFM algorithm significantly decreases cross-block communica-
tion costs and inter-task dependencies.

When partitioning a stream topology graph, both vertex weight
balancing and cluster resource constraints must be considered. Each
task may require different resources, and available node resources
change dynamically during runtime. Since the number of workers per
node is limited by the physical number of available slots, the number
of partition blocks k is calculated using Eq. (16):

HTmax
k= Numgo — H Tiax Numtask 16)
L& Numgy - f,(G)

Numyqqp

Eq. (16) is derived under a full-utilization assumption and repre-
sents the ratio between allocatable resources and expected per-task
demand. In practice, workload intensity may fluctuate, and operating
at theoretical capacity can increase the risk of transient overload. To
provide headroom, we introduce a safety-margin factor y € (0,1). In
our experiments, we set 4 = 0.7 (reserving approximately 30% slack
capacity) as a balanced choice between resource efficiency and runtime
stability, and keep this value fixed across all experiments.

The pseudo-code of the KFM algorithm for stream topology graph
partitioning is shown in Algorithm 2.

Definition (AcyclicCheck). Let the current partition be {g, ..., g, } with
total order 1 < 2 < --- < k. For a candidate vertex v considered for
movement between blocks g4 and gz (A < B):

» If v € g4 and is considered to move to gz, the move is allowed
only if

A(v = u) € E such that block(u) < B.

« If v € g and is considered to move to g4, the move is allowed
only if

A(u — v) € E such that block(u) > A.

Here block(u) denotes the index of the partition currently containing
vertex u.

Proposition (Acyclicity Preservation). The quotient graph induced by the
partition remains a directed acyclic graph after each refinement move.

Proof Sketch. The initial partition is constructed from a Kahn-based
topological ordering; therefore, all inter-block edges follow the block
order (i < j), and the quotient graph is acyclic.

During refinement between blocks g, and g (A < B), the Acyclic-
Check explicitly prevents the creation of any backward inter-block edge
(i.e., from a higher-index block to a lower-index block). Because any
directed cycle in a totally ordered graph must contain at least one
backward edge, such cycles cannot arise. Hence, the quotient graph
remains acyclic after every admissible move.

The KFM algorithm takes the stream application graph G, vertex
weights vr, , edge weights Sy, v; o per-node resource capacity rp,,,
scaling factor u, number of workers Numg,, and number of tasks
Num,, as input. The output is the optimal partitioning scheme P,
for the stream application. In Step 1, the number of partitions k is com-
puted using Eq. (16). The algorithm then iterates r times, generating a
candidate partition P, in each iteration. After completing all iterations,
it compares the candidate partitions and returns the best-performing
one as P,,;,,- To prevent deadlocks in dependency-aware scheduling,
the refinement stage is guarded to preserve acyclicity of the partition
quotient graph [37].

Within each outer iteration, the algorithm first obtains the topolog-
ically sorted list 7" (using Algorithm 1) and partitions T into k initial

Uik’
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Algorithm 2: Improved Heuristic Graph Partitioning Algorithm
(KFM)
Input: Stream application G = {V, E}, vertex weights vr, , edge
weights dsy, o per-node resource capacity r,,,, scaling factor
u, number of workers Num,,,, number of tasks Num,
Output: Optimal subgraph partition result P,
1 Compute number of partitions k using Eq. (16);
2 fort=0to v do

task

3 Obtain topological list T // Using Algorithm 1
4 Partition T into g, ---, g, satisfying balance constraints;
5 Enable all vertices;
6 while there exists at least one enabled vertex in any g,,--,g; do
7 Select g, and g // At least one must contain
enabled vertices
8 if A> B then
9 ‘ swap (g4, A) and (g, B) // enforce A< B
10 end
1 Initialize empty priority queue Q;
12 Identify candidate vertices satisfying AcvcLicCHECK(-, g4, 8p);
13 Compute their gain and insert candidate vertices into Q based
on gain values;
14 while Q # ¢ do
15 Vjm < PorMax(Q);
16 if v;,, is disabled then continue;
17 if v; ,.gain > 0 or (v;,.gain = 0 and its move improves
balance) then
18 if AcycLicCHECK (v ims & 4-&p) and balance constraint is
satisfied then
19 Move v, , between partitions;
20 UppATESTATES();
// Update states of affected vertices
21 if new candidate vertices are enabled then
22 Identify new candidates satisfying
AcycrLIcCHECK;
23 Compute gain and insert new candidates into
o;
24 end
25 end
26 end
27 Disable v, ,;
28 end
29 end
30 P < {g. &)
31 Store P, into set P;
32 end

33 P, < COMPARE(P);
34 return P,

optimal >

blocks g, ..., g, under the balance constraint, then enables all vertices
for refinement. Because the initialization follows the order of T, inter-
block dependencies are consistent with the block order, yielding an
acyclic quotient graph at initialization.

During refinement, the algorithm repeatedly selects two blocks g,
and gp such that at least one contains enabled vertices. It enforces
a consistent direction by ensuring A < B (swapping the selected
blocks if necessary). It then identifies candidate vertices between the
two blocks, computes their gain values, and filters candidates using
AcycLicCHECK(+, g4, gg) before inserting them into the priority queue Q.
The queue is processed in descending gain order using PorMax to
extract the current best vertex. If the selected vertex is disabled, it is
skipped. If the gain condition holds (positive gain, or zero gain but im-
proving balance), the vertex is moved only if AcycLicCHEck(v im> 84> gp)
passes and the balance constraint remains satisfied. After a move, states
of affected vertices are updated, and newly enabled candidates are
inserted into Q only after passing AcvcricCueck. Each processed vertex
is then disabled to ensure termination.
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Fig. 12. Multi-domain task allocation.

Unlike classical partitioners such as METIS, which mainly target
general or undirected graph cut minimization, KFM is designed for
constrained partitioning on stream DAGs, where dependency order and
quotient-graph acyclicity must be preserved. the time complexity of
the KFM algorithm is O(z(|V|log |V'| + | E|)), where z is the number of
outer iterations, |V | is the number of vertices, and | E| is the number of
edges in the graph. Each iteration involves generating the topological
sort, partitioning, state updates, vertex migration decisions, and queue
operations.

5.4. Multi-domain task allocation

In multi-domain distributed environments, dependent tasks are al-
located to processing nodes based on both resource utilization and
domain locality. The structure of the multi-domain task allocation
framework is illustrated in Fig. 12.

The allocation process follows the principle of resource-prioritized
assignment while considering domain boundaries. Priority is given to
nodes within the domain of the master node (e.g., DC1). When a
node’s task load exceeds a predefined threshold, tasks are allocated
to other nodes within the same domain to minimize cross-domain
communication. Only when local resources are exhausted does the
scheduler extend allocation to other domains.

Cross-domain communication adheres to the Round-Trip Delay
(RTD) model [38], which factors in latency, cost, server load, and
path reliability. To meet stream processing latency requirements, al-
location prioritizes domains with the lowest propagation delays. Nodes
are ranked based on communication latency, and tasks are assigned
sequentially.

The task dependency between two partitions is denoted in Eq. (17):

eg,.,g/. = fds(g[sgj)7 a17)

Algorithm 3 describes the task dependency-aware allocation strat-
egy in a multi-domain environment.

Algorithm 3 takes the optimal partitioning result as input and
produces a task scheduling strategy based on task dependencies. Given

Poptimal>s @ll the cut edges between partition blocks, denoted as
€o1er0 Corgsr 2 Cayphgy> ATE extracted from the partition set G =
g1, ..., 8 and sorted in descending order of edge weight (Step 1). In

parallel, the resource utilization of each computing node is obtained as
R, =rcy,...,rc, (Step 2).

To support locality-aware scheduling, domains are first ordered by
inter-region propagation latency. Within each domain, nodes are sorted
in ascending order of utilization, resulting in the final scheduling list
R = ry,...,r, (Step 3). This ordering ensures that tasks are preferen-
tially assigned to low-latency, low-utilization nodes, thereby reducing
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Algorithm 3: Task Dependency-Aware Allocation in Multi-

Domain Environments

Input: Optimal partitioning result P,pmal

Output: Task-to-node scheduling plan

Extract partition blocks g, ..., g from Pyyimars

Compute dependency weights between partitions and sort in
descending order: E, = {e&vg, I

[CI

Obtain resource utilization of each node: R, = {rc,...,rc,};
Sort all nodes based on domain latency and utilization:
R={r,....r,};

5 if G =0 or R=0 then
6 ‘ return null;

7 end
8
9

How

Initialize node counter j = 1;
while G # ¢ do

Initialize mapping map;;
1 for each node r; € R do

Assign the two blocks linked by the largest ¢, , to node r;;

8,

Remove g,, g5 from G and ¢,

Update re;s

while r¢; <y and G #  do
Assign next most dependent block g, to r;
Remove g, from G and corresponding e from E,;

< from E,;

end

Record current mapping map;;
Append map; to Map;
i=i+l

22 end
23 end

24 return Final task scheduling map M ap;

cross-domain transmission while maximizing resource efficiency. If
no partition blocks or resource nodes are available, the algorithm
terminates early by returning null (Steps 5-7).

A counter is then initialized to index the resource nodes (Step 8). As
long as there are remaining partition blocks, the algorithm iteratively
selects the two blocks linked by the highest-weight cut edge and assigns
them to the current node r;. These blocks and their corresponding edge
are removed from the respective sets, and the utilization of r; is updated
accordingly.

Subsequently, the algorithm continues assigning additional blocks
to r; by selecting those connected via the next highest-weight edges,
repeating the process until either the node’s capacity threshold is
exceeded or no unassigned blocks remain. Each resulting allocation is
recorded as a mapping map;, and once all partition blocks are assigned,
a complete mapping from partition blocks to resource nodes denoted as
M ap is obtained.

5.5. Resource elasticity mechanism

While initial topology partitioning provides a balanced structure, it
may not fully address dynamic workload conditions or avoid resource
underutilization. In real deployments, component bottlenecks and fluc-
tuating throughput may result in thread congestion or idle resources.
The resource elasticity mechanism addresses these inefficiencies by
dynamically adjusting the parallelism of operators.

This mechanism is triggered after the system reaches a steady
state, avoiding frequent thread reallocation during early-stage configu-
ration. When system latency exceeds the defined threshold, a heuristic
algorithm adjusts operator parallelism to maintain a smooth data flow.

The parameter parallelism degree PD; of the operation node i can
be adjusted according to Eq. (18). Here, RT; represents the rate of
receiving data tuples by operation node i, and RAP; represents the
average processing rate of operation node i. To avoid sudden abnormal
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changes during adjustment of the parallelism degree of the operation
node, the parameter w is set.
RT, — RAP,

RT; ’

i

PD;,=PD; + [a)~ 1s)

Here, RT; denotes the input tuple rate, RAP, is the average process-
ing rate, and w is a dampening factor to prevent abrupt changes.
The update process is described in Algorithm 4.

Algorithm 4: Component Parallelism Update Algorithm
Input: Operator capacity thresholds Orl,;,, Orl,,..
Output: Updated parallelism levels for all components

1 time < uptime();

2 if time > Timegqy;,, then

3 SL < Average system latency;

4 if SL > SL,,, then

5 for i =1 to N operators do

6 for j =1 to M executors do

7 Tael; < Avg. execution latency of executor j;
8 Temn; « Number of messages executed by j;

Lael ;-Iemn

9 Irl; < #,

10 end

11 Orl; < max(Irly, ..., Irly);

12 if Orl; > Orl, or Orl; < Orl; then

13 RT; < Input rate of component i;

14 PD; < Current parallelism;

15 RAP, « Avg. processing rate of component i;
16 Recalculate PD; using (18);

17 end

18 end

19 end
20 end

21 return Updated component parallelism;

In Algorithm 4, a threshold value for the capacity of the operation
nodes is entered and the new degree of parallelism is output. After
the system reaches a stable state, the system latency is measured. If
the latency exceeds the threshold, the topology is traversed to identify
operators whose parallelism should be adjusted. Calculate the capacity
of each actuator by traversing all the actuators of the current operation
node, obtaining the average execution latency of each actuator and
the number of messages executed, and take the maximum value of all
actuator capacities as the current operation node capacity parameter.
Determine whether this value meets the determination of the need to
adjust the parallelism resources, if it meets the conditions, the number
of thread resources of the operation node is adjusted by Eq. (18). At the
end of all traversals, the topology optimization scheme after resource
elasticity adjustment is obtained.

Although Orl,, and Orl;, are fixed during controlled experiments
to ensure fair comparison, the framework does not require static thresh-
olds. In practice, these parameters can be adjusted dynamically based
on recent monitoring statistics (e.g., moving averages or percentile-
based load estimates) and combined with hysteresis or cool down
intervals to prevent oscillatory scaling. This extension would improve
responsiveness under highly volatile stream workloads while preserving
stability.

The time complexity is O(N x M), where N is the number of oper-
ators and M is the number of executors. This complexity reflects the
nested traversal of all operator—executor pairs and parallelism updates.
Other operations have constant or negligible cost.

Task dependency-aware scheduling often results in fewer active
computing nodes. Once task allocation is completed, unused cluster
nodes can be hibernated or shut down. In multi-domain systems, where
energy prices and power availability may vary geographically, this
practice can reduce energy consumption and operational costs.

While predictive elasticity mechanisms can be effective under stable
and regular workload patterns, they often rely on accurate forecasting
models and incur additional training and maintenance overhead. In
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Table 3
Software configuration summary.
Software Version
0os CentOS 7
Apache Storm Apache-Storm-2.4.0
JDK JDK-8ul31-linux-x64
Apache Zookeeper Apache-Zookeeper-3.5.10
Python Python-3.10.6
MySQL MySQL-5.7

contrast, Md-Stream adopts a measurement-driven elasticity strategy
that reacts directly to observed operator load and system latency,
enabling fast adaptation to bursty and non-stationary stream work-
loads. This lightweight design improves robustness and reduces control
complexity in latency-sensitive multi-domain environments.

6. Performance evaluation
6.1. Experimental setup

Md-Stream is implemented on Apache Storm 2.4.0 and deployed
on a CentOS 7-based cluster with 15 nodes, including 1 Nimbus node,
2 ZooKeeper nodes for coordination, and 12 Supervisor nodes for
stream processing. To emulate a multi-domain environment, the 12
Supervisor nodes are logically partitioned into four domains (three
nodes per domain). Cross-domain communication is defined as traffic
between Supervisor nodes belonging to different domains. Additional
network latency is selectively injected into inter-domain traffic using
Linux Traffic Control (tc), while intra-domain communication remains
unchanged. Each node is equipped with a 2-core 2.67 GHz CPU, 2 GB
of memory, 40 GB of disk storage, and a 100 Mbps Ethernet interface.

During the experiments, real-time monitoring of the system runtime
status is performed via the native Storm UI component of Apache
Storm, and an automated high-frequency acquisition and recording
pipeline for core performance metrics is implemented with Python.
All experiments are conducted with each experimental configuration
executed independently three times, and every individual run is per-
formed continuously for 60 min after topology submission. We extract
and analyze two sets of experimental data: the runtime data of the first
700 s before the system enters the steady state, and the full-cycle data
of the complete 60-minute run.

The detailed experimental environment configuration is shown in
Table 3.

To evaluate Md-Stream’s scheduling policy, we use two commonly
studied Storm topologies: WordCount and Top-N.

The WordCount topology reads text from a stream, counts the
number of occurrences of each word, and outputs the results. It consists
of three main components: the Sentence Spout, the Split Sentence Bolt,
and the Word Count Bolt. The Sentence Spout reads textual data from
the stream. The Split Sentence Bolt identifies word boundaries and
splits the text into individual words using regular expressions or string
processing techniques. The Word Count Bolt counts word occurrences
in real time.

The logical structure of WordCount is shown in Fig. 13.

The Top-N topology processes large-scale data to identify the N
most frequent elements. It includes four main components: a data
source, a counting component, and ranking and merging components.
The data source reads input data; the counting component aggregates
frequency statistics; and the ranking/merging component sorts the data
to extract the top-N elements.

The logical structure of Top-N is shown in Fig. 14.

Both topologies are submitted to the cluster to evaluate Md-Stream’s
internal system performance.

Although WordCount and Top-N appear relatively simple at the
logical topology level, their physical execution graphs under realistic
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Fig. 13. WordCount topology.

Bolt: Rank

Bolt: Count

| [ |
Bolt: Merge

Fig. 14. Top-N topology.

parallel deployment are significantly more complex due to parallel
executors, inter-operator communication, and cross-domain task in-
teractions. As a result, the runtime execution DAG contains dense
dependency relationships and communication-intensive execution pat-
terns, making these workloads suitable for evaluating dependency-
aware multi-domain scheduling.

In particular, prior workload characterization and benchmark tax-
onomy studies [7,39] have shown that Top-N belongs to the category
of stateful, communication-intensive parallel aggregation workloads.
This type of workload is characterized by window-based aggregation,
dense inter-executor communication, frequent state access, and strong
sensitivity to scheduling locality and task placement. Similar execution-
level characteristics have also been identified in industrial streaming
benchmarks such as the Yahoo Streaming Benchmark (YSB) [40,41].
Although the application semantics differ, Top-N and YSB exhibit fun-
damentally similar execution-level dependency structures relevant to
scheduling optimization.

6.2. Parameter tuning

The operator node capacity threshold parameters Orl,, and Orl;,
determine whether the parallelism of a node should be adjusted. Their
values significantly affect the algorithm’s performance and must be
tuned experimentally.

To determine appropriate values for Orl,, and Orl;,, we adopt
a composite performance metric jointly evaluating system latency and
throughput, and define a comprehensive evaluation function f to re-
flect the overall performance of the Storm system, as represented by
Eq. (19).

(0-T)e
I
where L denotes average system latency, T denotes average through-
put, ¢, and ¢, are weighting factors, and 9 is a scaling constant. In our
experiments, we set ¢, = ¢, = 1, giving equal importance to latency
and throughput. Under this setting, the evaluation function simplifies
to Eq. (20).

f=(p1+) s (19)

. Je1
f=2 I (20)
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Fig. 15. Performance metrics under different threshold parameters.

Thus, maximizing f corresponds to maximizing throughput while
minimizing latency in a balanced manner.

To select the thresholds, we adopt a control-variable method to
evaluate performance under different values of Orl,, and Orl;,, and
the latency and throughput are recorded after the system reaches a
steady state.

Fig. 15 illustrates how the average system latency and through-
put change under different threshold settings. Because latency and
throughput respond differently to threshold changes, a single metric is
insufficient for parameter selection. Accordingly, Orl,,, and Orl;, are
selected by maximizing the composite evaluation score f in Eq. (19).
In this procedure, one threshold is varied while the other is fixed.
After the system reaches a steady state, the average latency L and
throughput 7' are measured, and the corresponding evaluation score
f is computed. The setting that yields the highest f is chosen as the
optimal configuration.

Table 4 lists the resulting f values for different Orl,,, candidates,
and the maximum is attained at Orl,, = 0.875. Similarly, Table 5
reports the scores for different Orl;, values, where the maximum
occurs at Orl ;. = 0.30.
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Table 4
Evaluation function f for varying Orl,,,.
orl,, ~ 0.80 0.825  0.85 0.875 0.90 0.925 0.95
f 437.94 435.73 436.58 438.08 435.65 432.82 425.63
Table 5
Evaluation function f for varying Orl,,.
orl,, 025 0.275  0.30 0325 035 0.375  0.40
f 426.26 423.50 434.73 427.67 433.40 431.28 428.72
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Fig. 16. Execution latency comparison between Md-Stream and other frame-
works.

For the stability threshold Timeg,,,, latency monitoring over
60 min indicates that system performance stabilizes after 700 s. Thus,
Time 1, = 700 s is used for all experiments.

Comparative evaluations are conducted between Md-Stream and the
following baselines: DefaultScheduler, the built-in scheduler provided
by Apache Storm; Lc-Stream [42], a recent multi-domain schedul-
ing strategy with a comparable design; R-Storm, a resource-aware
scheduler for Apache Storm that considers multi-resource constraints
(e.g., CPU and memory) and seeks to reduce intra-cluster commu-
nication overhead through resource-aware executor placement; and
SP-Ant, an optimization-based scheduler that combines a co-location
(bin-packing-style) step with an ant colony optimization procedure to
iteratively refine executor placement and reduce communication cost.
Both WordCount and Top-N topologies are used for this comparison.
Performance is evaluated using three metrics: latency, throughput, and
resource utilization.

6.3. System latency

System latency is a key indicator of scheduling strategy effective-
ness. Lower latency translates to faster processing and more responsive
feedback. By analyzing latency metrics, we can assess the strengths and
limitations of different scheduling approaches.

In this experiment, system latency is observed using the Storm UI,
with a Python crawler used to record and extract metrics. The latency
data were collected during a 60-minute execution window, with key
results reported for the first 700 s and the entire 60-minute run.

As shown in Fig. 16, the execution latency of all components over
the first 700 s is compared among Md-Stream, the Storm default
scheduler, R-Storm, and Lc-Stream, where the x-axis represents time
(seconds) and the y-axis represents execution latency (milliseconds).
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Fig. 17. Processing latency comparison between Md-Stream and other frame-
works.

Execution latency measures the time between when a tuple is received
and when processing begins, primarily reflecting queuing delay.

At startup, all policies exhibit high latency due to system initializa-
tion and configuration loading. After about 120 s, the Storm default
policy stabilizes with an average latency of roughly 18 ms. R-Storm
converges to a stable state after approximately 130 s, with an aver-
age execution latency maintained at around 16 ms, realizing a slight
optimization over the native Storm policy. Lc-Stream drops to about
15 ms after around 140 s and then remains near 14.4 ms. In contrast,
Md-Stream reaches a steady state after about 200 s with a lower
average execution latency of approximately 12 ms, reducing latency by
about 30%-40% compared with Storm’s default scheduler, by around
25% compared with R-Storm, and by about 10%-20% compared with
Lc-Stream within the first 700 s.

As shown in Fig. 17, processing latency (i.e., the total time taken
to handle a tuple, including all method execution and associated oper-
ations) is plotted over the first 700 s for Md-Stream, Storm, R-Storm,
and Lc-Stream.

All strategies exhibit high initial latency that gradually declines as
the system warms up: Storm and Md-Stream begin to decrease after
roughly 120 s, R-Storm maintains a continuous downward trend until
approximately 200 s, while Le-Stream continues decreasing until about
220 s and Md-Stream until about 160 s. Once the system reaches
a steady state, Storm fluctuates around 25 ms, R-Storm stabilizes at
approximately 21 ms, whereas Md-Stream stabilizes at approximately
13 ms, corresponding to about a 50% reduction compared with Storm
and a roughly 38% reduction compared with R-Storm. In comparison
with Le-Stream, which stabilizes at around 14 ms, Md-Stream remains
lower at about 13 ms, reducing average processing latency by roughly
10% within 700 s.

As shown in Fig. 18, the experimental comparison in the multi-
domain scheduling setting indicates that SP-Ant achieves lower re-
sponse time in a single-domain environment, mainly because its ant
colony optimization (ACO)-based iterative search, together with the
co-location (pinning) of communication-intensive operators, effectively
reduces inter-operator communication overhead.

However, when extended to multi-domain deployments, the ad-
ditional cross-domain network latency is explicitly amplified, while
SP-Ant lacks mechanisms for multi-domain cooperative placement and
dependency-aware control of cross-domain cuts; as a result, critical
dependency chains are more likely to span domains, leading to a
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Fig. 18. Total system latency comparison between multi-domain Md-Stream
and SP-ant frameworks.
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Fig. 19. Total system latency comparison between Md-Stream and other
frameworks.

noticeable performance degradation compared with the single-domain
case.

In contrast, Md-Stream leverages dependency-aware partitioning
and multi-domain cooperative scheduling to consolidate strongly de-
pendent tasks within the same domain or low-latency domains, thereby
mitigating cross-domain communication waiting. Moreover, once the
system reaches a stable operating regime, Md-Stream activates elas-
tic mechanisms, such as dynamic parallelism adjustment and idling
of underutilized nodes, to alleviate runtime bottlenecks and improve
effective resource utilization. Consequently, Md-Stream demonstrates
a clearer advantage over SP-Ant in multi-domain scheduling, achieving
lower end-to-end latency.

As shown in Fig. 19, Md-Stream, Storm, R-Storm, and Lc-Stream are
the four scheduling strategies for 60 min of total system latency. In
order to avoid a large fluctuation of data in a certain 10 s which is not
favorable for observing the results, it shows the average system latency
for each 120 s, totaling 60 min. The total system latency is calculated as

14

Future Generation Computer Systems 184 (2026) 108616

[ Lc-Stream
E=] Md-Stream

-
o
177}
—
5
=
a.
5
524
S
S
=
=
14
0-
5 10 15 20 25 30 35 40 45 50 55 60
Time (min)

Fig. 20. WordCount throughput comparison between Md-Stream and other
frameworks.

the sum of the execution latency of all components and the processing
latency of all components. From Fig. 19, it can be seen that when the
total system latency enters into stabilization, the system latency of the
Storm policy stays around 43 ms, the R-Storm policy maintains a stable
system latency at approximately 38 ms, and the total system latency of
the Lc-Stream policy stays around 28 ms. Before 12 min, the stabilized
total system latency of the Md-Stream policy is about 24 ms.

Notably, after the system reaches the defined stability time
(Timegupiy, = 700 s), Md-Stream’s resource elasticity mechanism
is activated. This mechanism dynamically adjusts resource alloca-
tions (e.g., thread counts for specific components), further optimizing
performance.

Compared to the Storm default policy, Md-Stream reduces total sys-
tem latency by approximately 56.9%. When compared to the R-Storm
policy, Md-Stream achieves a significant latency reduction of around
52.6%. When compared to Lc-Stream, it still achieves a substantial
reduction of around 34.0%.

Overall, the latency reduction is primarily attributed to Md-Stream’s
dependency-aware scheduling pipeline. The KFM-based partitioning
minimizes the weight of cross-partition dependency edges, thereby
reducing inter-partition communication. The subsequent multi-domain
allocation co-locates communication-intensive partitions within low-
latency domains, further suppressing cross-domain transmissions
among strongly dependent operators. As a result, tuples experience
reduced communication waiting and queuing contention, leading to
lower execution latency and improved end-to-end processing delay in
steady state.

6.4. System throughput

System throughput reflects a system’s data processing capability per
unit of time. In this experiment, we quantify the throughput under
Md-Stream, Storm, and Lc-Stream strategies. After submitting Word-
Count and Top-N topologies to the cluster, we observe system behavior
through Storm UI, and record data using a Python crawler. The experi-
ment duration is 60 min, with system throughput measured every 300 s.
The experimental results are shown in Figs. 20 to 21.

As shown in Fig. 20, the system throughput of WordCount over
60 min is compared under Md-Stream, Storm’s default scheduling
strategy, and Lc-Stream. Throughput is calculated as the ratio of the
change in Acked tuples to the time window of the counting component,
representing the number of tuples successfully processed per unit time.
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Fig. 22. Average CPU utilization comparison between Md-Stream and other
frameworks.

In the first 5 min, due to configuration loading, throughput for
all strategies remains below 2000 tuples/s; afterward, Storm stabi-
lizes with an average throughput of 2565 tuples/s. Around 700 s,
Md-Stream triggers its resource elasticity mechanism, leading to a
noticeable throughput increase between 10 and 15 min, and achieving
an average of 3589 tuples/s over the full duration, an improvement
of 39.9% compared with Storm. Compared with Lc-Stream, which
averages 3200 tuples/s, Md-Stream still attains higher throughput,
reflecting a 12.2% improvement.

As shown in Fig. 21, Top-N throughput is compared among Md-
Stream, Storm, and Lc-Stream. Storm maintains an average throughput
of 2565 tuples/s, while Md-Stream reaches an average of 3554 tu-
ples/s, improving upon Storm by 38.6%; although Md-Stream exhibits
a modest increase at around 15 min, the gain is limited because Top-
N already has sufficient executor resources. Compared with Lc-Stream,
which achieves an average throughput of 3198 tuples/s, Md-Stream still
attains higher throughput, yielding an improvement of 11.1%. Overall,
Md-Stream improves throughput by 39.3% relative to Storm and by
11.7% relative to Le-Stream.
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The throughput improvement mainly arises from reduced commu-
nication-induced stalls and improved alignment between operator par-
allelism and node capacity. By minimizing dependency cuts and co-
locating tightly coupled tasks, Md-Stream reduces costly remote data
transfers, enabling executors to spend more time on effective compu-
tation. After the system reaches the stability threshold, the elasticity
mechanism dynamically adjusts operator parallelism based on capac-
ity indicators, mitigating runtime bottlenecks and sustaining a higher
processing rate, which explains the observed throughput gains.

6.5. Resource utilization

As shown in Fig. 22, the average CPU utilization over a 60-minute
monitoring window for Md-Stream, alongside the baseline Storm, R-
Storm, and Lc-Stream, is presented. Utilization is computed as the
expected value across all active compute nodes, excluding dormant
nodes.

Storm’s average CPU utilization is approximately 36.5%, while R-
Storm maintains a stable average CPU utilization of around 40.5%
throughout the entire test period, realizing a moderate improvement
over native Storm through optimized resource scheduling. Md-Stream
reaches around 55% CPU utilization at the 5th and 10th min, and
stabilizes at about 60.5% from the 15th min onward. This improve-
ment is attributed to Md-Stream’s resource elasticity mechanism, which
dynamically adjusts operator parallelism and hibernates idle nodes,
resulting in a 65.8% increase in average CPU utilization compared with
Storm, and a 49.4% uplift relative to R-Storm. Lc-Stream maintains
an average utilization of about 45.5% by similarly hibernating some
idle nodes, delivering a moderate performance gain over both Storm
and R-Storm; nevertheless, Md-Stream further improves average CPU
utilization by approximately 33.0% over Lc-Stream.

Higher resource utilization is achieved not by increasing system
load, but by improving effective utilization. Dependency-aware parti-
tioning and domain-aware allocation reduce communication overhead
and idle waiting, while the elasticity mechanism continuously aligns
parallelism with runtime capacity. In addition, idle nodes are hiber-
nated after scheduling rounds to prevent prolonged underutilization.
In contrast, dependency-unaware schedulers may scatter correlated
tasks across domains, increasing communication overhead and idle CPU
gaps, resulting in lower overall utilization.

7. Conclusions and future work

The proposed multi-domain cooperative scheduling framework, Md-
Stream, is designed for cross-domain stream computing environments.
By partitioning tasks into fine-grained graphs and assigning highly
dependent tasks to the same domain, Md-Stream effectively reduces
inter-domain I/0 overhead. Additionally, the resource elasticity mecha-
nism dynamically adjusts operator parallelism, thereby lowering system
latency and improving throughput and resource utilization.

Experimental results demonstrate that Md-Stream delivers substan-
tial performance gains. However, certain limitations remain: (1) Sen-
sitivity to data surges: Md-Stream performs well under stable data
rates but may struggle during burst events that cause sudden traffic
spikes. (2) Limited load balancing: The current scheduler prioritizes
communication efficiency and dependency constraints, yet overlooks
global load balance, leading to potential node overloads.

Future work will enhance the dataflow monitoring module to sup-
port adaptive responses to real-time traffic variations. This improve-
ment also support the extension of Md-Stream to large-model-native
stream computing systems. In such scenarios, streaming applications
commonly exhibit complex DAG dependencies, dynamic workload fluc-
tuations, and heterogeneous resource requirements, and incorporating
global load balancing to ensure fair workload distribution while min-
imizing communication overhead. With further support from cloud-
native runtime monitoring and finer-grained scheduling coordination,
Md-Stream can serve as a feasible foundation for efficient scheduling
and adaptive optimization in large-model-native stream computing
environments.
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