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Abstract

The increasing reliance on software-driven systems contributes to rising energy
demand, placing pressure on energy grids and computing infrastructure. Previous
studies have estimated that information and communication technology could account
for up to 14% of global greenhouse gas emissions by 2040 if current trends continue,
highlighting the importance of improving the energy efficiency of software systems.

Existing studies on programming language energy efficiency often rely on small
synthetic benchmarks or isolated algorithmic tasks. Such benchmarks are useful for
controlled comparison, but may not fully capture how applications behave when CPU-
oriented, memory-oriented, and I/O-oriented stages are combined. This limits how
directly their conclusions can be applied to realistic data-processing workloads.

This thesis addresses this gap by designing and evaluating a reproducible bench-
mark suite for C, Go, Julia, and Python. The benchmark suite is based on recurring
stages in ETL-inspired data-processing pipelines: JSON parsing, byte-buffer process-
ing, sequential file output, and composed pipeline execution. The workloads are eval-
uated in isolation and as composed end-to-end pipelines using runtime, CPU package
energy, DRAM energy, and peak resident set size as metrics.

The results show that no single language is best for all workloads and metrics. C
achieves the lowest runtime and CPU package energy in most workload configurations,
while Go remains within a small margin of C across workloads. Python frequently
achieves low peak memory usage, but incurs high runtime and energy costs in work-
loads where large byte-wise loops execute at interpreter level rather than through
native library code. Julia carries a larger fixed runtime and memory overhead in
simple workloads due to JIT compilation startup costs, but matches or outperforms
other languages in workloads where LLVM generates vectorized native code for byte-
buffer operations. The results also show that library choice and implementation de-
tails can substantially affect measured behavior, as seen in the JSON parser variants
and the SHA-256/XOR vectorization behavior. Overall, this thesis shows that realis-
tic energy benchmarking should compare representative implementations of workload
classes rather than treating programming languages as universally more or less energy
efficient. The results demonstrate that efficiency depends on the specific workload and
implementation, meaning that no single language consistently performs best across all
scenarios.

Keywords: Software benchmarking, programming language execution models,
resource utilization, runtime environments, data processing pipelines, the relationship
between execution time and energy consumption, and optimization techniques.
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1 Introduction

The increasing reliance on software-driven systems contributes to increased electricity de-
mand, placing additional pressure on already congested energy grids. In the Netherlands,
for example, grid congestion has become a growing concern, leading to restrictions on new
connections in several regions and highlighting the challenges of accommodating increasing
electricity consumption [1]. As societies become increasingly dependent on digital services,
improving the energy efficiency of computing systems has become an important sustain-
ability challenge. Previous studies have estimated that Information and Communication
Technology (ICT) could account for up to 14% of global greenhouse gas emissions by 2040
if current trends continue, highlighting the importance of improving the energy efficiency
of software systems [2].

The energy consumption of computing systems is determined not only by the hardware,
but also by the software that runs on them. Although hardware determines the physical
energy cost of computation, software determines what computations are performed, how
data are processed, and how efficiently hardware resources are used [3]. Consequently, soft-
ware implementation choices can influence the energy required to complete a task. Since
equivalent programs written in different programming languages can differ substantially
in runtime, energy consumption, and memory usage, the choice of programming language
may affect the resources required to complete the same task [4].

Current work on energy-efficient software and programming language comparison is
largely based on benchmark-driven evaluation. In particular, studies such as Pereira et
al. and Gordillo et al. provide reproducible methodologies for comparing programming
languages in terms of runtime, energy consumption, and memory usage [5, 4, 6]. How-
ever, these approaches often rely on small synthetic benchmarks or isolated computational
tasks, which may not fully capture how applications behave between CPU, memory, and
I/O-bound workloads or how these workload characteristics interact during composed ex-
ecution. Jansson and Johansson similarly motivate the need for application-level bench-
marking by questioning whether synthetic benchmark scenarios reflect the performance
of real-world applications [7]. As a result, there remains a need for reproducible evalu-
ations that compare programming languages not only between isolated workload classes,
but also in a controlled composed workload where CPU computation, memory access, and
I/O operations occur together.

This thesis addresses this gap by implementing and evaluating a reproducible bench-
mark suite composed of CPU-, memory-, and I/O-bound workloads across multiple pro-
gramming languages, including compiled, just-in-time (JIT) compiled, and interpreted
languages. The proposed methodology evaluates these workloads both in isolation and as
a composed end-to-end data-processing pipeline, where input data is read, processed in
memory, transformed through CPU computation, and written back as output.

1.1 Research Question
To guide this work, the following primary research question is formulated.

What differences can be observed between programming languages in runtime, CPU pack-
age energy, DRAM energy, and peak memory usage across isolated and composed data-
processing workloads?



In addition to this main research question, several sub-questions are addressed.

¢ RQ1: What criteria are required to design CPU-, memory-, and I/O-oriented
workloads that are comparable and reproducible across programming languages?

e RQ2: What differences can be observed between individual workload classes and
composed end-to-end data-processing pipelines in terms of runtime, energy consump-
tion, and peak memory usage?

e RQ3: How do the size of the input and repeated executions affect the consistency of
runtime, energy consumption, and peak memory measurements between workloads?

1.2 Contributions

The main contributions of this thesis are:

1. Workload-based methodology A method for comparing programming languages
across isolated and composed CPU, memory, and I/O-oriented workloads, enabling
evaluation of specific workloads between languages.

2. Reproducible benchmark suite This thesis implements a cross-language bench-
mark suite with shared inputs, equivalent workloads, and output validation, ensuring
that measured differences reflect implementation behavior rather than differences in
workload behavior.

3. Energy-domain evaluation This thesis evaluates runtime, CPU package energy,
DRAM energy, and peak memory usage using Intel Running Average Power Limit
(RAPL), providing insights into both computational and memory-related energy
costs.

4. Composition analysis This thesis compares isolated workloads with end-to-end
data-processing pipelines, showing whether isolated benchmark results remain rep-
resentative when workloads are combined.

5. Scaling and stability analysis This thesis analyzes input-size scaling and repeated
execution, supporting a reliable interpretation of measurement variability and fixed
execution overheads.

1.3 Paper overview

This paper is structured as follows, Chapter 2 provides the background information
needed to understand the concept of benchmarking of software energy efficiency. Chap-
ter 3 discusses related work on programming language energy efficiency and benchmark
design. Chapter 4 Introduces the classification of workload types, in order to differ-
entiate between CPU, Memory, and I/O-oriented workloads. Furthermore, it describes
the selected workloads, including but not limited to their pseudo-code, their input gen-
eration, the scaling strategy used to evaluate behavior across different input sizes, and
describes the implementation choices made. Chapter 5 presents the experimental setup
of the benchmark suite and explains how runtime, energy consumption, and memory usage



are measured. Chapter 6 presents the benchmark results across languages, workloads,
and input sizes, focusing on execution time, CPU package energy, DRAM energy, total
energy-to-solution, and peak memory usage. Chapter 7 discusses these results, answers
research questions, and discusses threats to validity, limitations, and future work. Finally,
Chapter 8 concludes the thesis by summarizing the main findings.



2 Background

This chapter provides the necessary background for understanding the remainder of the
paper. It introduces software benchmarking, programming language execution models,
runtime environments, and the computational resources considered in this study. It also
explains the relationship between execution time, power, and energy consumption and
outlines relevant software optimization concepts that influence performance and energy
efficiency.

2.1 Software benchmarking

Software benchmarking refers to the systematic measurement and comparison of software
performance under controlled and repeatable conditions [8]. In the context of this research,
benchmarking involves executing a set of predefined workloads across multiple program-
ming languages to compare their execution behavior and energy efficiency. Furthermore, a
workload is a piece of code that implements a specific data-processing task, such as pars-
ing JSON data, hashing an input buffer, or copying a file. An orchestrator executes the
workload by providing input data, invoking the workload function, recording the measured
behavior, and optionally verifying the correctness of the output. The orchestrator and a
workload implementation in a specific programming language together form a benchmark.
For example, a JSON parsing workload implemented in Python constitutes one bench-
mark, while the same workload implemented in C constitutes another benchmark. The
complete collection of benchmark implementations across all workloads and programming
languages forms the benchmark suite used in this study.

2.2 Programming language choice

In this paper, four languages were selected to cover a representative range of runtime and
memory management strategies. C was selected as a low-level performance baseline with
manual memory management, as previous work has shown it to be among the most energy-
efficient and fastest compiled languages [4]. Go was included as a garbage-collected alter-
native that remains competitive in performance, though Pereira et al. report it consuming
roughly three times the energy of C in their benchmarks [4]. Python was selected for its
widespread adoption in data processing pipelines [9]. Julia represents a JIT-compiled lan-
guage designed for high-performance numerical computation, where compilation overhead
may interact differently with varying input sizes.

2.3 Data-processing pipelines

Data-processing pipelines are commonly structured as multi-stage workflows in which data
is collected from input sources, transformed, and written to a target system for storage
or further analysis. A common model for this is the Extract-Transform-Load (ETL)
paradigm, which is widely used in data warehouse and analytical systems [10]. Large-
scale systems use similar pipeline structures in practice. For example, Facebook’s data
warehousing infrastructure combines log collection, storage, and analytics systems such as
Scribe, Hadoop, and Hive to process large volumes of application data [11].



This thesis does not attempt to reproduce such a distributed production system. Instead,
the ETL model is used as an example of a controlled benchmark pipeline. In this context,
realistic means that the benchmark is based on stages from data-processing workflows,
rather than on isolated arithmetic kernels alone. The pipeline therefore combines semi-
structured data transformation, byte-level processing, and file output. This structure
makes it possible to compare the behavior of isolated workloads with the behavior of a
composed end-to-end data-processing pipeline.

2.4 Programming language execution models

Programming languages differ significantly in how they compile code, in other words,
in how they translate human-written program code into machine-executable instructions.
Compiled languages such as C and Go are translated into machine code prior to execution,
typically producing optimized binary files that interact directly with the hardware. In
contrast, interpreted or virtual-machine-based languages execute instructions through an
interpreter or runtime environment during program executions [12]. These differences in
execution models influence how programs interact with system resources and can lead to
variations in runtime performance and energy consumption.

2.5 Runtime environments

Programming languages and runtime systems often apply various optimization techniques
to improve performance and reduce resource usage. These techniques may occur during
compilations or at runtime [13], and include strategies such as compiler optimizations,
just-in-time (JIT) compilation, and garbage collection [14].

As mentioned above, compiled languages such as C use a compiler to translate code to
machine instructions. During this translation, the compiler can apply optimizations, such
as removing unnecessary operations, simplifying expressions, or reorganizing instructions
to improve performance. Once the program has been compiled, the generated machine
code is executed directly by the processor and is not normally changed during execution
[15].

Go is also compiled ahead of time to native machine code, but differs from C because it
includes a runtime system. This runtime provides services such as garbage collection, stack
management, and scheduling of lightweight threads. Go uses automatic memory manage-
ment through a tracing garbage collector: live objects are found by tracing references
from roots such as stacks and global variables, and unreachable heap objects can then be
reclaimed. Modern Go performs much of this garbage collection work concurrently with
program execution, although garbage collection can still introduce runtime and memory-
management overhead. These features can improve programmer productivity and safety,
but may also affect execution time, memory usage, and energy consumption [16, 17].

Python, in the CPython implementation used in this thesis, follows a different model.
Python source code is first translated to bytecode, which is then executed by the Python
interpreter. CPython primarily manages the object lifetime using reference counting:
when an object’s reference count reaches zero, it can be deallocated. This is supplemented
by a cyclic garbage collector for groups of objects that refer to each other and cannot be
freed by counting references alone [18]. This memory-management model differs from Go’s



tracing collector, but Python operations still typically involve more runtime interpretation
overhead than equivalent operations in compiled languages. As a result, Python programs
often depend heavily on the efficiency of the interpreter and on optimized libraries imple-
mented in lower-level languages [19].

Julia uses just-in-time (JIT) compilation. Instead of compiling the entire program before
execution, Julia compiles functions at runtime when they are called with specific argument
types. This allows Julia to generate optimized native machine code using information that
is only available during execution. Julia also includes automatic memory management
through its runtime system. However, JIT compilation and runtime infrastructure mean
that the first execution of a function may include compilation overhead, often referred to
as a startup or warm-up cost [15].

Because C, Go, Python, and Julia rely on different optimization mechanisms, their
execution behavior and energy efficiency may vary. These execution models are closely
related to how languages represent and check variable types, which is discussed in the next
section.

2.6 Static and dynamic typing

Programming languages also differ in how they handle variable types. In statically typed
languages, such as C and Go, the types of variables and function arguments are known
and checked at compile time. This allows the compiler to detect many type errors before
execution and generate machine code based on explicit type information. The declared
type of a variable normally remains fixed, although some languages provide abstractions
such as interfaces or generic types that can refer to values with different concrete runtime
types; these mechanisms are not central to the workloads used in this paper [20, 17].

In dynamically typed languages, such as Python, type information is generally checked at
runtime. This provides flexibility, but it can also introduce overhead because the runtime
system must inspect and manage object types while the program is executing. Julia is
also dynamically typed at the language level, but its JIT compiler specializes in functions
for the concrete argument types used at runtime. This allows Julia to combine a dynamic
programming model with optimized machine-code generation for performance-critical code
[19, 21]. These differences are relevant for this thesis because type handling can influence
execution time, memory usage, and therefore energy consumption.

2.7 Implementation choices and library effects

Software performance is influenced not only by the programming language itself, but also
by the way a program is implemented and by the libraries used to perform specific tasks.
For example, JSON parsing, cryptographic hashing, and file I/O may be provided by
standard libraries or external packages. Keiser and Lemire illustrate the differences in
performance by comparing some JSON parsers for C, demonstrating this concept [22].
Highlighting that these implementations may differ in algorithmic design, memory alloca-
tion behavior, and the amount of work performed per job.

This is important for cross-language benchmarking because a comparison between lan-
guages is also affected by the system surrounding each language. A Python program that
relies on an optimized native library may behave differently from a pure Python imple-
mentation, while a C implementation may expose more manual control over memory and
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data layout. Similarly, Go and Julia provide runtime systems and standard libraries that
influence allocation behavior, garbage collection, and I/O performance [17, 21].

For this reason, this thesis attempts to use idiomatic implementations of the same work-
load structure in each language rather than to attempt to produce manually optimized
code for each language independently. Implementations are considered idiomatic when
they follow each language’s own conventions and make use of its standard libraries, even if
this means the implementations differ in how they express the same underlying logic. This
reflects how languages are commonly used in practice and reduces the risk that the com-
parison measures only the skill or optimization effort of the programmer. Cross-language
benchmarking inevitably includes implementation choices made by the benchmark author.
To reduce this human factor, each workload follows the same algorithmic structure across
languages, uses equivalent input data and verification logic, and relies on standard or
commonly used libraries rather than hand-optimized language-specific tricks.

In this paper, the term human factor refers to the influence of the decisions of the
benchmark-author on the measured results. These decisions include algorithm design,
library selection, coding style, use of language-specific features, and the amount of opti-
mization effort applied to each implementation.

2.8 Execution time, power, and energy

Execution time and energy consumption are related but distinct performance metrics [5].
Execution time represents the duration required for a program or a task to complete,
whereas energy consumption represents the total amount of energy used during execution.
The relation between energy, power, and time can be expressed as: E = P x t [23]. where
FE denotes energy, P represents the average power consumption, and t is the execution
time. This relationship illustrates that a reduction in execution time does not necessarily
lead to a decrease in energy consumption, since power usage may vary during program
execution. As will be shown in Chapter 6.7, the benchmarks in this thesis show a linear
relationship between runtime and energy in all workloads and languages.

2.9 Bounds checking and vectorization

Bounds checking is a safety mechanism that verifies whether, for example, an array or slice
access is within the valid range of that object. If a program attempts to access an element
outside this range, the language can raise an error instead of allowing invalid memory
access. This improves safety, but the additional checks may introduce overhead. Some
compilers can remove bounds checks when they can prove that the accessed variables are
always inside the object. This is known as bound-check elimination. Whether such checks
are present depends on the programming language, the compiler, the data structure, and
the specific loop structure [17].

C normally does not perform runtime bounds checks for array or pointer accesses. Go
performs bounds checks for array and slice accesses, although the compiler can sometimes
eliminate them. Python performs bounds checks for sequence accesses. Julia also performs
bounds checks by default, but allows programmers to disable them in code regions using
annotations such as @inbounds [20, 17, 19, 21].

Vectorization is an optimization technique in which multiple data elements are processed
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by a single machine instruction. Modern processors provide vector instructions that op-
erate on several values at once, instead of processing one value per instruction, which is
what a scalar instruction does. For example, in a byte-processing loop, a scalar version
may process one byte per loop iteration, while a vectorized version may process multiple
bytes together using one vector instruction. A compiler may transform a scalar loop into
a vectorized loop when it can prove that this transformation is safe and profitable. This
is known as auto-vectorization. Vectorization can improve runtime performance and may
also affect energy consumption, because the processor can complete the same amount of
work using fewer loop iterations and instructions [24].

However, vectorization is not guaranteed. The language compiler must be able to reason
that a code function is safe. As a result, two implementations in different languages of
the same high-level algorithm may differ substantially depending on whether the bound
checks remain in the loop and whether the loop is compiled into vector instructions [25].
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3 Related work

Research on programming language energy efficiency has often used benchmark-driven
evaluation. One of the most influential studies in this area is the work of Pereira et
al. [5], which compares the energy consumption, execution time, and memory usage of 27
programming languages using a suite of benchmark programs. Their study shows that
language implementations can differ substantially in energy consumption and that the
fastest language is not always the most energy-efficient. This work provides an important
foundation for cross-language energy comparison, but its evaluation is primarily based on
isolated benchmark workloads, which may not fully capture interactions between different
computational components present in data-processing applications.

More recent work has questioned the extent to which such benchmark results general-
ize. Martins et al. [26] revisit programming language energy-efficiency measurements and
argue that the results can be strongly affected by implementation choices, runtime be-
havior, and experimental configuration. Their findings suggest that language comparisons
should carefully control confounding factors and avoid drawing broad conclusions from a
small set of benchmark implementations. Similarly, Gordillo et al. [6] study programming
language rankings based on energy measurements and highlight the methodological chal-
lenges involved in producing reliable rankings. These studies show that energy-efficiency
evaluation is sensitive not only to the language but also to the selected implementation,
language runtime, and measurement procedure.

Energy measurement itself is also a relevant concern in software energy studies. Previ-
ous work has investigated different approaches for measuring or estimating software energy
consumption, including hardware sensors, external power meters, and model-based tech-
niques [3]. In this paper, energy is measured using Intel RAPL counters, which provide
access to the CPU package and DRAM energy domains on the experimental platform. The
use of such counters is common in software energy studies because they enable fine-grained
energy measurements without requiring external measurement equipment.

A second line of related work concerns the limitations of microbenchmark-based evalu-
ation. Jansson and Johansson [7] argue that benchmarks should reflect application-level
execution patterns rather than rely only on isolated workloads. Their work is relevant be-
cause isolated workloads can be useful in understanding specific operations, but they may
not capture the behavior that emerges when multiple operations are combined. Kharal
and Brown [27] further demonstrate that microbenchmark design choices can strongly
influence measured performance, in some cases changing results by orders of magnitude
10 to 100 or even reversing conclusions. These findings motivate evaluating both isolated
workload classes and composed executions.

Workload characterization research also shows that programs can stress different parts
of a computing system. The Roofline model distinguishes between compute-bound and
memory-bound behavior by relating computational throughput to memory bandwidth [28].
The memory wall concept further illustrates how memory access costs can become a lim-
iting factor in program performance [29]. These models motivate separating workloads
according to dominant resource behavior, such as CPU-oriented, memory-oriented, and
I/O-oriented execution.
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4 Design and implementation

This chapter describes the design principles of the benchmark suite, the selected workload
classes, their algorithms, and the input data generation methodology. The goal is not to
create a complete taxonomy of software workloads, but rather to define a small, repro-
ducible set of workload classes that exercise different system resources while remaining
comparable across programming languages. The selection of workloads is guided by the
ETL-inspired pipeline model introduced in Chapter 2.3. The remainder of this chapter
first discusses the benchmark design principles and the resulting workload classes, followed
by descriptions of the individual workloads, including pseudo-code and input dataset gen-
eration procedures.

4.1 Benchmark taxonomy principles

Herten et al. [30] survey high-performance computing (HPC) benchmarks and propose a
taxonomy to characterize benchmarks along several dimensions, including the benchmark
scale, compute-performance characteristics, memory-access characteristics, communica-
tion behavior, method type, programming language, and programming model. Their tax-
onomy illustrates that benchmark suites can be described not only by application domain,
but also by the system resources and computational patterns they exercise. Inspired by
this characterization approach, this thesis groups workloads by their dominant resource
pressure: CPU-oriented, memory-oriented, I/O-oriented, and composed workloads.

1. CPU-bound workloads, dominated by arithmetic intensity and compiler efficiency.

2. Memory-bound workloads, dominated by allocation behavior, cache locality, and
runtime memory management.

3. I/O-bound workloads, dominated by file system and buffering overhead.

4.2 Workload categorization

At this stage, we define abstract workload categories rather than concrete benchmark
implementations. The specific workloads that initialize these categories are selected in the
following section. Table 1 summarizes the dominant resource bottleneck associated with
each workload category. Although many additional workload classes could be included in a
broader benchmark suite, this thesis focuses on these four classes because they correspond
to the implemented benchmarks and cover the main resource pressures studied in the
evaluation: CPU package energy, DRAM energy, runtime, and peak memory usage.

Workload class ‘ Concrete benchmark ‘ Dominant resource pressure
Parsing and serialization JSON parse-transform-serialize CPU and memory
Cryptography and hashing SHA-256 and XOR, processing CPU
File stream and I/O Sequential file copy 1/0
Composed pipeline JSON + cryptography + file output Mixed

Table 1: Workload classes used in the benchmark suite
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4.3

1.

Justification of workload categories

Parsing and serialization workloads process structured text by reading JSON
input, identifying JSON tokens, validating the document structure, decoding values,
and often constructing language-level data structures for further processing. Previ-
ous work describes JSON ingestion as a potential performance bottleneck and notes
that many parsers convert input text into in-memory representations of objects, ar-
rays, strings, numbers, and primitive values [22]. JSON parser studies also evaluate
both CPU and memory usage, reflecting that parsing involves more than simply
reading bytes from an input file [31]. In this paper, the JSON workload performs a
parse-transform-serialize cycle. It parses Yelp-derived JSON records, modifies fields,
adds a derived field, and serializes the result. Therefore, this workload exercises
both CPU work, through token scanning, validation, decoding, string transforma-
tion, and serialization, and memory pressure, through allocation and traversal of
language-level data structures. For this reason, JSON parsing and serialization is
categorized as a workload with both CPU and memory pressure.

. Cryptographic and hashing workloads, such as SHA-256 hashing and XOR-

based processing, repeatedly apply arithmetic and bitwise operations over input
buffers. The SHA-256 specification defines its compression function using operations
such as rotations, shifts, logical functions, and modular additions over fixed-size
words [32]. This makes hashing a suitable CPU-oriented workload: the input is
streamed through a compact computation kernel, and performance depends strongly
on instruction throughput, compiler optimization, and hardware support for relevant
operations. The work on SHA-512/256 also shows that the cost of SHA-family
hashing depends on the architecture of the processor [33]. In this benchmark suite,
hashing is therefore used to represent computationally heavy processing.

File stream and I/O workloads, such as sequential large-file copying, are dom-
inated by moving bytes between storage, operating-system buffers, and user-space
memory. Unlike hashing, where most work is performed by arithmetic and bitwise
instructions, file copying depends heavily on file-system behavior, buffering, system-
call overhead, page cache effects, and storage bandwidth. Previous work on disk and
file-system performance shows that sequential 1/O performance is strongly affected
by storage-system behavior and benchmark configuration [34, 35]. This workload is
therefore used to represent I/O-oriented behavior in the benchmark suite.

The composed pipeline combines the previous workload classes into a single end-
to-end pipeline: JSON parsing and transformation, cryptographic processing, and
file output. This category is included because isolated workload benchmarks may
not necessarily capture the behavior that emerges when multiple operations are
integrated into one execution flow. In the context of application performance test-
ing, Grambow et al. distinguish between application benchmarks, which include
related components, and isolated benchmarks, which repeatedly execute individual
functions. They note that microbenchmarks may miss problems that appear only
when functions or modules are integrated into the overall system [36]. This the-
sis tries to apply this idea to cross-language energy benchmarking by evaluating
both isolated workloads and a composed data-processing pipeline. In the composed
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4.4

pipeline, intermediate data sizes, allocation behavior, cache effects, garbage collec-
tion, and I/O buffering may interact. As a result, the dominant bottleneck may
differ from the bottlenecks observed in isolated workloads. The pipeline benchmark
therefore evaluates whether language behavior observed in isolated CPU-; memory-,
and I/O-oriented workloads remains consistent when these stages are combined into
one data-processing workflow.

Benchmark implementation requirements

After defining the workload categories in Section 4.2, concrete benchmark implementa-
tions must still satisfy a set of comparability and reproducibility requirements. These
requirements ensure that the implemented workloads perform equivalent work across pro-
gramming languages and can be evaluated consistently across input sizes.

1. The workloads should correspond to recurring stages in the data-processing pipelines,
such as data parsing, byte-level processing, and file output.
2. Each workload should exercise one or more of the resource-pressure classes defined
in Section 4.1.
3. The workload must be implementable in each selected language using the same high-
level algorithmic steps.
4. The implementations should perform equivalent work and produce verifiable output
across languages.
5. The workloads should support input scaling so that the runtime, energy, and memory
behavior can be evaluated across different problem sizes.
6. The workload output should be deterministic for a fixed input.
Benchmark Workload Input Dominant pressure
json_parse Parsing and serialization JSON records CPU and memory
sha256 Hashing and byte processing | Binary buffer 4 keys CPU
file_copy Sequential file output Binary file I/0
pipeline_e2e Composed pipeline JSON + keys Mixed
pipeline_e2e_stream Streaming pipeline JSON chunks + keys Mixed
Table 2: Implemented benchmarks and their intended resource pressure
4.5 Workload overview
This section defines the concrete workloads used in the benchmark suite. The first three

workloads isolate JSON processing, byte-buffer processing, and file-output behavior. The

final

ants.

two workloads combine these stages into non-streaming and streaming pipeline vari-
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4.5.1 JSON parse-transform-serialize

Purpose The JSON workload evaluates structured-data parsing, record transformation,
and serialization. The workload is designed to exercise both CPU and memory resources.
CPU work is introduced through token scanning, decoding, field lookup, making strings
uppercase, and serialization. Memory pressure is introduced through the construction,
traversal, and serialization of data structures. The workload receives a JSON document
that contains an array of objects under the key elements. Each implementation parses
the document, iterates over all items, modifies selected fields, and serializes the modified
document. The transformations chosen in Algorithm 1 represent common operations in
data-processing workloads, including numeric updates, boolean changes, string manipula-
tion, and derived-field computation, while remaining simple enough to ensure comparable
implementations across programming languages.

Algorithm 1 WORKLOAD_JSON_PARSE

1: sink
2: function WORKLOAD_JSON_PARSE(input_json, output_json, output_len)
> Parse input JSON text into language-level data structures
3: root <— JSON_PARSE(input_json)
> Retrieve array of items

4: items < root["items"|
> Transform each object in the array
5: for all item in items do
6: item["id"] < item["id"] + 1
7: item["active"]| < —item["active"|
8: upper <— TOUPPERCASECOPY (item["name"])
9: item["name"| + upper
10: item["name_length"| <— UTF8BYTELENGTH (upper)
11: end for

> Serialize transformed JSON
12: serialized < JSON _SERIALIZE_UNFORMATTED(ro0t)
> Release parsed JSON representation if required

13: RELEASE_IF_REQUIRED(root)

> Store output values
14: output_json < serialized
15: output_len <— LENGTH(serialized)

> Prevent compiler optimization
16: sink < sink & (output_len mod 256)
17: sink « sink @ ByteAt(serialized,0)
18: return 1
19: end function

Algorithm 1 shows the JSON parse-transform-serialize workload. The algorithm first
parses the input JSON document into language-level data structures and retrieves the
items array. Then it applies the same deterministic transformation to every item: in-
crement id, negating active, uppercase name, and adding name_length. Finally, the
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modified document is serialized back to JSON and the selected output values are written
to a sink variable to prevent the result from being optimized away. A sink in the context
of this research refers to a variable which serves as a placeholder to XOR the output data,
in order to prevent the compiler from optimizing any intermediate steps, as our sink would
be dependent on the result of all steps combined.

Input The input is a JSON document with the structure {"items": [...1}. The
workload assumes that each item contains the fields required by the transformation. The
procedure used to generate these input files is described in Section 4.6.1.

Output The output is a serialized JSON document containing the transformed items
array. The output is kept in memory by the isolated JSON benchmark and is not written to
disk. The output length is stored separately, and the selected output values are combined
into a sink variable to ensure that the workload result is used.

Correctness condition A JSON workload execution is considered correct if the output
can be parsed as valid JSON, contains an items array, and every item contains the required
fields id, active, name, and name_length with the expected types. The verifier checks
that each name field is uppercase and that name_length equals the byte length of the
transformed name. The verifier therefore validates the structure of the transformed output
and the derived field used by the workload, rather than comparing the full output against
a stored reference file.

Scaling variable The workload is scaled by the input size S. Larger inputs contain
more JSON records in the items array, while the transformation applied to each record
remains unchanged.

4.5.2 SHA-256 / XOR processing

Purpose The SHA-256 workload evaluates CPU-oriented processing over a binary input
buffer. The workload applies three deterministic transformations to the input data: XOR-
based encryption, HMAC-SHA256 computation over the encrypted data, and XOR-based
decryption. The XOR stages perform simple byte-wise operations over the full buffer, while
the HMAC-SHA256 stage performs cryptographic hashing over the encrypted buffer.
This workload is intended to exercise processor execution rather than file-system I/0. It
performs sequential reads and writes over memory buffers, but no external files are read or
written during the measured workload. SHA-256 computation consists of repeated logical,
rotation, shift, and modular-addition operations over fixed-size words, making it suitable
for CPU-oriented workload [32]. Previous work on SHA hashing also shows that hashing
throughput depends on processor architecture and implementation choices [33].
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Algorithm 2 WORKLOAD_SHA256

1: sink
2: function WORKLOAD_SHA256(buffer, buffer_len, key hmac, key _hmac_len, xor _key,
xor_key_len, ciphertext, decrypted, output_hmac)
> Encrypt input buffer using repeated XOR
3: for i < 0 to buffer_len —1 do
ciphertext[i] < buf fer|i] ® xor_key[i mod xor_key_len]
end for
> Compute HMAC-SHA256 over encrypted data
6: HMAC_SHA256(key_hmac, key_hmac_len, ciphertext, buffer_len, output_hmac)
> Decrypt ciphertext using the same XOR key
for i + 0 to buf fer_len — 1 do
decrypted[i] < ciphertext[i] ® xor_key|i mod xor_key_len]

9: end for
> Prevent compiler or runtime from discarding the result
10: sink < sink & output_hmac|0]
11: sink < sink @ decrypted|0]
12: return 1

13: end function

Algorithm 2 shows the SHA-256 and XOR processing workload. The algorithm first
encrypts the input buffer using a repeated XOR key. Then it computes an HMAC-SHA256
digest over the encrypted buffer. Finally, it decrypts the ciphertext by applying the same
XOR operation again. Since XOR is its own inverse, applying the same XOR operation
twice recovers the original input buffer. Selected output bytes are combined into a sink
variable to prevent the compiler or runtime from removing the computation.

Input The input consists of a binary buffer of size S, a fixed HMAC key of the same size,
and a fixed XOR key. The buffer contains deterministic pseudo-random bytes generated
before benchmark execution. The same generated input files are used for all language
implementations.

Output The workload produces three outputs: the encrypted buffer, the decrypted
buffer, and the HMAC-SHA256 digest. In the isolated benchmark, these outputs are kept
in memory and are not written to disk. Selected output bytes are used in a sink variable
to ensure that the computation is observable.

Correctness condition Execution of a SHA256 workload is considered correct if the
decrypted buffer is identical to the original input buffer prior to encryption and the HMAC
output has a fixed length of 32 bytes. This ensures that the XOR-based encryption is
reversible and that the HMAC computation is performed over the encrypted buffer.

Scaling variable The workload is scaled by the input buffer size S. Larger inputs
increase the number of bytes processed by the XOR and HMAC-SHA256 stages, while the
key sizes remain fixed.
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4.5.3 Sequential file copy

Purpose The file workload evaluates sequential file output and synchronization behav-
ior. The benchmark entrypoint first loads a binary input file into memory. The workload
then writes this in-memory buffer to a destination file multiple times and periodically
synchronizes the written data to storage. This design reduces computational work and
emphasizes the cost of moving data through the operating system and the file system.

The workload is intended to exercise I/O behavior rather than arithmetic computa-
tion. Apart from loop control, byte counting, and sink updates, the workload performs no
substantial data transformation. Its runtime and energy behavior are therefore expected
to depend mainly on file-system behavior, buffering, system-call overhead, synchroniza-
tion cost, and storage throughput. Previous work on disk and file-system performance
shows that 1/O results are strongly dependent on storage-system behavior and benchmark
configuration [34, 35].

Algorithm 3 WORKLOAD_FILE_COPY

1: sink
2: function WORKLOAD_FILE_COPY (dst, buffer, buffer_len)
3: bytes_since_sync < 0
> Write the in-memory buffer multiple times
4: for i < 1 to WRITEAMPLIFICATION do
5: WRITEALL(dst, buffer, buffer_len)
6: bytes_since_sync < bytes_since_sync + buf fer_len
> Flush written data periodically
6 if bytes_since_sync > SYNCINTERVAL then
8 DATASYNC(dst)
9: bytes_since_sync <+ 0
10: end if
11: end for
> Flush remaining written data
12: DATASYNC(dst)

> Prevent compiler or runtime from discarding auxiliary work
13: sink < sink & (buf fer_len mod 256)
14: sink < sink @ ByteAt(buf fer,0)
15: return 1
16: end function

Algorithm 3 shows the sequential file-output workload. The algorithm receives a des-
tination file descriptor and an in-memory buffer. It writes the complete buffer to the
destination file multiple times, using a write amplification factor of 8, which is a con-
stant and can be altered in the implementation. After every 64 MiB of written data, the
workload calls a data synchronization operation, and it performs a final synchronization
after all writes have been completed. Selected buffer values are combined into a sink for
consistency with the other workloads. Although the benchmark is named file_copy, the
workload function operates on a preloaded input buffer and measures sequential repeated
output to a destination file.
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Input The input is a binary file of size S. Before being invoked, the benchmark or-
chestrator reads this file into an in-memory buffer. This memory pointer is passed to the
workload. The same generated input file is used for all language implementations.

Output The output is a file containing the input buffer repeated according to the am-
plification factor. In the implementation used in this thesis, the buffer is written eight
times, so the output file size is 85. The output file is removed after benchmark execution
by the orchestration script to avoid reusing stale output.

Correctness condition The execution of a file workload is considered correct if the
output file contains exactly the input buffer repeated the expected number of times and
contains no additional bytes. The verification step reads the output file and compares it
byte-by-byte with the amplified input buffer.

Scaling variable The workload is scaled by the input buffer size S. Since the write
amplification factor is fixed, the number of bytes written scales linearly with S.

4.5.4 Composed data-processing pipeline

Purpose The composed data-processing pipeline evaluates how isolated workload stages
behave when combined into a single end-to-end execution flow. The pipeline combines the
JSON-parse workload, the SHA-256/XOR processing workload, and the sequential file-
output workload. This allows the evaluation to compare the behavior of isolated workloads
with the execution of their composed task, where data sizes, allocation behavior, cache
effects, garbage collection, and file-system output may interact.

The benchmark orchestrator reads the JSON input, the HMAC key, and the XOR key
before invoking the workload function. The workload itself first transforms the complete
JSON input, then cryptographically processes the transformed JSON buffer, and finally
writes the processed buffer to an output file using the same amplified output behavior as
the isolated file workload.
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Algorithm 4 WORKLOAD_PIPELINE_E2E

1: sink
2: function WORKLOAD_PIPELINE_E2E(input_json, key_hmac, key xor, ciphertext, de-
crypted, out_hmac, dst)
> Stage 1: parse, transform, and serialize JSON
3: trans formed_json <+ ()
transformed_len < 0
WORKLOAD_JSON_PARSE(input_json, transformed_json, transformed_len)
> Stage 2: encrypt, hash, and decrypt transformed JSON
6: WORKLOAD_SHA256(transformed_json, transformed_len, key hmac, key xor, ci-
phertext, decrypted, out_hmac)
> Stage 3: write decrypted output using amplified file output

7: WORKLOAD_FILE_COPY (dst, decrypted, transformed_len)

> Prevent compiler or runtime from discarding the result
8: sink < sink @ (transformed_len mod 256)

: sink + sink @ ByteAt(decrypted, 0)
10: sink < sink & out_hmac|0]
> Release transformed JSON buffer if required

11: DELETEIFREQUIRED (transformed_json)
12: return 1

13: end function

Algorithm 4 shows the non-streaming composed pipeline. The first stage invokes the
JSON workload on the complete input document and produces a transformed serialized
JSON buffer. The second stage invokes the SHA-256/XOR workload on this transformed
buffer, producing a ciphertext buffer, a decrypted buffer, and an HMAC digest. The third
stage invokes the file-output workload, which writes the decrypted buffer to the destination
file using the fixed write amplification factor. Finally, selected output values are combined
into a sink variable to prevent the compiler or runtime from discarding the computation.

Input The input consists of a JSON document of size S, an HMAC key, and an XOR
key. The JSON document has the same structure as the isolated JSON workload, namely
a root object containing an items array. The HMAC and XOR keys are generated deter-
ministically as part of the SHA-256 dataset generation.

Output The output is a file containing the decrypted result of the cryptographic stage.
Because the SHA-256/XOR stage decrypts the ciphertext back into the transformed JSON
buffer, the file-output step writes the transformed JSON content. Similarly to the isolated
file-output workload, the buffer is written using a fixed write amplification factor, so the
output file contains the transformed JSON buffer repeated multiple times.

Correctness condition A composed pipeline execution is considered correct if the de-
crypted buffer produced by the SHA-256/XOR stage is equal to the transformed JSON
buffer produced by the JSON stage and if the output file contains the decrypted buffer
repeated according to the write amplification factor. The verification step recomputes the
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JSON transformation, compares it with the decrypted buffer, and checks that the output
file contains the expected amplified content.

Scaling variable The workload is scaled by the size of the JSON input S. Increasing
S increases the number of records parsed and transformed, the number of bytes processed
by the cryptographic stage, and the number of bytes written by the file-output stage.

4.5.5 Streaming composed pipeline

The streaming composed pipeline processes through the same logical states as the non-
streaming pipeline, however, processes the JSON input in chunks. Before invoked, the
orchestrator parses the complete input document and splits the items array into chunks
of chunk_items items for a fixed size, except for the final chunk, which may contain fewer
items. The workload then applies the JSON transformation, SHA-256/XOR processing,
and file-output stage to each chunk independently.

This variant is included to evaluate how chunked execution changes the behavior of
the composed pipeline. Compared with the non-streaming pipeline, the streaming variant
avoids processing one complete transformed JSON document as a single buffer. Instead,
each chunk produces a smaller transformed buffer that is cryptographically processed and
written before the next chunk is handled. This can change the peak memory usage, cache
behavior, garbage collection behavior, and the interaction with file-output buffering.
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Algorithm 5 WORKLOAD_PIPELINE_E2E_STREAM

1: sink
2: function WORKLOAD_PIPELINE_E2E_STREAM(chunks, chunk_count, key_hmac,
key_xor, ciphertext, decrypted, out_hmac, dst)
bytes_since_sync < 0
for i < 0 to chunk_count — 1 do
> Stage 1: parse, transform, and serialize one JSON chunk
trans formed_json <+ ()
transformed_len < 0
WORKLOAD_JSON_PARSE(chunks[i].json, transformed _json, transformed_len)
> Stage 2: encrypt, hash, and decrypt transformed chunk
8: WORKLOAD_SHA256(transformed_json, transformed_len, key_hmac, key xor, ci-
phertext, decrypted, out_hmac)
> Stage 3: write decrypted chunk using amplified output

9: for rep + 1 to WRITEAMPLIFICATION do
10: WRITEALL(dst, decrypted, transformed len)
11: bytes_since_sync < bytes_since_sync + trans formed_len
12: if bytes_since_sync > SYNCINTERVAL then
13: DATASYNC(dst)
14: bytes_since_sync < 0
15: end if
16: end for
> Prevent compiler or runtime from discarding the result
17: sink < sink & (transformed_len mod 256)
18: sink « sink @ ByteAt(decrypted, 0)
19: sink < sink & out_hmac|0]
> Release transformed JSON buffer if required
20: DELETEIFREQUIRED (transformed_json)
21: end for
> Flush remaining written data
22: DATASYNC(dst)
23: return 1

24: end function

Algorithm 5 shows the composed pipeline. For each JSON chunk, the workload applies
the same three stages as the non-streaming pipeline: JSON parse-transform-serialize, SHA-
256/XOR processing, and amplified file output. The output file is written incrementally
as the chunks are processed. A data synchronization operation is performed periodically
after a fixed amount of written data and once more after all chunks have been processed.

Input, output, correctness, and scaling The input, output, correctness condition,
and primary scaling variable are the same as for the non-streaming-composed pipeline in
Section 4.5.4. The main difference is that the non-streaming pipeline processes the com-
plete transformed JSON document as a single intermediate buffer, whereas the streaming
pipeline processes one transformed chunk at a time. The streaming variant therefore in-

24



troduces one additional parameter, chunk_items, which controls the number of records
per chunk. This parameter is kept fixed to 1024 during the experiments.

4.6 Dataset generation

All input files for each workload are generated before running the benchmarks. These
input files are generated using deterministic procedures and stored as static files. To
ensure cross-language compatibility, identical workloads are used in each implementation.
The benchmark suite uses two types of generated input data. The JSON workload and
pipeline workloads use a Yelp-derived JSON document, while the SHA-256/XOR and file-
output workloads process binary buffers. The generators use powers-of-two input sizes
between the configured minimum and maximum size.

4.6.1 Yelp-derived JSON dataset

The JSON input data are derived from the Yelp Open Dataset [37]. The JSON workload
uses records derived from the Yelp Academic Dataset business file. The original dataset
is distributed as newline-delimited JSON, where each line represents one business record.
A business record contains the following fields; business_id, name, city, state, stars,
review_count, is_open, attributes, categories, and hours. In this thesis, Yelp data
are used as a reproducible source of semi-structured JSON records. Yelp-style JSON
data have also been used in previous work on JSON analytics and parsing, for example,
in Mison, which uses Yelp-derived examples when studying fast JSON parsing for data
analytics [38], and Cui evaluates the Yelp dataset in the context of data analysis tasks.
[39]

Each Yelp business record is mapped to a smaller benchmark item schema. This schema
contains the fields required by the JSON workload, together with a small number of
additional scalar and string fields. During dataset generation, each selected Yelp business
record is mapped to the common schema expected by the benchmark workload.

Benchmark field | Source field / rule Purpose

id Generated item index Identifier modified by the workload
name name String field transformed to uppercase
active is_open == Boolean field negated by the workload
score review_count Preserved numeric field

category First entry in categories | Preserved string field

Table 3: Mapping from Yelp business records to benchmark JSON items

4.6.2 SHAZ256-XOR input generation

The SHA-256/XOR workload uses deterministic binary input data. For each size S, the
generator creates a directory datasets/sha256/S containing three files: buffer.bin,
key_hmac.bin, and key_xor.bin. The buffer.bin file contains the input bytes, while the
two key files contain the fixed HMAC and XOR keys. Xorshift is used as a lightweight and
deterministic pseudo-random number generator due to its simplicity and reproducibility
in benchmarking contexts.
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The bytes are generated using the deterministic xorshift procedure shown in Algorithm 6.
A benchmark-specific seed is derived from the global seed and benchmark name, and
the target size is added to this seed so that different input sizes produce different byte
sequences. The HMAC key has a fixed length of 32 bytes, the XOR key has a fixed length
of 16 bytes, and the input buffer scales with the target size S.

Algorithm 6 Generate deterministic xorshift bytes

1: function XORSHIFTBYTES(length, seed)
2 x <+ seed & 0xffffffff
3 out < empty byte array of size length
4 for ¢ < 0 to length — 1 step 4 do
5: x—ax® (<< 13)&0zfffffffSf)
6: T x® (x> 17)

7 v @ ((x<5)&0xfffffff])

8 append up to four little-endian bytes of = to out
9 end for

10: return out

11: end function

4.6.3 File copy input generation

The file is generated using the xorshift procedure from Algorithm 6. For efficiency, the
generator first creates a deterministic block of at most 4 MiB and repeats this block until
the requested file size is reached, as shown in Algorithm 7. For inputs smaller than 4 MiB,
the block size is reduced to the input size.

Algorithm 7 Generate file-copy input

1: function GENERATEFILECOPYINPUT(path, size, seed)
2 block_size < min(4 MiB, size)

3 block <— XORSHIFTBYTES(block_size, seed)

4 while size > 0 do

5: n « min(block_size, size)

6 write first n bytes of block to path

7 Stze <— stze —n

8 end while

9: end function

4.6.4 Pipeline input generation

The composed pipeline benchmarks do not generate independent input data. Instead,
they reuse the generated datasets from the JSON and SHA-256/XOR workloads. For
a pipeline input size S, the JSON input is read from the corresponding JSON dataset
directory, while the HMAC and XOR keys are read from the corresponding SHA-256 /
XOR dataset directory. The output file is written to the corresponding file-copy output
directory.
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4.7 Scaling strategy

All selected workloads are designed so that the amount of work scales linearly with the
input size S, meaning that the expected algorithmic complexity of each workload is O(S).
For the JSON workload, increasing S increases the number of records in the items array.
For the SHA-256/XOR workload, increasing S increases the number of bytes processed.
For the file-output workload, increasing S increases the number of bytes written. The
composed pipelines inherit this scaling behavior because their stages process the generated
input sequentially. These complexities can be verified by inspecting table 9. Therefore, the
expected algorithmic complexity of the workload functions is linear in the input size, while
the measured runtime, energy, and memory behavior may still differ between languages
due to runtime systems, libraries, allocation behavior, I/O effects, and hardware-level
behavior.

Input sizes are generated in powers of 2 between the configured minimum and maximum
size. For each size, all selected languages and implementation variants use the same
generated input files. This ensures that differences in runtime, energy consumption, and
memory usage are not caused by differences in input data.

Input scaling is included because very small inputs can be dominated by fixed costs
such as process startup, runtime initialization, package loading, and JIT compilation.
In such cases, the measured runtime and energy consumption may reflect the execution
environment more than the workload itself. Larger inputs may increase the relative load
of the workload and can expose effects such as cache behavior, DRAM traffic, allocation
pressure, garbage collection, and file-system buffering. Previous workload-characterization
studies also show that realistic benchmark suites can include workloads with substantial
memory footprints and memory traffic [40].

4.8 Implementation methodology and language-specific decisions

As discussed in Section 2.7, cross-language benchmarking is affected by the human factor:
the benchmark author must make choices about algorithms, libraries, coding style, and
optimization effort. These choices can influence measured runtime, energy consumption,
and memory usage.

To reduce the influence of the human factor, all implementations follow the same work-
load structure and input-output behavior. Each language implementation receives the
same generated input data, applies the same high-level algorithmic steps, and produces
verifiable output. The goal is not to produce the fastest possible implementation in every
language, but to produce comparable implementations that follow the same benchmark
design.

The implementations are written in a direct imperative style using explicit loops and
named intermediate values where possible. Some languages provide compact constructs
such as list comprehensions, maps, filters, iterator pipelines, or high-level convenience
functions. Although these constructs may be idiomatic in some contexts, using differ-
ent expression styles across languages can make it harder to determine whether observed
differences are caused by the language runtime, the library implementation, or a differ-
ent algorithmic structure. Therefore, the benchmark code favors a uniform control-flow
structure across languages, especially in the workload functions.
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4.8.1 Library selection and JSON parser variants

The benchmark suite uses standard libraries where possible and documented external li-
braries where the standard library does not provide the required functionality or where
a library variant is part of the experiment. For file-output workloads, the implementa-
tions rely primarily on operating-system file operations. For cryptographic processing,
library support is used for HMAC-SHA256, while the XOR step is implemented directly.
For JSON parsing, multiple library variants are included because JSON performance can
strongly depend on the parser implementation.

Consequently, the results should be interpreted as comparisons of the representative
implementations used in this thesis, not as universal rankings of the programming lan-
guages. The goal is to evaluate how equivalent workload implementations behave across
languages under a controlled and reproducible methodology, while acknowledging that
different library choices or optimization strategies could lead to different absolute results.

For each language, at least two JSON libraries were used for the json_parse workload
to show the difference in performance when using different libraries.

Language | Variant Description

C cjson C JSON parser used as the default C implementation

C yyjson Alternative C JSON parser variant

Go encoding_json | Go standard-library JSON implementation

Go goccy_go_json | Alternative Go JSON implementation

Julia json JSON. j1 implementation

Julia json3 JSON3. j1 implementation

Python json CPython standard-library JSON implementation
Python jsonno_c_acc | CPython standard-library JSON, C accelerators disabled
Python orjson Alternative Python JSON implementation

Table 4: JSON parser variants evaluated in the benchmark suite

The standard-library variants are used as baseline implementations, where available.
Additional variants are included to show how much the result can change when a different
parser is selected within the same language. The Python json_no_c_acc variant is included
to separate the behavior of the CPython standard-library interface from the effect of its
C acceleration paths. This variant modifies the internals of the CPython json module to
disable the C scanner and encoder acceleration paths and rebuilds the default decoder and
encoder. These modifications are based on CPython implementation details, rather than
supported configuration parameters, because the standard-library json interface does not
provide a public option for disabling these acceleration paths.
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4.8.2 SHA-256/XOR implementation behavior

Although the SHA-256/XOR implementations follow the same high-level algorithm, low-
level execution can still differ between languages. As discussed in Section 2.9, loops may
be affected by bounds checks and vectorization. This is especially relevant for the XOR
step, which is implemented directly in each language.

For Julia, bounds checks in the XOR loops were disabled using @inbounds. C does
not perform runtime bounds checks for array and pointer accesses, while Go performs
bounds checks unless the compiler can prove that they are unnecessary. For the Go
implementation, compiler diagnostics showed that some bounds checks remain in the SHA-
256/XOR workload. Python also performs index and bound checks for sequence accesses,
but in this workload, the larger source of overhead is that the XOR loop is executed at
interpreter level using standard bytes and bytearray indexing.

Languages such as C, Go, and Julia can vectorize loops, but this is not guaranteed.
We checked this for the code compiled on DAS-5. For C, the loops were not vector-
ized. C can likely not vectorize the SHA256/XOR function due to the line: key xor[i %
key_xor_len], where the compiler does not know the length of key_xor_len, thus cannot
prove the loop is safe. Although the key length is fixed for this benchmark, it is represented
as a variable in the function. Together with the use of dynamic pointers and lengths, this
makes the loop harder for the compiler to reason about.

Unlike C and Go, Julia’s XOR loop appears to have been vectorized. Inspection of the
generated code showed vector instructions such as vpxor, vpbroadcastb, and vmovdqu,
indicating that LLVM generated vectorized code for the loop. Some bounds-error paths
may still be present in the compiled function, but these are not expected to correspond to
per-access checks inside the loop annotated with @inbounds.
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5 Experiments

5.1 Benchmark framework and execution workflow

The benchmark suite is implemented as a script-driven framework that separates workload
logic, language-specific benchmark orchestrators, dataset generation, and measurement
orchestration. This separation is important for reproducibility, as the same generated
datasets are reused across languages, while the same orchestration script controls the
order of execution, repetitions, runtime measurement, energy measurement, and memory
monitoring. Each benchmark is launched by run_benchmarks.py as an isolated operating-
system process, referred to throughout this thesis as a benchmark subprocess. Figure 1
summarizes the execution workflow used on DAS-5.

Local machine Github DAS-5 shared filesystem DAS-5 cluster node

Local repository Home filesystem

>
git push' Git repository git pull d

dasbd_run.sh

>
submit job

Scratch storage

<

Wiite results
to scratch

3

run_benchmarks.py

pull_das5_result.sh

==

~—

Figure 1: Benchmark execution workflow on DAS-5. The source repository [41] is main-
tained on the local machine, pushed to a cloud based Git repository, and pulled to the home
filesystem of DAS-5 using GIT version control. On DAS-5 the das5_run.sh run script is
queued to execute on a cluster node using prun. On the cluster node, das5_run.sh pre-
pares the environments, builds compiled implementations, generates or reuses datasets
on scratch storage, and starts run_benchmarks.py. The orchestration script iterates over
benchmark configurations, launches benchmark subprocesses, measures runtime, RAPL
energy, and peak RSS, and writes the results to scratch storage on DAS-5. The resulting
files are manually copied back to the local machine using pull das5 result.sh.
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Table 5 lists the main components of the repository used by the benchmark suite.

Directory Purpose

benchmarks/benchmark/language | Language-specific benchmark orchestrators
benchmarks/workloads/ Workload implementations per language
scripts/generate_inputs.py Deterministic dataset generation
scripts/run_benchmarks.py Benchmark orchestration and measurement
scripts/analyze_results.py Normalized score computation
scripts/dasb_run.sh Run script specific to DAS-5
scripts/pull_dasb_result.sh Script to retrieve results stored from DAS-5
datasets/ Generated input datasets

results/ Raw and processed benchmark results

Table 5: Repository components used by the benchmark suite

5.2 Hardware configuration and software environment

The experiments were executed on DAS-5, the fifth Distributed ASCI Supercomputer.
DAS-5 is used for experimental computer science research, including parallel and dis-
tributed systems research [42, 43]. The VU DAS-5 cluster consists primarily of dual-socket
Intel Xeon E5-2630v3 compute nodes.

The run described in this thesis was executed on node065. The node runs Enterprise
Linux 8 with the Linux kernel version 4.18.0-553.16.1.e18_.10.x86_64. The processor
is an Intel Xeon E5-2630 v3 with a base frequency of 2.40 GHz and a reported maximum
frequency of 3.20 GHz. The node contains two sockets, each with eight physical cores and
two hardware threads per core, resulting in 32 logical CPUs. The system exposes two
NUMA nodes and 62 GiB of main memory.

The available RAPL domains during the run were the CPU package and the DRAM
domains for both CPU sockets. The benchmark metadata and the environment description
were stored alongside the result files to support reproducibility.
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Component Configuration

Platform DAS-5 compute node

Node used node065

Operating system Enterprise Linux 8

Kernel 4.18.0-553.16.1.e18.10.x86_64
CPU Intel Xeon E5-2630 v3

Base frequency 2.40 GHz

Reported maximum frequency | 3.20 GHz

Sockets 2

Physical cores 16 total, 8 per socket

Hardware threads 32 total, 2 per core

NUMA nodes 2

Main memory 62 GiB

L1 cache 32 KiB data, 32 KiB instruction
L2 cache 256 KiB

L3 cache 20 MiB

Table 6: Hardware and operating-system configuration of the DAS-5 node used for the
experiments

The software environment is summarized in Table 7. The C and Go implementations
were compiled prior to execution, while the Python and Julia implementations were exe-
cuted using their respective runtime environments. The C workloads were compiled using
the flag -03 for optimization. The benchmark suite also includes multiple JSON library
variants for the JSON parsing workload.

Component Version / configuration

GCC/G++ 12.4.0

CMake 3.24.2

Python 3.11.9

Go 1.25.0

Julia 1.12.5

Git 2.43.5

OpenSSL 1.1.1k

Go JSON libraries encoding/json, goccy/go-json v0.10.6
Julia JSON libraries JSON. j1 v1.5.0/v1.5.1, JSON3. j1 v1.14.3
Julia SHA library SHA. j1 v0.7.0

Loaded compiler module | gnul2/12.4.0

Benchmark Git commit | a19108899abd6cf1a07£3111e5a7097746682426

Table 7: Software environment used for benchmark execution

The details of the software environment were written to a native_environment.txt
file during the run, while benchmark metadata such as timestamp, hostname, RAPL
availability, RAPL domains, language versions, and Git commit were stored in a separate
metadata file.
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5.3 Energy measurement method

Energy consumption is measured using Intel RAPL. It exposes energy counters through
the Linux powercap interface and provides access to processor energy domains such as the
CPU package and DRAM energy. Previous work has used RAPL extensively for software
energy measurement, and validation studies show that RAPL provides a practical interface
to measure processor and memory energy, while also noting that RAPL values are model-
based estimates rather than direct wall-socket measurements [44, 45]. Therefore, the
measurements in this thesis should be interpreted as CPU package and DRAM energy-to-
solution, not as total machine energy consumption.

During benchmark execution, the orchestration script run_benchmarks.py first discov-
ers all available RAPL zones under /sys/class/powercap. Each discovered zone con-
tains an energy_uj file, which stores the cumulative energy counter in microjoules, and a
max_energy_range_uj file, which is used to handle counter wraparound. For the DAS-5
node used in the experiments, the available RAPL domains were package-0, package-1,
and one DRAM domain per socket. The metadata file stored with the results records
these domains for each benchmark run.

For each benchmark run, the orchestration script reads all RAPL counters before launch-
ing the language-specific benchmark subprocess, and again after the subprocess terminates.
The difference between the start and end counter values gives the energy consumed during
execution. If a counter wraps around, that is, it reaches its maximum counter range and
continues counting from zero, the delta is corrected using the maximum counter range.
Energy values are converted from microjoules to joules before being written to the result
file.

The package energy reported in the results is the sum of all RAPL domains whose names
start with package, while the DRAM energy is the sum of all RAPL domains named dram.
This means that the reported package energy includes both CPU sockets and the reported
DRAM energy includes the DRAM domains exposed for both sockets. The measurement
is performed around the complete benchmark subprocess, including language runtime
startup, library loading, workload execution, and output cleanup performed inside the
subprocess.

5.4 Memory and resource monitoring

Memory usage is monitored by the benchmark orchestration script run_benchmarks. py us-
ing the Python psutil library. For each benchmark run, the script launches the language-
specific benchmark implementation as a subprocess and records the resident set size (RSS)
of that process and its child processes. RSS represents the amount of physical memory cur-
rently resident for the process. The maximum sampled RSS value during the benchmark
run is stored as the maximum memory usage.

The memory sampler runs in a separate thread while the benchmark subprocess is active.
At a fixed sampling interval, by default set to 10 ms which can be modified by adding the
flag —-memory-interval-ms, the sampler reads the RSS of the benchmark process and
recursively includes child processes. This is relevant for language runtimes or tools that
may spawn helper processes. At the end of the run, the highest observed RSS value is
written to the results file as rss_peak_bytes, together with the start and end RSS values
and the number of samples collected.
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5.5 Main performance metrics

Table 8 summarizes the main metrics collected for each benchmark run and used during

the evaluation.

Metric Unit Meaning

Wall-clock time seconds | Duration of the complete benchmark subprocess

CPU package energy | joules RAPL package energy across both CPU sockets
DRAM energy joules RAPL DRAM energy across both sockets

Peak RSS bytes Maximum sampled resident memory of the subprocess
Energy-to-solution joules Energy required to complete one benchmark run

Table 8: Main metrics collected during benchmark execution
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6 Results

In this chapter, the results gathered by running the experiments on DAS-5 will be shown.
We will compare the energy results, runtime, peak memory, cross language, and
different json parse variants for each workload.

6.1 Energy results per workload

Figure 2 shows the median CPU package energy for the isolated workloads. The results are
shown as a function of the input size S, using one baseline implementation per language.
For the JSON workload, the baseline variants are cjson for C, encoding_json for Go,
JSON. j1 for Julia, and CPython’s standard-library json for Python. Additional JSON
parser variants are analyzed separately in Section 6.5.

json_parse: Median CPU package energy (J) sha256: Median CPU package energy (J)
—e— c/cjson
go/encoding_json
—e— julia/json
—e— python/json

Median CPU package energy (J)
3
Median CPU package energy (J)

2! 23 25 27 2° 2t 23 25 27 2°
Input size S (MiB) Input size S (MiB)

(a) JSON parse (b) SHA-256/XOR

file_copy: Median CPU package energy (J)

10t

Median CPU package energy (J)

10°

2t 23 2° 27 2°
Input size S (MiB)

(c) File copy

Figure 2: CPU package energy for isolated workloads.

Across the isolated workloads, the package energy generally increases with input size,
as expected from the linear scaling of the workload definitions. The magnitude of the
differences between languages depends on the workload. For SHA256/XOR and JSON
parse workloads, language runtime and library behavior have a larger effect, while for the
file-copy workload, the differences most likely become smaller at larger input sizes because
execution mainly consists of operating-system file operations.
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Figure 3: CPU package energy for composed workloads.

workloads combine JSON transformation, SHA-256/XOR processing, and file output. As

a result, their energy behavior reflects the combined cost of multiple stages rather than

the behavior of a single isolated workload. The streaming pipeline is shown separately
because it changes the way the JSON input is processed and written, which may affect
both runtime and memory behavior.

6.2 Runtime results per workload

10°

Median wall-clock time (s)

107t

json_parse: Median wall-clock time (s)

—e— c/cjson
go/encoding_json

—e— julia/json

—e— python/json

2! 23 2% 27 2°
Input size S (MiB)

(a) JSON parse

Median wall-clock time (s)

sha256: Median wall-clock time (s)

2t 23 25 27 2°
Input size S (MiB)

(b) SHA-256/XOR

file_copy: Median wall-clock time (s)

Median wall-clock time (s)

2t 23 25 27 2°
Input size S (MiB)

(c) File copy

Figure 4: Runtime for isolated workloads.
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Figure 4 shows the median wall-clock runtime for the isolated workloads. Runtime fol-
lows the same general scaling direction as the package energy, but the relationship is not
identical because energy also depends on the power draw during execution.

pipeline_e2e: Median wall-clock time (s) pipeline_e2e_stream: Median wall-clock time (s)
—— c

go
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Figure 5: Runtime for composed workloads.

Figure 5 shows the runtime of the composed pipeline workloads. These results are
important because the composed workloads evaluate whether the behavior observed for
isolated stages remains visible when the stages are executed together.

6.3 Peak memory usage

Figure 6 shows the median peak resident set size for the isolated workloads. Peak RSS
includes the benchmark subprocess and, therefore, contains both workload memory and
fixed runtime overhead. This is especially visible in simple workloads, such as file copy,
where the actual workload consists mainly of loading an input buffer and writing it to an
output file. In such cases, fixed runtime costs can be a large part of the measured memory
footprint.

The JSON workload shows memory behavior associated with the parsing of structured
input, the construction of language-level data structures, the transformation of fields, and
the serialization of the result. The SHA-256/XOR workload mainly processes byte buffers
and therefore has a simpler memory profile. The file-copy workload is included because
it shows how runtime overhead can dominate memory measurements when the workload
itself performs little allocation beyond the input buffer.
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Figure 6: Peak RSS for isolated workloads.

Figure 7 shows the peak RSS for the composed pipeline workloads. The non-streaming
pipeline materializes the transformed JSON before passing it to the cryptographic and
file-output stages. The streaming pipeline processes smaller chunks, which is expected
to reduce peak memory usage when intermediate data dominate the memory footprint.
The measured results therefore indicate whether streaming changes the memory behavior
compared with processing the complete input as one pipeline unit.
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Figure 7: Peak RSS for composed workloads.
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6.4 Cross-language comparison

To compare workloads with different absolute scales, the results are normalized relative
to the best baseline implementation for the same workload, input size, and metric. A
normalized value of 1.0 therefore indicates the best observed baseline result for that con-
figuration, while larger values indicate proportional overhead. For example, a value of 2.0
means that the implementation required twice as much energy, runtime, or memory as the
best baseline implementation for the same workload and input size.

Figure 8a shows the baseline-normalized CPU package energy at the largest input size,
in this case 1GiB. This figure summarizes the relative energy behavior across workloads
and languages. The heatmap should be interpreted as a workload-specific comparison:
values are normalized within each workload and should not be compared as absolute joule
values across workloads.
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Figure 8: Baseline-normalized comparison at the largest input size. Lower values are
better.

6.5 JSON parser variants

The cross-language comparison in the previous section uses one baseline JSON imple-
mentation per language. However, JSON parsing performance can depend strongly on
the selected parser library. Therefore, the json_parse workload was also executed with
additional parser variants.

Figure 9a shows the CPU package energy for all variants of the JSON parser. Figure 9b
shows the corresponding runtime results. These plots illustrate how changing the parser
implementation within the same language can change the measured result, even though
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the surrounding workload structure and input data remain the same.
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Figure 9: Energy and runtime results for JSON parser variants.

6.6 Isolated workloads and composed pipelines

Figure 10 compares isolated workloads with composed pipeline workloads at the largest
input size, in this case 1GiB. The goal is not to compare the isolated workloads against the
pipeline workloads directly, but rather to assess whether the relative ordering of languages
observed in isolation is preserved when these workloads are composed into an end-to-end
workload. The starred bar indicates the language with the lowest normalized score per
workload, where lower is better.
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Figure 10: Baseline-normalized runtime, CPU package energy, and peak RSS for isolated
and composed workloads at the largest input size. The starred bar indicates the language
with the lowest normalized score per workload, where lower is better. (Continued on next

page.)
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Figure 10: (Continued) Baseline-normalized runtime, CPU package energy, and peak RSS
for isolated and composed workloads at the largest input size.

6.7 Correlation Analysis

Figure 11 presents the correlation between energy and runtime, as well as between the CPU
package energy and the DRAM energy, aggregated over all workloads. The relationship
between power and time in figure 11a, as discussed in Section 2.8, appears approximately
linear, with a scaling coefficient close to 1. This indicates that energy increases propor-
tionally with runtime across the evaluated workloads.

A similar trend is observed between the CPU package and DRAM energy in figure
11b. The data points align largely along a single linear trend, with a small number of
outliers forming a secondary but still linear pattern. This suggests a strong proportional
relationship between the two energy components, with deviations that remain structured
rather than random.

These observations can also be seen when zooming in on an isolated workload such as
json_parse in the appendix, figure 13.
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Figure 11: Energy & Runtime correlation results on the left and PKG & Dram correlation
on the right, plotted for all workloads.
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7 Discussion

This chapter interprets the results of Chapter 6 in relation to the research questions. The
goal of this thesis was not just to rank programming languages in isolation, but to evaluate
how realistic in the sense defined in Section 2.3 implementations behave across controlled
data-processing workloads.

7.1 Interpretation of results

RQ1: Workload design criteria. The first research question asked what criteria are
required to design CPU-, memory-, and I/O-oriented workloads that are comparable and
reproducible across programming languages. The results support five criteria: determinis-
tic input generation, algorithmic equivalence, verifiable output correctness, scalable input
sizes, and documented implementation choices. The necessity of controlling implemen-
tation choices is demonstrated by the JSON parser variant results (Figure 9). Within
Python alone, replacing the standard json module with a pure-Python variant that dis-
ables the C accelerator increases runtime by 3.2x and energy consumption by 3.4x at 1
MiB, growing to 6.5x and 6.6x respectively at 1 GiB, despite identical input, output, and
high-level algorithm. This shows that a shared workload description does not guarantee
a comparable measurement: the specific library and its internal implementation must be
documented and controlled as an explicit design criterion. The necessity of scalable input
sizes is demonstrated by Julia’s JIT compilation behavior. For the sha256 workload at 1
MiB, Julia’s runtime is 32.9x that of C, and its peak memory usage is 117x higher (376
MB versus 3 MB), reflecting fixed JIT compilation overhead. At 1 GiB, Julia is faster than
C by 22%. A benchmark restricted to small input sizes would produce a systematically
misleading characterization of Julia’s efficiency. The 11 log?-scaled sizes from 1 MiB to 1
GiB make this scaling behavior visible and allow the comparison to operate across regimes
where JIT costs are both dominant and amortized. Together, these criteria enabled the
cross-language comparisons reported in RQ2 and supported the consistency analysis in
RQ3.

RQ2: Cross-language differences across isolated and composed workloads.
The second research question asked what differences can be observed between program-
ming languages in runtime, CPU package energy, DRAM energy, and peak memory usage
across isolated workload classes and composed data-processing pipelines. Across all work-
loads, a correlation was observed between runtime and CPU package energy as mentioned
in Chapter 6.7, indicating that languages with longer execution times consumed more
energy. Similarly, the DRAM energy scaled with the energy of the CPU package, suggest-
ing that memory energy mostly follows the overall activity of the system. Nevertheless,
the ranking of languages varied between workload classes. The main observation is that
there is no single language that performs best for all workloads and metrics. The relative
behavior strongly depends on the workload class, the selected libraries, and the runtime
characteristics of each language.

For JSON parsing, the results show that parser implementation has a large effect. The
baseline JSON comparison in Figures 2 and 4 shows the behavior of one selected parser
implementation per language, while Figure 9 shows that changing the JSON parser within
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the same language can also change runtime and CPU package energy. This means that
the JSON results should be interpreted as comparisons of selected parser implementations,
not as pure language-level results.

The SHA256/XOR workload shows that equivalent pseudocode can still lead to differ-
ent low-level executions. In Figures 4 and 2, Julia performs strongly for SHA256/XOR
compared to its behavior in simpler workloads such as file copy. This can be related to the
implementation behavior described in Section 4.8.2. The C implementation was compiled
with optimization enabled, but the GCC diagnostics reported that the XOR encryption
and decryption loops were not vectorized. The Go compiler diagnostics showed that some
bound checks remained in the SHA256/XOR workload. In contrast, Julia’s generated
native code contained vector instructions such as vpxor, vpbroadcastb, and vmovdqu,
indicating that LLVM generated vectorized code for the XOR loops. Python performs
poorly in this workload because the XOR encryption and decryption stages are executed
as Python-level byte loops, even though the HMAC-SHA256 operation itself uses library
code.

For file copy, the differences between C, Go and Python become smaller with larger
input sizes, as shown in Figures 2 and 4. This workload mainly performs operating-system
file operations and explicit synchronization, so language-level computation becomes less
dominant as the input size grows. Julia remains more expensive in peak memory, as
shown in Figure 6, which is consistent with the larger fixed runtime and JIT footprint
being visible in a simple I/O-oriented workload.

Memory results also show that peak RSS does not always follow runtime or energy
behavior. Figures 6 and 7 show that an implementation can have a low maximum memory
usage, while still requiring more runtime or CPU package energy. This is visible for Python
in several workloads. As discussed in Section 2.5, CPython uses reference counting together
with a cyclic garbage collector, but the low peak RSS observed here might not be a result
of only garbage collector efficiency. A possible explanation is that peak RSS measures how
much memory the process keeps in RAM, while runtime and energy are also affected by
the amount of work performed by the interpreter. This is especially relevant for byte-wise
loops, where Python may use relatively little memory but still spend substantial time
executing many small operations.

The composed pipeline workloads show that the isolated workload behavior does not
always transfer directly to end-to-end execution. Figures 3, 5, and 7 show the behavior of
the non-streaming and streaming pipelines. In isolated workloads, Julia performs best for
SHA256/XOR and Python is competitive for file copy at larger input sizes. However, in
both composed pipeline variants, C is the strongest baseline implementation for runtime
and CPU package energy. The memory behavior also changes between pipeline variants:
Python has the lowest peak RSS in the non-streaming pipeline, while Go has the lowest
peak RSS in the streaming pipeline for all inputs, whereas Go had the highest peak in
the non-streaming variant. This shows that composed workloads introduce interactions
between parsing, byte-buffer processing, file output, allocation behavior, and runtime
systems that are not captured by isolated workloads alone. Figure 10 further summarizes
this comparison in the largest input size.
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RQ3: Input size and repeated executions. The third research question asked what
effects input size and repeated execution have on the stability and variability of runtime,
energy, and memory measurements. The input size plots in Figures 2, 3, 4, and 5 show
that the runtime and CPU package energy increase consistently with input size. The log-
log scaling plots make this relationship explicit: the runtime scaling exponents in Table 9
are close to 1.0 across all benchmarks and languages at larger input sizes, confirming linear
O(S) scaling.

However, the increase is not perfectly proportional for all workloads and languages for
each input size. The measured values include process startup, runtime initialization, JI'T
compilation, where applicable, library behavior, allocation behavior, garbage collection,
file-system behavior, and hardware-level effects. No warmup run was performed prior to
measurement, meaning that Julia’s JIT compilation cost is included in all reported val-
ues. This reflects a cold-start execution model, which is representative of data-processing
pipelines that are invoked once per input rather than running as persistent services. These
effects are especially visible for small input sizes, where fixed costs can form a larger part
of the total measurement.

Repeated executions were handled by running multiple repetitions and reporting the
median of the runs. This reduces the influence of occasional outliers and gives a stable
summary of the main result figures. However, this thesis does not perform a detailed
statistical analysis of the variance from run-to-run. This is particularly relevant for 1/O-
oriented workloads, where file-system state and synchronization behavior can vary between
repetitions. Therefore, the results support the main scaling trends, while a more detailed
variance analysis is left for future work.

Main RQ The results show that substantial differences exist between programming lan-
guages in runtime, CPU package energy, DRAM energy, and peak memory usage, but that
these differences depend on workload characteristics and workload composition. No single
language achieved the best results for all workloads and metrics. For the SHA256/XOR
workload, Julia achieved the lowest runtime and CPU package energy consumption at
larger input sizes, while C used less memory. For JSON parsing, C achieved the low-
est runtime and energy consumption, whereas Julia showed higher execution times. In
contrast, the file-copy workload exhibited only minor differences in runtime and energy
consumption between C, Go, and Python at larger input sizes, indicating that language
effects become less important in I/O-bound workloads.

Across all benchmarks, CPU package energy closely followed runtime, with longer execu-
tion times resulting in higher energy consumption. DRAM energy showed a similar trend
and scaled linear with CPU package energy rather than forming an independent charac-
teristic between languages. Peak memory usage did not necessarily correlate with runtime
or energy consumption, demonstrating that efficient execution time does not automati-
cally imply efficient memory usage. This was particularly visible in the composed pipeline
workloads, where C achieved the lowest runtime and CPU package energy consumption,
but required more memory in the streaming pipeline than Go.

The composed workloads further showed that observations from isolated workloads do
not always transfer directly to end-to-end data-processing pipelines. Although languages
like Julia performed strongly for specific isolated workloads, combining parsing, process-
ing, and file-output stages changed the relative rankings between languages. Overall, the
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results indicate that language choice can significantly influence runtime, energy consump-
tion, and memory usage, but the magnitude and direction of these differences depend
on the type of workload, input size, implementation choices, and whether workloads are
evaluated in isolation or as part of a complete processing pipeline.

7.2 Threats to validity / comparability

The experiments were executed through the DAS-5 scheduler on a reserved compute node.
Processes were not explicitly pinned to a specific CPU core, and CPU frequency scaling
or Turbo Boost settings were not manually modified by the benchmark framework. The
recorded environment reports a CPU frequency range between 1.20 and 3.20 GHz. There-
fore, the remaining variation due to operating-system scheduling and dynamic frequency
behavior is treated as a threat to comparability and is mitigated by repeated measure-
ments.

RAPL measurements are system-level energy-domain counters rather than per-process
counters. Since the benchmark job is executed on a reserved DAS-5 compute node and
only one benchmark subprocess is measured at a time, background activity is reduced,
but not eliminated. Consequently, the measured energy includes the benchmark process
and any system activity that occurs during the same interval. To reduce the influence of
this noise, each benchmark configuration is executed multiple times and analyzed using
aggregated statistics. Consequently, the subprocess running the benchmark is not tied
to a specific CPU core. Therefore, energy is currently measured at the whole processor-
domain level rather than only for the core that executes the benchmark. On a multi-socket
node, such as DAS-5 dual socket nodes, this can introduce additional noise from processor
domains and cores that are not directly executing the benchmark workload. This limits the
precision of the measured CPU package energy, although repeated measurements reduce
the influence of occasional variation.

Because memory is sampled periodically, very short-lived allocation peaks may be
missed. However, the metric should be sufficient to compare the approximate peak mem-
ory footprint of the benchmark implementations, as it will capture sustained memory
growth.

A further threat to comparability is that equivalent high-level workloads do not neces-
sarily result in equivalent low-level execution across languages. Differences in runtime sys-
tems, standard libraries, JSON parsers, compiler optimizations, bounds checking, garbage
collection, and memory allocation behavior can all influence runtime, energy consumption,
and memory usage. Therefore, the results should be interpreted as comparisons of the se-
lected implementations and runtime environments, rather than as absolute properties of
the programming languages alone.

Additionally, all measurements use a cold-start execution model, which means that no
warmup run was performed before the measured invocation. For C and Go, compilation is
performed before measurement and is excluded entirely. For Julia, JIT compilation occurs
within the measurement subprocess and is therefore included in the results. This creates
an asymmetry that is mostly visible at small input sizes, where JIT overhead dominates,
and diminishes at large input sizes as the compilation cost is amortized. The cold-start
model was chosen to reflect realistic single-invocation pipeline execution, which could run
once per invocation. A warmup-based measurement would better isolate steady-state
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throughput but would represent a different deployment scenario.

The human factor is also relevant when comparing programming languages. The lan-
guage alone does not produce a benchmark implementation: the programmer chooses
data structures, libraries, coding style, and the amount of optimization effort. Ray et
al. show that language effects can be difficult to isolate from process factors such as
project size, team size, and commit size [46]. Kharal and Brown similarly show that the
details of the implementation of the benchmark can strongly affect the performance re-
ported in concurrent microbenchmarks of data-structure [27]. In this thesis, this effect
is visible in the JSON parser variants and in the SHA256/XOR workload, where similar
high-level algorithms led to different low-level behavior due to bounds checks and vec-
torization. Therefore, the results should be interpreted as comparisons of representative
implementations, not as absolute properties of the languages alone.

7.3 Limitations and future work

Future work could improve measurement isolation by pinned the benchmark subprocess to
a specific CPU core and running measurement tasks, such as RSS sampling, on a separate
core. In addition, energy measurements can be performed on the specific core on which
the benchmark is executed. This would reduce background noise from unrelated cores and
improve the comparability of CPU package energy measurements.

Another extension would be to record RSS samples, CPU package energy counters, and
DRAM energy counters to log files during execution. Then these time-series measurements
could be visualized per language and workload. This would provide a more detailed view
of memory growth, energy peaks, and the timing of runtime or garbage-collection effects,
rather than only reporting aggregate values such as total energy and peak RSS.

The benchmark suite could also be extended with additional languages that use different
runtime and memory-management strategies. For example, adding a garbage-collected
language such as Java would make it possible to study whether memory-management
activity leads to visible DRAM energy peaks and whether such peaks occur independently
of CPU package energy. As discussed in Section 2.5, Python combines reference counting
with a cyclic garbage collector. In contrast, Java objects reside in a heap managed by the
JVM garbage collector, which identifies unreachable objects and reclaims their memory
when garbage collection is performed. This can result in memory patterns where memory
usage increases during allocation and decreases after collection [47], a pattern that is also
visible in familiar JVM-based applications such as Minecraft. These differences may lead to
distinct runtime, memory, and energy-consumption results, particularly in workloads with
high memory traffic. Comparing Java with Python and with languages that use manual or
more predictable memory-management strategies could provide further insight into how
memory-management mechanisms influence both performance and energy behavior.

Future work could also include additional implementation variants within the same
programming language. In particular, a NumPy-based Python variant would provide a
useful comparison with the current Python implementations. The Python implementations
in this thesis use explicit byte-loops. This represents one way of implementing Python
code that might not be well optimized. A NumPy variant would make it possible to
compare pure-Python execution with a more optimized Python implementation style.

Finally, the current benchmark suite could be extended with additional workload types
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and larger application-level scenarios. The present work focuses on controlled CPU, mem-
ory and I/O-oriented workloads and composed data-processing pipelines. More complex
applications could provide further insight into how language/runtime behavior changes
when workloads include, for example, networking, concurrency, or database interaction.
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8 Conclusion

This thesis investigated how C, Go, Julia, and Python differ in runtime, energy consump-
tion, and peak memory usage across controlled data-processing workloads. The benchmark
suite was designed around recurring stages in ETL-inspired pipelines: JSON parsing, byte-
buffer processing, file output, and composed pipeline execution. The goal was not to rank
programming languages in isolation, but to evaluate representative implementations under
comparable and reproducible conditions.

The results show that no single language is best for all workloads and metrics. C achieves
the lowest runtime and CPU package energy in most workload configurations, while Go
remains within a small margin of C across workloads. Python frequently achieves low peak
memory usage, but incurs high runtime and energy costs in workloads where large byte-
wise loops execute at interpreter level rather than through native library code. Julia carries
a larger fixed runtime and memory overhead in simple workloads due to JIT compilation
startup costs, but matches or outperforms other languages in workloads where LLVM
generates vectorized native code for byte-buffer operations, as observed for SHA256/XOR.

The results of the composed pipeline show why isolated workloads are not sufficient
on their own. Julia achieves the lowest runtime and CPU package energy in the isolated
SHA-256/XOR workload, and Python’s runtime and energy approach those of C and Go
for isolated file copy at large input sizes. However, in the composed pipeline workloads,
C is the strongest baseline implementation for runtime and CPU package energy. The
memory results also change between pipeline variants: Python has the lowest peak RSS in
the non-streaming pipeline, while Go has the lowest peak RSS in the streaming pipeline.
This shows that combining workload stages introduces behavior that is not visible from
isolated benchmarks alone.

The results also show that runtime, energy, and memory capture different aspects of
execution. Runtime and CPU package energy are often related, but peak memory usage
does not always follow the same ranking. An implementation can use relatively little
memory while still requiring more time and energy to complete.

A central finding is that implementation choices strongly influence the results. The
JSON parser variants changed performance within the same language, and the SHA256/XOR
workload showed different low-level behaviors across languages due to bound checks and
vectorization. This confirms that cross-language benchmarking compares representa-
tive implementations, including their libraries, runtimes, compiler behavior, and coding
choices, rather than programming languages as abstract concepts.

In general, this thesis shows that realistic energy benchmarking requires careful work-
load design, deliberate implementation choices, and cautious interpretation of the results.
Language choice matters, but its effect depends on workload type, library selection, run-
time behavior, compiler optimizations, input size, and the human choices made during
implementation.

Future work could improve measurement isolation by pinning the benchmark to a spe-
cific CPU core. The addition of languages that use different runtime strategies or add
additional implementation variants could provide more insight. Further analysis of the
implementation choices and compiler optimizations performed by the current code may
provide a more detailed understanding of the factors that influence energy efficiency.
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Appendix

The source code for the benchmark suite and figures can be found on Github
https://github.com/J-Davidson01l/realistic-energy.

sha256: Median DRAM energy (J) sha256: Median CPU package energy (J)

Median DRAM energy (J)
S
Median CPU package energy (J)
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2t 23 2° 27 29 2t 23 25 27 29
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(a) DRAM energy (b) Runtime

Figure 12: DRAM energy and runtime results for SHA256, where the x- and y-axis are
both log scaled

Table 9 presents the scaling exponents derived from logarithmic plots, where both the
x-axis and the y-axis are logarithmically scaled. The input data for this table represent
the average values of the scatter plot data points that lie above the mean.

Julia begins with a higher runtime value due to its inherent runtime overhead, as illus-
trated in Figure 12. Consequently, Julia’s scaling exponent increases more slowly at the
outset compared to other languages but converges to similar growth rates after an initial
period. Because of this slower initial growth, Julia’s average scaling exponent sits below
1. Nonetheless, the exponents for all languages stabilize around 1, indicating a linear
complexity of O(n).

Benchmark C Go Julia | Python
file_copy 0.9473 | 0.9786 | 0.6324 | 0.9338
json_parse 0.9974 | 0.9943 | 0.8642 | 0.9792
pipeline_e2e 0.9987 | 0.9940 | 0.8819 | 0.9984
pipeline_e2e_stream | 0.9967 | 0.9843 | 0.9680 | 0.9931
sha256 1.0010 | 0.9922 | 0.6888 | 0.9942

Table 9: Runtime scaling exponents obtained from the log—log runtime plots. An exponent
of 1 indicates linear runtime complexity.

49



json_parse: runtime vs CPU package energy json_parse: DRAM energy vs CPU package energy
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Figure 13: Energy & Runtime correlation results on the left and PKG & Dram correlation
on the right for the json_parse workload.

Figure 14 is included in addition to Section 6.5, sharing similar results for the languages
as were visible for the CPU package and runtime.

JSON parser variants: Median peak RSS (bytes)
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Figure 14: Peak RSS for JSON parser variants, lower is better.

More figures can be generated by plotting results obtained by running the experiment,
using the script plot_results.py included in the repository.
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