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 A B S T R A C T

Smartphones outnumber people nowadays, requiring efficient energy management. High application energy 
use leads to faster battery drain and frequent recharging, negatively impacting both battery life and the 
environment. This cycle also contributes to rising electronic and chemical waste due to discarded mobile 
phone batteries. Compiler optimization flags may play a crucial role in mitigating these issues by optimizing 
software performance. However, there has been little research on examining how compiler optimization flags 
impact the energy consumption of smartphone applications. This work presents an empirical study on the effect 
of the most aggressive iOS compiler optimizations on runtime, power consumption, and energy consumption 
across six different iOS applications. For each application, we developed a benchmark focused on the specified 
category we aimed to study. Our results show that reducing application runtime does not always directly 
correlate with improved energy consumption. In fact, we observed that optimizations aimed at enhancing 
runtime performance often come at an energy cost in the applications studied, highlighting a trade-off between 
runtime and energy consumption. For example, we found that using -Ounchecked in Swift, combined with -
Oz from LLVM in the GhostRun video game, increases energy consumption by 34%, despite improving runtime 
performance by 9%.
1. Introduction

The United Nations’ 2030 Agenda for Sustainable Development 
outlines a set of goals aimed at creating a sustainable future by re-
ducing the carbon footprint [1]. A vital component in improving the 
sustainability of IT systems is green software. Green software is defined 
as software that has been optimized to minimize natural resource 
consumption throughout its entire life cycle [2]. This includes efforts 
to reduce both direct and indirect use of natural resources during its 
development, deployment, and usage, with continuous monitoring of 
these aspects.

Today, smartphones are ubiquitous, highly accessible, and essential 
to the daily lives of most people. For these battery-powered devices, 
managing the energy consumption of various applications is crucial. 
High energy consumption by applications reduces battery autonomy 
and increases the frequency of recharging, which accelerates battery 
degradation, leading users to replace batteries and devices more often, 
thereby contributing to electronic and chemical waste. The disposal of 
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batteries and devices poses serious environmental issues, as hazardous 
materials can contaminate soil and water. Moreover, both manufac-
turing and disposal processes increase carbon emissions and deplete 
valuable resources.

To automatically enhance software performance, primarily focusing 
on runtime, compilers have historically applied a predefined sequence 
of code transformations. In C compilers, default optimization flags like
-O1, -O2, or -O3 are designed to reduce runtime but often lead to 
increased power consumption in embedded devices [3]. However, the 
improvement in runtime can be significant enough that it ultimately 
reduces overall energy consumption, despite the increase in power 
usage.

The impact of compiler optimizations is highly dependent on the 
specific software to be optimized and the hardware device where 
it will run [4]. Therefore, given the wide availability of different 
programming languages and compilers, it is necessary to study the 
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impact of various generic optimizations on both runtime and energy 
consumption.

Apple [5], a leading smartphone company, equips all its models 
with the same operating system, iOS [6]. Applications for iOS are 
typically developed using the Swift programming language [7], which 
provides various generic optimization flags for different stages of the 
compilation process [8]. While several recent studies have explored 
how different services impact the energy consumption of iOS applica-
tions [9,10], none have analyzed the effect of these optimizations on 
application sustainability.

In this work, we empirically analyze the combined impact of Swift 
and LLVM [11] compilation optimization flags on the runtime and 
energy consumption of iOS applications. Both of these compiler op-
timizations can be easily applied during the application development 
process for iOS in Xcode [12]. This study aims to address the following 
research questions:

RQ1. Do the most aggressive optimization flags improve the 
runtime of the iOS applications?

RQ2. Do the most aggressive optimization flags improve the 
energy consumption of the iOS applications?

RQ3. Does an improvement in runtime correlate with an im-
provement in energy consumption for the iOS applications?

For this purpose, we have selected six applications across three 
different categories: (1) Disk operations, (2) Deep learning models, and
(3) Video games. Moreover, we analyzed the impact of nine different 
compiler flag combinations for both Swift and LLVM on each of the 
applications examined.

This work presents several contributions. First of all, we develop 
various benchmarks for the different types of applications considered. 
Next, we empirically analyze the energy consumption, runtime, and 
power consumption of the selected applications, both with and without 
the selected optimization flags. Finally, we conduct a statistical analysis 
to evaluate the impact of these flags on energy consumption, runtime, 
and power consumption.

The document is organized as follows:  Section 2 describes the most 
relevant techniques for measuring and optimizing energy consumption 
in software from the existing literature. Next, Section 3 provides an 
analysis and review of relevant studies focused on the empirical in-
vestigation of energy consumption in mobile applications. Section 4 
presents the research methodology employed, while Section 5 details 
the different  applications examined. Sections 6 and 7 present and 
discuss the results obtained. Finally, Section 8 addresses potential 
threats to the validity of the work, and Section 9 offers concluding 
remarks along with suggestions for future research directions.

2. Background

First, the most relevant concepts and methods for measuring soft-
ware energy consumption are described in Section 2.1, with their 
respective classification. Following this, Section 2.2 details various 
metrics from the literature to analyze software greenness performance.

2.1. Measuring software energy consumption

Accurate measurements are crucial to minimize the residual energy 
consumption of software, which is influenced by various factors and 
exhibits significant variability. This inherent complexity makes it chal-
lenging to obtain reliable measurements. In consequence, the literature 
presents diverse methods for measuring the energy consumption of 
software programs, which are generally categorized into two primary 
approaches: measurement-based and model-based methods [13].
2 
Energy profiling tools based on measurements, which are hardware-
based approaches, employ current meters to capture the energy used by 
a computing device when executing the software. These tools typically 
consist of three fundamental components: the Device Under Test (DUT), 
the target device being measured; a measuring device that captures 
current readings from the DUT; and a workstation that manages data 
collection and processing [13]. Several studies in the literature uti-
lize commercial power monitors, with the Monsoon Power Monitor 
standing out for its high sampling rate and ability to power devices 
directly [14].

Another approach to measuring energy consumption involves using 
a shunt resistor, often combined with sensors or microcontrollers, such 
as the INA219 sensor in GreenMiner [15] or the analog-to-digital 
converter in Arduino [16]. This method can be particularly useful for 
portable devices, where some researchers recommend removing the 
battery to connect an external power source in order to minimize ex-
ternal factors [15]. However, other researchers argue that keeping the 
battery connected ensures real-world accuracy in measurements [17].

Energy profiling techniques based on models estimate software 
energy usage on hardware, reducing the need for extensive hardware 
resources and time but sometimes sacrificing accuracy [18]. These 
models require hardware-specific calibration [19], done either on-
line [20] (using energy data from the operating system) or offline [18] 
(using external measurement systems). There are three main categories 
of energy profiling models:

• Utilization-based models. These models establish a relationship 
between hardware usage and energy consumption, often assum-
ing a linear correlation [21]. Data is collected from hardware 
components and used to train predictive models [22,23].

• Event-based models. These models track asynchronous hardware 
behaviors, like system calls, to capture complex energy patterns, 
especially for components that exhibit tail power states, maintain-
ing high consumption after activity [24–26].

• Code-analysis-based models. These models analyze software code 
to predict energy use. Static models analyze code without running 
it [27,28], while dynamic models run the software on actual hard-
ware, providing more accurate estimates by considering real-time 
behaviors [29,30].

Our work utilizes an updated version of the iGreenMiner [9,10] 
hardware measurement system for iOS devices. This updated version fa-
cilitates the optimization and automatic deployment of applications on 
iOS devices, while synchronizing measurements through CPU patterns. 
Therefore, it addresses the synchronization issues commonly found in 
several existing measurement tools.

2.2. Green up, power up, and speed up (GPS-UP) metrics and categories

To accurately assess the sustainability improvements of the opti-
mized software, Abdulsalam et al. proposed the Green up, Power up, 
and Speed up (GPS-UP) metrics [31]. Before introducing these metrics, 
it is useful to recall the fundamental distinction between energy 𝐸
(measured in joules, J) and power 𝑃  (measured in watts, W). The 
relationship between them is given by: 

𝑃 = 𝐸
𝑇

, (1)

where, 𝑇  represents the time over which the energy 𝐸 is consumed or 
delivered.

Given two versions of the software, one optimized and one baseline 
(non-optimized), the following metrics are defined:

• Speed up. This metric measures the performance improvement of 
the optimized version and is calculated as: 

𝑆𝑝𝑒𝑒𝑑𝑢𝑝(𝑆𝑢𝑝) =
𝑇𝜙 , (2)

𝑇𝑜
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Fig. 1. GPS-UP software energy efficiency quadrant chart [31]. Green sections indicate 
energy savings; red sections indicate energy loss relative to the baseline.  (For 
interpretation of the references to color in this figure legend, the reader is referred 
to the web version of this article.)

where 𝑇𝜙 represents the runtime of the non-optimized version, 
and 𝑇𝑜 denotes the runtime of the optimized version. For example, 
a speed up value of 2 indicates that the optimized version runs 
twice as fast as the baseline.

• Green up. This metric evaluates the energy efficiency of the opti-
mized version and is given by: 

𝐺𝑟𝑒𝑒𝑛𝑢𝑝(𝐺𝑢𝑝) =
𝐸𝜙

𝐸𝑜
, (3)

where 𝐸𝜙 is the energy consumption of the non-optimized ver-
sion, and 𝐸𝑜 is the energy consumption of the optimized version. 
For example, a green up value of 0.5 indicates that the optimized 
version consumes twice as much energy as the baseline.

• Power up. This metric assesses the impact of the optimized version 
on overall power consumption and is defined as: 

𝑃𝑜𝑤𝑒𝑟𝑢𝑝(𝑃𝑢𝑝) =
𝑃𝑜
𝑃𝜙

=
𝐸𝑜∕𝑇𝑜
𝐸𝜙∕𝑇𝜙

=
𝑇𝜙∕𝑇𝑜
𝐸𝜙∕𝐸𝑜

=
𝑆𝑝𝑒𝑒𝑑𝑢𝑝
𝐺𝑟𝑒𝑒𝑛𝑢𝑝

, (4)

where 𝑃𝑜 is the power consumption of the optimized version, and 
𝑃𝜙 is the power consumption of the non-optimized version. A 
power up value less than 1 indicates that the optimized version 
leads to reduced power consumption.

By applying the GPS-UP metrics, researchers can evaluate and com-
pare two programs to identify which one excels in performance and 
energy efficiency. This comparison is facilitated using the GPS-UP 
Software Energy Efficiency Quadrant Graph, illustrated in Fig.  1.

This graph categorizes software into eight distinct groups based on 
the metrics of speed up and power up: 

• Category 1 (𝑆𝑢𝑝 ↑, 𝑃𝑢𝑝 ↓). The optimization makes the program 
run faster and use less power, so it saves energy in two ways.

• Category 2 (𝑆𝑢𝑝 ↑, 𝑃𝑢𝑝 = 1). Runtime improves while the power 
draw remains unchanged, giving an energy saving derived solely 
from the increase in speed.

• Category 3 (𝑆𝑢𝑝 ↑↑, 𝑃𝑢𝑝 ↑). Power rises, but the gain in speed is 
even larger, therefore total energy still decreases.

• Category 4 (𝑆𝑢𝑝 ↓, 𝑃𝑢𝑝 ↓↓). The program takes longer to run, but 
the power savings are larger than the increase in time, so total 
energy use still decreases.

• Category 5 (𝑆𝑢𝑝 ↑, 𝑃𝑢𝑝 ↑↑). The code runs faster, but the power 
increase is bigger than the speed gain, so energy use still rises.

• Category 6 (𝑆𝑢𝑝 ↓↓, 𝑃𝑢𝑝 ↓). Power use drops, but performance 
drops even more, so the program ends up using more energy.

• Category 7 (𝑆𝑢𝑝 ↓, 𝑃𝑢𝑝 =1). The program runs slower, and power 
stays the same, so energy use increases in proportion to the 
slowdown.
3 
• Category 8 (𝑆𝑢𝑝 ↓, 𝑃𝑢𝑝 ↑). The worst case: the program runs slower 
and uses more power, so energy use increases the most.

Our work uses GPS-UP metrics to evaluate the impact of compiler 
optimizations on runtime, energy consumption, and power consump-
tion for the various applications considered.

3. Related work

This section presents the most important papers on the topic of this 
work. First, Section 3.1 discusses different studies on the impact of code 
optimizations on software and their influence on its consumption. Then, 
Section 3.2 explores the energy impact of programming languages and 
compiler optimizations, highlighting how toolchain, implementation, 
and optimization choices affect software energy use.

3.1. Code optimizations for a greener software

Automatic software improvement involves modifying code without 
manual intervention to enhance performance, energy efficiency, and 
other aspects such as error repair [32] and program specification 
generation [33]. Most of the research in this area focuses on reduc-
ing energy consumption, particularly in smartphone applications [34]. 
This optimization is typically achieved by improving non-functional 
properties like runtime and memory usage through two types of code 
transformations: front-end and back-end [35].

Front-end transformations are applied directly to the source code, 
making them inherently dependent on the programming language of 
the software being optimized. These transformations can be classified 
into two main categories:

• Approaches that preserve semantic behavior. These transformations 
include code refactoring, which can significantly enhance en-
ergy efficiency and runtime, obtaining energy savings of up to 
50% [36]. Additionally, memory optimization techniques, partic-
ularly in cache management and garbage collection, contribute 
to reduced energy consumption [37]. Advanced methods, such as 
deep learning and parameter tuning, can further optimize code 
but typically require a high level of programming expertise [38,
39].

• Approaches that alter semantic behavior. These transformations 
involve techniques such as Genetic Programming (GP), which 
evolves abstract syntax trees to improve runtime [40] and energy 
efficiency [41]. While GP is effective for small codebases, it 
is resource-intensive, and any modifications require extensive 
testing to ensure that the original functionality is preserved.

Back-end transformations operate independently of programming 
languages as they work on intermediate code or assembly code repre-
sentations. Recent research focuses on automatic software performance 
optimization, offering advantages over front-end solutions by preserv-
ing the functionality of the original program and avoiding unintended 
compiler modifications. These transformations help optimize perfor-
mance and reduce energy consumption, without compromising soft-
ware quality aspects like maintainability and design [42]. Techniques 
such as loop unrolling and tiling may reduce energy consumption 
by up to 40% [43], though predicting their effects is complex due 
to conflicting energy-saving strategies [44]. Recent developments also 
highlight machine learning-based autotuning approaches to identify the 
best optimization sequences, particularly in GPU applications [45].

Choosing the optimal transformation sequence is crucial for max-
imizing performance, as no single sequence is universally applicable 
to all software. The phase ordering problem, which involves finding 
the ideal order in which a set of code transformations must be ap-
plied, remains critical since different sequences can significantly impact 
performance [46]. Early research on this issue focused on reducing 
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memory usage [47], while more recent approaches utilize techniques 
like deep reinforcement learning to improve LLVM optimizations [48].

Furthermore, the flag selection problem involves identifying the 
best compilation flags for performance optimization, with metaheuris-
tics [49] and Bayesian methods proving effective [50]. A pioneering 
method for software optimization models the task as a combinatorial 
optimization problem known as SCOP [4]. This method addresses both 
the identification of transformation sequences, including repetitions, 
and the phase ordering problem using a cellular genetic algorithm. 
In addition, this approach has been extended to optimize not only 
software performance but also to minimize energy consumption [51] 
and to obfuscate source code [52].

In this work, we apply both front-end and back-end transformation 
sequences included in the generic optimizations provided by the Swift 
compiler and the LLVM infrastructure. These transformations aim to 
improve the performance of any program; however, their impact on 
runtime and energy consumption in iOS applications has not been 
studied.

3.2. Energy impact of programming languages and compiler optimizations

The relationship between programming languages, compiler opti-
mizations, and energy consumption has attracted significant attention 
in recent years, particularly as software sustainability becomes an 
increasingly critical concern. Empirical studies have shown that the 
energy footprint of a program is influenced not only by its algorith-
mic design but also by the choice of programming language and the 
compiler optimizations applied during code generation.

An influential study on GCC compiler optimizations using fractional 
factorial design revealed that no single compiler pass is universally op-
timal for reducing energy consumption [53]. Instead, program-specific 
tuning is essential, as the most effective compiler settings for energy 
efficiency depend on both the application and the hardware platform.

Comparative studies have also highlighted the impact of different 
compiler toolchains. For example, research comparing GCC, Clang, 
and Intel ICC compilers found measurable differences in energy con-
sumption [54]. Notably, binaries generated by ICC were approximately 
7% more energy-efficient than those produced by GCC, while Clang 
tended to result in slightly higher energy usage. Other studies have 
focused on the energy impact of generic LLVM optimization flags. 
For example, research analyzing LLVM flags on a video game engine 
demonstrated limited and inconsistent improvements in energy effi-
ciency, with the -O3 flag achieving only a 0.03% reduction compared 
to the non-optimized version [55]. Similarly, experiments on embedded 
benchmarks found that no single LLVM optimization flag consistently 
reduces energy consumption [51].

Beyond compiler optimizations, programming languages themselves 
have also been scrutinized for their impact on energy usage. Studies 
comparing languages such as Java, Kotlin, and C have shown that, 
when controlling for factors like execution time, memory activity, and 
core usage, differences in energy consumption attributable solely to the 
programming language largely disappear [56]. Further investigations 
into compiler and interpreter versions for languages like C, Java, 
and Python have revealed that even within the same language, the 
choice of compiler or interpreter can significantly influence energy 
profiles [57]. Moreover, a detailed analysis across 27 programming lan-
guages demonstrates that, while compiled languages generally achieve 
higher energy efficiency, substantial variations remain across tasks and 
languages [58].

Furthermore, recent research has explored the impact of program-
ming language choices on the environmental sustainability of Artificial 
Intelligence (AI). For example, one study analyzed how different lan-
guages affect energy consumption during training and inference of 
AI algorithms, finding that compiled and semi-compiled languages 
consistently consume less energy than interpreted languages, which can 
require up to 54 times more energy in some cases [59].
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This study explores how different compiler optimizations used dur-
ing the development of Swift-written iOS applications influence energy 
consumption. While such optimizations are typically intended to en-
hance program performance or reduce application size, their specific 
effects on runtime and energy efficiency within the context of iOS 
applications remain underexplored.

4. Methodology

In this study, our objective is to empirically assess the impact 
of the most aggressive code transformations in LLVM and Swift on 
the runtime and energy consumption of diverse iOS applications. To 
achieve this, we must accurately measure the energy consumption of 
both optimized and unoptimized versions of the subject applications. 
Section 4.1 introduces the system employed for measuring energy 
consumption, including the methodology for synchronizing these appli-
cation measurements. Next, Section 4.2 provides a detailed description 
of the process for compiling and deploying the applications from the 
measurement system to the DUT. Subsequently, Section 4.3 presents 
the methodology for run and evaluation of the different applications 
studied.

4.1. Measurement system

iGreenMiner [9,10] is a reliable and accurate measurement system 
for measuring the current of iOS devices. We utilize an updated version 
of iGreenMiner, which can run multiple instances of a specific iOS 
application on an iOS device. It utilizes an Apple Developer ID to 
authenticate the application under test. During each run, iGreenMiner 
measures the energy consumption of the entire device using a power 
monitor, and this updated version synchronizes the measurements with 
the application run based on CPU patterns.

The measurement system includes a macOS device that handles 
the compilation and deployment of applications into an iOS device 
using an Apple Developer ID. It also synchronizes the measurement 
process for each application run on the iOS device and collects the 
corresponding energy consumption data. Moreover, iGreenMiner mea-
sures energy consumption using a Monsoon power monitor, which is 
a current draw measurement instrument. The Monsoon power monitor 
supplies a direct voltage of 4.2 V to the device and measures its current 
draw in milliAmps (mA) at a sampling rate of 5 kHz. The current 
values, along with timestamps, are then sent to the controller (i.e., the 
macOS device). The controller records these measurements and con-
verts them into energy based on the time elapsed. Fig.  2 presents a 
schematic describing the interactions of the primary components of the 
measurement system.

To ensure accurate and reliable measurements, several precautions 
are taken during the process. First, we eliminate the impact of battery 
conditions and aging effects [15] by supplying the measurement device 
with a constant voltage of 4.2 V. Second, the controller is connected 
to the measurement device via Wi-Fi, avoiding the charging state that 
would typically be triggered when the device is connected via a USB 
cable. Third, the screen brightness is consistently set to maximum to 
ensure uniformity in the measurements.  Fourth, the rest of the iOS 
device settings remain at their default values, with developer mode 
enabled. Fifth, before taking measurements, the iOS device undergoes 
CPU-intensive tasks to warm it up, preventing potential inconsistencies 
caused by thermal throttling during the run of the applications to be 
measured and ensuring the governor’s state is reliable between tests. 
Lastly, to synchronize the Monsoon monitor measurements with each 
application run, we employ a synchronization approach based on CPU 
loops at the start and end of the run, as explained in the following 
section.
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Fig. 2. Diagram illustrating the different components and their connections within the 
iGreenMiner measurement system.

4.2. Compilation and deployment process

This section describes how the considered iOS applications are com-
piled during our experimentation, as well as the methodology followed 
to synchronize the executions for exact consumption measurements.

4.2.1. Compilation step
To ensure we apply each optimization in a controlled way, we do 

not employ a development IDE during the compilation process. As 
a consequence, we maintain complete control throughout the compi-
lation of the iOS application project regarding the optimizations we 
employ and the code representation we use. Moreover, the order in 
which optimizations are applied can impact energy consumption and 
runtime [60]. To address this, optimizations are applied in a determin-
istic manner: first, the fixed generic sequence of Swift optimizations, 
which operates on the Swift Intermediate Language (SIL), and then the 
fixed generic sequence of LLVM optimizations, which acts on the LLVM 
Intermediate Representation (IR).

The compilation process begins with the Swift compiler, swiftc, 
which generates the LLVM IR for the entire Swift application in a single 
file. At this stage, any desired Swift code optimizations are applied at 
the SIL level. Next, the LLVM optimizer, opt, is employed to apply the 
required LLVM optimizations to this IR code. Finally, the binary of the 
application is compiled and linked using swiftc again. It is important 
to note that throughout the entire compilation process, the toolchain 
corresponding to the targeted iOS version must be specified.

Once the application is compiled, we must create a bundle with 
the content,  shared libraries, and metadata of the application.  It 
is important to note that the shared libraries are not optimized. To 
facilitate this process, we initially generate a bundle with the official 
Apple IDE, Xcode, and replace the generated binary with our own prop-
erly optimized one. Finally, we sign this new bundle with our Apple 
Developer ID, resulting in a properly optimized application packaged 
and ready to deploy on the device.

4.2.2. Deployment and synchronization step
For the deployment process of our newly packaged and signed 

application, we use the ios-deploy project [61]. Thanks to this 
utility, iOS applications can be installed and deployed without relying 
on any IDE. It can also be used for debugging and testing applications.

For synchronization, we use an additional application on the iOS 
device that manages the alignment between the current measurements 
from the meter and the runs of the application being measured. This 
application generates a pattern in the current signal consisting of rises 
and falls lasting 0.5 s using CPU loops on the iOS device. These patterns 
are created just before launching the application to be measured and 
5 
Fig. 3. Schematic illustrating the new synchronization methodology for the iGreen-
Miner measurement system.

immediately after it finishes, allowing an accurate identification of the 
signal portion corresponding to the application run. Furthermore, as an 
independent application, it remains unaffected by any optimizations ap-
plied. Fig.  3 illustrates the behavior of the synchronization application 
and the CPU loop patterns.

From the macOS device controlling the measurement system, we 
compute the correlation between the measured signal and a synthetic 
signal to detect the CPU loop patterns in the raw signal, extracting 
the segment corresponding to the signal of the target application. This 
approach enables us to isolate the consumption signal correspond-
ing to the application being measured, thereby calculating its energy 
consumption and duration.

4.3. Running and evaluation methodology

To evaluate the impact of the different compiler optimization flags 
on both runtime and energy consumption of the software, we employ 
the following methodology:

1. We apply the desired combination of LLVM and swiftc op-
timizations to the application being evaluated, following the 
previously described compilation process.

2. We launch the application and synchronize the measurement 
of the iOS application with the macOS device using the CPU 
pattern-based synchronization algorithm described earlier.

3. Finally, we collect the consumption signal of the application and 
calculate its runtime and energy consumption

All of this process is repeated a total of 30 times, resulting in 30
independent measurements for each application. This approach allows 
us to accurately identify substantial differences between the compiler 
flags combinations. Moreover, to rank the energy consumption and 
runtime associated with the compiler flags combinations, we applied 
the nonparametric Scott-Knott ESD (NPSK) test at a 95% confidence 
level. The NPSK test is a multiple comparison method that employs hi-
erarchical clustering to group statistically distinct performance medians 
into categories that are not significantly different from each other or 
have minimal effect sizes [62]. This test is particularly useful because it 
does not assume normality, homogeneous distributions, or a minimum 
sample size [63]. In our experiments, a lower rank corresponds to 
higher energy consumption or runtime, meaning that the best results 
have the highest rank.

Additionally, we have utilized GPS-UP metrics to evaluate the per-
formance and energy efficiency of each optimized version compared to 
the baseline application (non-optimized). This allows us to categorize 
each of the optimized versions within the GPS-UP Software Energy 
Efficiency Quadrant Graph, allowing a detailed analysis of the impact 
of each compiler optimization.
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5. Apps selection

To assess the impact of the most aggressive optimization flags for 
iOS applications developed in Swift, we employ an iPhone 11 equipped 
with iOS 13.4.1. Additionally, the macOS device utilized for controlling 
the measurement system is a MacBook Air M1 with macOS Sonoma 
14.5. Furthermore, the version of LLVM employed is 15.0.0, while the 
version of swiftc is 5.10. As optimizations, a total of nine combi-
nations between the generic optimization flags available in LLVM and
swiftc have been studied. We have selected the optimization flags 
that focus on runtime performance for both compilers. For LLVM, we 
chose -O3 and -Oz, the latter focused on reducing code size and energy 
consumption. For swiftc, we selected -O and -Ounchecked, which 
aim for even more aggressive performance optimizations. To disable 
generic optimizations, we use the flags -Onone for swiftc and -O0
for LLVM.

For the experimentation, two applications in each of the following 
three categories are selected: 

• Disk operations: Represent I/O-bound tasks that are fundamental 
for data access and storage [64].

• Deep learning models: Reflect the growing integration of AI capa-
bilities in mobile applications, requiring intensive CPU and GPU 
computations [65].

• Video games: Constitute a dominant and performance-critical cat-
egory on mobile platforms, where real-time responsiveness and 
resource efficiency are essential [66].

These categories were chosen based on their prevalence within the 
iOS ecosystem, their relevance to real-world mobile workloads, and 
their distinct computational profiles. Together, they allow the study of 
compiler optimizations across a representative range of performance-
critical use cases in iOS apps.

To choose these applications, we conducted a snowball search on 
GitHub, using keywords related to each specific category and focusing 
only on apps developed in Swift for iOS. The application selection 
process was as follows:

1. A search was performed in GitHub using the keywords related 
to the category, extracting all applications written in Swift.

2. Applications that were incomplete or not entirely written in 
Swift were discarded. Additionally, applications with multiple 
shared libraries or those unrelated to the specific app category 
were excluded.

3. The available documentation for the applications was reviewed, 
and they were selected based on their simplicity and clarity.

4. The applications’ source code was analyzed, and the cleanest and 
simplest ones in each category were selected.

For each selected application, we developed a benchmark pro-
gram that makes the application performing some repetitive task, and 
this benchmark is then used to analyze its performance with the dif-
ferent compiler optimizations. Selecting applications written in Swift 
allowed us to easily develop and integrate benchmarking mechanisms 
to measure the impact of different compiler optimizations on iOS 
devices. However, this restriction inherently limited the number of 
available open-source applications which is itself considerably reduced, 
compared to those for Android devices [67]. After this process, two 
applications were selected per category, resulting in a total of six 
applications. It will definitely be interesting to extend this study with 
more applications and categories, and this is left for future work, as 
described in Section 9.

The considered categories were chosen because they represent di-
verse and computationally demanding workloads commonly found in 
mobile applications. Disk operations are fundamental to data storage 
and retrieval, impacting app performance and energy efficiency. Deep 
learning models are increasingly integrated into mobile applications for 
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tasks like image recognition and natural language processing, making 
them a relevant category for evaluating computational optimizations. 
Video games are among the most performance-intensive applications, 
requiring efficient CPU and GPU utilization. Studying these categories 
helps us understand how compiler optimizations impact different com-
mon smartphone uses. Within each category, selecting two different 
applications allows us to determine whether the effects of various 
optimizations are consistent or differ across different workloads.

5.1. Disk operations

The first category corresponds to applications where numerous disk 
operations are intensively performed, a very common operation in the 
daily usage of a smartphone [68]. Within this category, the following 
applications have been selected for research:

• SQLitePolybench (SQLPoly), that combines the SQLite benchmark 
presented in [10] with the Polybench benchmark version from
[4]. In this version, it features an loop where a new object is 
inserted into an SQLite database, the database is updated, and 
then a iteration of the Polybench benchmark is run. This loop is 
repeated a total of 10,000 times.

• FileManagement (FileMng) [69], where a total of 1000 write and 
delete operations are performed using the FileManager avail-
able in the standard iOS library.

5.2. Deep learning models

The second category includes the use of pre-trained deep learning 
models for inference on iOS devices, as the integration of these models 
is becoming more and more common in our daily lives [70]. Under this 
category, two specific applications have been considered:

• ClassificationInference (ClassInf) [71], that performs a total of 
10,000 image classifications on objects such as batteries, Ar-
duinos, servomotors, resistors, and other components related to 
electronic circuits. A pre-trained model that utilizes the Image-
Classifier from the iOS Core Machine Learning library is 
employed for classifying these images into 11 different categories: 
(1) LED, (2) battery, (3) Arduino, (4) Arduino cable, (5) jumper, (6)
breadboard, (7) motor, (8) resistor, (9) servomotor, (10) ultrasonic 
sensor, and (11) USB cable.

• SegmentationInference (SegInf) [72], that performs a total of 1000 
image segmentations on cat images using a pre-trained model 
based on DeepLab v3 + MobileNet v2. This model utilizes the
DeepLab class from the iOS Core Machine Learning library to 
represent the AI model.

5.3. Video games

The third category focuses on one of the most dominant markets 
within mobile applications: video games [73]. Mobile games have expe-
rienced exponential growth in recent years, becoming one of the main 
drivers of application development and the video game industry [74]. 
For this reason, the following two video games have been selected for 
benchmarking:

• FlappyFlyBird (FlyBird) [75], a clone of the popular Flappy Bird 
game using the SpriteKit framework. To accurately assess the 
impact of the different compiler optimizations within the game, 
an identical game session is generated and replayed each time 
the app is launched. Additionally, 5000 player objects are created 
and updated simultaneously, which significantly increases the 
computational load of the application. The game session ends 
after the first 3000 frames have been generated, ensuring that the 
session is sufficiently long to reflect a real gameplay.
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Table 1
Pre-compiled libraries linked by each benchmark application.
 Application Pre-compiled libraries  
 SQLitePolybench Foundation, UIKit, libsqlite3  
 FileManagement Foundation, UIKit  
 ClassificationInference Foundation, UIKit, CoreML, Vision, Accelerate  
 SegmentationInference Foundation, UIKit, CoreML, Vision, Accelerate  
 FlappyFlyBird Foundation, UIKit, SpriteKit, GameplayKit, CoreGraphics 
 GhostRun Foundation, UIKit, SpriteKit, GameplayKit, CoreGraphics 
• GhostRun (GhostR) [76], a running game featuring a ghost, in-
spired by the popular browser game, Dinosaur Game. To evaluate 
the impact of the different compiler optimizations, an identical 
game session is generated each time the application is launched. 
In this case, 25,000 player instances are created to significantly 
increase the computational load. Again, the game session con-
cludes once the first 3000 frames have been generated.

5.4. Library footprint and reuse

Understanding the role of external libraries is crucial for assessing 
our findings. Modern iOS applications often rely on third-party frame-
works or pre-compiled system libraries, and these components can 
significantly influence both performance and energy usage of program-
ming languages [58]. To isolate the impact of compiler optimizations 
on developer-controlled code, we analyze the external dependencies of 
the six benchmark applications.

Table  1 lists every framework or static library that each bench-
mark application links against.1 All six apps rely exclusively on Apple-
supplied system frameworks, with no third-party dependencies or cus-
tom static libraries. In consequence, the corpus contains neither source 
code nor pre-compiled binaries from external vendors.

Framework reuse is moderate rather than universal. While some 
core libraries like Foundation and UIKit are shared across all 
benchmark applications, more specialized frameworks are reused only 
within specific domains. For instance, the machine learning applica-
tions (ClassificationInference and SegmentationInference) share
CoreML, Vision, and Accelerate. Similarly, the games (Flap-
pyFlyBird and GhostRun) both use SpriteKit, GameplayKit, and
CoreGraphics. In contrast, SQLitePolybench employs
libsqlite3, and FileManagement relies only on the core frame-
works. This variation in dependencies shows that, while some core 
frameworks are commonly reused, each benchmark targets a distinct 
subset of the iOS API surface.

The exact size or complexity of the pre-compiled Apple frameworks 
is not available, as their source code is not publicly released. There-
fore, we cannot quantify how much code these libraries contribute. 
However, typically in iOS applications, these frameworks account for a 
significant portion of the final binary size.

These frameworks, shipped as part of the iOS SDK, are compiled by 
Apple using production optimization pipelines. These binaries are not 
recompiled during a standard build. As a consequence, the optimization 
flags we vary affect only the application modules. This design isolates 
the impact of compiler flags on developer-controlled code and avoids 
the confounding effects that would arise if third-party libraries were 
rebuilt under different settings. While a large part of the binary size 
comes from pre-compiled libraries, our study shows that tuning generic 
compiler flags for developer-written code can still have a measurable 
impact on both performance and energy efficiency.

1 The list was produced with otool --L on the source code available in 
the Zenodo repository [77].
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6. Results

This section presents the results of applying the considered compiler 
optimization combinations to the iOS applications under study. To re-
duce inconsistencies in energy consumption and runtime measurements 
caused by uncertainty, we performed 30 independent measurements for 
each combination of optimizations and applications.

First, Section 6.1 provides a statistical analysis of how the dif-
ferent compiler optimization flags impact runtime (RQ1) and energy 
consumption (RQ2) for each of the considered application categories. 
Next, Section 6.2 examines the placement within the GPS-UP Energy 
Efficiency Quadrant Chart, classifying the different optimized versions 
obtained for each selected application and examining the relationship 
between runtime and energy consumption (RQ3).

6.1. Influence of compiler optimization flags on software runtime and 
energy consumption

We evaluate in this section the influence of the different compiler 
optimization flags on both runtime (or execution time) and energy 
consumption of the studied applications. The section is structured into 
three subsections, one dedicated to each application kind.

Note that, in the NPSK rankings, Rank 1 corresponds to the best 
result for each metric (i.e., the shortest runtime or the lowest energy 
consumption), and combinations appearing in the same rank are not 
statistically distinguishable from each other.

6.1.1. Disk operations
Starting with the first category of applications, Fig.  4 displays 

the boxplots for energy consumption, measured in Joules (J), and 
runtime, measured in seconds (s), for both SQLitePolybench and File-
Management. The shaded green area represents the range between the 
maximum and minimum values for each box, considering the outliers 
in the sample.

For SQLitePolybench, Fig.  4(a) shows that all studied optimizations 
succeed in better runtime performance compared to the non-optimized 
application, some of them accomplishing significantly worse consump-
tion records. The optimization combination that appears to achieve 
the shortest runtime is -O with -O3, showing an improvement of 
10.1215% compared to its non-optimized version. However, this com-
bination results in one of the highest values in energy consumption, 
with a worsening of 13.8323% relative to the non-optimized version. 
On the other hand, the optimization combination that seems to offer the 
lowest energy consumption is -Ounchecked with -O3, which demon-
strates an improvement of 5.6344% in energy consumption and also a 
2.9130% improvement in runtime, both compared to the non-optimized 
version.

Regarding FileManagement, Fig.  4(b) illustrates that the combi-
nation of optimizations resulting in the shortest apparent runtime is
-Onone with -Oz, leading to a 4.5408% improvement over the non-
optimized version. In this case, unlike SQLitePolybench, it also comes 
with a reduction in energy consumption by 4.2829%. On the other 
hand, the optimization combination with the lowest apparent energy 
consumption is -O with -O0, providing a 9.5194% improvement in 
energy usage compared to the baseline. However, for this specific 
application, runtime increases by 2.4304%.
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Fig. 4.  Comparison of energy and runtime for disk benchmarks compiled with selected generic flags using swiftc and LLVM.  (For interpretation of the references to color in 
this figure legend, the reader is referred to the web version of this article.)
Fig. 5.  NPSK rankings of energy and runtime for disk benchmarks compiled with selected generic flags in swiftc and LLVM, ranked by highest energy and longest runtime.
Concerning the NPSK ranking results, Fig.  5(a) depicts the perfor-
mance of SQLitePolybench in both runtime and energy consumption. 
It is important to note that combinations appearing in the same rank-
ing are not statistically distinguishable from each other, and that 
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higher ranks represent better results. We can note that the combi-
nation with the shortest runtime, -O with -O3, also has the highest 
energy consumption. Similarly, the two combinations that achieve 
the lowest energy consumption results, -Ounchecked with -O3 and
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-Ounchecked with -Oz, rank lower in terms of execution time, 
appearing in rank 3 and rank 2, respectively. This suggests that the 
most aggressive optimization combinations that reduce runtime tend to 
negatively impact energy consumption. Nevertheless, the inverse does 
not hold, as the combinations with the lowest energy consumption do 
not achieve the shortest runtime but still show improvements.

The ranking results for FileManagement are presented in Fig.  5(b). 
In this case, the optimization combination with the shortest runtime,
-Onone with -Oz, does not rank among the worst for energy consump-
tion but is instead positioned at rank 4, enhancing the results obtained 
for SQLitePolybench. This is not the only inconsistent result found 
between the two applications, as the optimization combination with the 
lowest energy consumption for FileManagement, -O with -O0, is also 
the one with the longest runtime. This may indicate that optimizations 
that have a more aggressive impact on energy consumption tend to 
negatively affect runtime. Nevertheless, for both applications studied in 
this category, an optimization that achieves good runtime results tends 
to show poor results in energy consumption. Finally, it was found an 
uneven impact of the optimizations on these two applications, as the 
best optimizations for SQLitePolybench for runtime and consumption 
are among the worst ones for FileManagement, and vice versa.

6.1.2. Deep learning models
In Fig.  6(a), the boxplots expose the measurements for both en-

ergy consumption and runtime across the different optimization com-
binations considered for ClassificationInference. The combination of
-Ounchecked with -O3 appears to achieve the lowest energy con-
sumption, 13.4654% lower than the non-optimized application, with 
a slight 0.3649% runtime increase. In contrast, when focusing on run-
time, the combination of -Ounchecked with -Oz seems to perform 
best, reducing the baseline runtime by 6.2258%, although with an 
increase in energy consumption by 6.7421%.

For SegmentationInference, the measurement results are illustrated 
in Fig.  6(b). In this case, the combination that seems to achieve the 
lowest energy consumption is -O with -O0, obtaining an improvement 
of 7.2364% but with an increase of 3.1955% in runtime compared 
to the baseline application. Regarding runtime, the combination -
Onone with -Oz stands out, reducing it by 2.9913% while also slightly 
lowering energy consumption by 0.8447%.

The NPSK ranking results for both energy consumption and runtime 
for ClassificationInference are shown in Fig.  7(a). The two best combi-
nations in terms of energy consumption are -Ounchecked with -O3
and -Ounchecked with -O0, but these also rank among the worst 
in runtime, placed in rank 3 and rank 1, respectively. The reverse is 
also true: the combination with the fastest runtime, -Ounchecked
with -Oz, ranks the worst for energy consumption. Additionally, for 
this specific application, the -Ounchecked optimization flag from
swiftc appears in both scenarios, with its impact varying on energy 
consumption and runtime depending on the LLVM flag used.

Regarding SegmentationInference, the ranking results are outlined 
in Fig.  7(b). The best combinations in terms of energy consumption are
-Ounchecked with -O3 and -O with -O0, both of which again rank 
among the worst in runtime, at ranks 3 and 1, respectively. Interest-
ingly, the combination -Ounchecked with -O3 holds the same rank 
for both energy consumption and runtime in ClassificationInference 
and SegmentationInference. In terms of runtime, the combination that 
achieves the fastest result is -Onone with -Oz, though in this case, it 
is not among the worst for energy consumption, occupying rank 5, on 
par with the non-optimized application.

6.1.3. Video games
Regarding the studied applications in the video games category, 

Fig.  8(a) illustrates the boxplots of measurements for both energy 
consumption and runtime for FlappyFlyBird. It is evident that the com-
bination with the shortest runtime is -O with -O0, with improvements 
of 1.7574% and 3.0693% on runtime and consumption, respectively, 
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over the non-optimized application. For energy consumption, the best 
combination is -O with -O3, with an improvement of 8.8667%, and 
reducing runtime by 0.4013%.

The results for GhostRun are depicted in Fig.  8(b), where it can be 
seen that the combination with the shortest runtime is -Ounchecked
with -Oz, reducing runtime by 9.5370%, though at the cost of highly 
increasing energy consumption by 34.1913%. On the other hand, -O
with -O3 appears to achieve the lowest energy consumption, as for 
FlappyFlyBird, with an improvement of 0.4573% while also enhancing 
runtime by 0.2528%.

Concerning the NPSK ranking results, Fig.  9(a) displays the results 
for both energy consumption and runtime for FlappyFlyBird. In this 
case, we notice that the best combinations for energy consumption are 
also among the best for runtime. Similarly, the top combination for 
runtime, -O with -O0, ranks 4 in terms of energy consumption. There-
fore, for this specific application, improvements in energy consumption 
generally do not have a major impact in runtime, and vice versa.

Finally, the NPSK ranking results for GhostRun are shown in
Fig.  9(b). Here, again, we can see that the best combination for energy 
consumption  -O with -O3, ranks among the worst for runtime. Con-
versely, the top combination for runtime, -Ounchecked with -Oz, is 
among the worst for energy consumption. Moreover, it is noteworthy 
that none of the optimization flag combinations improve the energy 
consumption compared to the non-optimized application, with all but
-O with -O3 worsening it.

6.2. Energy efficiency of the different optimized applications versions

We apply in this section the GPS-UP metrics to find the energy-
efficiency category for every optimized version of the considered ap-
plications. For that, the median of the 30 independent measurements 
for both energy consumption and runtime was used. Based on these 
values, and using the non-optimized application, -Onone with -O0, 
as the baseline, each metric was calculated, and the different versions 
were categorized into one of the nine possible categories.

6.2.1. Evaluation of GPS-UP metrics and software categories for considered 
applications

We analyze in this section the GPS-UP categories of the different 
optimized versions of the studied applications. Fig.  10 provides an 
overall view of the results, while a detailed analysis of the runtime 
and energy efficiency performance of the different applications and 
their optimized versions is provided in Section S1 of the supplementary 
material.2 The figure presents the GPS-UP Software Energy Efficiency 
Quadrant Chart of the different optimized versions for every application 
considered in this study. As it can be seen, there is no clear conclusion 
on which optimizations can lead to energy efficient solutions, not even 
within the same software category, as they produce greener software 
in some cases and worsen the energy efficient performance in others. 
As an illustration, it can be seen how combinations -O with -O0 and
-Ounchecked with -O3 fall into Category 1 for FlappyFlyBird and 
into Category 8 for the other studied game (see Figs.  10(e) and 10(f)).

Another interesting observation is that the combination -Onone 
-O3 consistently leads to non energy efficient versions, falling into 
Categories 5 or 8 in all cases. Therefore, using -O3 LLVM compilation 
flag may benefit runtime (it happens in 4 out of the 6 cases), but at 
the cost of energy efficiency performance loss in all cases. It is also 
interesting that no optimized version falls into Categories 2, 6, and 7. 
The cases of Categories 2 and 7 could be expected, as it is difficult to 
get and improvement or loss in speedup, respectively, at exactly the 

2 At the disposal of the reviewer at the end of this document. It will be 
publicly available at the project’s GitHub, upon acceptance of this work for 
publication.
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Fig. 6.  Comparison of energy and runtime for ML benchmarks compiled with selected generic flags using swiftc and LLVM.
Fig. 7.  NPSK rankings of energy and runtime for ML benchmarks compiled with selected generic flags in swiftc and LLVM, ranked by highest energy and longest runtime.
same consumption value. However, the case of Category 6 means that 
it never happens that speed up decrease was lower than power up loss.

To end this section, we would like to remark that 8 optimized 
versions were generated for each considered application in this work, 
making it 48 optimized versions in total, and only 26 of them were 
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found to be greener than the original application according to GPS-
UP categorization. However, a high 45.83% of the optimized versions 
(namely, 22 versions), were found to offer a lower power up perfor-
mance than the original applications. For the different application kinds 
considered, the percentage of optimization versions that worsen the 
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Fig. 8.  Comparison of energy and runtime for video games benchmarks compiled with selected generic flags using swiftc and LLVM.

Fig. 9.  NPSK rankings of energy and runtime for video games compiled with selected generic flags in swiftc and LLVM, ranked by highest energy and longest runtime.
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Fig. 10. Software energy efficiency quadrant charts for the applications compiled with the selected optimization flags from swiftc and LLVM using median values after 30 runs.
power up performance of the original application is 21.25% for disk 
operations, 37.5% for deep learning models and a high 68.75% for 
video game applications.

6.2.2. Analysis of the consumption time-series obtained for different GPS-
UP software categories

To analyze in detail how the different optimized versions of the 
applications behave in terms of energy consumption, we compare in 
this section the original applications against an optimized version in 
terms of their instant consumption. In order to show representative 
cases, the four most frequently occurring categories from the GPS-UP 
Software Energy Efficiency Quadrant Chart were selected: 1, 4, 5, and 
8. From each of these categories, an optimized version of an application 
was chosen, and a randomly selected signal from the 30 independent 
samples was selected for the optimized and original versions of the 
application. This allows us to observe the differences in both signal 
duration and power consumption.

Fig.  11(a) shows the signal for the optimized version of FileManage-
ment employing the combination of -Ounchecked with -O3, which 
falls into Category 1. It is evident that the signal from the optimized 
version has a significantly shorter duration. Additionally, throughout 
the entire run of the application, most current values are lower than 
in the non-optimized version. These two issues lead to a substantial 
reduction in energy consumption.
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For Category 4, we selected the optimized version of the Segmenta-
tionInference application applying -O with -O0, as shown in Fig.  11(b). 
In this case, the signal from the optimized version has a longer duration 
compared to the non-optimized version, indicating a speed up value less 
than 1. However, we can once again observe that the current values 
are lower for most timestamps, which results in a reduction in energy 
consumption despite the increase in runtime.

Regarding the red categories, Fig.  11(c) illustrates the signal ob-
tained for the optimized version of GhostRun using -Ounchecked
with -Oz, which falls into Category 5. We can appreciate that the 
signal duration of the optimized version is clearly shorter compared 
to the non-optimized version. However, the power consumed during 
its execution is significantly higher, with much greater current values 
over time compared to the non-optimized application. As a result, the 
energy consumption of the optimized version ends up being higher.

Finally, for Category 8, the optimized version of SegmentationIn-
ference was selected, applying -Ounchecked with -O0, as detailed 
in Fig.  11(d). In this plot, we notice a longer run compared to the 
non-optimized application, along with higher current values at most 
timestamps. Consequently, the optimized version of the application is 
less energy-efficient. It is noteworthy that the signal of the optimized 
application towards the end exhibits significantly different current 
intensity values, underscoring the substantial influence of optimizations 
on the energy footprint of the application.
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Fig. 11. Comparison of signal consumption for different GPS-UP categories obtained.
Fig. 12. Number of times a speed up/green up greater than one have been achieved, categorized by application type, for each of the optimization combinations studied.
7. Discussion

In this section, we analyze and address the various research ques-
tions that motivated this study. RQ1 investigates whether the gen-
eral belief that applying compiler optimizations always leads to im-
provements in runtime holds true for iOS applications. RQ2 exam-
ines whether these same optimizations also result in improvements in 
energy consumption. RQ3 explores whether there is a direct correla-
tion between improvements in runtime and energy consumption when 
applying compiler optimizations to iOS applications.

RQ1. Do the most aggressive optimization flags improve the runtime of the 
iOS applications?

To examine this question, we must analyze the speedup values 
obtained for each optimized version of the different applications under 
consideration. Fig.  12(a) presents the frequency with which a speedup 
greater than one was achieved for each combination of optimizations, 
categorized by application type.
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It is evident that the only combination that consistently enhances 
runtime across all applications is -Ounchecked combined with -
Oz. This behavior is rational for the swiftc compiler optimization, 
as -Ounchecked represents its most aggressive option prioritizing 
runtime at the expense of removing implicit type and overflow checks. 
However, the other two combinations utilizing -Ounchecked rank 
lower in the graph, resulting in improved runtime for only two appli-
cations with -Ounchecked and -O0, and three with -Ounchecked
and -O3. Notably, neither of these combinations achieves an improve-
ment for applications within the deep learning models category.

Regarding the LLVM optimization -Oz, it is typically employed to 
reduce the size of the compiled application and energy consumption, 
not to optimize runtime. Nevertheless, the three best combinations, 
in terms of achieving speed ups greater than one, all include this 
optimization. Thus, we conclude that -Oz has a notable impact on 
runtime across the applications considered.

When discussing the results of optimizations typically employed 
to improve runtime using the -O flag in swiftc, we see that the 
outcomes are inconsistent and highly dependent on the specific LLVM 
transformations applied. In fact, without LLVM transformations,
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swiftc optimizations generally fail to enhance runtime, with no speed 
ups greater than one observed in the deep learning models category. On 
the other hand, while -O3 is the LLVM optimization traditionally used 
to reduce runtime, all combinations that use it rank high in the graph 
but still perform below those that include -Oz.

The results indicate that improvements in runtime for each of the 
applications studied are clearly dependent on the LLVM transformation 
used, while the influence of swiftc transformations is generally less 
significant. Surprisingly, the most consistent transformation has been
-Oz from LLVM, yielding the best results whether combined with 
or without swiftc compiler optimizations. Moreover, it is the only 
transformation that managed to enhance the runtime of at least one ap-
plication in the deep learning models category across all combinations. 
In consequence, although -O3 is typically the LLVM transformation 
used to achieve better runtimes, the results of this study show that 
for the applications considered, -Oz is more consistent across different 
types of iOS applications  considered.

LLVM compiler optimizations, especially -Oz, significantly 
improve runtime of the studied applications, while swiftc
optimizations have a weaker impact.

RQ2. Do the most aggressive optimization flags improve the energy consump-
tion of the iOS applications?

Compiler optimizations are typically focused on improving execu-
tion time and/or application size, so in battery-powered devices like 
smartphones, it is important to evaluate the energy consumption caused 
by these optimizations. For this reason, Fig.  12(b) shows the number 
of times we achieved a green up greater than one for each of the 
combinations considered, categorized by application type.

None of the combinations studied succeed in improving energy 
consumption for all the applications considered, highlighting that these 
compiler transformations are not actually focused on reducing energy 
usage, despite the importance of this task. Three of the combinations 
manage to improve energy consumption in all applications except one:
-Ounchecked with -O3 and -O with -O0 fails for GhostRun, while
-O with -O3 does not succeed for SQLitePolybench.

As we can see, the most consistent LLVM transformation is -O3, 
which is typically aimed at improving runtime. However, its impact 
is highly dependent on the swiftc optimization used in conjunction 
with it; when used alone, it fails to improve energy consumption 
in any of the applications considered. On the other hand, the most 
consistent swiftc optimization is -O, which is also generally focused 
on runtime improvements. Similarly, its performance depends on the 
LLVM optimization with which it is combined. For instance, when used 
with -Oz, it only achieves green up values greater than one in two 
applications.

The category of applications where it is most challenging to achieve 
improvements in energy consumption is video games, with -O com-
bined with -O3 being the only combination that succeeds in both 
applications considered. This contrasts with the speed up values, where 
the most difficult category was deep learning models. This suggests 
that with more screen usage, compiler optimizations find it more 
challenging to achieve energy savings.

Based on the performed study, improvements in energy consump-
tion are even more dependent on the combination of optimizations 
used, requiring both swiftc and LLVM optimizations. Although the
-Oz transformation is intended to reduce application size and occa-
sionally lower software energy consumption, it is the most inconsistent 
LLVM transformation for the applications studied. The most consistent 
transformations are those typically aimed at improving runtime: -
O3 from LLVM and -O from swiftc. When combined, they achieve 
green up values greater than one in most applications considered. 
These results differ from those obtained for speed up, as, despite being 
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focused on improving runtime, they are not the most consistent in the 
studied iOS applications. However, they do consistently improve energy 
consumption, highlighting the fact that an improvement in runtime 
does not always correspond to a reduction in energy consumption, and 
vice versa.

Combining swiftc and LLVM optimizations, in particular -
O3 and -O, reliably improves energy consumption, though 
these optimizations do not consistently reduce runtime of the 
studied iOS applications.

RQ3. Does an improvement in runtime correlate with an improvement in 
energy consumption for the iOS applications?

Throughout this work, we have observed various situations re-
garding how runtime and energy consumption behave under different 
combinations of optimizations. Typically, in most studies in the liter-
ature, an improvement in the runtime of an application or software 
is expected to lead to a reduction in energy consumption, as the 
power consumed by the application during execution usually remains 
constant. For example, in FlappyFlyBird, this behavior is evident for 
most of the combinations studied, where improving runtime results in 
a reduced energy footprint and vice versa.

However, there are instances, both within the FlappyFlyBird appli-
cation and the other applications, where an improvement in runtime 
leads to increased energy consumption due to a rise in power usage 
during execution. In contrast, there are cases where a decrease or 
worsening of runtime results in improved energy consumption. Given 
these results, it is clear that energy consumption is not solely dependent 
on runtime but is also influenced by a multitude of other factors that 
directly affect power consumption throughout the execution of the 
application.

Furthermore, if we examine how many times the different opti-
mizations achieved speed up and green up values greater than one, 
we can see that the most consistent optimization combinations do not 
align, and the best for runtime are not the same as those for energy 
consumption. In fact, the results from the NPSK rankings indicate that 
often the best compiler optimization for energy consumption is the one 
that performs worst in terms of runtime, and vice versa.

To analyze the relationship between runtime and energy consump-
tion of the various optimized versions of the considered applications, 
Spearman correlation coefficients have been calculated for each version 
using a confidence level of 95%, as detailed in Table  2. A coefficient 
value close to one indicates a strong correlation between the variables, 
while a value close to zero suggests that there is no correlation. The last 
row reflects the Spearman correlation coefficient for all measurements 
of each application, regardless of the optimization flags used during 
compilation.

Most of the obtained coefficients are negative, with very low p-
values, indicating that an increase in runtime usually leads to a de-
crease in energy consumption, and vice versa. However, when analyz-
ing the overall correlation coefficients calculated for all measurements 
of the different optimized versions of the same application, FlappyFly-
Bird achieves a value of 0.5842 with p-value lower than 0.05. This 
suggests that for this particular application, a reduction in runtime 
typically results in a decrease in energy consumption, and vice versa.

Among the correlation coefficients obtained for the different studied 
combinations, most weak correlations, ranging from 0.3 to −0.3, tend to 
have higher p-values. Therefore, we cannot conclude that the variables 
are correlated in these cases at a confidence level of 95%, as may be 
seen with -Onone -O3 for FlappyFlyBird and -O -O3 for FileManage-
ment, among others. Nevertheless, in each specific case, there are again 
numerous strong negative correlations with very low p-values for the 
different optimized versions of each application, with the exception of 
FlappyFlyBird.
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Table 2
Spearman’s correlation coefficient and corresponding p-values between runtime and energy consumption for each optimized version of the 
applications, based on 30 independent measurements. 
 Disk Deep learning Video
 operations models games

 SQLPoly FileMng ClassInf SegInf FlyBird GhostR  
 -Onone -O0 −0.3757 −0.7726 −0.8745 −0.9132 0.6489 −0.9808 
 4.07𝑒−02 5.64𝑒−07 2.68𝑒−10 1.96𝑒−12 1.00𝑒−04 1.91𝑒−21  
 -Onone -O3 −0.5123 0.2360 −0.8456 −0.3330 0.2116 −0.9648 
 3.80𝑒−03 2.09𝑒−01 4.05𝑒−09 7.21𝑒−02 2.62𝑒−01 8.68𝑒−18  
 -Onone -Oz −0.7571 0.3339 −0.9653 −0.5403 0.5128 −0.7428 
 1.28𝑒−06 7.13𝑒−02 7.28𝑒−18 2.00𝑒−03 3.70𝑒−03 2.58𝑒−06  
 -O -O0 −0.4852 −0.9719 −0.9929 −0.9768 0.3904 −0.9769 
 6.56𝑒−03 3.81𝑒−19 2.01𝑒−27 2.67𝑒−20 3.29𝑒−02 2.67−20  
 -O -O3 −0.2476 0.2908 −0.9644 −0.9728 0.5408 −0.9755 
 1.87𝑒−01 1.19𝑒−01 1.03𝑒−17 2.44𝑒−19 2.00𝑒−03 5.82𝑒−20  
 -O -Oz −0.4234 −0.0376 −0.9368 −0.4669 0.6849 −0.9622 
 1.97𝑒−02 8.44𝑒−01 2.68𝑒−14 9.20𝑒−03 2.96𝑒−05 2.37𝑒−17  
 -Ounchecked -O0 −0.3508 −0.9551 −0.2941 −0.5679 −0.1559 −0.3775 
 5.73𝑒−02 2.54𝑒−16 1.15𝑒−01 1.00𝑒−03 4.11𝑒−01 3.97𝑒−02  
 -Ounchecked -O3 −0.8007 −0.0141 −0.9359 −0.7695 0.0839 −0.9684 
 1.07𝑒−07 9.39𝑒−01 3.24𝑒−14 6.69𝑒−07 6.59𝑒−01 1.99𝑒−18  
 -Ounchecked -Oz −0.8541 −0.5310 0.5150 −0.9123 −0.0318 0.2801  
 1.94𝑒−09 2.50𝑒−03 3.50𝑒−03 2.24𝑒−12 8.67𝑒−01 1.34𝑒−01  
 Overall −0.4897 −0.2021 −0.8358 −0.3167 0.5842 −0.7903 
 5.85𝑒−59 4.17𝑒−26 9.39𝑒−72 1.04𝑒−07 4.17𝑒−26 5.85𝑒−59  
These findings highlight the complexity of automatically achieving 
greener software versions, requiring a trade-off or balance between 
improvements in runtime and energy consumption for the application 
in question. It is essential to study and optimize energy consumption 
as an independent variable, as it may, in some cases, be completely 
opposed to runtime. This approach is crucial for both development and 
research efforts aimed at producing increasingly greener applications.

Greener software requires balancing runtime and energy op-
timizations, as energy consumption often opposes runtime 
improvements for the studied iOS applications.

8. Threats to validity

Construct validity

Generally, using benchmarks on different types of applications and 
operations does not accurately reflect the actual usage patterns of 
a typical user when interacting with an application or smartphone, 
especially in the absence of studies on the behavior of the average user. 
Moreover, shared iOS libraries such as SQLite, CoreML, or SpriteKit are 
not being optimized. Therefore, future work should focus on studying 
the effects of optimizations not only on benchmarks focused on specific 
types of applications or operations but also on shared libraries and 
real-world usage patterns.

Our benchmark corpus, composed of small, self-contained applica-
tions, was deliberately designed to create a controlled experimental 
setting that isolates the impact of compiler optimizations on developer-
controlled code. While this approach allows for precise measurement of 
compiler-level effects, we acknowledge that it may not fully capture the 
diversity of library reuse practices typically found in larger, production-
grade iOS applications. We now explicitly recognize this as a limitation 
of our current study and propose expanding the analysis in future work 
to include production-scale applications with more extensive library 
reuse.

Additionally, both LLVM and swiftc compilers offer a wide range 
of compilation options aimed at both analysis and optimization. In the 
development of a real application intended for production, many more 
alternative compilation options would be considered beyond those 
examined here, where only the most aggressive optimization flags were 
used.
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Internal validity

One of the main concerns is the accuracy and reliability of the 
measurement system, specifically the error from the Monsoon Power 
Monitor and the synchronization methodology. Moreover, smartphone 
services, including the Wi-Fi connection, remain active as they are nec-
essary for deploying different versions of the applications. Nonetheless, 
to mitigate uncertainty, all results have been calculated based on 30
independent measurements.

External validity

The applications considered, as well as the benchmarks built upon 
them, do not necessarily generalize or represent the effects that these 
optimizations might have on other applications, even within the same 
category. A extensive analysis of the resources required by the applica-
tion and the actions performed within it is necessary.

Additionally, all experimentation was performed using LLVM 15.0.0 
and swiftc 5.10. Therefore, the same behavior may not apply to other 
versions. Furthermore, all tests were conducted on an iPhone running 
iOS 13.4.1, so altering the version of the operating system or the DUT 
could significantly impact the results.

Conclusion validity

To ensure the robustness of our statistical analysis, the NPSK test at 
a 95% confidence level to group values based on statistically significant 
differences is applied. This test is particularly suitable for comparing 
multiple groups without assuming normality. Additionally, the Spear-
man correlation coefficient to evaluate the strength and direction of 
monotonic relationships between variables is computed.

To mitigate potential threats to conclusion validity, the appropri-
ateness of the statistical tests for the dataset was verified, and it was 
also ensured that the sample size (30 independent measurements per 
application) provides sufficient energy to detect meaningful differences. 
Moreover, possible biases were accounted for by maintaining consistent 
experimental conditions across all runs. 
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9. Conclusion and future work

In this paper, we present an empirical analysis of the combined 
effect of the most aggressive Swift and LLVM optimizations on a total 
of six different iOS applications, belonging to three categories: (1) Disk 
operations, (2) Deep learning models, and (3) Video games. For each 
application, a benchmark is created to intensively utilize the resources 
and libraries that characterize them. The results obtained for each 
combination of optimizations are analyzed statistically, characterizing 
the several versions of each application using the GPS-UP metrics from 
the literature. The results challenge the common assumption that im-
proving runtime always leads to reduced energy consumption. In fact, 
the data shows that energy consumption can worsen by up to 34.1913% 
compared to the non-optimized version, despite achieving a 9.5370% 
improvement in runtime. Moreover, for the considered applications, it 
is generally observed that the best optimization for energy consumption 
often leads to the worst performance in terms of runtime, and vice 
versa.

To collect energy consumption measurements, a new version of 
the iGreenMiner energy consumption measurement system is intro-
duced, featuring a synchronization approach that is independent of 
the IDE. This synchronization approach employs an intermediate ap-
plication that generates signal patterns through CPU loops, allowing 
synchronization without relying on temporal debugging information.

The results demonstrate that, for  the studied applications perform-
ing a specific task over a defined period, optimizations such as -O from 
Swift and -O3 from LLVM consistently reduce energy consumption. 
However, despite being designed to improve runtime performance, 
these optimizations do not always achieve that goal for the studied 
iOS applications. In contrast, optimizations focused on code size, like
-Oz from LLVM, tend to be more consistent in obtaining runtime 
improvements  for the considered applications. These findings outline 
the complexity of optimizing software energy consumption, highlight-
ing the need to find a balance between runtime improvements and 
energy efficiency to achieve increasingly greener and more sustainable 
software, as well as the development of a new generation of smarter 
compilers capable of determining this balance.

As possible future research directions, we plan to extend the study 
by analyzing a larger number of iOS applications, including additional 
categories beyond disk operations, deep learning models, and video 
games. This expansion aims to improve the generalizability of our 
findings and capture a broader spectrum of real-world workloads. Fur-
thermore, we intend to incorporate real user behavior patterns across 
multiple applications as well as considering other types of applications. 
Additionally, we aim to analyze the impact of other compiler flags used 
in smartphone application development. We also intend to model a 
multi-objective combinatorial optimization problem with several com-
pilation flags to identify pseudo-optimal versions of the application 
that minimize both energy consumption and runtime. This approach 
would allow selecting the most appropriate version by determining the 
trade-off between improvements in runtime and energy consumption.
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