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Abstract—Recent stream computing systems have shifted from
static, threshold-based straggler detection to adaptive, temporal-
pattern-based prediction. Existing prediction approaches typi-
cally rely on autoregressive time-series analysis to model each
node’s historical resource usage within a cluster. However,
they often overlook cross-node state correlations, resulting in
isolated prediction models that fail to capture the dynamic
spatio-temporal dependencies among nodes. To address these
limitations, we propose Ps-Stream, a proactive framework for
straggler prediction and mitigation. First, Ps-Stream constructs
a unified spatio-temporal graph by modeling compute nodes as
a spatial graph at each time step and linking each node across
adjacent time steps. Second, it learns spatio-temporal representa-
tions for straggler prediction by combining Graph Convolutional
Networks (GCNs) to capture spatial dependencies with attention
mechanisms to model temporal dynamics. Third, it incorporates
a fine-grained task migration strategy that proactively reallocates
tasks from predicted stragglers to the least-loaded nodes while
considering task dependencies and migration costs to minimize
migration overhead. Experimental results show that Ps-Stream
improves straggler prediction accuracy by up to 26%, reduces
maximum system latency by 62%, more than doubles maximum
throughput, and improves resource utilization by up to 34%
compared with state-of-the-art baselines.

Index Terms—Stream computing systems, straggler predic-
tion, straggler mitigation, graph convolutional network, attention
mechanism.

I. INTRODUCTION

D ISTRIBUTED stream computing systems serve as a core
infrastructure for real-time big-data applications [1], dis-

tributing continuous, high-throughput data streams across clus-
ters of compute nodes to meet the millisecond-level respon-
siveness required by services such as real-time fraud detection,
traffic monitoring, and financial trading [2], [3]. However,
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skewed data distributions, commonly generated by spatio-
temporally sensitive services such as hotspot aggregation in
geographic sensor networks, can lead to the emergence of
straggler nodes that lag behind their peers in clusters [3], [4].
Static schedulers, which cannot adapt to dynamic workload
fluctuations, may inadvertently assign compute-intensive tasks
to these already resource-constrained nodes, degrading overall
system performance [5], [6]. To address this, dynamic online
scheduling must be employed to redistribute tasks and mitigate
stragglers, thereby maximizing resource utilization across the
cluster [7].

Based on the timing of straggler mitigation, dynamic online
scheduling approaches can be categorized as either reactive or
proactive.

Reactive scheduling has been widely studied to handle
stragglers at runtime [8], [9]. These approaches monitor node
performance in real time and reconfigure workloads only
when overload conditions are detected [10]. Techniques such
as dynamic thresholding trigger task migration or resource
scaling once a node’s resource consumption exceeds a prede-
fined limit [11]–[13]. However, these methods often lack the
ability to predict future resource loads, especially when facing
uncertainties such as sudden traffic spikes or drastic workload
fluctuations [14]. As a result, systems may struggle to react in
time, motivating the shift toward proactive scheduling.

Proactive scheduling utilizes historical data and predictive
models to anticipate load changes [15], [16], adjusting task
deployment before nodes reach critical thresholds [17]–[19].
While proactive strategies have brought notable performance
gains in distributed stream processing systems [20], [21], they
still face challenges, especially when clusters exhibit strong
spatio-temporal interdependencies. In such systems, dozens or
even hundreds of compute nodes are tightly coupled: Inter-
node data transmissions and collaborative processing create
a complex spatial graph [22]–[24]. Over time, this graph
evolves, as each node’s load at a given time step both
influences and is influenced by the load of its neighbors at
subsequent steps.

However, many existing studies [8], [11], [15], [16] fail
to capture this complexity. They typically model each node’s
load as an independent time series, neglecting the correlations
between nodes and across time. Consequently, their predic-
tion models often struggle to accurately forecast the spatio-
temporal evolution of resource loads. Furthermore, when strag-
gler mitigation actions, such as task redistribution, alter the
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system’s load patterns, new data variations can emerge. These
variations may deviate significantly from historical data pat-
terns, thereby undermining the effectiveness of conventional
prediction models.

These issues motivate us to develop Ps-Stream, a proac-
tive framework for predicting and mitigating stragglers in
distributed stream-computing systems. Ps-Stream begins by
constructing a spatial graph with either a predefined or data-
adaptive adjacency matrix to describe relationships among
compute nodes. Graph neural networks (GCNs) [25] are
applied to this spatial graph to model correlations between
neighboring nodes at each time step, reflecting data flows and
computational dependencies throughout the cluster.

To incorporate temporal dynamics, Ps-Stream links each
compute node to its own representation across adjacent time
steps. This allows the model to learn temporal dependencies,
capturing trends and correlations in the evolution of resource
loads. By modeling both space and time, Ps-Stream can then
forecast which nodes are likely to become stragglers.

Building on these predictions, Ps-Stream constructs a fine-
grained task-migration model. Upon anticipating a straggler,
the system proactively triggers task scheduling to offload tasks
to the least-loaded nodes before bottlenecks occur, balancing
the system load in advance. In doing so, Ps-Stream also ac-
counts for task dependencies and migration costs to minimize
resource consumption and system overhead during migration.

Our main contributions are:
(1) Spatio-Temporal Graph Construction: We model

compute nodes as a spatial graph at each time step and
establish temporal connections across steps, creating a
unified spatio-temporal graph structure.

(2) Joint Feature Learning: We use graph convolutional
networks to model spatial dependencies and attention
mechanisms to capture temporal dynamics, enabling the
learning of robust spatio-temporal representations for
straggler prediction.

(3) Proactive, Cost-Aware Migration: We develop a fine-
grained task migration model that offloads tasks from
predicted stragglers to underutilized nodes, while con-
sidering task dependencies and migration overhead.

The rest of this paper is organized as follows. Section II
reviews related work. Section III introduces the system model,
including the application model, communication load model,
and resource model. Section IV formalizes the problems of
resource prediction and load-balancing. Section V details the
Ps-Stream methodology. Section VI evaluates the performance
of Ps-Stream. Finally, Section VII concludes the paper and
outlines future work.

II. RELATED WORK

In this section, we review recent works in two related areas:
reactive scheduling and proactive scheduling.

A. Reactive scheduling

Elastic resource allocation strategies in clusters largely
adopt a reactive approach, where resources are adjusted dy-
namically in response to real-time changes in the system

state. These strategies focus on optimizing resource utilization
while maintaining system QoS performance. Many approaches
respond to workload fluctuations by reallocating resources
to address sudden changes, essentially formulating resource
reallocation as a combinatorial task-to-resource assignment
problem [26], [27].

For example, Li et al. [8] proposed a cost-efficient load-
balancing algorithm for distributed stream computing sys-
tems, which reduces job execution costs while optimizing
load distribution. TOP-Storm [9] enhances resource utilization
through a topology-aware scheduler that logically groups tasks
to reduce inter-task communication, followed by resource-
aware task allocation. An adaptive scheduling method [12]
concurrently schedules multiple jobs using different policies
based on data dependencies and dynamically adjusts resource
allocation among jobs according to workload characteristics.
Brown et al. [11] focused on scheduling and provisioning for
dynamic workflows with unpredictable workloads, prioritizing
critical tasks to ensure reliable and efficient stream processing.

Although these reactive mechanisms can adjust resource
configurations quickly based on feedback from the current
system state, they often incur latency due to their post hoc
nature. This delay becomes critical when facing sudden load
spikes, potentially leading to inadequate resource allocation,
delayed mitigation of performance bottlenecks, and degraded
system responsiveness.

B. Proactive scheduling
Prediction-driven scheduling aims to predict future work-

load demands or resource requirements by analyzing historical
data. These predictions are then used to proactively allocate
resources and mitigate performance degradation caused by
workload fluctuations or resource shortages.

For example, Pec [16] addresses proactive elastic schedul-
ing for computation- and communication-intensive applica-
tions, with a focus on workload prediction, stable resource
pre-allocation, and communication-aware resource placement.
Similarly, a predictive scheduling framework [17] incorporates
topology-aware modeling to predict average tuple processing
time and guide task assignment, based on runtime statistics
and application graph structure.

START [18] introduces a straggler prediction and mitigation
based on a Long-Short Term Memory (LSTM) Encoder, which
dynamically adapts task scheduling by analysing resource con-
sumption patterns. Tang et al. [28] propose a two-dimensional
parallel LSTM model to predict software faults in cloud virtual
machines. They further introduce a low-complexity heuristic
greedy algorithm to optimize service scheduling, aiming to
minimize cost, rejection rate, and enhance execution reliability.

While these methods demonstrate notable progress, they
often treat node loads as independent time series and overlook
the complex spatial relationships among compute nodes in
stream processing environments. Such spatial dependencies,
which reflect data flow and task coordination across nodes,
are critical for understanding system dynamics. Ignoring them
can limit the learning capacity of the model.

Spatio-temporal deep learning techniques have also been
explored in other prediction-oriented domains, such as urban

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

content may change prior to final publication. Citation information: DOI 10.1109/TC.2026.3731957

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

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

Authorized licensed use limited to: University of Melbourne. Downloaded on September 13,2026 at 05:12:59 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON COMPUTERS 3

TABLE I
RELATED WORK COMPARISON.

Related work Aspects
Scheduling type Methodology Straggler Prediction Prediction Objective Topology Awareness

Li et al. [8] Reactive Cost-efficient load balancing % Nodes Busyness "

TOP-Storm [9] Reactive Resource-aware task assignments % NULL "

Brown et al. [11] Reactive Resource scheduling and provisioning % NULL "

Pec [16] Proactive Resource pre-allocation " Operation workload "

START [18] Proactive Long-Short-Term-Memory network " Number of straggler tasks %

Tang et al. [28] Proactive Long-Short-Term-Memory network " Fault of nodes %

Our work Proactive Spatial-temporal convolution network " Straggler nodes "

traffic flow forecasting [29]–[31]. However, these works focus
on prediction accuracy within a fixed application context and
do not address how prediction outcomes can be translated into
proactive, cost-aware scheduling decisions.

In summary, existing approaches provide valuable insights
into both reactive and proactive scheduling mechanisms. How-
ever, our proposed Ps-Stream framework distinguishes itself by
incorporating spatio-temporal graph modeling through graph
convolutional networks and attention mechanisms. This en-
ables the learning of spatial and temporal features for accu-
rate straggler prediction. In addition, Ps-Stream introduces a
fine-grained, cost-aware task migration model that considers
task dependencies and migration costs when offloading tasks
from stragglers to underutilized nodes, thereby minimizing
overhead. A comparison between our work and the relevant
literature is summarized in Table I.

III. SYSTEM MODEL

Before addressing the straggler problem and introducing our
proposal, we first explain the streaming application model,
communication load model, and the resource model in stream
computing environments.

A. Streaming application model

In stream computing environments, a streaming application
is conceptualized as a set of computational tasks designed to
process continuously generated real-time data streams [32]. It
describes the data processing logic through a directed acyclic
graph (DAG) [6], denoted as GT = {V (GT ), E(GT )}. Here,
V (GT ) = {v1, v2, ..., vn} represents a finite set of operators,
each corresponding to a specific computation or transformation
on the data stream. Each operator vi ∈ V (GT ) is associated
with a unique function f(vi), ensuring that no two operators
perform the same tasks, i.e., ∀vi, vj ∈ V (GT ), i ̸= j =⇒
f(vi) ̸= f(vj). The edge set E(GT ) = {ei,j |vi, vj ∈
V (GT ), i ̸= j} represents a finite set of directed edges
between operators, where each edge ei,j indicates the flow
of data from operator vi to operator vj , and can be used to
represent their communication load.

When a streaming application is submitted to the data cen-
tre, it undergoes two key processes: initialization of operator
instances and deployment of these instances.

(1) Initialization of operator instances. Multiple instances
of operator vi can be initialized based on the parallelism

Fig. 1. Logical graph of operator instances.

level specified by the user, where ∀vi,k, vi,m ∈ vi, then
∃f(vi,k) = f(vi,m). As shown in Fig. 1, the initial operator
topology consists of 6 operators, denoted as {vi, v2, ..., v6},
each serving a different function. An instance topology is then
constructed based on the configuration of operators: operator
v1 has 3 parallel instances, v2, v3, v4 and v5 each have 2, and
v6 has 1 instance. All instances under the same operator share
the same function. For example, f(v3,1) = f(v3,2), indicating
that instances v3,1 and v3,2 perform the same computation.

(2) Deployment of instances. The instance topology is
deployed to workers on compute nodes by the scheduler. As
shown in Fig. 2, the instance topology in Fig. 1 is evenly
deployed across two compute nodes, with each node contain-
ing three workers. Communication between instances forms
runtime dependencies between workers, thereby constructing
a directed graph GW = {V (GW ), E(GW )} with workers as
vertices, where E(GW ) ⊆ E(GT ). In this context, workers
are the basic units for resource allocation and scheduling in
the cluster.

B. Communication load model

In stream computing systems, the deployment of operator
instances creates intricate topological relationships among
workers. Quantifying communication load between workers
is essential for understanding these topological dependencies
and improving the accuracy of resource usage predictions.
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Fig. 2. Spatial topology of workers

We define a mapping function map : V (GT ) −→ V (GW ),
which assigns an operator instance vi,k to a worker wp, where
V (GW ) = {w1, w2, ..., wM} denotes the set of workers in the
cluster, M denotes the number of user-defined workers. Each
instance must be assigned to a worker, i.e. wp = map(vi,k),
where wp ∈ V (GW ), vi,k is an instance of vi, and vi ∈
V (GT ). Let ρ(vi,k, vj,m) represent the data transmission rate
(in tuples per unit time) between two operator instances vi,k
and vj,m. This rate is defined by Eq. (1).

ρ(vi,k, vj,m) =

{
0, if map(vi,k) = map(vj,m)

Eρ, otherwise
, (1)

where Eρ represents the average transmission rate over the
sampling interval [ts, te]. ts and te represent the start and end
times, respectively. Although short-term fluctuations in arrival
rates may occur, Eρ smooths out these variations by averaging
them. Eρ is calculated by Eq. (2).

Eρ =

∫ te
ts

Eρ,tdt−max(Eρ,t)−min(Eρ,t)

te − ts −∆t
, (2)

where Eρ,t denotes the transmission rate at time t, and t ∈
[ts, te]. ∆t is the total duration corresponding to the maximum
and minimum transmission rates.

Then, the total transmission rate cwp,q
between worker wp

and wq is defined as the sum of the communication rates
between all operator instances assigned to wp and wq . cwp,q

can be calculated by Eq. (3).

cwp,q
=

∑
map(vi,k)=wp

map(vj,m)=wq

ρ(vi,k,vj,m) (3)

C. Resource model

In a cluster CN with K compute nodes, denoted as
CN = {cn1, cn2, ..., cnk, ..., cnK}, the resource load of
compute node cnk can be measured in different dimensions,
such as CPU, memory, and I/O [33]. We assume that each
compute node in the cluster only serves streaming applica-
tions. There are M workers in the cluster, represented as
V (GW ) = {w1, w2, ..., wM}. Resource usage information for

each worker is collected from the stream processing platform,
e.g., by implementing Apache Storm’s built-in Metric inter-
face. At time t, the CPU utilization of worker wp is denoted as
Rcpu

wp
(t), where Rcpu

wp
(t) ∈ [0, 1]. The memory usage of worker

wp at time t is mem(t), and the maximum available memory
for the worker (as configured by the user) is Memmax. The
memory utilization Rmem

wp
(t) can be calculated by Eq. (4).

Rmem
wp

(t) =
mem(t)

Memmax
(4)

At time t, let iorwp
(t) and iowwp

(t) denote the data read
and write rates of worker wp, respectively. Given a total I/O
bandwidth BW , the I/O utilization Rio

wp
(t) of worker wp can

be calculated by Eq. (5).

Rio
wp

(t) =
iorwp

(t) + iowwp
(t)

BW
(5)

Over a sampling interval [ts, te], the average CPU utilization
Rc

wp
, memory utilization Rm

wp
, and I/O utilization Rio

wp
of

worker wp can be calculated by Eq. (6).

Rcpu
wp

=
1

te − ts
·
∫ te

ts

Rcpu
wp

(t) dt

Rmem
wp

=
1

te − ts
·
∫ te

ts

Rmem
wp

(t) dt

Rio
wp

=
1

te − ts
·
∫ te

ts

Rio
wp

(t) dt

(6)

Each compute node hosts multiple workers that process
data streams. Therefore, the average resource utilization of
compute node cnk, including CPU utilization Rcpu

cnk
, memory

utilization Rmem
cnk

, and I/O utilization Rio
cnk

, can be calculated
by aggregating the utilizations of all its assigned workers,
along with the node’s static system overhead with Eq. (7).

Rcpu
cnk

=
∑

wp∈cnk

Rcpu
wp

+ Scpu
cnk

Rmem
cnk

=
∑

wp∈cnk

Rmem
wp

+ Smem
cnk

Rio
cnk

=
∑

wp∈cnk

Rio
wp

+ Sio
cnk

, (7)

where Scpu
cnk

, Smem
cnk

and Sio
cnk

denote the static CPU, mem-
ory, and I/O utilization of compute node cnk when no user
workloads are running.

Finally, the overall resource consumption Rcnk
of compute

node cnk is defined as a weighted sum of its CPU, memory,
and I/O utilization and calculated by Eq. (8).

Rcnk
= γ ·Rcpu

cnk
+ β ·Rmem

cnk
+ (1− γ − β) ·Rio

cnk
, (8)

where γ and β are the weighting factors for CPU and memory,
respectively, satisfying 0 < (γ + β) < 1.

IV. PROBLEM FORMALIZATION

In this section, we formalize the proactive scheduling prob-
lem in stream computing systems, which mainly involves
two aspects: resource prediction and load imbalance across
compute nodes.
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A. Resource prediction

A worker’s resource usage can be influenced by the rate,
volume, and distribution of data from its upstream workers.
For example, a sudden increase in data volume or a shift in
distribution (e.g., from uniform to skewed) can significantly
increase the resource demand on downstream workers. This
effect may propagate along the data flow in the directed graph,
potentially overloading multiple workers.

To model these dependencies, we represent the workers as
a directed graph GW = {V (GW ), E(GW )}, where V (GW )
is the set of workers and E(GW ) is the set of directed edges
representing communication dependencies.

We define the adjacency matrix derived from the worker
topology GW as A ∈ RM×M , where M is the number of
workers in the cluster. If wp, wq ∈ V (GW ) and (wp, wq) ∈
E(GW ), then Ap,q is “1” otherwise it is “0”.

At each time step t, the worker topology GW has a dynamic
feature matrix X(t) ∈ RM×(M+3), and it can be represented
by Eq. (9).

X(t) =


cw1,1

· · · cw1,M
Rcpu

1 Rmem
1 Rio

1

cw2,1 · · · cw2,M
Rcpu

2 Rmem
2 Rio

2
...

. . .
...

...
...

...
cwM,1

· · · cwM,M
Rcpu

M Rmem
M Rio

M

 . (9)

where cwp,q
denotes the transmission rate from worker wp to

worker wq , which is computed using Eq. (3), 1 ⩽ p, q ⩽ M .
Given the worker topology GW and the historical resource

and communication data X(t−S):t over the past S time steps,
the objective is to predict the future resource load Y(t+1):(t+T )

of all workers over the next T time steps. The target matrix
Y(t), corresponding to CPU, memory, and I/O utilization,
consists of the last three columns of the feature matrix X(t).
It can be represented by Eq. (10).

Y(t) = X(t) [:,M + 1 : M + 3] , (10)

Then, our task is to learn a prediction function f that maps
the historical data and graph structure to the future resource
loads at time T . This task is represented by Eq. (11).[

X(t−S):t, GW

]
f−→ Y(t+1):(t+T ), (11)

where X(t−S):t ∈ RM×(M+3)×S and Y(t+1):(t+T ) ∈
RM×3×T .

B. Load imbalance across compute nodes

Improper instance deployment can lead to excessive re-
source consumption on certain compute nodes, resulting in
stragglers, which are nodes that significantly lag in perfor-
mance. For example, when tasks with data dependencies are
deployed on a small number of nodes, these nodes may
experience network or CPU bottlenecks, while others remain
underutilized. In addition, as data streams and task resource
demands fluctuate, delayed or reactive scheduling strategies
often fail to redistribute workloads in time, intensifying the
load imbalance. This imbalance not only wastes resources
and increases the risk of node overloading, but also degrades

system response time, potentially leading to cascading failures
or even system-wide collapse.

Let CN = {cn1, cn2, ..., cnK} be the set of compute
nodes in the cluster, and let their resource consumption be
Rcn = {Rcn1

, Rcn2
, ..., RcnK

}. We define the load imbalance
degree Limb as a composite metric that captures both the
maximum relative deviation and the coefficient of variation
(CV ) of resource usage across compute nodes. It can be
calculated by Eq. (12).

Limb = max

(
max (Rcn)

R̄cn
− 1, 1− min (Rcn)

R̄cn

)
+CV, (12)

where R̄cn denotes the average resource consumption across
compute nodes, and is calculated by Eq. (13).

R̄cn =
1

K
·

K∑
i=1

Rcni , (13)

and the coefficient of variation CV can be calculated by Eq.
(14).

CV =
1

R̄cn
·

√∑K
i=1

(
Rcni

− R̄cn

)2
K

(14)

To mitigate the impact of stragglers on system latency, it is
important to keep Limb within an acceptable range, typically
below a given threshold α. Thus, the resource load across
compute nodes in the cluster should satisfy the condition:
Limb ⩽ α.

V. PS-STREAM: ARCHITECTURE AND ALGORITHM

In this section, we introduce Ps-Stream’s architecture and
describe the algorithm used for straggler prediction and re-
source migration.

A. System architecture

As shown in Fig. 3, the system architecture of Ps-Stream
comprises five main modules: Feature Extractor, Straggler Pre-
diction, Straggler Mitigation, Schedule Generator, and Custom
Scheduler.

The Feature Extractor module analyzes resource informa-
tion collected by the Monitor component within each Worker.
It extracts both resource dependencies and spatio-temporal
features among workers. This module leverages Graph Con-
volutional Networks (GCNs) to learn spatial relationships and
incorporates an attention mechanism to capture the temporal
dynamics of the evolving worker topology.

The Straggler Prediction module consists of multiple feed-
forward neural network layers. These layers iteratively learn
the spatial structure of the worker topology to construct
an efficient prediction function. This function forecasts each
worker’s future resource load, including CPU, memory, and
I/O utilization, enabling early detection of potential stragglers.

The Straggler Mitigation module analyzes the predicted
resource loads of workers and their distribution across compute
nodes to identify which nodes are likely to become stragglers.
Once identified, the module forwards this information to the
Schedule Generator module for further optimization.
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Fig. 3. Ps-Stream architecture

The Schedule Generator module evaluates the data de-
pendencies among workers deployed on predicted stragglers
and estimates the migration costs for these affected workers.
Based on this analysis, it determines which workers need to be
migrated at the minimal cost and generates a migration plan.

The Custom Scheduler module is implemented using inter-
faces provided by the underlying stream computing platform
(e.g., Apache Storm’s IScheduler) to support dynamic
scheduling. During initial deployment, it identifies the com-
munication paths of each data stream in the instance topology
(e.g., Fig.1) and evenly distributes interdependent instances
across workers to reduce communication overhead. Based on
the migration plan generated by the Schedule Generator, the
Custom Scheduler dynamically adjusts instance placements,
reallocating workers to different compute nodes to mitigate
potential stragglers.

Compared to traditional straggler mitigation techniques,
such as node-level or single-node prediction models, Ps-
Stream offers several advantages: (1) Fine-grained resource
modeling: Traditional methods often predict resource con-
sumption at the compute-node level, but these predictions can
become inaccurate once task migration alters data distribution
patterns. Ps-Stream addresses this by modeling resource usage
at the worker level, maintaining consistent data patterns even
after migration. (2) Spatio-temporal awareness: Traditional
methods often neglect the spatio-temporal dependencies be-
tween compute nodes, limiting their ability to learn complex
interactions. Ps-Stream overcomes this limitation by incorpo-
rating a spatio-temporal model that more effectively captures
dynamic relationships and load propagation among compute

nodes.

B. Spatial-temporal prediction

Ps-Stream incorporates a spatial-temporal prediction model
(corresponding to the Feature Extractor and Straggler Pre-
diction in Fig. 3) to capture dynamic spatial and temporal
correlations within the worker topology. Regardless of how
the cluster size changes, the logical worker topology remains
unchanged, allowing the prediction model to generalize across
different cluster sizes without retraining. As shown in Fig.
4, the model consists of two key modules: spatial feature
extraction and temporal feature extraction.

We use historical time series data X as input. A two-layer
GCN is used to capture the worker network’s topological
structure and extract spatial features. The spatially enriched
time series are then passed to a Transformer model, where
information flow across time steps captures temporal depen-
dencies. The final output is the predicted resource load for
each worker over the next T time steps.

1) Spatial feature extraction: The spatial feature extraction
module uses the worker topology and worker features to
learn worker embeddings that represent both individual worker
characteristics and their structural relationships. GCNs [25] are
used to iteratively aggregate feature information from each
worker’s neighbors. By stacking multiple GCN layers, the
model expands its receptive field and captures higher-order
topological dependencies.

Given the adjacency matrix GW and feature matrix X, the
GCN constructs a filter in the Fourier domain. This spectral
filter, when applied over the worker topology, captures spatial
features by considering the first-order neighborhood between
workers. This process can be described by Eq. (15).

H(l+1) = σ
(
D̃− 1

2 G̃W D̃− 1
2H(l)W (l)

)
, (15)

where G̃W = GW + IW is the adjacency matrix with added
self-connections. IW is the identity matrix, and D̃ is the degree
matrix of G̃W , with D̃ii =

∑
j G̃Wij . H(l) is the hidden

feature representation at l-th layer, with H(0) = X. W (l)

is a layer-specific trainable weight matrix. σ (·) denotes the
activation function.

We use a two-layer GCN model to extract spatial depen-
dencies, which can be described by Eq. (16).

H(2) = σ
(
ÃReLU

(
ÃXW (0)

)
W (1)

)
, (16)

where Ã = D̃− 1
2 G̃W D̃− 1

2 is the normalized adjacency matrix.
W (0) ∈ R(M+3)×M is the trainable weight matrix from the
input X to the hidden layer, and W (1) ∈ RM×T maps from
the hidden layer to the output. ReLU (·) is the activation func-
tion, ReLU = max (0, ·). The resulting matrix H(2) ∈ RM×P

denotes the final spatial feature embedding of the worker
topology, where P is the embedding dimension of a worker.

We convert the 2D feature embedding H(2) into a 1D vector
H , where H[k] = H

(2)
i,j , k = (i − 1) · P + j − 1, i ∈

[1,M ], j ∈ [1, P ]. M is the number of workers used for
streaming applications. Our model uses a sequence of S such
embeddings to predict the future resource load of each worker
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Fig. 4. Spatio-temporal prediction model

for T time steps. Therefore, a Topology Embedding matrix
B ∈ RS×(M×P ) integrates the feature information from S
worker topologies, where B = [H1, H2, ...,HS ]

T.
2) Temporal feature extraction: In the temporal dimension,

there are correlations between worker topologies at different
time steps, and these correlations vary under different load
conditions. After the graph convolution operations capture
neighboring information for each worker in the spatial dimen-
sion, a standard convolution layer in the temporal dimension is
subsequently applied to update sequential dependencies across
time slices. This process enables the prediction model to
account for both spatial and temporal dependencies.

To model longer-term dependencies, the topology embed-
ding B is input into a Transformer [34], where B encodes the
temporal evolution of worker relationships and load variations
over time. The Transformer relies on attention mechanisms to
model the temporal correlations between time slices of worker
topologies. This enables refined predictions of future resource
consumption for each worker.

At each time slice t, the signal Ht ∈ B for topology
embedding can be updated by aggregating information from
its neighboring workers in the previous time slices. We trans-
form the signal Ht into a query vector Qt, a key vector
Kt , and a value vector Ut through three learnable weight
matrices WQ ∈ R(M×P )×(M×P ), WK ∈ R(M×P )×(M×P )

and WU ∈ R(M×P )×(M×P ), and Qt can be described by Eq.
(17).

Qt = HtWQ,Kt = HtWK , Ut = HtWU (17)

The attention embedding AE between different time slices
can be calculated by Eq. (18).

AE = Attention (Qt,Kt, Ut) =
∑

Hj∈B

αtjUt, (18)

where αtj is the attention weight that reflects the strength
of the temporal relationships between time steps tth and jth

topology embedding. αtj can be calculated by Eq. (19).

αtj =
exp (cos (Qt,Kj))∑

Hi∈B exp (cos (Qt,Ki))
, (19)

where cos (Qt,Ki) denotes the cosine value between vector
Qt and vector Ki.

Finally, the attention embedding AE is passed through
a feed-forward network to obtain the prediction matrix Y,
representing the resource load for each worker over the next
T time steps.

C. Resource migration

Our spatio-temporal model (i.e., Feature Extractor and
Straggler Prediction in Fig. 3) predicts the resource load of
each worker over the next T time steps. Using Eq. (8), the
resource load of compute nodes can be aggregated over this
interval, providing data support for proactive scheduling.

If the predicted resource loads consistently satisfy the
condition Limb ⩾ α over a certain period, we consider the
node with the highest resource load a straggler (a performance
bottleneck). To mitigate its impact, Ps-Stream proactively mi-
grates some instances from the straggler node to the node with
the lowest resource load. The goal is to balance the cluster’s
load and optimize overall resource allocation. However, it is
challenging to select the optimal subset of instances to migrate
while minimizing migration costs.

Let SN = {w1, w2, ..., wi} be the set of workers running on
the straggler node, and let LN = {wi+1, wi+2, ..., wi+j} be
the set of workers running on the node with the lowest resource
load. Here, SN ⊂ V (GW ) and LN ⊂ V (GW ). These
workers in both SN and LN form a new topology GN =
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{V (GN ), E(GN )}, where V (GN ) ⊂ V (GW ), E(GN ) ⊂
E(GW ), and SN and LN are two subgraphs of GN . We
define a vector Φ = [Φ1, Φ2, ..., Φi, ..., Φj ]

T to describe worker
affiliation with LN , where the size j of Φ is equal to the
number of workers in topology GN . If worker wi ∈ LN , then
Φi = 1; otherwise, Φi = 0.

Assume that some workers in SN are selected for migration
to LN . We define a binary vector λ = [λ1, λ2, ..., λi, ..., λj ]

T

to describe which workers in GN are selected for migration,
where the size j of λ equals the number of workers in topology
GN . If worker wi is migrated, then λi = 1 ; otherwise, λi = 0.

Let C ∈ Rj×j represent the communication rate matrix
among workers in topology GN , where each element cp,q ∈
C represents the transmission rate from worker wp to wq ,
computed using Eq. (3).

The communication cost MC for the migrated workers from
SN to LN can be calculated using Eq. (20).

MC =
λTC (1− λ)− ΦTCλ

ΦTCλ
, (20)

where the denominator represents the communication between
the migrated workers and the destination node (i.e., LN ),
and the numerator represents the communication between the
migrated workers and the remaining workers in the source
node SN .

To evaluate the overall migration benefit, we define the
migration factor η, given by Eq. (21).

η = MC +

∑
λ

card (SN)
+

∣∣∣∣L′
imb

α

∣∣∣∣ , (21)

where card (SN) denotes the cardinality (size) of the set SN .∑
λ denotes the number of migrated workers. L′

imb denotes
the load imbalance degree in the cluster after migration.

To minimize η, Ps-Stream applies a simulated annealing
algorithm, shown in Algorithm 1. The algorithm iteratively
explores possible migration plans, accepting better ones and
occasionally worse ones (with a probability governed by a
cooling schedule) to escape local minima.

The input of Algorithm 1 includes the worker set SN in the
straggler node, the worker set LN in the least-loaded node,
the predicted future resource load matrix Y of workers used
by streaming applications, the communication matrix C, and
the reconstructed topology GN . The output is the set RM of
workers to be migrated from the straggler to the least-loaded
node. Steps 1 to 5 initialize the data required. Steps 6 to 13
randomly select a worker to migrate. If it is in SN , move it to
LN ; otherwise, move it back. Steps 14 to 15 evaluate the new
solution’s cost using the migration factor. Steps 16 to 19 accept
the new solution if it improves η, or accept worse solutions
with a certain probability. Step 20 reduces the temperature that
determines whether to accept worse solutions. Step 22 outputs
the final set of workers to migrate.

Algorithm 1 is executed iteratively until the cluster’s load
imbalance degree Limb falls below the threshold α. The final
result is stored in a Map structure (with target node IDs as keys
and sets of workers to migrate as values), which is passed to
the scheduler for worker redeployment.

Algorithm 1: Minimize migration costs via simulated
annealing.
Input: Worker sets SN , LN , prediction matrix Y,

communication matrix C, topology GN ;
Output: Set of migrated workers RM ;

1 Initialize temperature T and the drop rate φ;
2 Set initial migration factor η ← +∞;
3 Initialize best worker sets: BSN ← SN,BLN ← LN
4 for i = 0 to MaxIteration do
5 Initialize current best sets:

NewSN ← BSN,NewLN ← BLN ;
6 rw ← Randomly select a worker in SN ;
7 if rw ∈ NewSN then
8 Remove rw from NewSN ;
9 Add rw to NewLN ;

10 else
11 Remove rw from NewLN ;
12 Add rw to NewSN ;
13 end
14 Calculate communication cost MC between

NewLN and NewSN using Eq. (20) ;
15 Calculate migration factor η′ using Eq. (21) ;

16 if η′ − η < 0 || Math.random() < e
(η−η′)

T then
17 BSN ← NewSN,BLN ← NewLN ;
18 η ← η′ ;
19 end
20 Updatetemperature : T = T× φ;
21 end
/* RM represents the set of workers

to migrate: those in SN but not in
BSN. */

22 RM ← SN \BSN ;
23 return RM

VI. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the Ps-
Stream system. We first describe the experimental setup,
followed by a detailed analysis of system performance, re-
source utilization, and the effectiveness of the spatio-temporal
prediction model.

A. Experimental setup

The Ps-Stream system is developed on top of Apache Storm
2.4.0 and deployed on Ubuntu 20.04. The cluster comprises
11 machines, each equipped with an Intel(R) Xeon(R) X5650
CPU (quad-core, 2.4 GHz), 4 GB of RAM, and a 100
Mbps Ethernet interface. Among these, one machine serves
as the master node, running ZooKeeper and Nimbus, while
the remaining 10 machines serve as supervisor nodes, each
configured to run 4 workers with a JVM heap size of 256 MB
per worker.

1) Implementation: Ps-Stream is implemented as two de-
coupled components. The scheduling and task migration logic
is implemented in Java as a custom IScheduler plugin
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Fig. 5. Logical graph of DTPrediction.

Fig. 6. Logical graph of TRevenue.

that overrides Storm’s default scheduling behavior. The spatio-
temporal prediction model is implemented in Python using
PyTorch, with the GCN layers built on torch_geometric.
The prediction service runs on a dedicated server equipped
with an Intel Core i5-9300H CPU and performs inference on
the CPU. The two components exchange resource-usage fea-
tures and prediction results through a Redis instance deployed
on the master node.

2) Dataset: We use the New York City Taxi Trip Dataset
[35] to evaluate system performance. Each record in the
dataset represents a completed taxi trip and includes details
such as the taxi’s license ID, pickup and drop-off locations
and timestamps, travel distance, and total fare (including taxes
and tolls). The data naturally exhibits a bimodal event rate
distribution, reflecting morning and evening commute peaks,
with rates reaching up to 4,500 events per second. To emulate
real-time stream behavior, we apply the temporal scaling
method from RIoTBench [36], which compresses message
intervals to accelerate the stream rate. The temporal scaling
factor is set to 450, enabling us to simulate peak stream
conditions.

3) Streaming applications: We evaluate Ps-Stream with
two streaming applications: DTPrediction and TRevenue. DT-
Prediction predicts the estimated time of arrival (ETA) for a
taxi to reach the passenger’s destination. TRevenue computes
and reports each driver’s cumulative daily revenue in real time.
The logic graphs of these topologies are shown in Fig. 5 and
Fig. 6, respectively.

4) Baseline schemes and evaluation metrics: We compare
Ps-Stream against three state-of-the-art scheduling baselines:
EvenScheduler (the default scheduler in Apache Storm [37]),
R-Storm (a resource-aware scheduling framework [38]), and
SP-ant (a scheduling algorithm based on ant colony optimiza-
tion [10]). The evaluation focuses on the following metrics:

system latency (the average end-to-end processing time per
tuple, from ingestion to completion), maximum throughput
(the highest number of tuples processed per second before task
failure occurs), resource utilization (the average CPU, memory,
and I/O utilization across all supervisor nodes), and prediction
accuracy (the ability of the Ps-Stream model to forecast future
resource loads).

B. System latency

In our experiments, the observed load imbalance degree
Limb fluctuates between 1.0 and 1.5. To avoid frequent worker
migration operations, we set the threshold α for triggering
migrations to 1.3. In addition, we employ a time scaling
factor (default value 1.0) to control the intensity of the input
data stream, computed as Timestamp = Timestamp ×
streamRate, where streamRate denotes the scaling factor.
A smaller scaling factor compresses messages generated over
a longer original interval into a shorter emission period in
the preprocessed dataset (e.g., a factor of 0.2 compresses 5
seconds of data into 1 second), resulting in a higher-intensity,
more bursty stream.

Under different streaming application scenarios, Ps-Stream
consistently exhibits lower system latency than EvenSched-
uler, R-Storm, and SP-ant. As shown in Figs. 7 and 8,
system latency fluctuates over time. Ps-Stream achieves av-
erage latencies of 30.7 ms and 36.5 ms under DTPrediction
and TRevenue topologies, respectively, with relatively small
fluctuation. In contrast, EvenScheduler shows significantly
higher latency, with averages of 74.1 ms and 80.8 ms, and
notable fluctuations due to its round-robin scheduling strategy.
R-Storm performs better by allocating resources based on
application requirements, resulting in lower average latencies
of 59.6 ms and 63.2 ms. SP-ant, which uses ant colony
optimization for dynamic scheduling, further reduces latency
to 47.2 ms and 51.1 ms, but still performs worse than Ps-
Stream. Although SP-ant dynamically allocates resources at
runtime, it tends to deploy tasks in clusters on a few nodes.
This clustering behavior may lead to localized overloads and
increased latency. In addition, Ps-Stream also achieves the
lowest latency variance among all methods, with standard
deviations of 5.3 ms and 6.2 ms under DTPrediction and
TRevenue, respectively, compared to 6.1-10.9 ms and 9.1-
11.2 ms for the baselines. These results demonstrate that Ps-
Stream has both lower latency and greater stability even under
fluctuating data stream rates.

Across different temporal scaling factors (i.e., different input
stream rates), Ps-Stream consistently maintains lower average
latency than the baseline schedulers. As shown in Figs. 9 and
10, latency generally decreases as the temporal scaling factor
increases. Key observations include: EvenScheduler has the
highest latency due to its inability to adapt to load variation.
R-Storm performs better due to its load-aware strategy but
suffers under skewed data (e.g., at a scaling factor of 0.8),
showing significant latency increases. SP-ant performs better
than EvenScheduler and R-Storm but cannot fully overcome
the effects of extreme skew in some cases. Ps-Stream, however,
maintains low latency across all scaling factors. Notably,
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Fig. 7. System latency of DTPrediction. Fig. 8. System latency of TRevenue.
Fig. 9. Average system latency of DTPrediction
under different temporal scaling factors.

Fig. 10. Average system latency of TRevenue
under different temporal scaling factors.

Fig. 11. Maximum throughput of the two stream-
ing applications.

Fig. 12. Average resource load of DTPrediction.

under the DTPrediction topology and a scaling factor of 0.8,
Ps-Stream avoids the dramatic latency spikes observed in
other methods. This demonstrates its stronger load balancing
capability and adaptability to data stream skewness.

For the TRevenue topology (Fig. 10), the standard-deviation
intervals of Ps-Stream and the closest baseline (SP-ant) do not
overlap at any scaling factor. For the DTPrediction topology
(Fig. 9), overlap occurs at the lower scaling factors (0.2, 0.4),
where the stream is more heavily compressed and thus higher
in intensity, resulting in larger latency and variance across all
methods. As the scaling factor increases toward the default
(1.0), uncompressed rate, intensity decreases and Ps-Stream’s
advantage becomes clearly separable from all baselines.

In summary, the experiments confirm that Ps-Stream con-
sistently outperforms the baselines in terms of average latency
and resilience to stream rate variations. This is attributed to
its proactive scheduling mechanism that perceives resource
imbalances in advance and triggers timely task rescheduling.

C. System throughput

By measuring this metric, we can determine the system’s
performance ceiling under sufficient resource conditions, pro-
viding a benchmark for capacity planning. In our tests, we
gradually increase the data input rate until task failure (i.e.,
system downtime) occurs.

With a data rate increment of 1,000 tuples/s, Ps-Stream
exhibits significantly higher throughput than EvenScheduler,

R-Storm, and SP-ant across both streaming applications. As
shown in Fig. 11, for the DTPrediction topology, the sys-
tem throughputs are 14,000, 15,000, 17,000, and 18,000
tuples/s for EvenScheduler, R-Storm, SP-ant, and Ps-Stream,
respectively. Ps-Stream improves throughput by 5.8% over
SP-ant. For the TRevenue topology, the system throughputs
are 9,000 tuples/s for EvenScheduler, 13,000 tuples/s for R-
Storm, 17,000 tuples/s for SP-ant, and 23,000 tuples/s for
Ps-Stream. Ps-Stream outperforms SP-ant by 35.3%. These
results demonstrate that Ps-Stream handles high input rates
more effectively, with performance gains becoming more
pronounced under heavier workloads. This suggests stronger
scalability compared to other frameworks.

In summary, Ps-Stream consistently delivers higher system
throughput due to its proactive ability to redistribute workers
from overloaded nodes to underutilized ones, thus improving
cluster-wide resource utilization.

D. Resource utilization
Average resource utilization reflects the efficiency of clus-

ter resources used by streaming applications. While lower
utilization may indicate underuse, it also provides an elastic
buffer for burst workloads, preventing nodes from becoming
overloaded during peak conditions.

Across different streaming applications, Ps-Stream exhibits
lower average resource utilization than EvenScheduler, R-
Storm and SP-ant. As shown in Figs. 12 and 13, for the DT-
Prediction topology, SP-ant exhibits relatively high resource

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

content may change prior to final publication. Citation information: DOI 10.1109/TC.2026.3731957

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

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

Authorized licensed use limited to: University of Melbourne. Downloaded on September 13,2026 at 05:12:59 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON COMPUTERS 11

Fig. 13. Average resource load of TRevenue.
Fig. 14. MSE values of two
topologies under LSTM, START
and Ps-Stream.

Fig. 15. MAE values of the two
topologies under LSTM, START
and Ps-Stream.

Fig. 16. MAPE values of the
two topologies under LSTM,
START and Ps-Stream.

usage (40–60%), with initial-stage fluctuations. EvenScheduler
and R-Storm show slightly lower utilization (35–45%), while
Ps-Stream maintains the lowest usage, stabilizing between
30–40%. For the TRevenue topology, fluctuations in resource
utilization across the methods decrease. EvenScheduler and
R-Storm stabilize around 40%, SP-ant sustains a higher uti-
lization level (near 52%), while Ps-Stream stabilizes at ap-
proximately 33% after initial fluctuations.

In summary, Ps-Stream achieves lower and more balanced
resource utilization. Although fluctuations may occur during
the initial scheduling phase, its dynamic task placement strat-
egy improves resource efficiency across the cluster over time.

E. Prediction Accuracy Comparison

In this experiment, we compare the prediction accuracy
of Ps-Stream against two baselines: the START model [18]
and the Long Short-Term Memory model (LSTM). LSTM
is the general Long Short-Term Memory network used as a
standard time-series prediction baseline, while START extends
LSTM with an encoder network. However, both model each
compute node’s time series independently and do not capture
dependencies between DAG operators. The prediction task
is to forecast each worker’s resource load, including CPU,
memory, and I/O utilization, over the next 3 time steps. The
ground truth is the corresponding resource utilization observed
by the monitoring module at those future time steps.

We collect a dataset of 1,000 per-worker resource-usage
samples and split it chronologically into 80% for training
and 20% for test. All models are trained exclusively on the
training split, and prediction accuracy is evaluated on the held-
out 20% test split. Under identical experimental conditions,
we use Mean Squared Error (MSE), Mean Absolute Error
(MAE), and Mean Absolute Percentage Error (MAPE) [39].
Each experiment is repeated 3 times, and the average result
and standard deviation are reported.

As shown in Figs. 14 - 16, Ps-Stream exhibits consistently
better accuracy across all metrics and applications: For MSE
(Fig. 14), Ps-Stream improves prediction accuracy by 26%
over LSTM and 23% over START, and the standard-deviation
intervals do not overlap with either baseline. For MAE (Fig.
15), Ps-Stream achieves gains of 12% over LSTM and 14%
over START. For MAPE (Fig. 16), Ps-Stream outperforms

LSTM and START by 21% and 18%, respectively. For MAE
and MAPE, the standard-deviation intervals show a marginal
overlap with the closest baseline in a few configurations. Ps-
Stream achieves the lowest mean error in all 3 runs across all
six metric–topology combinations.

In summary, Ps-Stream provides significantly better predic-
tion accuracy than both START and LSTM. Its advantage is at-
tributed to Ps-Stream’s ability to integrate the spatio-temporal
structure of worker topologies to improve the prediction of
future resource loads on compute nodes.

VII. CONCLUSION AND FUTURE WORK

In distributed stream computing environments, the primary
objectives of system implementation are to balance resource
loads across the cluster, minimize system latency, and maintain
overall system stability. Achieving these objectives requires
a system that can sense both the communication dynamics
between tasks in streaming applications and the resource
consumption of workers running on compute nodes. Moreover,
it should be capable of accurately predicting the resource load
of each worker and proactively adjusting their deployment
across nodes to prevent bottlenecks.

To address these challenges, we propose Ps-Stream, a
proactive framework for straggler prediction and mitigation.
Ps-Stream forecasts which compute nodes might become
stragglers and dynamically adapts task scheduling to reduce
system latency and improve resource utilization. The frame-
work consists of two core components: a spatio-temporal
prediction model that identifies stragglers by integrating GCNs
to model spatial dependencies and attention mechanisms to
capture temporal dynamics under fluctuating workloads; and
a cost-sensitive scheduler that proactively migrates tasks from
predicted stragglers to optimal target nodes, minimizing mi-
gration overhead and promoting balanced resource distribution
across the cluster.

In future work, we plan to incorporate incremental learning
with larger training datasets to improve prediction accuracy.
We will also optimize the spatio-temporal prediction model
for better precision with fewer samples. Additionally, we aim
to enhance the scheduler to further reduce communication
overhead during task redeployment in streaming applications.
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