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Understanding the performance of microservice-based systems is challenging because workloads and con-
figurations often change dynamically, and their combined effects can influence system behavior. Existing
performance testing and modeling techniques study workloads or configurations in isolation, overlooking
their joint impact. The large configuration space and diverse workload patterns further complicate accurate
prediction. Although prior studies have combined performance models with queueing formalisms, limited
work has integrated configuration-aware modeling with queueing analysis to capture workload-dependent,
system-level dynamics. We present HQP (Hybrid Queueing and Configuration-aware Performance Modeling),
a modeling approach that integrates lightweight_conﬁguration-aware performance models with the Queue-
ing Petri Net (QPN) formalism to capture both service-level behavior and architectural interactions. HQP
models how configuration settings and workload variations interact and propagate through microservice
dependencies. Using the pBench, which allows customizable architectures and service functions, we construct
four microservice systems to evaluate HQP. Results show that HQP achieves Spearman correlations up to
0.94 and MARE below 11%, while requiring only one-fifth the samples needed by baselines. We further
introduce SCPM (Search and Condition Prediction on hybrid Modeling), a search-based method that identifies
performance-equivalent, performance-spiked, and performance-saturated conditions with over 80% accuracy.
Together, HQP and SCPM provide efficient, accurate performance analysis for evolving microservice systems.
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5 Xia et al.

1 Introduction

Microservices have become a popular architectural style for building modern applications [42], since
developers can focus on small, independent services that can be developed, deployed, and scaled
separately. This design improves modularity, making it easier to maintain and extend systems [48].
Many real systems, such as Netflix or Uber, use hundreds of microservices that run across many
instances'. While this architecture offers flexibility, it also creates new research challenges, e.g., in
performance evaluation. Small changes in one service (i.e., microservice) can affect many others
because services are closely connected through APIs and shared resources. As a result, it is difficult
to keep the system stable and fast as it evolves.

Performance assurance is one of the most critical and challenging aspects of microservice systems.
Developers can easily test each service independently, but ensuring end-to-end performance across
all services is much more complex. A minor code or configuration change in one service may have a
negligible local effect but can cause a substantial impact on the system’s end-to-end performance [3].
This complexity arises because the performance of one service depends on how fast others respond
and how the overall workload flows through the system. Since each service can be updated or tuned
by different teams, predicting the cascading effects of such changes is extremely difficult before
deployment. Furthermore, in production environments, systems face continuously varying user
demands and operational conditions, making static testing approaches insufficient for capturing
real-world performance behavior.

To understand these effects without running every possible test, researchers build performance
models that can predict the system’s behavior under different conditions [63]. These models
abstract system behavior and enable estimation of performance metrics (e.g., latency or throughput)
under various circumstances. To the best of our knowledge, prior work on performance modeling
has primarily focused on two key factors (i.e., workload and configuration changes) that influence
system performance, but has considered them in isolation.

Workload changes represent what users send to the system, including the number of requests,
request types, data sizes, and traffic patterns. Previous studies have developed workload-aware
performance models to address this factor. Fuzzing-based testing [31] generates diverse workload
inputs to detect performance regressions and edge cases. Workload replay methods [65] reproduce
traces from production environments to study real performance behavior under authentic usage
patterns. Queueing network performance models have been adopted in [47] to quantify the impact
of heterogeneous workloads on the performance characteristics of microservices’ design patterns.
Other approaches [35, 36, 38, 52] compare workloads across different system versions to identify
performance degradations.

Configuration changes define how the system is set up, including parameters such as CPU
limits, memory allocations, thread pool sizes, caching settings, and timeout values. Configuration-
aware models study how these system parameters influence performance characteristics [20, 46, 55].
These models are often constructed using machine learning techniques or analytical methods and
can predict how modifications to specific configuration options affect throughput, latency, or
resource utilization. Such models help developers understand the performance implications of
tuning decisions and identify optimal configurations for specific objectives.

Although both workload-aware and configuration-aware performance modeling have been
extensively studied, existing methods face fundamental limitations: (1) Single-factor focus: they
typically model only one factor at a time (either workload or configuration changes) while holding
the other constant. For instance, a configuration that performs well under a certain load may
become a bottleneck in the case of concurrent and heterogeneous loads, or a workload pattern

IMicroservices examples: https://blog.dreamfactory.com/microservices-examples

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: August 2025.


https://blog.dreamfactory.com/microservices-examples

99

100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135

137
138
139
140
141
142
143
144
145
146
147

HQP: Hybrid Queueing and Configuration-Aware Performance Modeling for Microservice Systems 3

that runs efficiently with default settings may degrade significantly when parameters are modified;
(2) Missing architectural awareness: current models often treat the system as a black box, without
decomposing performance into per-service contributions or capturing how workloads propagate
through service dependencies. This omission limits reusability across deployments and obscures
which services may represent the root cause for performance degradation. Architecture-based
modeling tools using Queueing Petri Nets (QPNs) [29, 34, 37] or Layered Queueing Networks
(LONSs) [12, 53] can describe service structures and dependencies, but they primarily focus on
either workload or code changes rather than dynamic configuration behavior; (3) Combinatorial
explosion and high modeling cost: testing all combinations of workloads and configurations is
impractical due to the exponential growth of the test space, and existing sampling methods do not
strategically explore the configuration-workload space to identify risky performance conditions
(e.g., saturation points, performance spikes, or performance-equivalent scenarios). Furthermore,
building accurate joint models typically requires extensive sampling across both dimensions, leading
to prohibitively high testing and training costs for large-scale systems with numerous services
and configuration options. As a result, there is no practical model that can jointly account
for configuration and workload variations while capturing architectural dependencies
in large microservice systems. Although queueing networks can describe service structures
and dependencies, no prior research has integrated these performance models for the system’s
end-to-end performance prediction. The risk is that performance predictions at the system level
can be significantly inaccurate when either factor changes, leading to unexpected slowdowns,
bottlenecks, or resource wastage that are difficult to foresee and diagnose.

To address this problem, we propose HQP (Hybrid Queueing and Configuration-aware Performance
Modeling), an approach that integrates lightweight c_onﬁguration-aware performance models with
a queueing model. Our goal is to accurately and efficiently estimate system performance as both
configurations and workloads change simultaneously. The approach works in two stages:

¢ Building models for individual services. We first build performance models for each
microservice type locally using the CoMSA sampling method [64]. CoMSA efficiently selects
configuration samples and trains a model that captures how each service’s performance
(e.g., latency or throughput) changes under different settings and workloads. This addresses
challenge (3) by modeling at the service level with reduced sampling costs.

e Building a hybrid model based on the system architecture model. We then com-
bine these service-level models with an architecture model using the Queueing Petri Net
(QPN) [29]. The QPN model captures how requests flow between services and how queues,
synchronization, and communication delays affect system behavior. This hybrid model
allows us to estimate end-to-end performance for any combination of workloads and con-
figurations. This addresses challenges (1), (2), and (3) by enabling system-wide composition
and modeling workload propagation through service dependencies.

To evaluate our approach, we use pBench [8], an application that enables users to customize
both the system architecture and the functions of its microservices. Therefore, we adopt a simple
(TrainTicket-style) architecture and a complex (TeaStore-style) architecture as the reference archi-
tecture of our systems. The architectural complexity discussed here primarily refers to the system’s
topology, as the system’s overall functionality is derived from the workload under analysis, which
is part of the performance evaluation. For each architecture, we further explore different real-world
scenarios by creating two variants: (1) customized workload type, uBench allows users to modify
service invocations and the configuration settings in each service under different workloads; (2)
unified and diverse setups on service types within the microservices. The unified setup is a system
in which all services are implemented using a single tool, whereas the diverse setup is one in which
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services are implemented using a mix of tools. The platform lets us precisely control workloads
and configurations.

As discussed above, our approach is built on accurate performance models for each microservice
type. If the performance of a tool cannot be precisely predicted in a local environment, it is
impossible to build an accurate performance model of the entire system. As a result, we select two
tools, namely FFmpeg and lrzip, that have been shown to build accurate performance models in
prior work [20, 26, 43, 64]. Four widely used configuration-aware methods, such as XGBoost [6],
DeepPerf [20], DaL [15], and HyPerf [10], serve as strong baselines for building highly accurate
performance models for our selected tools.

We evaluate our approach based on two key criteria: accuracy and cost. Our results show that
the proposed method achieves high prediction accuracy, with Spearman correlations up to 0.94 and
mean absolute relative errors (MARE) below 11%. At the same time, it reduces the total modeling
and computation cost by up to 90% compared to baseline methods.

With our effective and efficient model, we further explore a proactive search-based method
for performance conditions that are useful and important in real scenarios. We develop a tool
called SCPM (Search and Condition Prediction on hybrid Modeling). It automatically mutates
configuration and workload parameters to find cases that trigger unusual performance behaviors.
This addresses challenges (1) and (3) by strategically exploring the joint configuration-workload
space to detect three key performance conditions that prior work seeks to identify:

e performance-equivalent, where performance does not change noticeably.
o performance-spiked, where short performance spikes occur.
o performance-saturated, where the system reaches its limits or bottlenecks.

SCPM also detects hundreds of configuration-workload cases that match the three performance

conditions, with around 80% classification accuracy. These results show that combining architecture-

based modeling and fuzzing exploration enables efficient and accurate analysis of large configuration-

workload spaces. The approach provides practical benefits for performance assurance in real

microservice systems, where testing every configuration or workload combination is infeasible.
In summary, this paper makes the following contributions:

e We propose a hybrid modeling method, HQP, which offers a cost-efficient approach to
predicting the performance of microservice systems. HQP integrates configuration-aware
performance models with a queueing model to accurately estimate system behavior under
combined changes in both configuration and workload.

e We introduce SCPM, a search-based exploration method that automatically identifies
performance-equivalent, performance-spiked, and performance-saturated conditions.

e We quantitatively evaluate our method using real microservice architectures and demon-
strate that it achieves higher accuracy and lower cost than existing configuration-aware
modeling baselines.

Paper Organization. Section 2 reviews existing performance modeling techniques related to
configurations, workloads, and queueing-based methods. Section 3 outlines the challenges in
constructing a configuration-workload-aware performance model. Section 4 describes our proposed
approach for building such a model. Section 5 introduces our setup method for evaluation. Section 6
presents the evaluation results of our approach in terms of accuracy and cost. Section 7 describes
the SCPM algorithm and presents its corresponding evaluation results. Section 8 discusses the
potential threats to validity, and Section 9 concludes the paper.
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2 Background and Related Work

In this section, we introduce the background concepts and review prior research relevant to
our study, focusing on performance modeling and queueing-based architecture models. These
areas, together, provide the theoretical and methodological foundation for constructing models
that can predict system behavior across different configurations and workloads. Specifically, we
first discuss prior research on configuration-aware and workload-aware performance modeling,
and then present how queueing-based models, such as queueing networks (QNs) and queueing
Petri nets (QPNs), serve as a complementary approach for capturing system-level dynamics in
software performance analysis. Finally, we introduce the tools and frameworks for microservice
benchmarking.

2.1 Performance Modeling

Performance modeling aims to estimate system performance under different environmental and
operational conditions without requiring exhaustive testing. Table 1 presents the purposes and
contributions of prior research. Performance models have been widely applied in configuration
optimization, capacity planning, performance regression detection, and performance prediction. In
general, existing studies can be grouped into two major categories: configuration-aware perfor-
mance modeling (see Section 2.1.1) and workload-aware performance modeling (see Section 2.1.2).
However, configuration-aware and workload-aware performance modeling are not entirely in-
dependent research directions. Recent studies have explored hybrid approaches that combine
configuration characteristics and workload behavior under specific scenarios (see Section 2.1.3).

2.1.1 Configuration-Aware Performance Modeling. Configuration-aware performance modeling,
known as performance influence modeling, describes how configuration options and their interac-
tions influence the performance of a configurable system [55]. The process of constructing these
models is called configuration-aware performance modeling. Configuration-aware performance
modeling helps reduce testing cost by learning a predictive model that generalizes performance
outcomes across untested configurations. Such models have been widely used for various objec-
tives, including minimizing testing efforts [7, 13, 16, 18, 20, 22, 26, 44, 54, 57, 64, 66], optimizing
configuration settings [1, 17, 33, 45, 46], identifying configuration constraints [4, 49], and enabling
model reuse across environments [14, 25, 30, 67].

Most prior work focuses on improving prediction accuracy and reducing the number of required
samples. For example, Ha et al. [20], Cheng et al. [7], and Shu et al. [54] applied deep learning
models such as feedforward neural networks to capture nonlinear interactions between configura-
tion options. These deep learning methods achieve higher prediction precision than traditional
approaches, such as linear regression [16, 18] or solver-based modeling [22], while requiring fewer
samples. However, their accuracy evaluations rely on random sampling in most cases, which can
lead to uneven coverage of performance features.

To improve sampling efficiency, Kaltenecker et al. [26], Xiang et al. [66], and Xia et al. [64]
proposed distance-based or search-based sampling methods. These methods strategically select
configurations that maximize the diversity of training samples, improving generalization with
limited data. For instance, COMSA [64] combines sampling with active learning to iteratively refine
performance models based on intermediate training results, while Gong [13] utilized regression
trees to cluster configurations and improve accuracy. Sun et al. [57] further enhanced the model-
ing process by automatically analyzing program syntax trees to identify potential configuration
parameters at runtime.

Other research directions use configuration-aware models for optimization and constraint analy-
sis. Oh et al. [46] applied statistical filtering to recursively select high-impact samples, while Nair et
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6 Xia et al.

al. [45] introduced a sequential model-based optimization method that searches for configurations
with high predicted performance and low uncertainty. Chen et al. [4] employed random forest
models to infer configuration rules and detect constraints that might lead to failures.

Recent studies focus on model evolution and transfer learning to reuse performance models
across code changes or environments [30, 67]. Xiang et al. [67] proposed detecting performance
drift to identify when retraining is necessary, while Krishna et al. [30] proposed BEETLE, a transfer-
learning approach for reusing configuration-performance models across different environments.
These approaches reduce retraining costs but typically assume stable workload conditions. When
workload characteristics vary significantly, such configuration-aware models may no longer reflect
real performance behavior.

In summary, configuration-aware performance modeling provides an effective way to reduce
the cost of performance testing, identify optimal configuration options, and detect performance
anomalies. However, these methods generally assume that workloads remain constant or follow a
limited pattern. When both configurations and workloads change in modern software, the validity
of existing configuration-aware models becomes limited.

2.1.2  Workload-Aware Performance Modeling. While configuration-aware models focus on system
parameters, workload-aware performance modeling emphasizes how varying workloads influence
performance. Such models are especially useful in load and stress testing, where developers analyze
how systems behave under changing usage patterns, request mixes, or concurrency levels. A
workload can be defined by user behavior, request type, or time-based arrival characteristics,
allowing performance analysts to relate specific workload features to measurable outcomes such as
latency or throughput.

Prior studies have proposed various strategies for capturing workload behavior. Shang et al. [52]
clustered web application workloads to identify groups with similar performance trends, enabling
efficient workload selection for testing. Ma et al. [40] constructed predictive models for database
workloads by characterizing query patterns and execution profiles. Liao et al. [36] extended this idea
to detect performance regressions across software versions by correlating workload characteristics
with observed performance changes. Martin et al. [41] further enhanced workload-aware modeling
by applying model evolution and transfer learning techniques to adapt performance models to
workload shifts over time, improving prediction stability in evolving systems.

Workload-aware performance modeling has proven valuable for explaining how system perfor-
mance varies with traffic composition or intensity, providing insights into potential bottlenecks and
performance regressions. However, the configurations in workload-aware performance modeling
methods remain static. This limitation makes the modeling method hard to reuse once the configura-
tion has changed. As a result, while workload-aware models can effectively explain workload-driven
performance variations, they are less suitable for scenarios that involve simultaneous changes in
both workloads and configurations.

2.1.3  Hybrid performance modeling. Recent studies have explored hybrid performance modeling
approaches under specific scenarios. Krishna et al. [30] construct workload-aware performance
models under specific software versions or hardware configurations and then transfer the learned
knowledge across different environments. Their work primarily focuses on investigating the
feasibility of transfer learning across configurations, workloads, and software versions to reduce
retraining cost. Franks et al. [12] mainly model workload intensity and architectural resource
configurations to analyze contention and request propagation. Their work primarily focuses on
system-level resource configurations, such as processor allocation, thread concurrency, and service
deployment settings, rather than fine-grained software configuration options in configurable
systems. Didona et al. [9] combined analytical queueing-based modeling with machine learning to
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improve prediction robustness in configurable systems. Their approach uses analytical estimation
as a baseline prediction and applies machine learning to model residual prediction errors under
different configurations. Similarly, Comprex [60] combines structural information extracted from
source code with local performance models to improve configurable-system performance prediction
through modular aggregation. These hybrid approaches demonstrate that combining architectural
or analytical knowledge with data-driven learning can improve prediction capability and robustness
under limited training data.

Table 1. Comparison of related performance modeling studies.

Purposes Description Config- Workload- Reference
aware aware
Reducing test effort Reducing test effort by employ- 4 X [7,13, 16, 18,
ing novel sampling methods that 20, 22, 26,
avoid redundant testing, or by 44, 54, 57,
using state-of-the-art modeling 60, 64, 66]
techniques to increase accuracy
with a given sample size.
Optimizing configura-  Optimizing configuration set- v X [1, 17,33,
tion tings and finding optimal config- 45, 46]
uration settings
Identifying configura-  Identifying configuration con- v X (4, 49]
tion constraints straints to avoid errors in sys-
tems.
Detecting performance Predict or forecast system per- X v [34, 40, 52]
regression formance to avoid performance
regressions or error
Reusing performance model v X [14, 25, 67]
Reusing models across environments to reduce
cost of model training
Reusing performance model in X (except v [30, 41]
different environments to reduce  env-related)
cost of modeling
Reusing performance model in X v [36, 37]
different environments to detect
performance regressions
Improving performance Modeling and analyzing system X(except v [12]
prediction performance using queueing- concurrency-
based models. related)
Improving performance predic- X(except v [9]

tion accuracy by integrating
analytical models with machine
learning.

env-related)
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2.2 Queueing Models for Software Performance

Queueing models are a foundational technique in software performance engineering for capturing
concurrency, contention, and interactions among system components. A standard queueing network
(QN) [27] models service centers connected by queues, allowing analytical estimation of throughput,
response time, and resource utilization. Variants such as open, closed, and mixed networks enable
modeling of different workload patterns and system boundaries. Layered Queueing Networks
(LONSs) [12, 53] extend the basic QN formalism to represent layered architectures and nested
service calls, making them well suited for multi-tier and microservice systems. LQNs support both
analytical and simulation-based evaluation, allowing designers to examine how architectural or
workload changes affect end-to-end performance. However, accurately building LQNs for large-scale
microservice systems can be challenging due to dynamic workloads, complex service dependencies,
and the need for precise runtime parameter estimation.

Queueing Petri Nets (QPNs) [28] integrate Petri nets with queueing theory, combining the
causal and concurrent semantics of Petri nets with quantitative analysis from queueing networks.
This hybrid modeling capability allows explicit representation of synchronization, stochastic
behavior, and resource sharing. The Queueing Petri Net Modeling Environment (QPME) [29]
supports graphical model construction and simulation, enabling analysts to parameterize models
with empirical data. Recent studies [34, 37] show that QPN-based modeling effectively captures
bottlenecks, queueing delays, and workload interactions in large-scale distributed systems.

Compared to data-driven methods, queueing-based approaches are easier to understand and offer
high generalizability and reusability. They clearly describe how services depend on each other and
how shared resources cause delays or bottlenecks. Queueing models can also simulate what happens
when workloads increase or when configurations change, such as adding replicas or adjusting
thread pools. These models help explain performance changes, identify bottlenecks, and support
capacity planning. However, queueing-based approaches require either a grey-box or white-box
environment that allows analysis of architectural knowledge, such as service dependencies. This
limitation may prevent their use in situations where insufficient permissions are available to access
the system.

In summary, queueing-based performance modeling, particularly using QPNs, provides a struc-
tured, interpretable foundation for analyzing system performance when comprehensive archi-
tectural knowledge is available. By integrating architectural representation with empirical data,
queueing models can accurately predict how configuration and workload changes interact, forming
a key basis for our proposed configuration-workload-aware modeling approach.

2.3 Microservice Benchmarking Generators

Microservice benchmarking frameworks provide standardized environments for evaluating the
performance, scalability, and reliability of microservice-based systems. yBench [8] is a lightweight,
configurable framework that enables researchers to construct synthetic microservice topologies
with controllable workloads, resource constraints, and inter-service dependencies, thereby enabling
fine-grained experimentation in performance modeling and testing. HydraGen [50] focuses on
automatically generating microservice architectures with configurable dependency graphs, re-
source limits, and deployment constraints, enabling controlled exploration of system design spaces.
MSTG (Microservice System Test Generator) [62] emphasizes workload-driven benchmarking by
synthesizing realistic traffic patterns and service interaction sequences, facilitating end-to-end
testing under diverse operational conditions. However, the limitations of HydraGen and MSTG
are that they do not support external dependencies within the microservices in the system. In
addition, ServiBench [51] is a novel meta-benchmarking tool for serverless applications in cloud
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environments. The tool provides the framework that unifies deployment, workload generation, and
metric collection for comparative benchmarking across microservice platforms, such as AWS.

In summary, HydraGen and MSTG automate microservice generation and workload synthesis
but lack support for external dependencies, while ServiBench focuses on serverless environments.
pBench is chosen in this study for its lightweight design and ability to model realistic microservice
interactions under diverse workload and configuration settings.

3 Motivation

In this section, we primarily discuss the motivation behind our study. We also present an illustrative
example to further explain our reasoning.

3.1 Challenge: Hybrid Model to Achieve Config-Workload Awareness

As shown in Table 1, most workload-aware performance models and configuration-aware perfor-
mance models assume that workloads or configurations remain constant in real-world scenarios. In
other words, prior works assume that the interaction or influence between workloads and configura-
tions is constant in their scenarios. However, Mithlbauer et al. [43] demonstrate that influences exist
between workloads and configurations, and they vary in scale. Lesoil et al. [32] study the precision
of performance models for configurable systems (i.e., image processing tools) across different inputs
(i.e., images). Their work illustrates how performance can vary under different workloads and
configurations. Both studies demonstrate that different input images yield varying performance on
the configurable systems, highlighting that the influence of workloads and configurations extends
even within a single tool. Moreover, most performance modeling methods focus on testing tools or
functions rather than system-level analysis. To truly understand the system’s overall performance,
a system-level analysis is necessary. Microservice performance depends not only on individual
service times, but also on how requests propagate through service dependencies and accumulate
in queues under different workloads. Although queueing models can effectively describe system
architecture, prior research has not integrated queueing models of software services as constituent
elements in system-level analysis. This makes it challenging to train an accurate performance
model that considers both configuration and workload. The model must manage both the extensive
combinations of workloads and configurations and their complex interactions.

Although several recent studies combine workload and configuration information, these ap-
proaches are typically designed for specific scenarios, such as transfer learning across environ-
ments, workload-driven architectural analysis, or resource-level configuration analysis. These
works primarily focus on relatively stable scenarios, rather than large-scale configuration-workload
interaction analysis in configurable systems. In these systems, local configuration changes may
propagate non-linearly through dependent services, leading to workload-dependent performance
behaviors such as spikes, saturation, or performance-equivalent regions. These behaviors are dif-
ficult to capture using purely end-to-end prediction models because workload propagation and
queueing interactions may vary dynamically across service workflows. This challenge motivates
the need for a topology-aware hybrid modeling approach that can explicitly represent service
interactions and workload propagation at the system level.

3.2 A Motivating Scenario: Microservice Video Streaming System

To further clarify our motivation, consider a microservice-based video streaming system (Fig. 1).
The system contains multiple services, such as transcoding, packaging, ad-insertion, and recom-
mendation services. Different workloads may trigger different service workflows. For example,
Workload 1 invokes the ad-insertion service after packaging, while Workload 2 invokes the recom-
mendation service. Since configurable services, such as transcoding and encoding services, may
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Fig. 1. lllustrative example of workload—configuration interactions in a microservice video streaming system.

have many runtime configuration options, testing all workload-configuration combinations before
deployment is impractical.

A common practice is to evaluate only default configurations under typical workloads based on
developer experience. However, this approach may miss performance risks caused by workload-
configuration interactions after deployment. As shown in Fig. 1, when the transcoding configuration
changes from low quality to high quality, the processing time of the transcoding/encoding service
increases and consumes more CPU resources.

This configuration change may affect workloads differently because they follow different service
paths. For Workload 2, the request continues from packaging to the recommendation service. In
contrast, Workload 1 continues from packaging to the ad-insertion service, which may also require
additional processing resources. As a result, the increased cost of transcoding can intensify resource
contention along the Workload 1 path and eventually lead to saturation. This example illustrates that
the impact of a configuration change cannot be fully understood without considering both workload
behavior and system-level service interactions. If developers cannot identify potential failures or
performance regressions in such scenarios, significant time and resources may be required to locate
and resolve the issue after deployment.

To address this challenge, developers can construct workload-aware or configuration-aware
performance models. Workload-aware models estimate bottlenecks under different traffic conditions,
while configuration-aware models predict the performance impact of different configuration settings.
However, these approaches often analyze workloads or configurations independently and may not
accurately capture their combined influence on system-level performance.

Therefore, our goal is to design a hybrid model that integrates configuration-aware performance
modeling with queueing-based architectural analysis. By modeling service-level behaviors and
propagating workload interactions through the system architecture, the hybrid model can efficiently
estimate performance risks under simultaneous workload and configuration changes while requiring
significantly lower cost than exhaustive system-level testing,.

4 Approach

In this section, we present HQP (Hybrid Queueing and Configuration-aware Performance Model-
ing) to construct a hybrid performance model that considers both workloads and configurations. We
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14.2: Building Models for Each Service Type [4.3: Building a Hybrid Model Based on the System Architecture Model
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Fig. 2. An overview of HQP.

make use of the Queueing Petri Net formalism, complemented by a configuration performance mod-
eling method. Figure 2 shows the overall process of the approach. We first construct performance
models for individual services. Next, using software architectural knowledge, we integrate the
performance models of individual services into the system architecture to construct a system-level
performance model. We detail each step below.

4.1 Problem Statement

We assume that a modern software system can be divided into multiple modules based on their
functions and logic. System behavior is influenced by dynamic workloads and configurations
through queueing interactions. Based on this assumption, we focus on microservice systems, where
service boundaries and inter-service interactions can be explicitly modeled.

We define services in the system as S = (s1,$,...,S,) and configuration options as C =
(c1,¢2,...,¢y) in each module. The configuration options may be numeric or categorical; each
option ¢; takes values from its domain 9;, and a configuration is a vector C = (cy,¢2,...,¢p) €
D1 XDy -+ - X Dy. Let C be the domain of the configuration vectors (Cy, Cy, . . ., Cx). The workloads,
which represent the URL request types, are denoted as ‘W = (wq, wa, . .., wp,), while the workload
frequencies are represented by 7~ = (t1, t2, . . ., tn). The workload frequency represents the number
of times each URL request type is sent per minute. For each workload type and corresponding work-
load frequency (e.g., w; has frequency t;), under given configuration option settings, the correspond-
ing performance measurements (i.e., processing time) are Y = (Y(c,, w.t,)> Y(cawit1)s - - > Y(cnowimstn) ) -
The independent variables can be X = S x C X ‘W X 7. Assuming the tested independent vari-
able set is Xy and the corresponding performance measurement set is Y. And, the unmeasured
independent variables and performance measurements are {Xy, Yy }.

Formally, the optimization problem is defined as follows:

arg min ﬁ Z {’(fXM(x), y) (1)
XpycX (x,y)EU
[Xm|=M

where fx,, : X — Y denotes the model trained on the subset (Xy, Yum), and ¢ is loss function
measuring the discrepancy between the prediction f,,(x) and the ground-truth performance y.
Our goal is to build a highly accurate performance model with fewer samples, thereby making the
modeling process more cost-efficient.
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4.2 Building Models for Each Service Type

In prior studies, configuration-aware performance models [7, 20, 64] demonstrate high accuracy and
cost efficiency when the configuration dimensionality is relatively small (about 5-20 configuration
options). In a microservice system, applications are organized into service types, which may be
reused or replicated to handle different workloads and configurations. As a result, it is unnecessary
to construct separate configuration-aware performance models for every service. However, it is
important to recognize that services can exhibit different behavior under varying workloads. This
underscores that we cannot develop a simple model based solely on a small set of configurations for
a specific workload. Therefore, for each service type, we build a configuration-aware performance
model to analyze performance distribution. By focusing on individual services rather than the
whole system, we can reduce both computational overhead and sample complexity while enabling
scalable, reusable models across different system configurations.

In addition, for each service type, the configuration search space is relatively small, allowing the
construction of an accurate model. Prior studies provide several configuration-aware performance
modeling methods. In HQP, we apply CoMSA [64] to sampling and training the performance model
at the service level. COMSA is a sampling method that recursively selects samples based on the
maximum prediction deviation across models trained on different subsets of the data. In each
iteration, it identifies the sample with the greatest disagreement between models and adds it to the
training set for the next round of testing. Based on CoMSA’s empirical results, employing XGBoost
as the modeling algorithm achieves high predictive accuracy while remaining cost-effective, even
under a constrained sampling budget. By using CoMSA, we can ensure the performance model
remains accurate and cost-efficient, which is crucial for large-scale microservice systems where
efficiency and scalability are essential. Based on the COMSA results, when the sampling size
reaches 5 times the number of configuration options, the accuracy of the prediction model can be
guaranteed at a high level. We also evaluate the model accuracy in Section 5.

Moreover, building service-level configuration-aware models opens up opportunities for transfer
learning, enabling knowledge from one service to be transferred to or adapted for similar services
across different environments or versions. This further enhances our ability to rapidly and effectively
model performance across diverse microservice architectures.

4.3 Building a Hybrid Model Based on the System Architecture Model

We apply the Queueing Petri Network (QPN) formalism in our approach to systematically describe
and analyze the system architecture. Queueing Petri Nets provide a powerful framework for model-
ing both the structural and dynamic aspects of distributed software systems. QPN is particularly
effective at modeling the impact of concurrent service requests, resource contention, and processing
delays typical of modern microservice architectures. In our approach, the predicted processing
times of individual services are integrated into the QPN to estimate how local configuration changes
affect end-to-end system performance.

To construct the QPN model, we begin by mapping the major software services into corresponding
places and transitions within the Petri net. Queueing places represent contention points where
service requests may wait for processing, and transitions model the progression of jobs through
service logic.

A critical aspect of setting up the QPN is parameterizing the queueing places with distribution
parameters that reflect the stochastic nature of service times. Leveraging queueing theory [27], and
in particular the memoryless nature of exponential distributions, each queueing place is modeled
with an exponential service time distribution. This modeling choice is further supported by prior
studies demonstrating that exponential service-time assumptions can reasonably approximate the
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dynamics of real-world multi-tier systems [59]. Equation 2 defines the Probability Density Function
(PDF) of the exponential distribution, which is commonly used in queueing theory to model the
probability that the processing time of a request is less than or equal to t. This not only simplifies
the queueing model but also aligns well with common models of real-world request processing.

f®) = >0 ()

To accurately reflect the performance of each module, the service rate A is defined as the inverse of
the mean processing time (m), i.e., A = 1/m. Importantly, because we construct configuration-aware
performance models for individual services, these empirical models provide accurate estimates of the
processing time m across diverse configurations. For a given workload-configuration combination,
the service-level performance model first predicts the mean processing time of each service under
the corresponding workload and configuration settings. These predicted processing times are
then converted into service rates and injected into the corresponding queueing places in the
QPN model. The QPN subsequently models queueing contention and inter-service interactions
across the microservice topology to estimate end-to-end system performance. Since we apply an
exponential service-time distribution for queueing places, we assume that each service follows an
exponential distribution under normal conditions. The processing time of individual services is
therefore expected to follow an exponential distribution. Otherwise, the processing times estimated
from individual services are not accurate for QPN-based analysis.

Once parameterized, we use the Queueing Petri net Modeling Environment (QPME) [28] to define,
visualize, and refine the architecture-level QPN model. QPME allows us to intuitively represent the
connectivity and processing characteristics of real applications. Figure 3a provides an illustration of
the system’s architecture, while Figure 3b shows the corresponding QPN instantiation. Workload
frequencies and predicted service rates for each microservice are incorporated as model parameters,
enabling simulation of realistic operating conditions. As a result, we can obtain a hybrid model
that combines configuration-aware models of each service type and the QPN model.

After building the hybrid model, we employ SimQPN [29], a specialized tool for analyzing the
models, to estimate end-to-end performance measures. By configuring the model with different
workload types (e.g., specific API endpoints or URL request patterns) and system parameters,
SimQPN can simulate the system’s behavior and output average response times of services and
workloads. The estimation results provide insights for identifying performance bottlenecks, sup-
porting capacity planning, and evaluating the impact of configuration changes before deployment.

In summary, the hybrid model provides a practical and flexible way to evaluate and improve
system performance at both the service and system levels as configurations and workloads change.
By combining the queueing models of servers within a queueing Petri net that expresses the system
architecture, we can develop an estimation model that accurately predicts end-to-end processing
time across various configuration settings and workload types.

5 Experiment Setup

In this section, we primarily discuss the experimental setup. In our experiment, we require open-
source systems that offer a large configuration space, support diverse and variable workloads, and
allow for easy modification of configurations. These systems should also support various workload
types in their operational scenarios. However, most qualified software systems, such as Netflix,
are not open source. To simulate the real software architectures, we apply pBench [8] to build a
dummy microservice software system. The pBench allows users to set up a software architecture
and configure the functions used by each service in the system. Each service’s functionality is
implemented either by writing custom code or by invoking the tool’s API Therefore, to deploy
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Fig. 3. Anillustration example of characterizing software architecture features.

the microservice system using pBench, we must select an appropriate architecture and specify the
tools for each service.

To ensure that our findings are not limited to simple experimental setups but can be generalized
to more practical and diverse scenarios encountered in actual software deployments, we select one
simple and one complex system architecture design: TrainTicket [69] and TeaStore [61], respectively.
Both systems are widely used, real-world open-source architectures that have been adopted as
benchmarks in prior research [19, 23, 37, 56, 58, 68]. The topology of the architectures is shown in
Fig. 4. Each service follows a FIFO scheduling discipline. Compared with the TrainTicket architecture,
TeaStore exhibits longer service invocation paths and more complex service dependencies. These
architectural differences may lead to different queueing behaviors and workload propagation
patterns. In addition, the evaluated systems include sequential and conditional service interactions,
in which URL requests may traverse different service paths depending on workload behavior. To
quantify their architectural complexity, we examine the average number of services called per
workload: for the complex architecture, this average is 4.33, while for the simple architecture, it
is 1.67. In actual runtime scenarios, the complex architecture continues to demonstrate greater
complexity, averaging 4.24 services per workload compared to the simple architecture’s 1.72. The
results indicate that the two architectures have significant differences.

For the functions integrated into each service, we apply two types of relatively small but repre-
sentative software components, FFmpeg? and Irzip®, into our experimental environment. These
components not only introduce configuration options and workload diversity but also simulate
typical service-library dependencies in industrial deployments. These two tools are also widely
used in prior works [20, 26, 43, 64]. In our actual modeling run in an isolated environment, FFmpeg
achieved a mean relative error of 18.04% and a Spearman’s rank correlation [11] of 0.93, while Irzip
achieved a mean relative error of 1.49% and a Spearman’s rank correlation of 0.98. As a result, we

2A complete, cross-platform solution to record, convert, and stream audio and video: https://ffmpeg.org/
31rzip repository: https://github.com/ckolivas/lrzip
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Fig. 4. Topology structures of the evaluated microservice systems.

have two setups, which are the unified setup and the diverse setup. In the unified setup, we use
only FFmpeg as the service function, whereas in the diverse setup, both FFmpeg and Irzip are used
as service functions. The distinct features of these tools together provide comprehensive coverage
of real-world scenarios.

After selecting the architectures and functions we need for deployment, we design four subject
systems to achieve comprehensive coverage. The systems are designed as follows:

e TS-FF: Using TeaStore architecture as reference architecture with FFmpeg as the function
only.

o TT-FF: Using TrainTicket architecture as reference architecture with FFmpeg as the function
only.

e TS-FL: TeaStore architecture as reference architecture with both FFmpeg and Irzip as the
function.

e TT-FL: TrainTicket architecture as reference architecture with both FFmpeg and lrzip as
the function.

The colored services in Fig. 4a and 4b represent services that contain both FFmpeg and Irzip
deployment in TS-FL and TS-FL. The execution path through these functions depends on the
workload type. In contrast, the remaining services are shared infrastructure components and do
not contain workload-dependent configurable deployments. This variety allows us to assess the
effect of different component combinations and architectural compositions on system performance.
Table 2 summarizes the details of the possible workload types and configurations in each subject.
Different workload types follow different service queues within the system, resulting in distinct
execution traces. Additionally, the configuration settings for each workload in each service are
independent, further increasing the diversity and complexity of the workload space. The table
highlights the exponential growth in complexity, making it impossible to test all combinations of
the workloads and configurations.
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Table 2. An overview of our subject systems.

Subject Reference Architecture  Functions Wl |1cl |S| |1XI(T =)
TS-FF TeaStore FFmpeg 6 18 5 115200
TT-FF TrainTicket FFmpeg 6 18 6 46080
TS-FL TeaStore FFmpeg&lrzip 6 38 5 119296
TT-FL TrainTicket FFmpeg&lrzip 6 28 6 48640

| ‘W |:Total number of workload types. | C|: Total number of the configuration options. |S|: Total number of services.
|X|(T = P): Total number of combinations when workload frequencies is set as 7.

The pBench requires configuring a Kubernetes cluster® for deployment. Therefore, we create
Kubernetes clusters using kubeadm® on three machines. Each machine is equipped with an Intel
Core i7-12700 processor, 32 GB of RAM, and runs Ubuntu 22.04.5 LTS.

Workload generation is controlled using JMeter®, which enables precise regulation and dynamic
adjustment of HTTP/URL request frequencies during experiments. JMeter’s flexibility allows us to
create workload patterns that we generate in the fuzzing method. During workload generation,
URL requests are randomly generated according to the specified workload frequencies.

6 Evaluation of HQP

Performance models are widely used for tasks such as predicting system performance, reducing
testing time, and detecting performance regressions. However, if a performance model lacks
sufficient accuracy, its predictions and diagnostic results become unreliable, limiting its practical
value. In addition, if the cost of constructing and maintaining the model is prohibitively high, the
model may be difficult to adopt in real-world scenarios. Therefore, we evaluate HQP from two
perspectives: prediction accuracy and modeling cost.

To provide a comprehensive evaluation, we first compare HQP with state-of-the-art performance
modeling baselines in terms of prediction accuracy and modeling cost. We then conduct ablation
studies to assess the contributions of architectural knowledge and queueing-based modeling,
thereby clarifying how each component affects the overall performance of HQP.

6.1 Evaluation of Modeling Accuracy

6.1.1 Method. In this part, we evaluate the prediction accuracy of HQP relative to state-of-the-art
performance modeling techniques.

As discussed in Section 3, many existing performance modeling methods do not explicitly
capture configuration-workload interactions. Therefore, we compare HQP with four representative
configuration-aware performance modeling baselines: CoMSA [64] with XGBoost [6], COMSA
with DeepPerf [20], DaL [15], and HyPerf [10]. COMSA with XGBoost provides a cost-effective and
widely used tree-based baseline, while COMSA with DeepPerf represents a deep-learning-based
baseline with higher tuning overhead. DaL and HyPerf are included as state-of-the-art performance
modeling baselines for configurable systems. We do not include BEETLE [30] and SeMPL [14] as
baselines because their required learning setting is not available in our evaluation. Both methods
require configuration-performance datasets collected from multiple source environments before
transferring or generalizing the learned knowledge to a target environment.

To evaluate prediction accuracy, we use 10-fold cross-validation [21], since exhaustively measur-
ing all configuration—-workload combinations is infeasible. We use mean absolute relative error
(MARE) to measure prediction error. Since HQP estimates service-level performance and then

4Cluster Architecture: https://kubernetes.io/docs/concepts/architecture/

SKubeadm: https://kubernetes.io/docs/reference/setup-tools/kubeadm/
JMeter documentation: https://jmeter.apache.org/index html
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propagates the results through the system architecture, we also evaluate ranking accuracy using
Spearman’s rank correlation coefficient [11]. Spearman’s correlation allows us to assess whether
the predicted performance values preserve the same relative ordering as the measured values. This
is important for downstream tasks such as configuration selection and performance-spike detection,
where preserving the relative ordering of configuration-workload settings can be as important as
minimizing prediction error.

Following the sampling standard used by Kaltenecker et al. [26], we use the number of configura-
tion options (|C|) as the basis for defining the sampling size n. Since HQP builds configuration-aware
performance models for individual services, the sampling size of HQP corresponds to the number of
service-level training samples. The system-level estimates are then obtained through QPME-based
simulation using the learned service-level performance models.

6.1.2  Results. Table 3 presents the prediction accuracy of HQP and the baseline methods. Overall,
HQP achieves stable prediction accuracy across subjects and sampling sizes, demonstrating both
strong ranking accuracy and low prediction error. In several cases, HQP with a sampling size
of n achieves accuracy comparable to or better than baseline methods using substantially larger
sampling sizes, such as 5n.

A special case occurs in TT-FL, where XGBoost with architectural knowledge achieves a slightly
lower MARE than HQP when the sample size exceeds 3n. This result is mainly due to the relatively
simple reference architecture of TT-FL. As discussed in Section 5, this subject involves fewer related
services per workload, with each workload using an average of 1.67 services. When architectural
knowledge reduces the input space to a small set of highly related services, XGBoost can learn
accurate mappings between input features and performance values.

In more complex systems, however, workloads may traverse more services and involve longer
request traces. This increases the number of possible interactions between workload types, config-
uration options, and service dependencies, making purely data-driven prediction more difficult
under limited sampling budgets. For example, TS-FF, which uses the more complex reference
architecture, shows a larger gap between HQP and baselines without architectural knowledge than
TT-FF. This result indicates that explicitly modeling service interactions is particularly beneficial
when workloads propagate through more complex service topologies.

The results also show that architectural knowledge improves the performance of baseline methods.
By incorporating service dependency information during preprocessing, XGBoost and DeepPerf
achieve improved ranking accuracy and reduced MARE compared with their versions without
architectural knowledge. However, these methods still do not explicitly model queueing effects or
workload propagation. In contrast, HQP combines service-level performance prediction with QPN-
based topology-aware propagation, enabling more accurate estimation of system-level performance.

Although Dal. and HyPerf provide efficient baselines for configurable-system performance
modeling, their prediction accuracy is less stable in our workload-configuration-aware microservice
setting. DaL tends to perform better when the training data are sufficiently diverse, while HyPerf
generally requires more samples to achieve high accuracy in its experiments. In contrast, HQP
achieves stable prediction accuracy under limited sampling budgets.

Overall, the results demonstrate that HQP’s accuracy comes from the combination of service-level
performance modeling and queueing-based architectural propagation. The learned service models
capture configuration-dependent performance variations, while the QPN captures system-level
workload propagation and service interactions.

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: August 2025.



834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882

18

Xia et al.

Table 3. Prediction accuracy with 10-fold cross-validation: Spearman’s rank correlation (p) and mean absolute
relative error (MARE) per subject.

Model Performance (p/MARE)

. Sampling

Subject  gj/e HQP XGBoost DeepPerf HyPerf DaL
n(18)  0.74/29.69% ~/25.51% ~/21.39% ~/94.50% ~147.53%
on(36)  0.87/18.82%  030/33.15%  0.09/30.88%  -4.21/69.76%  -4.31/45.65%

TS-FF 3n(54)  0.90/18.52%  0.04/52.38%  0.16/75.23%  -146/53.85%  -1.08/41.98%
an(72)  0.98/9.09%  033/5150%  0.25/73.42%  -0.85/44.48%  -1.04/45.64%
5n(90)  0.97/9.46%  0.40/50.97%  043/32.48%  -0.85/48.13%  -0.90/45.93%
n(18)  0.79/27.48%  -/114.25% ~/49.09% ~/82.64% ~166.35%
2n(36)  0.90/21.09%  0.49/6353%  0.55/68.66%  -5.98/87.73%  -18.62/64.29%

TT-FE  3n(54)  0.94/18.27%  0.57/65.56%  0.64/62.73%  -1.93/163.97%  -1.97/62.12%
an(72)  0.97/10.38%  0.73/48.43%  0.69/72.49%  -1.59/13458%  -1.08/53.94%
51(90)  0.97/10.81%  0.75/47.17%  0.78/68.20%  -2.22/139.16%  -0.68/59.81%
n(38)  0.81/31.06%  0.35/29.09%  040/3148%  -139/52.76%  -4.90/36.09%
on(76)  0.98/5.71%  0.67/2236%  0.71/3091%  -0.76/48.60%  -0.31/31.17%

TS-FL  3n(114)  0.99/535%  0.67/23.38%  072/2721%  -0.16/60.05%  -0.08/28.50%
an(152)  0.99/5.14%  0.77/2147%  0.78/19.57%  -0.53/63.21%  0.09/27.21%
5n(190)  0.99/5.37%  0.78/2049%  0.82/23.45%  -0.18/62.88%  0.19/28.15%
n(28)  0.87/13.02%  0.71/21.09%  0.62/37.74% ~/64.51% ~/30.28%
2n(56)  0.94/10.05%  078/19.73%  0.75/37.37%  -150/60.43%  0.52/17.17%

TT-FL  3n(s4)  0.94/9.22%  0.84/17.98%  0.80/2433%  -1.11/59.65%  0.58/14.21%
an(112)  0.93/10.05%  0.86/14.97%  0.84/30.86%  -0.72/53.81%  0.77/12.98%
5n(140)  0.93/9.85%  091/13.50%  0.89/29.35%  -0.44/5451%  0.79/12.89%

Notes. Each cell reports p/MARE. Bold marks the best per row (higher p, lower MARE). n denotes the number of

« »

configuration samples; “~” means insufficient data or cannot be calculated.

Table 4. The average cost of the performance models (normalized to 50 samples)

Methods Setting time (s) Testing time (s) Training time (s)
HQP < 1800 3953 349
XGBoost <1 14147 138
DeepPerf 4-225 12936 4066
HyPerf <1 1166 354

DaL <1 1340 28

6.2 Evaluation of Modeling Cost

6.2.1 Method. We measure modeling cost using three components: setup time, testing time, and
training time. Setup time refers to the effort required to configure the model or prepare the required
modeling artifacts. For models that do not use QPME, setup time is mainly determined by parameter
tuning. For example, DeepPerf provides a tuning procedure to improve prediction performance,
and we assume that this tuning step is performed at least once for each subject system. We measure
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the total time cost under the 5n sampling-size setting (e.g., 90 samples in TS-FF), then normalize
the measured cost to estimate the average time cost for 50 samples.

For HQP, setup time mainly comes from constructing the QPN model, including defining the
architecture, configuring queueing places, specifying parameters, and preparing the QPME file.
Since QPME provides a graphical modeling interface, this cost is primarily determined by the
number of modeling elements and the required interactive operations. For example, constructing
the complex reference architecture in QPME involves 26 queueing places, 57 connection elements,
and 19 logic-related elements. Assuming an average operation time of 15 seconds per element, the
total setup time is less than 1800 seconds. This setup cost is a one-time cost and can be reused
across repeated experiments as long as the system architecture remains stable.

Testing time refers to the time required to collect performance measurements for the selected
workload-configuration samples. Training time refers to the time required to train the predictive
models after the measurements are collected. To compare costs fairly, we report the cost under
sampling settings that achieve comparable prediction accuracy.

6.2.2 Results. Table 4 presents the average cost of the evaluated performance models. According
to Table 3, HQP with a sampling size of n generally achieves prediction accuracy comparable to or
better than baseline methods with substantially larger sampling sizes. Therefore, we compare the
modeling costs under these sampling settings.

In terms of setup time, XGBoost, HyPerf, and DaL have low setup costs because they require
little manual configuration. DeepPerf requires additional tuning overhead, resulting in a setup
time ranging from 4 to 225 seconds, depending on the tuning strategy. HQP has a higher initial
setup cost because it requires constructing the QPN model. However, this cost is reusable: once the
QPN model is constructed, only minor updates are needed when the system architecture changes.
Therefore, the one-time QPN construction cost can be amortized across repeated performance
analysis and exploration tasks.

Regarding testing time, HQP requires substantially fewer performance measurements than
traditional baselines because it achieves stable accuracy with smaller sampling sizes. This reduces
the total testing cost, which is often the dominant cost in performance modeling. Although HyPerf
and DaL exhibit lower testing and training costs in Table 4, their prediction accuracy remains
less stable across subjects and sampling sizes, as shown in Table 3. In particular, these methods
have difficulty maintaining reliable rank correlation under workload-configuration interaction
scenarios.

Regarding training time, DeepPerf requires substantially longer training time in our environment
because GPU acceleration is not used. With GPU support, the training-time gap between DeepPerf
and other methods may decrease. In contrast, XGBoost, HyPerf, and DaL have relatively low training
costs. HQP introduces moderate training overhead because it trains service-level performance
models and performs QPN-based estimation, but this cost remains practical compared with the
testing cost saved by reducing the number of required measurements.

Overall, HQP achieves a favorable trade-off between prediction accuracy and modeling cost.
Although its initial setup cost is higher due to QPN construction, the model is reusable and provides
stable topology-aware prediction accuracy under limited sampling budgets.

6.3 Evaluation of Contribution of Architectural Knowledge and Queueing Model

6.3.1 Method. To understand the contribution of architectural knowledge and queueing-based
modeling, we conduct ablation studies that remove or isolate key components of HQP.

First, we evaluate a variant without QPN. In this setting, we remove the queueing-based topology
propagation and directly use a regression model, i.e., XGBoost, to predict URL-level processing time

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: August 2025.



932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963

965
966
967
968
969
970
971
972
973

975
976
977
978
979
980

20 Xia et al.

Table 5. Prediction accuracy with 10-fold cross-validation of ablation study: Spearman’s rank correlation (p)
and mean absolute relative error (MARE) per subject.

Model Performance (p/MARE)

Subject Sam.pling .
Size HQP QPN-only Without- XGBoost w/  DeepPerf w/
QPN arch. arch.
n(18) 0.74/29.69% -/21.39% -/46.44% -/39.23% -/27.14%
2n(36) 0.87/18.82% 0.09/30.88% -9.99/48.79% 0.61/40.17% 0.42/31.83%
TS-FF 3n(54) 0.90/18.52% 0.16/75.23% -2.35/42.59% 0.39/35.90% 0.32/40.38%
4n(72) 0.98/9.09% 0.25/73.42% -1.44/36.53% 0.65/32.54% 0.63/36.14%
5n(90) 0.97/9.46% 0.43/32.48% -0.18/32.08% 0.80/30.59% 0.68/28.32%
n(18) 0.79/27.48% -/49.09% —/27.99% -/34.33% -/49.68%
2n(36) 0.90/21.09% 0.55/68.66% -0.64/25.81% 0.66/35.19% 0.79/57.73%
TT-FF 3n(54) 0.94/18.27% 0.64/62.73% 0.04/22.38% 0.78/30.79% 0.85/49.11%
4n(72) 0.97/10.38% 0.69/72.49% 0.42/18.61% 0.81/30.15% 0.82/50.44%
5n(90) 0.97/10.81% 0.78/68.20% 0.54/16.52% 0.85/24.43% 0.90/39.44%
n(38) 0.81/31.06% 0.40/31.48% -0.57/25.66% 0.50/29.57% 0.62/25.10%
2n(76) 0.98/5.71% 0.71/30.91% 0.36/18.41% 0.76/19.82% 0.78/18.74%
TS-FL 3n(114) 0.99/5.35% 0.72/27.21% 0.56/14.87% 0.83/17.03% 0.83/20.97%
4n(152) 0.99/5.14% 0.78/19.57% 0.68/12.68% 0.87/16.01% 0.85/19.07%
5n(190) 0.99/5.37% 0.82/23.45% 0.76/10.79% 0.89/14.77% 0.90/15.80%
n(28) 0.87/13.02% 0.62/37.74% -/29.18% 0.77/13.84% 0.81/22.62%
2n(56) 0.94/10.05% 0.75/37.37% -0.31/23.57% 0.87/14.30% 0.77/19.42%
TT-FL 3n(84) 0.94/9.22% 0.80/24.33% 0.65/17.18% 0.90/11.15% 0.91/25.87%
4n(112) 0.93/10.05% 0.84/30.86% 0.77/14.47% 0.90/10.01% 0.94/12.61%
5n(140) 0.93/9.85% 0.89/29.35% 0.78/12.44% 0.92/9.74% 0.95/19.70%

Notes. Each cell reports p/MARE. Bold marks the best per row (higher p, lower MARE). n denotes the number of
configuration samples; “~” means insufficient data or cannot be calculated, "w/arch" indicates that the method utilizes
architectural knowledge during preprocessing.

from the predicted processing times of individual services. This variant allows us to assess whether
service-level architectural information alone is sufficient for accurate system-level prediction.

Second, we evaluate a QPN-only variant. Since QPN alone cannot capture configuration-dependent
service performance variations, we use the processing time under the default configuration and ap-
ply workload frequency information in the QPN. This setting allows us to evaluate the contribution
of queueing-based architectural propagation without learned service-level performance models.

Third, we evaluate architecture-aware baseline models. In this setting, baseline models use
service dependency information during preprocessing, allowing us to assess whether architectural
knowledge improves prediction accuracy even without explicit queueing-based propagation. We
select XGBoost and DeepPerf as representative baselines for this ablation because they show
comparatively strong performance among the evaluated methods.

6.3.2 Results. Table 5 presents the results of the ablation experiments. Overall, HQP achieves
the best prediction performance across most subjects and sampling sizes, demonstrating the
effectiveness of jointly using architectural knowledge and queueing-based modeling.
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The QPN-only variant generally exhibits poor prediction accuracy and unstable ranking perfor-
mance. Although the queueing model captures structural relationships among services, it cannot
model configuration-dependent service performance variations without learned service-level per-
formance models. As a result, its estimates are overly simplified and lead to weak ranking capability
and high prediction error.

The Without-QPN variant performs better than the QPN-only setting, indicating that service-level
architectural information contributes to prediction accuracy even without explicit queueing analysis.
However, its performance remains consistently lower than HQP, particularly in ranking accuracy.
This result indicates that QPN provides topology-aware performance propagation information that
cannot be fully captured by direct regression-based aggregation.

To evaluate the contribution of architectural knowledge, we select two of the best baseline
methods(i.e., XGBoost and DeepPerf) from Section 6.1 to generate the architecture-aware baselines.
The architecture-aware baseline methods, namely XGBoost w/arch. and DeepPerf w/arch., generally
improve over their corresponding versions without architectural preprocessing, demonstrating the
usefulness of incorporating service dependency information. Nevertheless, they still underperform
compared with HQP in most cases. This suggests that architectural knowledge alone is helpful but
insufficient; explicitly modeling workload propagation and queueing interactions further improves
prediction accuracy.

Overall, the ablation study results demonstrate that both architectural knowledge and queueing-
based modeling are necessary components of HQP. Service-level performance models capture
configuration-dependent behavior, while QPN enables topology-aware propagation across mi-
croservice workflows. The combination of these two components allows HQP to achieve a more
accurate and stable prediction than either component alone.

Summary of Findings

HQP achieves stable prediction accuracy with substantially fewer measured samples than
several baseline methods. It maintains high rank correlation and low prediction error by com-
bining service-level performance modeling with QPN-based topology-aware propagation.
Architectural knowledge improves the accuracy of baseline models, while queueing-based
modeling further improves HQP’s ability to capture workload propagation and service
interactions. Overall, HQP provides a practical balance between prediction accuracy and
modeling cost under limited sampling budgets. The ablation study further confirms that
both architectural knowledge and queueing-based modeling are necessary to achieve HQP’s
stable prediction performance.

7 Exploration on Searching Performance Condition with HQP

Since HQP delivers strong results in both accuracy and cost, we aim not only to provide an
estimation model that passively forecasts performance for given parameters, but also to proactively
identify potential performance conditions that may arise as configurations or workloads change.
In prior studies, detecting or forecasting performance spikes and saturation conditions often
requires collecting and analyzing raw data from extensive performance testing. Reducing the cost
of performance modeling requires avoiding training on redundant samples. As shown in Table 6, the
primary goal of previous studies has been to avoid or detect these potential performance conditions.
This process is both time-consuming and resource-intensive since all data is built on tested samples.
Since our approach offers a flexible and cost-effective solution that can accurately estimate system
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performance without real running, we propose SCPM (Search and Condition Prediction on hybrid
Modeling) for forecasting the potential performance conditions.

7.1 SCPM

SCPM is a search-based method based on PerfFuzz [31], designed to systematically explore both
configuration and workload spaces in microservice systems to identify potential performance risks.
In PerfFuzz, a new test case is generated by mutating the values of an existing seed. Such a process
continues until code coverage no longer increases, meaning no new behaviors are exercised by
further mutations. Except for using code-coverage-inspired exploration to determine whether
mutated cases provide new coverage, we abstract the behavioral status of the services to identify
previously unseen system states. Specifically, the status of services consists of two components:
(i) the rank ordering of the estimated mean service times across services and (ii) the saturation
status of the services. For example, the original service status may be represented as [(3, 1, 4, 2), ()],
where (3, 1, 4, 2) denotes the rank ordering of the estimated mean service times, and () indicates
that no service is saturated. After mutation, the service status may change to [(3, 1, 4, 2), (3)],
where (3) indicates that service 3 is saturated. If a newly generated status has not appeared in the
historical status set, it is treated as new coverage and added to the history set. However, assessing
test case coverage becomes challenging when both configuration and workload variations are
considered [39]. Although sampling methods are effective at extending coverage across a wide
range of options, they generally cannot cover all systems’ actual performance behavior under these
options. As a result, we manually set the limit of test case generation, except for calculating it based
on coverage.

Furthermore, traditional testing covers only a narrow set of system conditions, but varied
configurations and workloads in real deployments can trigger edge-case scenarios that are easily
overlooked. SCPM leverages randomness and probabilistic sampling to generate test cases that not
only broadly cover configuration options but also identify critical cases.

A key advantage of SCPM is its integration within our queueing model-based simulation envi-
ronment. This integration enables us to estimate the performance impact of each generated test
case through simulation, significantly reducing the need for costly, time-consuming real-world
testing. Specifically, SCPM relies on feedback from SimQPN reports to iteratively focus its search
on areas near the performance boundaries.

In conclusion, SCPM provides a powerful and efficient approach for identifying performance
risks in complex microservice environments. The Algorithm 1 outlines the mechanism of our
fuzzing approach as follows:

e Lines 1-2: Set up a random-workload firing weight to simulate fuzzing under randomized
conditions.

e Lines 3-6: Build the probability list by collecting available modules, configurations, and
candidate values.

e Lines 7-8: Initialize the three-dimensional probability list Prob3d to record the probability

of applying combinations of configurations and workloads. Set the child-count limit (e.g.,

m = 100).

Lines 9-10: For each workload frequency, generate an initial seed based on Prob3d.

Lines 11-13: For each seed in P, mutate the seeds to generate children.

Line 14: Run child to generate SimQPN report.

Lines 15-16: Based on the report, we can obtain the feedback from the status of each

module. If the new status of each module, add the seed to P.

e Line 18: Update Prob3d based on the feedback of modules.
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Algorithm 1 The SCPM algorithm

1: W — {wg, wi, ..., Wi} > Workload type set
2: T « Ranoom({t1, t2, ..., tn }, W) > Workload frequency set
3: S« {s0,51,...,5j} > Service type set
4: C < GETAVAILIABLECONFIGOPTION(S)

5: I, ] « length(‘W), length(S)

6: Prob3d <« FiLL3D(I, J,C, 1)
7:
8:
9

NumChildren < 100
fortin 7 do
P « {GENERATESEED(Prob3d)}
10: for seed in P do

11: i—0

12: for 0 < i < NumChildren do

13: child « MUTATE(seed)

14: feedback «— Run(child)

15: if NEwCase(feedback) then
16: P — P U {child}

17: end if

18: Prob3d « UpDATEPROB3D(Prob3d, feedback)
19: i—i+1

20: end for

21: end for

22: end for

7.2 Evaluation on SCPM

By introducing a search-based forecasting method, we can significantly reduce testing costs if the
forecast is sufficiently accurate. Therefore, our goal is to evaluate how accurately SCPM can detect
key performance conditions, specifically: performance-equivalent, performance-saturated, and
performance-spiked conditions.

7.2.1 Method. In this research question, we aim to investigate how to identify potential perfor-
mance conditions of the system. Before initiating the search process, it is essential to clarify which
performance conditions are important to developers. Drawing from the objectives of previous
studies, as summarized in Table 2, we identify five main purposes for performance modeling. From
these, we summarize three performance conditions that are particularly important to developers:
performance-equivalent, performance-saturated, and performance-spiked conditions. Table 6 sum-
marizes the definitions and calculation methods for each condition. To provide a clear explanation,
Table 7 lists all the parameter settings and the numerical values of the parameters.

To validate the approach, we measure the accuracy of our method’s estimation for each perfor-
mance condition. Table 10 reports the estimation accuracy of the estimation of SCPM on different
performance conditions. A performance-equivalent condition is defined as a configuration/work-
load change in services that does not alter the request’s processing time. To verify this condition,
we compare the processing time before and after the changes. A performance-spiked condition
represents a sudden increase in performance triggered by a one-time configuration/workload
change. We apply the z-score algorithm’ to detect the spikes. The performance-saturated condition
occurs when the system reaches its bottleneck, potentially leading to errors.

"Find spikes in a dataset: https://rstudio-pubs-static.s3.amazonaws.com/640899_e805255c62a04dd8b3¢8440329b07b40.html
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Table 6. Definition of potential performance conditions.

Potential Motivation Requirement Related purpose

performance

condition

Performance- Small configura- A(xt,, Xt,) = M < Reducing test effort,

equivalent tion/workload max(|xz, ) Reusing model
changes may yield where x¢, and xy, are the performance (7,13, 14, 16, 18, 20,
statistically indis- ~ vectors of two different configuration- 22, 25, 26, 30, 41, 44,
tinguishable per- workload settings; ¢ is a small constant 54, 57, 64, 66, 67]
formance; group- to avoid division by zero. If the relative
ing these cases difference is smaller than ¢ (e.g., 0.05), the
avoids chasing two settings are performance-equivalent.
noise and allows
us to focus on im-
pactful factors.

He =

Performance- A subset of o Optimizing

spiked changes causes configuration,
short-lived bursts = Identifying
(e.g., elevated tail configuration
processing time) . constraints, Detecting
without a steady- spike, =1 [Elax =t performance
:}tlaetsees:slfsti)ivlzzsﬂtig where x; at time ¢, L is half- window size regressrlli):;,elfs( eusing
aid triage. (before and after t excluding t)., Tisaz- [1,4,17, 33, 34, 36,

score threshold (e.g., 3), and ¢ is a small 37, 40, 45, 46, 49, 52]
constant.

Performance- Steady-state re- satur; =1{y < (1-f)sV e > r]] Optimizing

saturated source exhaustion configuration,
leads to a through- where y represents the observed through- Identifying
put plateau while ~ Put:s is the configured fre.quency? and e configuration
latency and/or er- denotes the error rate during testing. By constraints, Detecting
ror rate increase; setting a tolerance parameter € [0, 1) performance
identifying satura- (e.g-, 0.10) and an error threshold 7 (e.g., regressions, Reusing
tion enables safe any error if = 0), we can more accu- models
early stopping and rately determine when the s.ystem is [1, 4, 17, 33, 36, 37,
capacity planning. considered saturated or at risk of perfor- 45, 46, 49]

mance issues.

To verify estimation accuracy, we apply QPME parameters to the actual configuration settings
in pBench and the workload settings in JMeter. If the real system performance matches the require-
ments of the performance condition under test, we consider the simulation result to be accurate in

our estimation.
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Table 7. Key parameters used in defining performance conditions.

Parameter =~ Meaning Value

x Processing time under a specific configuration-workload setting. (0, +00)

t Timestamp used for evaluating potential performance conditions. *

€ Threshold for determining whether two cases are performance-  0.05
equivalent.

) Small constant to avoid division by zero during normalization. 1x107°

L Half-window size for computing local statistics in spike detection. 3

T Z-score threshold for identifying transient performance spikes. 3

B Allowed relative throughput degradation before declaring satura- 0
tion.

n Error-rate threshold used in saturation detection. 0

s Configured request frequency (requests per second). [10,70]

e Observed error rate during testing. [0,1]

" The value of ¢ depends on the number and sequence of evaluated cases.

As shown in Table 10, we set the z-score threshold based on the recommendation in practice’.
To calculate two performance results that are equivalent, based on the mean deviation of the repeat
runs (i.e., 0.10 in the complex reference architecture and 0.05 in the simple reference architecture),
and 0.10 is an acceptable parameter to avoid the influence of system noise. Using JMeter to verify
the condition, we conclude two reactions of the system under the performance-saturated condition.
One obvious system behavior is that it reports time-out errors for URL requests, which is the default
setting of 300 seconds. However, to detect more performance-saturation cases, we set the timeout
to 100 seconds. Another standard is that the system throughput is lower than the configured URL
request rate.

To evaluate the search effectiveness of SCPM, we compare our approach against two baselines.
First, we replace the guided fuzzing strategy in SCPM with purely random selection to assess the
contribution of the proposed exploration strategy. In this comparison, we primarily analyze the
number of detected potential performance conditions under SCPM and random selection.

Second, we compare SCPM with SMAC (Sequential Model-based Algorithm Configuration) [24], a
widely used model-based optimization technique for parameter tuning and configuration search [5].
In this part, we focus on both the detection effectiveness and exploration cost of SCPM and
SMAC-based methods.

To provide a more comprehensive comparison, we implement two objective-guided variants of
SMAC with different search priorities: SME and SMS. SME (SMAC for performance-equivalent
conditions) is designed to prioritize the discovery of performance-equivalent conditions. Its opti-
mization objective favors configurations whose performance behaviors are similar to previously
observed cases, enabling the search process to efficiently identify regions with comparable per-
formance characteristics. In contrast, SMS (SMAC for performance-spiked conditions) focuses
on identifying performance-spiked conditions. SMS biases the exploration toward configurations
exhibiting significant local deviations or abnormal performance behaviors, thereby increasing the
likelihood of discovering transient spikes and unstable regions in the configuration space.

In addition, the scoring mechanism used in SMS is closely related to the criterion for identifying
performance-saturated conditions, as both emphasize abnormal degradation and throughput-related
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behaviors. Therefore, instead of introducing a separate saturation-oriented SMAC variant, we inte-
grate the detection of performance-saturated conditions into SMS. This design reduces redundancy
in the optimization objectives while enabling SMS to explore two performance conditions.

7.2.2 Results. Table 8 presents the number of detected performance conditions per 100 trials
for the four evaluated methods. Overall, SCPM consistently outperforms the random selection
strategy across different types of performance conditions, demonstrating the effectiveness of guided
exploration. The results further show that SME achieves the highest overall number of detections
across most performance conditions and subjects, indicating that equivalent-oriented search is
effective for discovering stable performance behaviors.

SMS identifies a larger number of performance-saturated conditions, as its scoring mechanism
emphasizes abnormal degradation and saturation-related behaviors. However, SMS does not con-
sistently outperform SME in detecting performance-spiked conditions. This is primarily because
performance-spiked conditions are relatively rare and localized in the search space, making them
more difficult to discover reliably even with spike-oriented search objectives.

Nevertheless, both SME and SMS require iterative sample evaluation and model updating during
the search process, resulting in higher computational and testing overhead. Table 9 reports the
cost of the four methods for every 100 trials. As expected, the random selection strategy incurs
the lowest overhead because it does not require additional scoring or optimization procedures.
In contrast, the SMAC-based methods introduce substantial tuning costs due to repeated model
construction, scoring, and sample selection during exploration.

Considering both exploration efficiency and search cost, SCPM achieves a favorable balance
between detection capability and overhead. Although SCPM may not always achieve the highest
detection count, it can efficiently discover diverse performance conditions while maintaining
a significantly lower exploration cost than the SMAC-based approaches. However, in simpler
architectures, SCPM detects fewer performance conditions than SMAC-based methods, which
narrows its practical advantage despite its substantial reduction in computational cost.

Table 10 reports the accuracy achieved in estimating the three categories of performance con-
ditions. As the results indicate, SCPM consistently maintains accuracy above 80% across most
conditions, demonstrating the robustness of our method.

Notably, in the TS-FL system, the estimation accuracy in performance-spiked conditions is lower
than in other conditions, due to the limited number of such conditions. Through closer examination,
we attribute these inaccuracies primarily to the occasional overestimation by individual service
performance models. Even though these models generally maintain high configuration prediction
accuracy, rare outliers may propagate through and influence the synthesized QPME system-level
estimates.

Further analysis, as shown in Table 3, indicates that the diverse service function setup increases
prediction accuracy because the newly joined subject is highly predictable. This feature also
indicates that the diverse service function setup exhibits a more uniform performance distribution,
as the occurrence of performance-spiked conditions in TS-FL and TT-FL is lower than in TS-FF and
TT-FF, respectively. This demonstrates the effect of component-level diversity on the difficulty of
performance modeling, suggesting that building stable and predictable services can enhance the
overall stability of the system.

In Table 10, the performance-equivalent and performance-saturated conditions in the TS-FF and
TS-FL systems are higher than those in the TT-FF and TT-FL systems, respectively. This is related
to the workload/user profile we applied to the system. As shown in Section 5, the architecture’s
complexity differs across experiments due to the workload profile we applied. The complexity of
the architecture can increase the number of performance-equivalent and performance-saturated
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Table 8. Number of detected performance conditions per 100 samples under different methods.

Subiect Performance-equivalent Performance-spiked Performance-saturated
ubjec

R SME SMS SCPM R SME SMS SCPM R SME SMS SCPM

TS-FF 0.00 12.43  0.00 4.29 0.00 16.43 2.86 6.29  70.57 75.71 86.14 75.00
TT-FF 0.00 7.29 0.00 0.86 0.00 14.00 4.57 4.86  26.29 5586 86.57 69.57
TS-FL 0.00 17.43  1.29 3.57 0.00 17.14 4.43 3.29 78.43 8271 53.43 80.71
TT-FL 0.00 9.71 343 2.29 0.00 16.71 2.14 6.71 28,57 62.71 7057 21.29

Notes. R denotes the random selection method, while SME denotes the equivalent-oriented SMAC method, and SMS denotes the
spike-oriented SMAC variant.

conditions, as complex reference architectures have more features that introduce more interactions
between services and configuration options.

We also observe that the performance-saturated condition achieves higher accuracy compared
to the other two performance conditions. This is because the requirement for identifying the
performance-saturated condition is less strict. In high workload frequency scenarios, most test cases
easily meet the saturation criterion, as the system is more likely to reach saturation. Consequently,
the high proportion of correctly identified cases in this category increases the overall accuracy.
For example, in the TS-FF system, there are 316 test cases with a workload frequency below 40
per minute; of these, 251 are accurate, resulting in an accuracy rate of 79.43%. Since the SCPM is
designed to find test cases near saturation, our test cases are less likely to mutate saturated cases,
which decreases the probability of detecting outliers in high workload frequency scenarios. This
observation suggests that search-based strategies for high and low workload frequency scenarios
should differ in their test case generation approaches, with greater emphasis on leveraging system
knowledge in high workload frequency environments.

Table 9. The average cost of the performance models every 100 trials.

Methods (per 100 trials) Setting time (s) Testing time (s) Training time (s)

R - 574 -
SME - 32981 -
SMS - 33204 -
SCPM <1800* 593 + 3953* 349~

Notes. R denotes the random selection method, while SME denotes the equivalent-oriented SMAC method, and SMS denotes the
spike-oriented SMAC variant. * represents a one-time investment for building a performance model using HQP.

7.3 Sensitivity of Parameters

In this section, we analyze the sensitivity of the parameters listed in Table 7. As certain param-
eter modifications can exponentially increase the number of detectable performance conditions,
exhaustively evaluating all conditions is infeasible. Therefore, we evaluate a representative subset
of conditions. Specifically, we select 100 samples from the total candidates that do not overlap with
those identified under the default parameter settings. To ensure diversity, we adopt a stratified
sampling strategy over configuration and workload options. For example, we include samples with
distinct configuration settings (e.g., one using the ‘-r’ option and another using the ‘-1’ option in
the s0 pod).
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Table 10. The accuracy of our approach in estimating performance conditions.

Accuracy of detection on potential performance conditions

Subject Performance- Performance- Performance-
equivalent spiked saturated
TS-FF (245/268) 91.42% (25/31) 80.65% (668/727) 91.80%
TT-FF (5/6) 83.33% (137/159) 86.16% (486/487) 99.79%
TS-FL (270/309) 87.38% (8/11) 72.73% (1258/1290) 97.52%
TT-FL (13/16) 81.25% (47/47) 100% (139/149) 93.29%

Notes. Values in parentheses denote the number of correctly detected cases over the total cases.

Table 11. Sensitivity analysis of threshold €

Precision of detection on potential performance-equivalence conditions

Subject € = 0.05 (default) €=0.10 €=0.15

TS-FF 245/268 (91.42%, N=268)  14/100 (14.00%, N=1746)  12/100 (12.00%, N=2116)
TT-FF 5/6 (83.33%, N=6) 32/100 (32.00%, N=985)  13/100 (13.00%, N=2116)
TS-FL 270/309 (87.38%, N=309)  23/100 (23.00%, N=882) 6/100 (6.00%, N=1772)

TT-FL 13/16 (81.25%, N=16) 26/82 (31.71%, N=82) 18/100 (18.00%, N=208)

Notes. Values are reported as correctly detected cases / manually evaluated samples (precision, total candidate pool size N ).

7.3.1 Sensitivity of Parameters Related to Performance-Equivalent Conditions. In this section, we
analyze the sensitivity of the parameter used to classify performance-equivalent cases, namely the
threshold e.

The threshold € determines whether the performance difference between two cases is small
enough to be considered equivalent. A larger € relaxes this criterion, allowing more cases with
larger performance differences to be classified as equivalent. Consequently, increasing € leads to
more detected performance-equivalent cases.

However, this relaxation also increases the likelihood of false positives, as cases that are not
truly equivalent may be incorrectly classified as such. To balance detection coverage and accuracy,
SCPM sets € = 0.05 as a conservative default.

To further understand the impact of €, we evaluate its sensitivity at € = 0.05, 0.10, and 0.15. For
€ = 0.10 and 0.15, we focus on cases predicted as performance-equivalent by HQP but not identified
under the default setting, to examine potential misclassifications.

Table 11 reports the precision of detection. As shown in the table, increasing e significantly
increases the number of detected conditions (i.e., expands coverage), but at the cost of reduced
precision. This result highlights a clear trade-off: a smaller € yields more reliable detections, while
a larger € improves coverage but introduces more false positives.

7.3.2  Sensitivity of Parameters Related to Performance-spiked Conditions. Two parameters affect
the detection of performance-spiked cases: the window size L and the z-score threshold .

The parameter L defines the window size used for spike detection. Specifically, when L = 3,
each candidate point is evaluated using a local window consisting of three preceding and three
succeeding cases. The choice of L reflects a trade-off between sensitivity and robustness: a smaller L

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: August 2025.



1373
1374
1375
1376
1377
1378
1379
1380
1381
1382
1383
1384
1385
1386
1387
1388
1389
1390
1391
1392
1393
1394
1395
1396
1397
1398
1399
1400
1401
1402
1403
1404
1405
1406
1407
1408
1409
1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421

HQP: Hybrid Queueing and Configuration-Aware Performance Modeling for Microservice Systems 29

Table 12. Sensitivity analysis of threshold L.

Precision of detection on potential performance-spiked conditions

Subject L=1 L = 3 (default) L=5

TS-FF 0/100 (0.00%, N=547) 25/31 (80.65%, N=31) 20/25 (80.00%, N=25)
TT-FF 0/100 (0.00%, N=706) 137/159 (86.16%, N=159) 33/36 (91.67%, N=36)
TS-FL 0/100 (0.00%, N=491) 8/11 (72.73%, N=11) 4/7 (57.14%, N=7)
TT-FL 0/100 (0.00%, N=375) 47/47 (100.00%, N=47) 8/8 (100.00%, N=8)

Notes. Values are reported as correctly detected cases / manually evaluated samples (precision, total candidate pool size N ).

Table 13. Sensitivity analysis of threshold .

Precision of detection on potential performance-spiked conditions

Subject

=1 7 = 3 (default) =5
TS-FF 55/100 (55.00%, N=1014) 25/31 (80.65%, N=31) 7/7 (100.00%, N=7)
TT-FF 10/100 (10.00%, N=985)  137/159 (86.16%, N=159) 28/36 (77.78%, N=36)
TS-FL 50/100 (50.00%, N=882) 8/11 (72.73%, N=11) 5/6 (83.33%, N=6)
TT-FL 17/100 (17.00%, N=508) 47/47 (100.00%, N=47) 8/8 (100.00%, N=8)

Notes. Values are reported as correctly detected cases / manually evaluated samples (precision, total candidate pool size N ).

makes the detection more sensitive to local fluctuations, while a larger L smooths the local statistics
and reduces noise, but may overlook sharp spikes.

Table 12 presents the sensitivity results for different values of L. When L = 1, no reliable spikes
are detected across all subjects, indicating that the window is too small to establish a stable local
baseline for spike identification. Increasing L to 3 significantly improves detection precision, as
the larger context enables more reliable identification of abnormal deviations. When L is further
increased to 5, the precision remains comparable or slightly decreases in some cases, suggesting
that overly large windows may smooth out local variations and reduce sensitivity to sharp spikes.
Therefore, L = 3 provides a balanced choice between sensitivity and robustness.

The parameter 7 defines the z-score threshold for determining the significance of a spike. A
smaller 7 lowers the detection threshold, resulting in more detected spikes, while a larger 7 imposes
a stricter criterion and detects only highly significant deviations. We adopt 7 = 3 as the default
value, following the classical three-sigma rule ®.

Table 13 shows the sensitivity of 7. When 7 = 1, a large number of cases are classified as spikes,
but the precision is relatively low, indicating a high rate of false positives. As 7 increases to 3,
the precision improves substantially across all subjects, demonstrating a better balance between
detection coverage and accuracy. When 7 = 5, the precision is high, but the number of detected
cases is significantly reduced, indicating that only extreme spikes are captured while moderate
spikes may be missed.

Overall, these results reveal a clear trade-off: smaller 7 increases coverage but reduces precision,
while larger 7 improves precision at the cost of missing relevant spikes. Based on this observation,
7 = 3 is selected as a balanced default setting.

8NIST/SEMATECH e-Handbook of Statistical Methods: https://www.itl.nist.gov/div898/handbook/toolaids/pff/pme.pdf
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Table 14. Sensitivity analysis of timeout setting.

Precision of detection on potential performance-saturated conditions

Subject timeout=100s (default) timeout=300s

TS-FF 668/727 (91.80%, N=727) 668/673 (99.26%, N=673)
TT-FF 486/487 (99.79%, N=487) 449/449 (100.00%, N=449)
TS-FL 1258/1290 (97.52%, N=1290) 1254/1282 (97.82%, N=1282)
TT-FL 139/149 (93.29%, N=149) 104/104 (100.00%, N=104)

Notes. Values are reported as correctly detected cases / manually evaluated samples (precision, total candidate pool size N ).

7.3.3  Sensitivity of Parameters Related to Performance-saturated Conditions. To assess performance
saturation, one straightforward criterion is whether the system reports a timeout error within
a predefined threshold. A larger timeout (e.g., 300 seconds) is effective for filtering out extreme
failures such as connection issues or unexpected hangs. However, it may miss practical saturation
cases that occur earlier.

In our subjects, all normal URL requests are complete within 2 seconds. Therefore, a 300-second
timeout is overly conservative and primarily captures abnormal failures rather than performance
saturation. To improve sensitivity, we reduce the timeout threshold to 100 seconds. Although
this lower threshold may introduce a small number of false positives, it enables the detection of
additional performance-saturated conditions that would otherwise be missed.

Table 14 shows the sensitivity of the timeout parameter. When using a 300-second timeout,
the precision is consistently high across all subjects, as only the most obvious saturation cases
are detected. However, the number of detected conditions is limited. In contrast, the 100-second
timeout slightly reduces precision but increases the number of detected cases (e.g., TS-FF: 727 vs.
673), demonstrating improved detection coverage. This highlights a trade-off between precision
and sensitivity: a larger timeout yields more conservative but highly accurate detections, while a
smaller timeout improves coverage at the cost of minor accuracy loss. Based on this observation,
we adopt 100 seconds as a practical setting to balance detection coverage and accuracy.

In addition to timeout-based detection, we also consider a throughput-based criterion by compar-
ing the observed throughput with the configured request frequency. We set the tolerance parameter
B to 0, which represents the strictest condition for identifying saturation. This ensures that any
deviation from the expected throughput is treated as a potential saturation signal. Nevertheless, in
practice, a non-zero 5 can be used to delay detection and avoid premature alarms in scenarios with
transient fluctuations.
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Summary of Findings

SCPM effectively detects potential performance conditions (i.e., performance-equivalent,
performance-spiked, and performance-saturated) with accuracy above 80% across most
systems. Compared with the baseline methods, SCPM considers both exploration efficiency
and search cost, enabling early identification of risky configuration-workload combinations
without exhaustive testing. Performance-saturated conditions are detected most accurately
because saturation thresholds are easier to identify in high workload frequency scenarios,
while performance-spiked conditions are more sensitive to local prediction noise. Architec-
tural complexity influences detection difficulty: systems with longer service traces exhibit
more performance-equivalent and saturated cases, whereas simpler reference architectures
show fewer cases, and the performance prediction is inevitably more challenging. Over-
all, integrating search-based methods and queueing models enables efficient and reliable
prediction of diverse performance behaviors in microservice systems.

8 Threats to validity
8.1 Internal Validity

In our approach, since it is impossible to test all combinations of workloads and configurations, we
evaluate our method in a subset of samples. Using different parts of the same dataset may yield
different results. The large number of possible workload and configuration combinations creates
uncertainty in the baseline and may affect the consistency of the comparison results. As a result,
using a subset of the samples may affect our results. To ensure consistent results, we will conduct
future work to explore performance features across workloads and configurations.

Moreover, our experiments are based on performance data collected from real-world testing.
System noise may affect the accuracy of the results. Because processing time scales differ across
services, noise at larger scales may mask the underlying data at smaller scales. We prevent this
issue by assigning missions that have a similar level of noise to each service.

In addition, our method primarily uses QPN to analyze the relationship between software
architecture and performance. However, as introduced in Section 2, the LQN is another possible
model for estimating system performance. To this end, it is worth remarking that, while QPN
requires information about interactions between the system’s services, LQN requires more detailed
knowledge, such as the definitions of processing resources and calls, which may increase the cost
of building the model. Note that the selection of performance models and their variants remains an
open and long-standing challenge in software performance engineering [2]. One of the primary
concerns in practice is the prediction accuracy and applicability of the selected model for the target
system. The presented experimental results support our decision to adopt QPN for evaluating the
performance characteristics of configurable microservice systems.

8.2 Construct Validity

In our experiments, we record the processing time as an indicator of the system’s performance,
as this metric is considered one of the most complex in the field of performance modeling [27].
However, system performance is a broad concept that can also be affected by factors such as CPU
utilization, memory consumption, and I/O behavior. Since our current measurement primarily
focuses on processing time, other important performance aspects may not be fully captured. The
three performance conditions consider only the processing time for combinations of workloads
and configurations. This limitation may compromise the construct validity of our study, as our
chosen metric reflects only one aspect of the overall system performance.
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Furthermore, our current framework primarily focuses on time-related performance metrics,
particularly processing time and response-time-related behaviors. Although the proposed hy-
brid modeling and condition-oriented exploration strategy can potentially be extended to other
performance metrics, such as throughput, CPU utilization, memory consumption, or I/O-related
behaviors, these metrics may require different modeling assumptions, workload representations,
or condition definitions. For example, some performance metrics may exhibit different statistical
characteristics or stronger dependencies on hardware and runtime environments, which could
affect the applicability of the current QPN-based formulation. Extending the framework to support
multiple heterogeneous performance metrics simultaneously remains an important direction for
future work.

8.3 External Validity

In our research, we mainly use pBench to simulate the behavior of a microservice-based system.
While pBench provides a controlled and flexible environment for evaluating performance models,
it is still a simplified representation of real-world systems. Since we do not apply our approach
to a large-scale microservice application, the results may not fully reflect the complexities and
variability of real-world deployments, such as unpredictable network latency, workload diversity,
and heterogeneous hardware. This limitation may reduce the external validity of our study, as the
results might not generalize directly to real industrial systems.

In addition, the practicality of the proposed approach may depend on the characteristics of the
target system. HQP is particularly suitable for configurable systems with relatively stable service
boundaries, observable workload interactions, and identifiable architectural topologies. In such
scenarios, workload and configuration interaction can be effectively modeled through QPN-based
analysis. However, the approach may become less effective in highly dynamic environments where
service topologies cannot be generated at runtime. In these cases, maintaining accurate queueing
representations and service-level models may introduce additional modeling and monitoring over-
head. Furthermore, deploying the approach in practice requires access to architecture information,
which may not be readily available in industrial environments due to security issues.

9 Conclusion

In this paper, we present a configuration-workload-aware approach for performance modeling
in large-scale configurable microservice systems. By leveraging Queueing Petri Nets (QPNs), our
method captures the interactions among workloads, configurations, and system-level performance
behaviors. Our empirical evaluation demonstrates that the proposed approach improves prediction
accuracy while reducing testing costs compared with several state-of-the-art machine learning
and deep learning baselines. Furthermore, the proposed condition-oriented exploration strategy
efficiently identifies potential performance risks, including performance-equivalent, performance-
saturated, and performance-spiked conditions, under dynamically changing workloads and config-
urations. We additionally discuss the application of the proposed method in real-world scenarios.
SCPM is particularly suitable for configurable systems with workload-dependent service paths
and large configuration spaces, where exhaustive testing is impractical. By integrating topology-
aware QPN analysis with lightweight service-level prediction, the method can support efficient
performance-risk exploration during benchmarking, deployment validation, or CI/CD processes.
However, the approach currently relies on the availability of service topology and workload in-
teraction information, and the accuracy of the QPN representation may depend on the validity of
queueing assumptions under highly dynamic environments.

While the approach shows promising results in controlled experimental settings, future work
will focus on evaluating the method on larger-scale real-world systems, incorporating additional
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performance metrics beyond processing time, and investigating adaptive modeling strategies for
highly dynamic architectures and workloads. Overall, our approach provides an effective and
practical solution for improving the stability and reliability of performance analysis in configurable
microservice systems.
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