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Abstract

The project presents the design and implementation of a system for automatic
parallelization of AWK programs. AWK remains a widely used language for text
processing and data transformation. It is included as a standard utility tool on most
Unix-like systems. The execution model of AWK is traditionally sequential, which
limits scalability on multi-core hardware. The goal of this work is to investigate whether
static program analysis can identify AWK scripts that can be executed in parallel and to
integrate this capability into an AWK interpreter.

The proposed solution introduces a static analyzer that evaluates AWK programs
based on variable dependencies, control flow, and other behaviors that impact data
dependencies. The analyzer identifies reduction patterns for global variables and
determines whether program semantics can be preserved under parallel execution.
These results are then integrated into the interpreter, which enables deterministic multi-
threaded execution.

The project adopts the MapReduce programming model to enable parallel execution
of AWK. The main processing phase of a script is treated as the map stage, where
independent partitions of the input are processed concurrently by multiple workers.
Intermediate thread-local results are then combined in a reduce stage using aggregation
strategies derived from static analysis. This model provides a structured way to preserve
AWK’s sequential semantics in the parallelized environment.

The implementation was evaluated on a dataset of real-world AWK scripts and
through performance benchmarks on large text-processing workloads. The results show
that a significant subset of AWK programs can be parallelized automatically, achieving
execution speedups and state-of-the-art AWK performance.

The project provides a practical path for improving efficiency in text-processing
workflows. This work also demonstrates that scripting languages can often benefit
from modern parallel execution techniques, extending their practical relevance and
performance in data-processing tasks.
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Chapter 1

Introduction

This chapter introduces the context, motivation, and objectives of the research. It begins by
presenting the AWK programming language and its role in text processing. The limitations
of AWK in the context of modern data-processing workloads are then discussed, leading to
the formulation of the problem statement. This forms the research objective and research
questions. Finally, the chapter presents a summary on the main findings and results.

1.1 Background

AWK is a scripting programming language for text processing. It was developed in the
1980s by Alfred V. Aho, Peter J. Weinberger, and Brian W. Kernighan [1] and is still
widely used for data-driven tasks such as semi-structured document analysis, field extraction,
data aggregation, and cleanup. AWK is a built-in command-line tool for most Unix-like
environments and is used in many legacy automation scripts. This makes AWK one of the
most recognizable and classical tools for text processing.

AWK was designed around a simple execution model where input data is read line by
line, each line is matched against defined pattern-action rules, and the associated actions
are executed immediately for each matched record. The language is optimized for concise
text manipulation, so the most popular operations in AWK include matching and processing
fields, performing simple calculations, and updating variables. All variables in AWK have
global scope (can be accessed from any part of the script) and are often used to aggregate
information from multiple input lines. The typical AWK script also contains special BEGIN
and END statements that are executed before and after the actual data-processing script.

The paper by A. V. Aho et al. [1] gives a comprehensive overview of language features
and use cases.

1.2 Problem statement

The AWK design makes it effective for many practical scripting tasks, but it also imposes
inherent performance limitations. As already noted by A. V. Aho et al. [1], the execution
model of AWK restricts its ability to handle large datasets efficiently.
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1. INTRODUCTION

Sequential execution becomes one of the major performance bottlenecks for AWK. Each
input record is processed one after another in AWK, and script execution for line N starts
only after script execution for line N − 1 is finished. While this model aligns well with
streaming data processing, it limits the ability of AWK programs to take advantage of modern
multi-core processors.

Parallelizing the AWK language can significantly boost the initial AWK performance.
It would make the language scalable for use on growing modern data volumes. However,
parallelizing AWK programs is non-trivial due to several native language characteristics
such as global variables, order-dependent operations, and implicit state shared across records.
These features introduce dependencies that may violate correctness if execution is parallelized
naively.

Although modern AWK implementations [28, 5] have improved the initial performance
of the AWK interpreter, they still process text sequentially. This exposes a fundamental
limitation in AWK’s design: its simplicity in text processing comes at the cost of scalability
for modern data-processing workloads.

1.3 Research Objective and Approach

This work aims to improve the scalability of AWK by exploring and applying parallel
approaches in text processing. In particular, the thesis investigates how AWK programs
can be executed in parallel following the MapReduce paradigm [8]. The input data can be
partitioned into multiple chunks, which are processed independently on separate CPU cores
during a mapping stage, followed by a reduction stage that combines the intermediate results.
The special BEGIN and END statements in the AWK scripts are not parallelized; instead, they
are executed before the mapping stage and after the reduction stage, respectively.

While this approach is not universally applicable to all AWK programs due to complex
inter-record dependencies in AWK scripts, this work explores the conditions under which it
can be applied and evaluates its effectiveness in improving performance.

The proposed solution is implemented by implementing a static parallelizability analyzer
for AWK and integrating it into a modern AWK interpreter. This work develops a custom
static analyzer tool to detect and correctly execute parallelizable AWK scripts. The static
analyzer implements full AWK variable dependency analysis, based on some classical
compiler parallelization approaches [3, 25]. This enables automatic detection and execution
of parallelizable AWK programs without requiring initial script modifications from the user.
It also guarantees the determinism and correctness of parallel script execution.

Additionally, the research evaluates the proposed solution by performing an applicability
analysis on real-world AWK scripts. The thesis also performs a benchmarking study and
compares the performance of parallel AWK with other popular AWK versions. Finally, it
discusses the strengths and limitations of the proposed solution.

1.4 Research Questions

This work addresses the following research questions:
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1.5. Summary of Findings

• How can AWK programs be automatically parallelized while ensuring correctness
with respect to their original sequential semantics?

• Is the proposed approach for parallelization applicable to real-world text processing
tasks?

• What performance improvements can be achieved by executing AWK programs in a
parallel environment compared to sequential execution?

1.5 Summary of Findings

The thesis demonstrates that parallel execution of AWK programs is feasible and effective for
a subset of programs that do not rely on complex shared state. It is achieved by developing a
static AWK script analyzer and integrating into a modern AWK interpreter. The proposed
static analysis is effective in identifying such programs by detecting global variable usage
and inter-record dependencies. The connection of a static analyzer with an interpreter makes
it an effective tool for the parallel execution of AWK scripts.

The integration of the analysis into the interpreter enables automatic selection between
sequential and parallel execution, requiring no modifications to existing AWK scripts. This
preserves the usability of all current AWK scripts while extending the execution model to
better utilize modern multi-core systems.

Experimental evaluation shows that the parallel execution strategy can be applied for up
to 27% of existing real-world AWK scripts without adjustments to the actual scripts. This
demonstrates a high applicability of the proposed solution for modernizing existing AWK
scripts.

Additionally, the performed benchmarking shows that the parallelized AWK interpreter
can achieve multiple times improved performance in comparison to all traditional sequential
AWK interpreters, particularly for large input datasets. While using the increased amount
of memory for the computations, the parallel version of AWK achieves a state-of-the-art
performance for most of the tested AWK scripts.

Overall, the results indicate that combining static analysis with a data-parallel execution
model provides a practical way to enhance the scalability of AWK without compromising
the simplicity and correctness of the language.

Full implementation code and evaluation scripts of this work are available as a published
artifact [22] and on GitHub 1.

1.6 Thesis structure

This section gives a brief overview of the thesis structure. Chapter 2 reviews related work on
parallel computing, automatic parallelization in compiler design, the MapReduce technique,
and its relevance for AWK parallelization. Additionally, it gives a brief description of the
most popular AWK implementations and their difference. Chapter 3 presents the static

1Available at: https://github.com/ikrvc/parallel_frawk (Accessed: 2026-06-01)
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1. INTRODUCTION

parallelizability analyzer for AWK programs. Gives the main principles, global variable
dependency analysis, and aggregation rules. Chapter 4 explains how the analyzer is integrated
into the interpreter and how input partitioning and variable aggregation are implemented.
Chapter 5 evaluates the usefulness of the proposed solution by performing the applicability
assessment on real-world scripts and performance benchmarking on large data volumes.
Lastly, Chapter 6 concludes the thesis, discusses limitations, and outlines future work.

1.7 Use of Generative AI tools

Generative AI tools (ChatGPT2, Perplexity AI3) were used during the preparation of this
thesis to improve the readability of some sentences and for grammar checks. All technical
content, research design, implementation, experiments, and analysis were developed and
verified by the author without AI tool usage.

2Available at: https://chatgpt.com/ (Accessed: 2026-06-01)
3Available at: https://www.perplexity.ai/ (Accessed: 2026-06-01)
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Chapter 2

Related work

This chapter reviews the existing literature and research work relevant to the topic. It begins
with an overview of the theoretical foundations of parallel computing, followed by classical
techniques for automatic parallelization in compiler design. The chapter then discusses the
MapReduce paradigm and its applicability to text-processing tasks. Furthermore, challenges
related to parallelizing interpreted and dynamic scripting languages are examined. Finally, the
chapter provides an overview of classical and modern AWK implementations, highlighting
their limitations and motivating the need for automatic parallelization of AWK programs.

2.1 Parallel computing foundations

Parallelization is a fundamental technique to improve the scalability of computations by
splitting the work between multiple processing units. Today, data volumes grow rapidly,
making parallelization unavoidable for applications ranging from scientific computing to
large-scale data analysis.

Theoretical foundations establish fundamental limits and opportunities for parallel
speedup. Amdahl’s Law [4] defines the parallelizable execution limit:

Maximal Speedup =
1

(1−P)+ P
N

where P is the fraction of the program that can be executed in parallel and N is the number
of processors. G. Amdahl in 1967 [4] in the paper was skeptical about the potential for
the speedup using parallel processing due to the large sequential component and processor
synchronization overhead. Later, J. Gustafson [15] in 1988 reevaluated Amdahl’s law for
scalable problems. Paper mentions that the time for the serial part of the program, such
as start-up, program loading, and result aggregation, typically stays constant with growing
problem size. It means that the fraction of parallelizability (P) will grow on a scaled problem,
and the number of processors (N) will play a crucial role in the execution time. Gustafson
defines time for a parallelized task execution based on Amdahl’s law:

Time = (1−P)+
P
N
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where the time for a serial program execution is equal to 1. The paper states that the massive
parallelism can be highly efficient for a scaled problem size.

Parallelization of computation has been a developing topic since then. L. Valiant [33]
in 1990 describes a theoretical model for general-purpose parallel computation machine.
The BSP model (Bulk Synchronous Parallel model), introduced in the paper, describes
parallel computation in terms of such components: processors with local memory that do
computations independently, exchange data through message passing via a communication
network, and wait for each other for synchronization after completing some steps. This
theoretical model had a strong influence on most of the modern parallel and distributed
models.

Parallel Virtual Machine (PVM) [13] is one of the first parallel programming systems
used in practice, which pioneered SPMD parallelization (single program, multiple data).
PVM executed identical program instances across processors, each processing a different
part of the data and coordinating through message passing and synchronization. The SPMD
data-parallelization approach, used in PVM, aligns closely with the AWK parallelization
approach discussed later in this paper.

2.2 Parallelization techniques in compilers

Automatic program parallelization was explored extensively in compiler design. Founda-
tional book by R. Allen and K. Kennedy [3] formalizes strategies, such as loop transfor-
mations and vectorization, that remain central to automatic parallelization today. Book by
S.P.Midkiff [25] describes similar principles with a larger focus on a modern perspective to
parallelization techniques, often used in popular programming languages and compilers to
automatically detect parallelizable parts of the programs. The main part of the book goes
deep into the compiler design and describes the parallelization strategies for loops, such as
detecting and avoiding the inter-cycle dependencies in loops. The book also describes the
general structure of modern programming languages from a parallelization perspective. It
defines program intermediate representations, most importantly the Abstract Syntax Tree
(AST) and Control Flow Graph (CFG), that are used for program parallelization analysis by
the compiler. It also gives multiple techniques for program parallelization analysis, such as
dependence analysis and constant propagation.

Importantly, data dependence analysis is the cornerstone for most of the parallelization
techniques. The parallelization optimization can be applied after variable/array dependencies
are found. The paper by J. Ferrante [12] defines the Program Dependence Graph (PDG).
Here nodes represent program commands, and edges are their dependencies. For example,

A = B ∗ C S1

D = A ∗ E S2

in these two statements S2 depends on S1, since A is defined in S1 and used in S2. The paper
describes the dependency graph creation principles. It shows that PDG can be directly used
to detect parallelizable parts of the program. The paper of V. Sarkar [30] builds on top of
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2.3. Data-processing with MapReduce

PDG to create parallel program execution schedules that can be used directly in the parallel
execution software.

The mentioned techniques have matured into a widely deployed compiler infrastructure.
Dependence graphs power popular production systems like Polly [14] (a code optimization
tool for LLVM), exploiting loop parallelism on multicore CPUs for performance optimization.
Comprehensive overviews [3, 20] document various techniques and decades of refinement,
confirming automatic parallelization as a mature compiler capability.

2.3 Data-processing with MapReduce

Computation parallelization in the distributed data processing field is based on different
principles. A major milestone in this field is the MapReduce principle introduced by J.Dean
and G. Sanjay [9], which became a standard in big-data distributed data processing and can
also be applied for parallel data-processing settings. The principle is also known as the
map-fold computational pattern, mostly in functional programming settings. MapReduce
principle consists of 2 stages. During the mapping stage, the dataset is divided into fixed-size
splits, and each part is processed by a map worker using the associated function. The tasks
in this phase are typically scheduled so that computation is performed near where the actual
data is stored in the distributed file system. Afterwards, during the reduction phase the results
are transferred to reduction nodes and aggregated using special reduction functions.

MapReduce allowed large datasets to be processed efficiently and inspired a wide
ecosystem of parallel data-processing systems, including Spark [39] and Flink [7]. Such
systems are mainly developed to execute a computation over a distributed file system.
However, often the dataset resides on a single machine or within a single storage location,
yet it would still be beneficial to use parallel processing based on the size of the data. In
these scenarios, a MapReduce-style approach can still be applied by partitioning the dataset
into chunks, processing them in parallel, and subsequently aggregating the partial results.

The paper by C. Ranger et al. [27] evaluates the suitability of MapReduce principles
for a shared-memory system. The Phoenix API framework presented in the paper shows a
practical implementation of MapReduce for multi-core and multi-processor systems with
shared memory. It demonstrates that MapReduce abstractions are useful not only for clusters
with distributed memory but also for exploiting parallelism on a single machine. It also
shows that the framework can achieve significant speedups with respect to sequential code
execution. This illustrates that the MapReduce pattern transcends distributed file systems and
can serve as a high-level parallel programming model even in non-distributed, shared-memory
environments, bridging the gap between cluster computing and multi-core parallelism.

The book by J. Lin and C.Dyer [23] also discusses several limitations of the MapReduce
principle in text-processing, despite all the benefits discussed earlier. According to J. Lin and
C. Dyer [23], the MapReduce programming model imposes multiple limitations that arise
mostly from a lack of shared global state during the data-parallel execution. In MapReduce,
each task operates independently in isolation and communicates only during the shuffle phase.
While this design is good for scalability by distributing data processing tasks, it complicates
execution of any algorithms that require global state or cross-record dependencies. For
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example, tasks that rely on shared mutable variables and global counters. As a result,
although MapReduce is well-suited for large-scale batch processing, it can be less efficient
and less expressive for workloads that require persistent global state or iterative computation.

While MapReduce and related distributed frameworks provide an effective model for
processing large datasets, many practical data-processing workflows are still implemented
using text-processing scripting languages such as Python, Perl [36], as well as AWK. Script-
ing languages are widely used for processing text files (e.g., CSVs, log files) and other
data-oriented tasks due to their simplicity and flexibility [26]. In such tasks, each input
record is processed sequentially, and the global state is often implicitly maintained.

Unlike compiled languages or distributed dataflow frameworks, most of the scripting
languages were originally designed with sequential semantics, which makes automatic
parallelization more challenging.

2.4 Challenges in interpreted languages

Despite the large amount of work on parallelizing compiled languages, there is a relatively
small amount of research done on interpreted language parallelization.

The paper by S. Wei et al. [38] develops a tool to automatically find the parallelisms
in Python programs. The paper achieves this by performing a deep data dependency analy-
sis. The paper manages to achieve program performance acceleration; however, the paper
mentions a lot of limitations of the current design, such as the high overhead of creating and
recycling processes. Additionally, the parallelizable part of the program is relatively small.
The paper mentions parallelization difficulties due to the mutable global state and dynamic
type system.

There are relatively few attempts at automatic parallelization of general-purpose in-
terpreted scripting languages. Achieving significant performance improvements through
parallelization is challenging for such languages because many runtime characteristics of
interpreted languages limit static analysis and optimization opportunities. This makes it
practically impossible to apply traditional approaches for automatic parallelization.

By contrast, the semantics of record-oriented scripting languages, designed to specifically
process information record-by-record, offer simpler opportunities for parallel analysis and ex-
ecution. The paper by N. Vasilakis [34] presents a solution for the automatically parallelized
Shell script execution. The Shell core operations are mostly simple record transformations
and filters, that can be translated into a dataflow graph. The paper enables parallelism for
independent partitions of input data using the semantics-preserving transformations based on
dataflow graph analysis. Interestingly, the paper explicitly mentions AWK as one of the tools
that can not be directly parallelized as part of the presented solution.

AWK itself follows a record-oriented execution model that is conceptually similar to
many data-parallel processing paradigms. In a typical AWK program, input is processed
sequentially and pattern–action rules are applied independently to each record. This structure
suggests that many AWK programs could potentially be parallelized by partitioning the input
data and executing the same program logic on multiple data segments concurrently. However,
safe AWK parallelization requires careful analysis of program semantics, particularly the

8
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use of global variables, associative arrays, and other forms of state that may introduce
dependencies between records. Despite the apparent suitability of AWK for data-parallel
execution, there is currently no scientific literature that systematically explores automatic
parallelization of AWK programs. As a result, this area remains largely unexplored and
motivates further investigation.

2.5 Classical AWK implementations

The AWK programming language [1], originally developed by Alfred V. Aho, Brian W.
Kernighan, and Peter J. Weinberger, remains a fundamental tool for text processing in
Unix-like systems. AWK is a simple tool to write small and efficient programs for text
processing that are interpreted directly on Linux terminal [21]. Over the years, several major
implementations have emerged, the most prominent being GNU AWK (gawk), mawk, and
"The One True AWK"(nawk).

All three implementations are written in the C programming language and preserve
compatibility with the original language specification. However, all three implementations
differ in additional features and performance characteristics.

• gawk [28] is the most widely used AWK implementation. It extends the AWK language
with a lot of additional built-in functions, improved regular expression handling, and
support for extensions. It is the default AWK on many GNU/Linux systems. Its
variability makes it a perfect choice for the relatively complicated text-processing
tasks.

• mawk [5] is designed with performance as a primary goal. It is often faster than gawk
for simple tasks due to its efficient execution model. However, mawk lacks some of the
advanced features and extensions available in gawk, which can limit its applicability
in more complex scripts.

• nawk [2] represents an evolution of the classical AWK interpreter and is the closest
to the standard version of the language described in the book by A. Aho et al. [1].
It aims to balance portability and correctness. It does not include many modern
extensions found in gawk and is often much less performance-efficient than other
versions. However, it is often the most memory-efficient version of AWK.

The Table 2.1 gives a high-level overview of the benefits and disadvantages of classical
AWK implementations.

The common limitation of all classical AWK implementations is their inherently se-
quential execution model. AWK processes input record by record while maintaining global
state, which often makes parallelization difficult without fundamentally altering the language
semantics. As a result, classical implementations do not natively exploit modern multi-core
architectures, limiting the performance of text processing.

9
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Feature gawk mawk nawk

Main benefit Feature-rich High performance Standard compliance
Performance Medium Best Low
Language extensions Extensive Some Limited
Memory usage Moderate Moderate Low
Typical use case Complex scripts Fast processing tasks Standard-conform scripts

Table 2.1: Comparison of major AWK implementations

2.6 Modern AWK versions

The original AWK implementations are written in C language. Despite the popularity of C
and the common standard of Unix tools being written in C, it is an old and complex language
to use. C language is not type safe or memory safe, and it quite often contains easy-to-exploit
security flaws [29].

In response to these limitations, several modern reimplementations of AWK have been
developed in safer and more expressive programming languages. One such example is
GoAWK, developed by B. Hoyt [17], an AWK interpreter written in the Go programming
language. GoAWK aims to provide a clean and portable implementation of AWK with
improved safety and maintainability compared to traditional versions. Ben Hoyt also provides
a basic benchmarking for AWK versions [17], where GoAWK achieves similar performance
to C-based versions of AWK with up to 2 times speedup in some tests. GoAWK offers a
more modern alternative while remaining compatible with standard AWK behavior.

Another modern implementation is frawk[11] project. It can interpret and execute
most AWK programs and often has better performance than the classic AWK versions.
Additionally, it has support for some modern features that are not implemented in classic
AWK (e.g CSV support out of the box).

frawk is implemented in the Rust programming language. Rust provides a modern,
memory-safe alternative to C languages. Based on the paper by W. Bugden and A. Alahmar
[6], Rust provides comparable performance to C in most programs. Additionally, Rust
provides type safety and memory safety by introducing a compilation-time ownership
checker. This drastically reduces the safety risks of the language. Additionally, Rust has a
more modern syntax and packaging syntax, making it more convenient in modern scenarios.

frawk project also has an attempt to implement simple parallelization.frawk splits the
data into chunks and copies all global variables declared in BEGIN statement between
threads. The variables are aggregated into one using sum and can be used in END statement
afterwards. frawk also introduces a special PREPARE statement on top of classical AWK,
which is executed after the main statements on each thread to manually control where to save
the global variable states for each thread.

10
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2.7 Automatic parallelization of AWK

Despite the good initial attempt to implement parallelization in frawk, it has some major
issues that are not solved. The most important one is that the parallelizability of AWK script
should be manually controlled, as otherwise the result of the program executed in parallel
can be inconsistent with the result of a sequentially launched program. Additionally, the
variables are aggregated as a sum only, which is not always the aggregation operation that the
program requires. The current frawk implementation does not guarantee the correctness of
parallel execution, due to not preserving the original input ordering, very simple aggregation
rules and no automatic parallelizability detection.

This project aims to solve these issues by defining and implementing the static AWK
program analyzer, which will detect whether the program can be parallelized. Additionally,
the static analyzer will detect the aggregation operation for each of the global variables based
on the variable assignments in the main part of the AWK program. The static analyzer will be
integrated into the frawk project, and the AWK interpreter will be adjusted to run programs
in parallel based on the analysis results.
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Chapter 3

Parallelizability analyzer

This chapter presents the design of a static parallelizability analyzer for AWK programs. The
goal of the analyzer is to determine whether a given AWK program can be safely executed in
parallel without changing its observable behavior compared to sequential execution. The
analysis operates on the abstract syntax tree (AST) produced by the AWK parser and focuses
on detecting dependencies that violate per-record independence. The chapter first introduces
the detection of global variables, followed by a set of rules that define which language
constructs can be parallelized. Finally, special cases such as associative arrays and function
calls are discussed, highlighting their impact on parallel execution.

3.1 Analysis Overview

The static parallelizability analysis is based on the principle that each input record (text line)
in an AWK program must be processed independently of the previous state to enable safe
parallel execution. In a sequential execution model, records are processed one after another,
and global program state is updated incrementally. In contrast, a parallel execution model
evaluates multiple records simultaneously, requiring that intermediate computations do not
depend on the processing order or shared mutable state. The program is classified as safe for
parallel execution if executing it in parallel produces the same results as sequential execution.

To determine whether the AWK program is safe for parallel execution, the analyzer
processes the script’s syntax and performs a structured traversal of all relevant constructs.
During this traversal, it collects information about variable assignments, variable usage,
dependencies, and side effects. The analysis is currently conservative: if any construct
cannot be proven to be safe under parallel execution, the entire program is classified as
non-parallelizable.

The core idea is to identify all dependencies that span across input records. These
dependencies primarily arise from global variables. The analyzer tracks how values are
defined and used throughout the program, distinguishing between variables that are local
to a single record and those that may carry state across records. Based on this information,
it evaluates whether updates to shared variables can be expressed as order-independent
reductions to collect the global state after parallel execution.
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AWK Program

Abstract Syntax Tree (AST)

Global
Variable
Detection

Assignment Analysis

Dependency Analysis
(Variable usage)

Parallelization Analysis

Can be parallelized?Yes No

Parallel execution Sequential execution

Figure 3.1: Parallelization analyzer flow

The analysis proceeds in multiple stages. Figure 3.1 shows the full flow of the analyzer.
First, variables that may act as global state are identified by analyzing the AST. Initially,
assignments are analyzed to detect potential global variables. Next, the dependencies between
potential global variables and their usage is explored to detect truly global variables. After
the global variables are found, the program is checked against a set of rules that define safe
patterns for parallel execution, including restrictions on assignments, conditionals, and output
operations. It detects whether the program can be executed in parallel or the interpreter
should fall back to sequential execution.

The special AWK statements BEGIN and END, which are executed only once per
program, are not included in the parallelizability analysis. These statements are used for
initial setup before text processing and final calculations after processing. Since they do
not operate on a per-record basis, they are not suitable for data-parallel execution and are
therefore always executed sequentially. In this work, all AWK program statements, excluding
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these special blocks, are named as the main program part and are explored for potential
parallelism.

By combining these steps, the analyzer determines whether the AWK program satisfies
the requirements for parallel execution or should be executed in a conservative sequential
way.

3.2 Global variable detection

The global variables keep their value throughout the program and, therefore, are important
in parallelization analysis. Global variables in a parallel execution setting hold thread-local
intermediate values during the main program execution stage and are only combined during
the reduction stage. As a result, any statement that accesses a global variable during the main
program would observe a partial and thread-specific value rather than the value that would
be produced by a sequential execution. This leads to output that can be inconsistent with the
sequential semantics of AWK. Due to that, the AWK program should be analyzed for global
variables and their usage before it can be safely executed in parallel.

Any variable used within the program in AWK is global by default. It means that the
variable defined at one point can be accessed from all parts of the script. Additionally, the
variable does not need to be declared and keeps the default value if used before declaration.

This project defines global variables in a different way for parallelization analysis. The
variables that are important for parallelizability are only the variables that are non-constant
during the main part of the program (have at least one assignment). Additionally, the variable
is global only if the value assigned during the script execution for one record can be reused
during the script execution for another line of text (e.g the variable that is assigned a new
value for each record independently of the previous program state should not be considered
global).

Global variable detection is done in two separate stages. The first stage traverses the main
program AST to detect all assignments and find potentially global variables. The second
stage detects truly global variables by analysing dependencies between potentially global
variables.

3.2.1 Assignment analysis

The first step of the static parallelizability analysis detects all potentially global variables.
This is done by analysing the assignments in the AWK script.

There are three ways to assign a new value to the variable in AWK:

• Classical assignment (e.g a = b + c): here left-hand side of the expression is assigned
a new value. The variable on the left-hand side is extracted as a potentially global.

• Operator assignment (e.g a += b + c): this assignment is a special case of the
classical assignment. Here the variable on the left-hand side of the expression is
re-assigned new value based on it’s previous value and the expression on the right side,
this variable is also potentially global
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• Increment operation (e.g a ++): this expression also contains variable value re-
assignment and should be considered here.

Special case is when the left-hand side variable is a field variable (e.g $1 = b+ c). The
field variables contain record information and are reset after each line; therefore, new assign-
ments to such variables will contain local, record-specific information. These assignments
are skipped by the global variable detection algorithm.

This set of rules helps to find all the variables potentially impacting parallelization. The
deeper dependency analysis is performed on those variables to detect the true global variables
that capture information across the records.

3.2.2 Variable scope analysis

The second stage of the global variable detection algorithm checks the scope of usage of
global variables. The variables containing local values are removed from further analysis
at this stage. These are the variables that are assigned a constant value or one of the field
variables’ values. Most importantly, these are the variables for which any usage in the
expressions occurs strictly after their assignment in the script. This means that the variable
does not aggregate any information between records and can be treated as a record-local
variable.

The second stage is implemented by maintaining an environment that is passed along
during the traversal of the abstract syntax tree. The environment keeps track of any assigned
variable in the current scope. A variable is classified as truly global if it is used in a statement,
but no corresponding variable assignment is found in the current environment at that point in
the traversal. Additionally, the variable is classified as truly global if it depends on the value
of another truly global variable.

The environment is implemented as a stack of sets. Each set contains the variables
defined within a particular scope, while the stack structure captures nested scopes (such as
branches and blocks in code). Upon entering a new scope, a new set is pushed onto the stack,
and upon exiting the scope, it is removed.

As an example, in the case of i f statement, a new set is added on top of the stack, and
it will contain all the variables defined inside the i f statement. The upper stack element
is removed after the i f statement is processed. An additional scenario is if the variable is
declared in both the i f and the else statements. In such a case, the variable will always be
assigned after the branch. The program moves such a variable to the previous level of the
stack and continues program processing with the combined environment.

Additionally, the usage of variables is maintained in another data structure. It helps to
find the variables that depend on truly global variables and should be considered global as
well. For example, in a = b+ c, if c is global, a depends on c and is global as well; but b
does not depend on c or a, and can be both local and global.

Equation 3.1 shows an example of variable assignment processing inside the i f − else
branch and all data structures. Let’s assume a, b, c are potentially global variables. b is used
in the expression before assignment, so it is truly global. b is used in a definition, so a is
global as well. On the other hand, c is assigned a local value and is not global. Additionally,
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a is defined in both branches of i f statement, and it will stay in the environment after i f
processing.

Statement: if (true) { a = b } else { c=1; a = c }

Before processing: Environment: [ /0], Truly global: /0, Usages: {}
After processing: Environment: [{a}], Truly global: {b},
Usages: {b →{a}, c →{a}}
Final result: Global variables: {a,b}

(3.1)

In summary, the global variable detection procedure combines assignment analysis
with scope-aware dependency tracking to distinguish between record-local and truly global
variables. As a result, this two-stage approach provides a basis for subsequent parallelizability
checks.

3.3 Parallelization rules

This section defines the parallelizability rules for the static analyser. The analyzer traverses
AWK program based on the defined rules and detects whether the program can be executed
in parallel and how the global variables should be treated.

3.3.1 Patterns

The AWK program consists of multiple pattern-action blocks. The general semantics of each
AWK program are shown here:

Program → Command∗

Command → Pattern { Action }

Pattern → /regex/ | expr | pattern1, pattern2

Patterns define the conditions under which corresponding actions are executed for each
input record. For every line of input, each pattern is evaluated. The corresponding action is
executed only if the pattern evaluates to true. Patterns can take several forms, such as regular
expressions that match the current record, boolean expressions involving variables and fields,
or range patterns that span multiple records

Patterns are defined to be parallelizable only if they are not based on global variables.
Regex-based patterns are parallelizable by default as they do not use any global info. Patterns
as expressions cannot be correctly executed in parallel if they rely on a global variable
value, because the global variable value is correct only after aggregation and is separate
for each thread during main program execution in parallel. The program is marked as
non-parallelizable if the global variable appears in any pattern or condition.

The special case is comma-separated range patterns; such patterns are defined as not
parallelizable by default. These patterns are true if the first pattern is already true and the
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second pattern is not yet false. Such a scenario implies that we know about the state of
this condition from the previous line, which makes it an additional global knowledge. This
makes comma-separated patterns hardly parallelizable, and static analyzer marks them as
non-parallelizable.

3.3.2 Actions

In AWK, an action is a sequence of statements that is executed for each input record whose
associated pattern evaluates to true. Actions define the main behavior of the program and
are responsible for updating variables, producing output, and controlling the execution flow.
Their structure is central to determining whether the program can be safely parallelized. The
statement grammar (only the most popular forms mentioned) is defined here:

Statement ::= expression

| print expression_list

| printf ( format, expression_list)

| if ( expression ) statement

| if ( expression ) statement else statement

| while ( expression ) statement

| for ( expression ; expression ; expression ) statement

| for ( variable in array ) statement

| do statement while ( expression )

| break

| continue

| next

| exit

| exit expression

The simplest statement is an expression, and this is also the most important statement
for parallelizability analysis. Among expressions, those that modify program state are of
particular importance, since they can introduce dependencies between input records. In
AWK, this primarily occurs through assignments to global variables, whose values persist
across records.

Not all such assignments prevent safe parallel execution. A key subset consists of
updates where the new value of a global variable depends only on its previous value and on
record-local information. These updates can often be interpreted as reductions, where each
record independently contributes to an accumulated result.

18



3.3. Parallelization rules

As an example, parallelizable are assignments in the form of:

var = var ⊕ const

Here ⊕ is one of the operators that will also define the final aggregator. const indicates
that the other part of the expression is the expression on constants and local variables. The
assignment operations (e.g +=) can be treated in a similar way, as well as the increment
operations (++ and −−).

Operation Canonical form Reduction Operation Commutativity
+ v = v+ e + ✓
− v = v+(−e) + ×
∗ v = v∗ e ∗ ✓
/ v = v∗ (1/e) ∗ ×
&& v = v&&e logical AND ✓
|| v = v||e logical OR ✓
string concatenation v = v e concat ×

Table 3.1: Candidate reduction patterns for aggregation
v denotes the affected global variable, and e is any expression over local values.

Table 3.1 shows the operations that can be parallelized using one of the reduction
operations. The reduction operation is the operation that will be applied to the thread-local
results of the same variable from different parallel execution workers after the parallel
computation is finished. The reduction should produce the variable values that are the same
as after the sequential execution, such that global values can be used afterwards in END
statement of the script. The candidate reduction operation should remain valid for the full
parallelized part of the program. (e.g, if there are two assignments for the same variable with
different candidate reduction operations, the pattern becomes not parallelizable).

Additionally, commutativity of the operation is an important factor. An operation is
commutative if changing the order of its operands does not affect the result, such as in
addition (a+b = b+a). In contrast, non-commutative operations produce different results
when the operand order changes, as with subtraction (a− b ̸= b− a). The result of the
non-commutative operation will differ if the parameter order is changed. Due to that, the
non-commutative operation is parallelizable only if the global variable under assignment is
mentioned only on the left side of the operation, as it can be reduced to one of the canonical
forms in Table 3.1.

For example, v = v− 1 is parallelizable, as it can be rewritten as v = v+(−1) and
reduced using the addition operation. On the other hand, v = 1− v can only be rewritten
into v = (v∗ (−1))+1, which is a mix of two different reduction operations and can not be
parallelized.

Another simple form of potentially parallelizable assignment is:

var = const

Here, a global variable is assigned a constant or local value, and it does not depend on the
previous value of the variable. The reduction operation for such an assignment would take
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the last value for the variable for the partition where it was actually assigned any value. It
will be a default value if it is not assigned by any of the workers. For this to work, we should
keep the order of the partitions and assign the chunks of data according to that order.

3.3.3 Conditionals

Conditional statements such as if, while, do-while, and for loops introduce additional
challenges for parallelization, especially when their condition expressions depend on global
variables. In a sequential AWK program, global variables are changed as each line is
processed, and decisions about which branch to take are based on a continuously evolving
program state.

In a parallel execution model, each worker thread processes a subset of input lines with
its own local copy of global variable values. As a consequence, conditionals evaluated during
the mapping stage may take different branches than they would in a sequential execution,
since the global state is incomplete and thread-local. This divergence can affect both control
flow and side effects such as variable updates and output generation.

For example, consider a condition such as i f (count > 10), where count is a global
variable updated as records are processed. In sequential execution, it reflects the cumulative
result of all previously processed records. In parallel execution, each thread only observes its
own partial count. This means one thread may enter the branch, while it would not happen in
the sequential mode.

Because of these risks, conditionals that reference global variables cannot generally
be guaranteed to preserve correctness under parallel execution. For this reason, the static
analyzer conservatively disallows parallelization if any conditional expression references
a global variable. Conditionals that depend exclusively on constants, field variables, or
non-global variables are considered safe. This ensures that the semantics of the original
AWK program are preserved.

3.3.4 Non-parallelizable side-effects

There are several AWK constructs whose semantics inherently depend on sequential execu-
tion. This project defines such constructs as non-parallelizable and treats their presence as a
hard constraint preventing parallel execution of the program.

The print and printf statements in AWK produce observable side effects in the form
of console output. While printing expressions that contain only constants, field variables, or
local (per-line) variables will produce the correct output regardless of execution order. The
output that contains global variable values cannot be parallelized. Due to this, the analyzer
marks the program as non-parallelizable if any print or printf statement references a
global variable.

Another aspect that could potentially impact parallelizability is built-in AWK variables.
Built-in variables can change the AWK default function behavior, as well as contain some
global information that is kept throughout the program.
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The built-in variables NR and FNR represent the total number of records processed so
far and the number of records processed in the current file, respectively. Both variables are
inherently sequential, as their values depend on the complete ordering of input records.

In a parallel execution model, each worker processes only a subset of input lines and
therefore cannot observe the correct global values of NR and FNR during the mapping stage.
The final values could be reconstructed during reduction stage by applying addition on the
partial results, but any use of NR or FNR in the main part of the program would observe
incorrect intermediate values and lead to behavior that diverges from sequential execution.
The static parallelizability analyzer maps any AWK program as non-parallelizable if it
references these built-in variables in the main part of the program.

Other AWK built-in variables (such as NF, FS, RS, OFS, ORS, and similar) are by default
constant. Therefore, they can be safely accessed in the main part of the program. However,
reassignments to built-in variables in a parallel setting may occur independently in multiple
threads. This can lead to an inconsistent state and non-deterministic behavior, since built-
in variables can affect record parsing, field splitting, output formatting or produce other
execution side-effects. Due to this, the analyzer conservatively disallows parallelization if
any built-in variable is assigned a new value in the main part of the program.

3.4 Associative array parallelization

AWK supports associative arrays, where array indices may be strings, numbers, or expres-
sions evaluated at runtime. The associative array in AWK is a one-dimensional key-value
array, where the value can be accessed by providing the associated key. While associative ar-
rays are a powerful language feature, they introduce additional challenges for safe automatic
parallelization. This project distinguishes two cases for array usage based on the structure
and types of array indices to distinguish and safely parallelize AWK programs with arrays.

Each array element can be treated as an independent variable for parallelization analysis
if all indices of an array, used throughout the program, are simple constants, and all index
constants are of the same type (e.g., all string literals or all numeric literals). In this case,
access to a specific array element is treated equivalently to a scalar global variable access,
and the same aggregation rules described for scalar variables apply independently to each
index.

On the other hand, if the used index values of the same array are of different types
(e.g, string and integer), they can not be safely treated as different index values. The AWK
dynamically casts all non-string values to strings during program execution; due to this, the
indexes of the two types can represent the same index in the end.

If at least one array index is not a simple constant (e.g., a variable or expression), or if
indices of different types are used for the same array, the analyzer conservatively treats the
entire associative array as a single global variable.

This situation arises because different threads may access or update overlapping or
dynamically determined indices, making it impossible to statically guarantee independence
between different array elements. Treating the full array as one variable preserves correctness
at the cost of reduced parallelization opportunities.
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When an associative array is treated as a single global variable, assignments to array
elements are parallelizable only under strict conditions. Specifically, an assignment of the
form

arr[i] = arr[i] ⊕ e or arr[i] = e ⊕ arr[i]

is allowed only if the index expression i is syntactically identical on both the left-hand
side and within the right-hand side expression. This restriction ensures that each parallel
worker updates the same logical element of the array and that the operation can be safely
reduced using the detected aggregation operator. Additionally, the variables that are part
of index i should not be changed as part of expression e. That is because it can potentially
represent a different index for assignment in case of change.

Assignments where the index expression differs, or where the array is accessed with mul-
tiple distinct index expressions within the same assignment, are marked as non-parallelizable.
Additionally, access to the index, where the index is represented by the other global variable,
is not parallelizable.

3.5 Function parallelization

The AWK language provides a possibility to call functions as part of the script. The function
can be custom - defined in the script, or one of the rich set of built-in AWK functions.
Functions in AWK allow programmers to reuse the common logic and structure complex
data transformations. Although programs written in AWK language are typically much less
function-oriented than in some general-purpose programming languages, functions are still
an important structural component of AWK programs.

Function calls complicate the reasoning about side effects and dependencies in the context
of parallelization. Function bodies can contain assignments to global variables, further
function calls, and other statements with potential side effects impacting parallelization.
As a result, the parallelizability of a program with function calls requires the analysis that
accounts for the behavior of invoked functions.

The side-effect-free functions or pure functions can be relatively easily parallelized.
Such functions do not change anything outside the scope of the function, meaning that
they can not modify global state from inside in any way. Pure functional programming
languages, such as Haskell, with hard constraints on side effects, can be heavily optimized
by introducing parallel execution of the functions. Paper by S. Marlow et al. [24] describes
the implementation of a parallel execution environment for Haskell that helped to speed
up the performance by up to 6 times. There were also attempts to define pure functions in
other programming languages for parallelization. For example, the paper by T. Süß et al.
[32] introduces special pure functions in C language and optimizes the compiler for parallel
execution when such functions are used in loops.

In AWK, the situation is complicated due to the language’s specifics, such as the default
global scope of the variables. A function can implicitly read or modify global variables,
which can break the independence between records required for safe parallelization.

Furthermore, function arguments introduce the local scope, allowing some variables
to exist independently of the global program state. In AWK, scalar arguments are passed
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by value, meaning that the value of the variable is copied when the function is invoked.
Consequently, the operations within the function on the provided arguments do not impact
the global state.

On the other hand, the associative arrays are passed by reference to the function. This
means that the function operates directly on the data structure, instead of copying the values.
Consequently, any change to the elements of the array, passed as an argument, impacts
the array state in the caller’s scope. From a parallelization perspective, this is important:
functions that access or update associative arrays cannot be safely executed in parallel
without additional dependence analysis.

The functions in AWK can be split into built-in functions and custom user functions.
Built-in function purity can be pre-defined and does not need to be analyzed during script
execution; in comparison, the custom function definitions should be statically analyzed
before the parallel execution.

3.5.1 Built-in functions

The AWK language defines a lot of built-in functions that are used to process text input,
do mathematical operations, or manipulate program behavior. This study splits the built-in
functions into three groups: pure functions (parallelizable), functions with non-parallelizable
side effects, and functions with parallelizable side effects.

Pure functions

Pure functions are functions that do not produce any side effects. These functions take the
input in the form of a variable or an expression, compute some value based on the argument,
and return it as the result. They do not modify global variables, do not update associative
arrays, and do not depend on external program state. This group consists of all numerical
computations (e.g square and power functions), some string manipulation functions (e.g
length and substring functions), and so on. The absence of side effects guarantees the
deterministic behavior of pure functions, making them safe to be parallelized.

Non-parallelizable functions

Another group of AWK built-in functions is the functions that produce non-parallelizable
side effects. These functions interact with the external environment, modify the execution
flow, or affect the global behavior of the program. For example, srand function, which sets
the seed for the random functions, can not be safely parallelized as it changes the global seed
value. After srand function execution, the seed value is used by the rand functions during
the sequential execution, which can lead to unexpected behavior in the parallel mode.

Another important representative of such a non-parallelizable function is the system
function. While in the classical AWK description this function is described as a separate
statement [1], the syntax of it follows exactly the other built-in function pattern. Additionally,
in some later versions of AWK, it is treated as a function [28], including the internal frawk
interpreter logic. This function allows executing arbitrary operating system commands within
the AWK script and then returning to AWK code. While this function does not modify the
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global state of the AWK program, it can produce the side-effects non determinable by static
analysis, so it cannot be safely parallelized.

Functions with parallelizable side-effects

The third group of built-in functions defined in this study is functions with potentially
parallelizable side effects. This group mostly consists of the functions that modify one of
the provided arguments, producing side effects as a result. Most importantly, the potential
side-effect impact on the global program state can be statically analyzed.

The split is a good representative of such a function and is commonly used in AWK
scripts. This function splits the string using the provided separator and stores the produced
values in the array. This function modifies the internal state of the array provided as one
of the arguments. Interestingly enough, the function is cleaning up the previous array state,
which helps in the function parallelization.

The static parallelization analyzer treats a call to split function similarly to the simple
array assignment with an unknown index. However, in this case, it is known that the value of
the array is fully redefined, and the previous value was lost. Therefore, the static analyzer
treats such arrays as a special scenario, where the array can be treated as a local variable, in
case it is fully reassigned every time using split function before the next use for the same
line.

As example, Figure 3.2 shows the parallelizable way of split function. Here, the argument
array fields is fully reassigned before any use and does not retain any values from the
execution of previous text lines. The static analyzer can treat fields variable here as a local
variable and safely parallelize this code snippet. In comparison, Figure 3.3 shows the non-
parallelizable version of a similar program. Here, fields can contain the value from previous
execution cycles if the condition is false for the current text line. Such a variable potentially
contains a global value from previous lines and can not be safely parallelized, since it is used
in the next for loop.

1 {
2 split($0, fields , ",")
3 sum = 0
4 for (i in fields)
5 sum += fields[i]
6 print sum
7 }

Figure 3.2: Parallelizable use of split in AWK

Another similar to split functions in terms of parallelization is sub and gsub functions.
These functions help to match occurrences of a regular expression in the target string and
replace them with the provided value. The gsub function replaces all occurrences of the
regular expression, while sub function only replaces the first one. These string-manipulation
functions are very common in the main part of AWK scripts, as they enable powerful
operations on the text input. Most occurrences of these functions operate solely within
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1 {
2 if ($1 == 1) {
3 split($0, fields , ",")
4 }
5 sum = 0
6 for (i in fields)
7 sum += fields[i]
8 print sum
9 }

Figure 3.3: Non-parallelizable use of split in AWK

local scope and avoid introducing global state. Therefore, including these functions in static
analysis is important for effective parallelization.

Functions sub and gsub should be treated separately due to their unique argument
handling. As mentioned earlier, AWK functions use pass-by-value argument passing for
general variables. In contrast, these two functions treat the target argument (textual input) as
a reference to the global variable and change the value of the variable in place. Consequently,
the operation introduces a state change of the variable whose aggregation behavior cannot
be reliably predicted under parallel execution. For this reason, safe parallelization is only
possible when the provided target argument refers exclusively to a local value rather than
impacting global state.

The Figure 3.4 shows an example of parallelizable sub function use. In this case, cleaned
variable contains a local value, and therefore operations on it, such as sub function, are
safe from a parallelization perspective. On the other hand, the variable prefix in Figure
3.5 contains a global value. It can not be safely parallelized and afterwards aggregated
predictively before the END statement execution.

1 {
2 cleaned = $0
3 sub(/a/, "b", cleaned)
4 print cleaned
5 }

Figure 3.4: Parallelizable use of sub in AWK

1 {
2 cleaned = cleaned $0
3 sub(/a/, "b", cleaned)
4 print cleaned
5 }

Figure 3.5: Non-parallelizable use of sub in AWK
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By analyzing these built-in functions, the parallelization framework can accurately
identify operations that are local to a record versus those that modify shared or global state.
This distinction is crucial because functions like split or sub can either safely operate in
parallel on per-record data or, if applied to shared variables, introduce order-dependent
results and fail parallelization.

The built-in functions are extensively used in AWK scripts. Built-in functions are a
powerful tool to manipulate input, do numerical computations, and control the general
program execution flow. The inclusion of the most popular built-in functions in the static
parallelization analyzer helped to significantly boost the initial power of the parallelized
AWK version developed in this study.

3.5.2 User custom functions

AWK allows users to define their own custom functions, which extend the language capabil-
ities. These functions can include commonly used computations, text transformations, or
control logic, making programs more modular and readable. Unlike some built-in functions,
user-defined functions strictly follow pass-by-value semantics for ordinary variables.

The custom functions introduce the scope of variables for function parameters. In
general, all the variables in AWK can be accessed globally; however, the parameters within
the function create a function scope, which isolates changes to those variables from the
global context. This means that modifications to function parameters do not affect the rest
of the program, unless explicitly written to a global variable. Consequently, understanding
the scope behavior of custom functions is important for functions’ parallelization analysis,
as functions that operate solely on their local parameters can be executed concurrently
across records without introducing any behavior changes. For example, Figure 3.6 shows an
example where a change to the parameter does not impact the global state of the program.
The global function count is shadowed by the parameter inside the function scope, and the
value of the global function stays constant, while the parameter value is changed.

1 BEGIN { count = 10 }
2

3 function custom_increment(count) {
4 count += 1 # modifies parameter value
5 return count
6 }
7

8 {
9 local_count = custom_increment(count)

10 print local_count # will print 11
11 print count # will print 10
12 }

Figure 3.6: Custom AWK function with a parameter shadowing a global variable

The program in Figure 3.6 can be safely parallelized, since both variable values count
and local_count are not impacted by the information from previous record execution. count
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value stays constant throughout the program, and local_count value is reassigned a new value
during each record execution.

During the analysis of real AWK programs (dataset description and extraction methods
are described in Chapter 5), it was found that custom function usage inside the main part of
the program in a parallelizable way is rare. Only 32 programs out of 970 were following the
criteria for potential parallelization:

• The program calls a custom function in the main part of the program

• No supplied to function arguments are global variable values

• The program is not failing in parallelization during the previous analysis

The implementation of a static analyzer for custom functions could potentially parallelize
only up to 3% of the real-world programs, in case all the matching programs were successfully
parallelizable. Instead, the custom functions were often used in the sequentially executed
BEGIN and END statements.

Due to the small potential for parallelizability results improvement, it was decided not to
include function analysis in the current version of the static parallelizability analyzer.

The analyzer can be modernized in the future to include custom function analysis as well.
This will require analyzing function bodies in a similar way to the main program syntax.
Additionally, the introduced function parameters can be treated as local variables during the
function body analysis.
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Chapter 4

Integration with Interpreter

This section dives deeper into the implementation details to integrate the parallelization static
analyzer with AWK interpreter. The interpreter chosen for integration is frawk, due to its
modern syntax and initial support for some basic parallel execution. This section discusses
the parallel execution flow, including input parsing, output production, variable preparation,
and variable aggregation.

4.1 System architecture overview

The overall parallel execution pipeline of AWK script is illustrated in Figure 4.1. Execution
begins with the sequential execution of the BEGIN block, which initializes the program state.
Additionally, the input data is prepared for processing by partitioning it into independent
chunks. Each worker will be assigned a separate chunk of data during the parallel execution.
Additionally, global variables are prepared for the parallel execution. Thread-local copies of
the variables are prepared for independent use by workers during parallel execution.

The main part of the AWK program is then executed across multiple worker threads,
each processing a separate partition of the input. During parallel execution, each worker
operates on thread-local copies of global variables. After processing is complete, these
intermediate results are combined in a reduction phase using aggregation strategies. Finally,
the aggregated global state is passed to the END block, which is executed sequentially to
produce the final output.

The static analyzer determines whether a given AWK program satisfies the conditions
required for safe parallel execution. If the program is not parallelizable, the interpreter reverts
to the standard sequential execution model. This design cleanly separates parallelization
analysis from actual script execution, enabling transparent parallelization with minimal
adjustments to the actual AWK interpreter logic.

4.2 Input parsing

Initially, frawk interpreter had two parallel input processing modes. The first mode (per
record) was parallelizing based on data chunks. The interpreter created multiple file readers
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Figure 4.1: Parallel AWK execution flow model

that were reading small chunks of data sequentially. The readers were providing chunks
of data to one of the available workers. The workers were processing consumed input in
parallel afterwards. The second mode (per file) was parallelization based on files. A separate
reader was created per file, and each worker was assigned a file to read.

Both parallel input processing modes were not fully suitable for integration with the
analyzer for parallelized execution. It was not possible to keep the order of data processing
with the first mode of operation, since the read data chunks were randomly assigned to
available workers. The order is essential here for a correct variable aggregation with non-
commutative operations. On the other hand, the second mode of operation was only usable
for multiple data files. The program was executed sequentially in case of a single large file.

To support parallel execution within the frawk interpreter, the input processing system
needed to be extended so that different worker threads could independently process disjoint
portions of the input file. This project introduces a third input reading mode that preserves
input order, as well as executes in parallel with a single-file input. This mode of operation
splits the file into approximately equal parts and assigns each worker to an individual part of
the file.

The core idea of such an input processor is to treat an input file as a collection of
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independently readable “slices.” Each slice corresponds to a contiguous byte range of the file,
adjusted to start and end at record boundaries to preserve AWK’s record-oriented semantics.
The interpreter constructs a dedicated chunk producer for each slice of data, which is used
internally by frawk to read input and feed records to the AWK program. Each worker is
assigned to a specific chunk producer and processes the data from it. This helps to keep
the deterministic order of workers and aggregate the results in the correct order after script
execution.

This mode of input processing required a small file pre-processing before the actual
reading. The file is opened once before actual reading, and the approximate byte ranges are
adjusted to stop on the actual line separator. This pre-processing helps to avoid lines on the
border of slices being skipped, read partly, or read multiple times by different workers. This
is done by moving the file pointer to the mentioned border position in the file and reading
a small buffer from the file until it contains a line separator symbol. The data slices are
adjusted based on the found line separator position accordingly afterwards.

Additionally, the lazy-initialization pattern ensures that each worker only pays the input
processor initialization cost when it actually begins reading. It also makes the multiple-
processor file reading initialization parallelized. Each processor then behaves identically
from the interpreter’s perspective; it exposes the same interface to the worker and can supply
input records independently of the others.

This design cleanly integrates with the existing interpreter architecture while enabling
scalable, data-parallel execution of AWK programs. It encapsulates input slicing behind a
uniform API, allowing the rest of the pipeline to remain unchanged.

4.3 Output Ordering

Output operations in AWK, such as print and print f , introduce side effects, as they write
data to the standard output stream or to an output file. In a sequential execution model,
records are processed one after another, and output is produced in a deterministic order
that corresponds to the input processing order. However, in the parallel execution mode,
allowing each worker to emit output immediately would break the initial sequential order.
The resulting output would become interleaved and would not follow the sequential order if
produced directly during processing, since workers execute concurrently and process data
independently.

To preserve AWK’s sequential semantics, this project introduces an additional output
buffering mechanism within the interpreter. Instead of writing output directly during parallel
execution, each worker accumulates its generated output in a dedicated in-memory buffer. All
output operations performed while processing a worker’s assigned input slice are redirected
to this buffer rather than to the actual output destination.

Once parallel execution has finished, the interpreter enters an output production stage.
The buffers are processed in the same deterministic order as the corresponding input partitions,
starting from the worker responsible for the first slice of the file and continuing sequentially
to the last worker. The contents of each buffer are flushed to the standard output stream or to
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the target output file. As a result, the final output is identical to the output that would have
been produced by a purely sequential execution of the program.

This approach provides deterministic output generation without requiring synchronization
between workers during record processing. By postponing output operations until the
completion of the parallel phase, the design avoids contention on shared output streams and
preserves the exact ordering guarantees expected by AWK programs.

The buffering mechanism requires minimal modifications to the existing output infras-
tructure. The frawk interpreter already relies on a dynamic buffering system for handling
large strings and output generation. In the original sequential execution model, this buffer is
typically flushed immediately after each output operation. While this behavior is suitable for
correctness, it can be inefficient for programs that perform a large number of small-sized
output operations, as it may result in frequent write calls to the underlying output stream. In
the parallel execution model introduced by this project, each worker retains its output in the
existing dynamic buffer throughout the entire parallel processing phase. The buffer is only
flushed during the final aggregation stage, when worker outputs are flushed in the correct
order.

A consequence of this approach is that the total amount of output produced during the
parallel phase must fit into available memory, since all worker outputs are retained in memory
until execution completes. This introduces a limitation for workloads that generate extremely
large amounts of output. One possible solution to overcome it would be to extend the
buffering system with support for temporary files for buffer storage, allowing worker buffers
to be moved to disk once they exceed a predefined memory threshold. Such a mechanism
would remove the memory limitation and enable processing of arbitrarily large outputs.
However, disk-based buffering introduces potential I/O overhead and may significantly affect
performance for output-intensive workloads. Designing an efficient hybrid memory-and-disk
buffering strategy, therefore, requires further investigation and can be done as part of future
work.

4.4 Variable preparation and aggregation

Parallel execution in frawk relies on a slot-based mechanism for transferring variable values
between worker threads. Each AWK variable is assigned a dedicated slot, and values are
written into these slots when a worker finishes processing one stage of execution, then
restored when another worker begins its next stage. This provides a uniform interface for
synchronizing interpreter state across workers.

To preserve AWK’s sequential semantics during parallel execution, variables must be
handled carefully at two specific points in the execution flow: after the BEGIN block is
executed and before the END block. These two points correspond to the mapping phase,
when information is sent to multiple workers, and the reduction phase, when the information
from multiple workers should be correctly aggregated.

This project adjusts the value of slots pre-determined for specific global variables based
on the found aggregator operation. After the begin block, the slot values should be reset
to their defaults for certain operations to avoid duplication, and the slot states should be
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saved for future value aggregation. The value of variables is changed to 0 or an empty string
(equivalent in AWK’s dynamically typed environment) if the operation is addition, to 1 in
case of multiplication, empty string in case of string concatenation. In the case of the last
assignment aggregator, the value is changed to a special undefined value, which will be
described in more detail in the next section. The variable value remains unchanged for the
and and or aggregators.

The aggregation of multiple worker variables is then fairly straightforward. The aggre-
gation is done after data processing is finished. The aggregation is done starting from the
worker that was processing the last part of the file and going upward to the worker with
the first part of the file. This order is crucial to preserve the correctness of the result for
the non-commutative operations. The aggregators for addition, multiplication, and string
concatenation are just the operations themselves. The aggregator for the last assignment
operator is based on the previously mentioned undefined values; the value is changed to the
first value from the worker where it is defined.

The aggregation for the operations and and or is special due to the behavior of AWK
for these operations. There is no typical boolean type in AWK. Instead, any value except
the default ones is treated as 1. Zero and an empty string are treated as 0. In this case, any
boolean operation on any values will return 0 or 1. Due to this, aggregation for the boolean
operation checks for the actual values of workers.

The logic for and aggregation is: the value will be 0 if any of the values is 0 or an empty
string, the value will be 1 if that is not the case and any of the values is 1. If these two
conditions are not true, it means that no workers have actually performed the operation on
this variable inside the main loop. It also means all workers’ values for this variable should
be the same (the value assigned during the BEGIN stage), and we can assign the value of
any worker as the final value.

The assignment logic for or aggregator is similar. The final value will be 1 if any of
the values is 1. The value will be 0 if any of the values is 0 or an empty string. If neither
condition is true, then all values will be equal to an initial value, and the final value should
also be equal to it.

4.5 Unassigned values

A key challenge in aggregating variables after parallel execution is correctly handling
assignments that occur only in some workers. In sequential AWK, a variable that is assigned
within the main block simply takes its final value from the last executed statement. In the
parallel setting, however, workers operate on disjoint slices of input, and not all workers
necessarily assign to every variable. To preserve sequential semantics, the aggregator must
be able to determine which worker performed the last meaningful assignment to a given
variable.

This project defines a special "unassigned" value for this purpose. These values are used
instead of relying on default AWK values (0 and an empty string) to avoid the collisions of
unassigned values and the variable that was specifically assigned a default value.
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The special "unassigned" value is defined for every variable type. The AWK variables
can take the form of a number or a string. The type is dynamically adjusted based on the
operation it is used in. The interpreter internally stores values of the variables as a custom
string type, 64-bit integer, or 64-bit float. The values are afterwards dynamically converted
to the required type based on the operation they are used in.

Introducing a special wrapper type to mark unassigned values was not feasible, since
frawk internally uses compact data structures with tight memory usage control for perfor-
mance efficiency. Many internal interpreter functions assume the values have a fixed size and
specific memory layout. Adding even a single bit of overhead would break these assumptions
and require widespread refactoring across performance-critical paths, potentially affecting
the memory usage and performance of the interpreter.

For this reason, the project explored the actual type values stored in memory to find any
unused bit pattern that can be used to describe a not-assigned value. This approach keeps the
memory footprint identical to the original implementation, preserving compatibility with the
rest of the interpreter, while enabling the correct parallel aggregator functionality.

The string value in frawk has multiple representations. The simplest representation of a
string is a 128-bit (16 bytes) memory to store a constant string up to 15 one-byte characters.
Here, 15 bytes are used for characters, and the last byte is a metadata byte. The metadata byte
is split initially into 5 bytes for the length of the string, and 3 bytes are used to encode the
string storage type. However, string length encoding can be decreased to 4 bits in this case,
since the maximum character length of such a string representation is 15 and can be fit into
4 bits. The last bit in this case is left unused, and this project reuses it to mark unassigned
string values. This simple trick avoids the large refactoring of interpreter operations with
string variables; additionally, it avoids any possible collision of unassigned value with real
data.

The float in frawk is represented as a 64-bit float without any wrappers on top of it.
The 64-bit float type consists of 1 sign bit, 11 exponent bits, and 52 significand bits, based
on the IEEE standards of floating points [19]. Floating-point type also has special values
like in f , −in f , and NaN. The NaN value is defined as all 1s in exponent bits and at least
one 1 in significand bits. This implementation provides some free bits in the significand to
encode some information in case of all exponent bits are equal to 1. This project defines
an unassigned float value as a value with all exponent bits set to 1 and significand bits set
to 0 except for the least significant bit in the significand. This provides a value that will
never collide with any real floating-point data. Even NaN values, possibly created during
execution, will have a different internal bit structure.

The integer in frawk is represented as a 64-bit integer type. In comparison with other
types, there are no special cases for the standard integer implementation when one bit will
not impact the actual stored value. An integer value consists of 1 sign bit and 63 value bits.
It is not possible to encode an additional unassigned value that will not collide with the other
values without changing the format of the type.

Because changing the integer format was not an option, since many parts of the interpreter
rely on the exact size, alignment, and binary representation of the integer type, the only
feasible solution was to reserve a specific integer value to act as the unassigned. The project
selects the lowest possible 64-bit value (INT64 MIN) to correspond to an unassigned value.
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It is unlikely that such a value will appear during the result aggregation phase in real-world
AWK programs, which typically operate on bounded numeric domains such as counters, IDs,
or arithmetic results derived from input text.

While this approach cannot fully guarantee the absence of collisions, it gives a practical
balance: it keeps the memory constraints of the interpreter, avoids the large structural changes
to value handling, and provides a reliable way to detect when a variable was never assigned
within a given worker during the aggregation phase. In practice, the probability of a program
legitimately producing the reserved integer is negligible, making this technique robust for
the intended use case and lightweight at the same time.

4.6 Summary on the implementation

The integration of the static analyzer into the frawk interpreter required modifications at
several levels of the execution pipeline. A new ordered input-processing mode was introduced
to enable deterministic partitioning of single-file workloads, ensuring that parallel workers
could process disjoint slices of data while preserving record boundaries and execution order.
The output in-memory buffering and ordered production were introduced to maintain a
sequential-like output behavior.

In addition, the interpreter’s slot-based variable transfer mechanism was extended to
support analyzer-driven preparation and aggregation of global variables. This enabled parallel
execution to preserve sequential AWK semantics across a range of aggregation operations.
To support correct reduction in cases of partial assignments, specialized unassigned-value
encodings were introduced for all supported internal types while maintaining the interpreter’s
original memory layout.

Together, these changes provide the runtime foundation required for semantics-preserving
parallel execution of AWK programs identified as parallelizable by the static analyzer.
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Chapter 5

Evaluation

The goal of the evaluation is to determine the practical usefulness of the proposed automatic
parallelization approach. The implementation of the parallelization analyzer will be tested
on two aspects.

Firstly, the project performs an applicability test to understand if real-world AWK
programs can be parallelized using the defined above rules. The large dataset of publicly
available AWK scripts was collected to do this. Each program was processed by the static
analyzer, and the number of safely parallelizable programs was detected. This experiment
helped to estimate the fraction of existing programs in AWK that can benefit from parallel
execution without any modification to the program required.

Secondly, the benchmarking tests were performed. For this, we selected sample paral-
lelizable programs and executed them on large datasets with both sequential and parallel
execution modes to test the performance in both cases. The performance was also compared
to other widely used and classical AWK versions. The objective of this part is to quantify the
speedup achievable by the parallelization and to show possible future improvements on the
current implementation.

5.1 Applicability analysis

5.1.1 Data extraction

The data extraction principles described in this section were inspired by the paper of D.
Spinellis et al. [31]. Authors extract the repositories that follow the pre-defined set of
requirements using GitHub APIs 1 and build the testing dataset based on it. One of the most
important criteria defined in the paper for repository extraction is more than 10 stars or forks,
which helps to filter out all personal projects and student exercises. This filter leaves only
the programs important to the community. Unfortunately, the mentioned previously GitHub
APIs does not support filters on stars or forks when specific files are searched; it is supported
only on a repository search level, so this project moved to a different source of information.

1Available at: https://docs.github.com/ (Accessed: 2026-06-01)
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This project uses an open-source GitHub dataset published on Google Cloud [16] in
2016. This is officially extracted GitHub data that contains information about approximately
2 billion files. This project uses the prepared repository table that contains the top 400.000
repositories with at least 2 stars received in the first five months of 2016, as well as the table
with all file information.

These tables helped to extract the list of existing publicly available AWK scripts that will
be used to evaluate the parallelizer’s applicability. The research uses the following filters on
the tables:

• The file should end with .awk. This helped to search only for the files written in AWK
language and do not extract any other files.

• The repository should have at least 10 star events during the mentioned period of time.
These criteria repeat the idea discussed in the paper by D. Spinellis et al. [31] to only
use the popular enough repositories for evaluation.

The query was constructed to satisfy the following criteria and applied to the dataset.
The results were 1061 distinct files from 303 repositories. After the GitHub API query to
extract the full code of the files it resulted in 970 files from 278 repositories. The other 91
files could not be extracted, possibly due to them not being located on the main branch of the
repository or due to their deletion or archiving. All correctly extracted files were used in the
following applicability analysis.

5.1.2 Parallelizability evaluation

The extracted AWK file dataset was used to evaluate the applicability of the static paralleliza-
tion analyzer. For this reason, a special mode of operation was introduced in frawk code,
such that the supplied program was parsed and statically analyzed, but not executed. This
helps to quickly analyze the large dataset with AWK programs.

The programs were split into 4 subgroups during the analysis. Except for parallelizable
and non-parallelizable, the project also separates error programs and programs without the
main statement. Error programs are those that could not be parsed correctly or contained
syntax errors. The programs that did not contain any statements in the main part of the
program were also separated, as these are the programs created not for text processing and
can be considered outside the scope of the study. There is no code outside of BEGIN and
END statements in these programs. Such programs theoretically can be counted towards a
parallelizable group, since they will not violate any of the constraints defined for parallel
execution; however, there will be no code that will be executed in parallel in this case. Due
to these specifics, such programs were separated into a separate group and were not taken
into account in the evaluation process.

The evaluation results are presented in Figure 5.1. The 50.5% of the programs were
non-parallelizable, 25.6% were not parsed correctly, 19.4% of the programs could be safely
parallelized, and 4.5% did not contain any statements in the main part of the program.

The results show that almost half of all the examined programs can not be fully auto-
matically parallelized. This confirms that many real-world AWK scripts rely on sequential
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Figure 5.1: Distribution of 970 programs by parallelizability

semantics and wide use of shared global variables. These constructs prevent independent
record processing and therefore should still be executed using a classical sequential approach.

Interestingly, another major part of the dataset (25.6%) consists of syntactically invalid
programs. This shows the typical nature of public repository code, where scripts may
be incomplete or depend on external content. However, the examination of the concrete
examples of the code from this category showed that many programs rely on the features of
non-classical AWK implementations. Modern versions of AWK have diverse additions and
modernizations to the initial classical syntax. GNU AWK (gawk), pre-installed on Linux
systems, is the most actively maintained version with the largest amount of features available
[18]. For example, the official description of gawk [28] describes a switch case syntax for
pattern matching, which is also often used in the extracted AWK programs. However, such
syntax is not standard for other versions of AWK, as well as for the frawk parser, on which
this study relies.

Most importantly, 19.4% of all programs in the dataset can be safely parallelized using
the methods described in this study. It represents a substantial number of real-world scripts
and demonstrates that the proposed methods are capable of identifying practical opportunities
for script parallelization, rather than only working on artificially written examples. The
relative part of the parallelizable programs grows to 27.7% if all non-executable inputs (error
programs and programs without a main processing block) are excluded from the dataset,
meaning that roughly every third to fourth program written in AWK can be parallelized.

These results strengthen the practical relevance of the approach, since a substantial
portion of AWK programs can be automatically parallelized and executed with multiple
workers without modifying the program itself.
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5.2 Performance analysis

The study has also performed the benchmarking of the parallel AWK version to quantify
the practical benefits of the technique. This section focuses on testing the performance of
the proposed static parallelization approach in comparison with other AWK versions. The
major goal of this study is to measure the performance improvements, evaluate scalability
with respect to input size, and evaluate any potential overheads introduced by the parallel
execution.

The performance analysis and benchmarking are based on the previously conducted
study [10], which evaluates the execution time and peak memory usage of major AWK
implementations, including gawk, mawk, and nawk, using a set of idiomatic benchmark
programs. It uses the cgmemtime 2 tool to measure the performance and memory usage of
each run and calculate the common statistics. The study uses an open-source test dataset of 1.5
million artificially created sales data to test the performance of executed scripts. Additionally,
the study performs one warm-up run followed by multiple consecutive measurement runs to
reduce initialization bias and obtain a reliable average execution time.

The benchmark suite of this study consists primarily of adapted versions of the original
benchmark programs modified for parallel execution. In addition, some new benchmark
scripts have been introduced to evaluate the performance characteristics of the implemented
parallelization logic, including the overhead associated with parallel task management and
result aggregation. This provides a more comprehensive assessment of both the benefits and
costs of the proposed approach.

5.2.1 Experimental setup

This study compares the new parallel interpreter with the other popular AWK versions. The
study selects 3 most widely used AWK versions, identified in the paper by B. Hoyt [18]:
GNU Awk (gawk) [28], the GNU implementation that extends the original AWK language
with a lot of modern features and is commonly pre-installed on Linux systems; mawk (mawk)
[5], a performance optimized implementation that is also default for some Linux versions;
and "One True AWK" (nawk) [2] [1], which represents a close to classical implementation
of AWK language and is pre-installed on some macOS systems. Additionally, GoAWK [17]
is used as an example of a more modern AWK interpreter, implemented in Go language. As
well as frawk is used as the sequential baseline for the parallel interpreter. Table 5.1 shows
all the AWK versions used for performance analysis, along with their release dates.

The parallel implementation was tested in two configurations, with 5 and 10 parallel
workers, respectively. This setup allows for an analysis of how increasing the degree of
parallelism affects overall performance. The study assesses the scalability of the parallel
approach and detects whether a higher number of workers leads to proportional performance
improvements by comparing execution times and resource usage across these two modes.

All performance tests were conducted on a native Linux machine with 2x 4-core Intel
Xeon E5-1410 CPUs. Table 5.2 provides the machine’s main specifications.

2Available at: https://github.com/gsauthof/cgmemtime (Accessed: 2026-06-01)
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Name Short First Release Version Version Release
GNU Awk gawk 1989 5.2.1 22-11-2022
mawk mawk 1991 1.3.4 23-01-2024
One True AWK nawk 1985 20251225 25-12-2025
GoAWK goawk 2018 1.31 23-12-2025
frawk frawk 2021 0.4.7 02-01-2023

Table 5.1: AWK implementations used in performance analysis

Metric Value / Description
CPU Model Intel(R) Xeon(R) CPU E5-1410
CPU Frequency 2.80 GHz
Amount of CPUs 2
Cores per CPU 4
RAM Size 72 GiB
Operating System Debian GNU/Linux 12

Table 5.2: Machine and environment specifications for benchmarking

The datasets used in this evaluation are identical to those employed in the referenced
study [10]. Specifically, the original dataset consists of 1.5 million pre-generated records
representing synthetic sales records, designed to resemble realistic retail or business sales
logs. Each record contains typical attributes found in sales data, such as order identifier,
product information, quantities, pricing, order dates, region, country, and others. In addition
to this baseline dataset, a larger version containing 5 million rows was used to further assess
scalability and performance under increased data volume. The datasets were transformed
from comma-separated to textual format by replacing the space symbol with an underscore
and comma symbols with a space. This made sure all AWK versions support file formats.
Both datasets are artificially generated but structured to closely mimic real-world sales
records, which ensures consistent benchmarking while providing realistic data characteristics
for performance analysis. Both datasets are publicly accessible open-source resources that
can be freely used for testing and benchmarking purposes [35].

In addition, this study performs one initial warm-up run followed by five consecutive
measurement runs in order to obtain reliable benchmarking results. The warm-up run helps
minimize initialization effects and transient system overhead. The repeated measurement
runs reduce the influence of external factors on individual executions; additionally, it enables
the calculation of average values and corresponding measurement variability across runs,
providing a more robust statistical representation of performance.

This study relies on the built-in Unix tool time 3 to measure the performance parameters,
instead of relying on the external cgmemtime tool as described in the referenced benchmark
[10]. Built-in tool gives a precise program execution time, peak memory usage, and some
other useful benchmarking metrics. Additionally, it is supported and available by default on

3Available at: https://man7.org/linux/man-pages/man1/time.1.html (Accessed: 2026-06-01)
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any Linux machine.

5.2.2 Performance results

This section presents the results of the performance evaluation for the selected AWK im-
plementations. The analysis focuses on execution time and memory usage across different
datasets and configurations. The results are structured to enable a direct comparison between
implementations for each benchmark script and to assess scalability when processing larger
data volumes.

This study aims to benchmark programs comparable to those used in the referenced
study [10] in order to maintain methodological consistency. However, many of the original
benchmark scripts were written in a non-parallelizable manner, limiting their suitability for
evaluating parallel execution models. To address this, the programs were carefully adapted
to enable parallel processing while preserving their original functionality, logic, and overall
structure as closely as possible. This approach ensures that performance comparisons remain
meaningful while allowing the impact of parallelization to be systematically assessed.

The first benchmark script, shown in Figure 5.2, counts the number of orders in Europe.
Each input line contains the continent in the first field. The script increments a counter for
each occurrence of a European order. It prints the aggregated result as the output.

1 $1 == "Europe" { i++ }
2 END {
3 print i
4 }

Figure 5.2: Benchmarking script (Counter): Count orders from Europe

The performance of different AWK implementations on the first script is summarized
in Table 5.3. A clear trade-off between execution time and memory usage across the tested
implementations can be observed in the results. Among sequential interpreters, gawk is the
fastest (0.68s execution time on the small dataset), with frawk and mawk close behind, while
goawk and nawk are substantially slower on both dataset sizes. All traditional interpreters
maintain very low peak memory footprints in the range of roughly 2–4 MB, goawk and frawk
use more memory at peak.

In contrast, parallel AWK achieves markedly lower execution times. Parallel AWK with
10 workers provides the best performance on both datasets (0.22s execution time on the small
dataset and 0.65s on the large dataset). This corresponds to approximately 4-times speedup
over sequential frawk implementation and more than 3-times speedup over the most efficient
sequential AWK version.

The second benchmark script, shown in Figure 5.3, performs the same operation, but it
counts the number of orders by country in Europe. Each input line contains the continent
in the first field and the country in the second. The script increments a counter for each
occurrence of a European country and, in the END block, iterates over the collected entries
to calculate the total number of European orders. This script is similar to the first one, but it
helps to benchmark operations with the array.
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AWK Version
Execution Time (s) Peak Memory (MB)

Small Dataset Large Dataset Small Dataset Large Dataset

gawk 0.68±0.00 2.36±0.01 3.98±0.02 3.96±0.07
nawk 3.38±0.07 11.24±0.32 2.21±0.03 2.18±0.02
mawk 0.91±0.01 2.96±0.02 2.30±0.07 2.31±0.05
goawk 1.36±0.00 4.50±0.01 9.20±0.09 9.40±0.14
frawk 0.82±0.02 2.64±0.14 12.26±0.02 12.29±0.09
Parallel AWK (5 workers) 0.27±0.02 0.86±0.04 13.27±0.08 13.28±0.09
Parallel AWK (10 workers) 0.22±0.01 0.65±0.04 14.17±0.20 14.12±0.07

Table 5.3: Performance comparison of AWK implementations on the script in Figure 5.2

Table 5.4 shows the benchmarking results for that script. The results are very similar
to the first script and show that the array operations are not significantly impacting the
performance of the scripts.

1 $1 == "Europe" { eu[$2]++ }
2 END {
3 for (country in eu) { n++; }
4 print n
5 }

Figure 5.3: Benchmarking script (ArrayCounter): Count orders from Europe using an array
by country

AWK Version
Execution Time (s) Peak Memory (MB)

Small Dataset Large Dataset Small Dataset Large Dataset

gawk 0.72±0.00 2.49±0.01 3.97±0.07 3.99±0.02
nawk 3.47±0.08 11.32±0.19 2.16±0.05 2.19±0.03
mawk 0.91±0.01 3.06±0.04 2.32±0.03 2.33±0.05
goawk 1.42±0.01 4.70±0.02 9.41±0.12 9.42±0.09
frawk 0.89±0.05 2.94±0.17 12.33±0.10 12.34±0.05
Parallel AWK (5 workers) 0.29±0.02 0.91±0.06 13.91±0.18 13.87±0.14
Parallel AWK (10 workers) 0.23±0.01 0.73±0.05 15.40±0.23 15.21±0.21

Table 5.4: Performance comparison of AWK implementations on the script in Figure 5.3

The next benchmarking script is present in Figure 5.4. This script counts the amount
of duplicate rows by the first field in the text. The benchmarking results, shown in Table
5.5 is quite similar to the previous two scripts. The parallelized version of AWK achieves a
multiple times better performance in comparison with all sequential versions of AWK.
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1 { x[$1]++ }
2 END {
3 res = 0;
4 for (val in x) { i += x[val]-1 }
5 print i
6 }

Figure 5.4: Benchmarking script (DuplicateFinder): Count duplicate rows by the first field

AWK Version
Execution Time (s) Peak Memory (MB)

Small Dataset Large Dataset Small Dataset Large Dataset

gawk 0.74±0.00 2.55±0.00 3.97±0.03 3.93±0.03
nawk 3.54±0.06 11.73±0.05 2.22±0.02 2.18±0.02
mawk 0.93±0.02 3.09±0.01 2.31±0.06 2.34±0.04
goawk 1.23±0.00 4.08±0.01 9.27±0.12 9.39±0.10
frawk 0.97±0.03 3.27±0.12 12.28±0.06 12.26±0.09
Parallel AWK (5 workers) 0.34±0.02 1.04±0.08 13.30±0.10 13.45±0.11
Parallel AWK (10 workers) 0.28±0.01 0.85±0.04 14.36±0.06 14.41±0.06

Table 5.5: Performance comparison of AWK implementations on the script in Figure 5.4

This study includes an example of memory-heavy computation as one of the benchmark
programs, since the parallelized versions of frawk normally use an increased amount of
memory for the computations. Figure 5.5 shows an example of such program. This program
is very similar to the previous one, but it stores full row as the array index instead of only
the first field. Since there are a lot of different rows in the document, the array size grows
rapidly and requires a lot of memory for processing.

1 {x[$0]++}
2 END {
3 res = 0;
4 for (val in x) {i += x[val]-1}
5 print i
6 }

Figure 5.5: Benchmarking script (MemoryHeavy): Count duplicate rows using an array

The Table 5.6 shows the results for this benchmark. goawk performs the best for this
script, outperforming all other versions by 2-3 times. Noticeably, parallel AWK versions are
slower than sequential implementations and using significantly more memory, growing up to
approximately 2 GB of peak memory usage for the large dataset. In the parallel version, each
worker is forced to store and operate on a separate copy of the global variable. The large
data structures are stored in multiple versions and afterwards aggregated together into one
before END statement. Duplication of the large array explains both the substantial increase
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in peak memory and the slower runtime compared to the sequential configuration.

AWK Version
Execution Time (s) Peak Memory (MB)

Small Dataset Large Dataset Small Dataset Large Dataset

gawk 4.20±0.01 9.15±0.02 565.11±0.02 851.52±0.06
nawk 3.67±0.02 9.38±0.07 278.43±0.05 434.20±0.05
mawk 3.14±0.01 8.16±0.02 290.10±0.03 437.35±0.03
goawk 1.78±0.01 4.86±0.02 338.18±6.08 845.64±9.95
frawk 2.82±0.03 7.09±0.12 317.80±0.83 466.89±1.67
Parallel AWK (5 workers) 5.14±0.05 13.04±0.03 664.85±0.12 2114.68±1.23
Parallel AWK (10 workers) 7.77±0.03 19.79±0.06 702.63±2.55 2140.82±1.36

Table 5.6: Performance comparison of AWK implementations on the script in Figure 5.5

Interestingly, the performance of the classical "One True AWK" (nawk) for the more
memory-heavy script is better than for the previous lighter script, while for all other versions,
it is significantly worse. This shows that field splitting logic is slow for nawk, since this
script uses the full string ($0) as the array key, instead of the extracted first field ($1). In
nawk code [2] $0 is directly assigned a value before each line processing; on the other hand,
the fields ($1, $2, ...) are parsed only in case one of the field variables is accessed. For all
other versions of AWK, field parsing is implemented in a more efficient way, and the script
in Figure 5.4 is executed much faster than the script in Figure 5.5.

Another benchmarking script is shown in Figure 5.6. This script counts the number
of sales records in the specified range of time. This script uses multiple built-in functions
and helps to evaluate the performance of the AWK versions on heavy built-in function
usage scripts. The benchmarking results in Table 5.7 show that parallel AWK significantly
outperforms standard AWK implementations. The version with 10 workers is 10 times faster
than gawk, and 3 times faster than mawk and the original sequential frawk implementation.

1 {
2 split($6, a, "/");
3 d = sprintf("%d%02d%02d", a[3], a[1], a[2]);
4 if (d >= "20140301" && d <= "20150331") n++
5 }
6 END {
7 print n
8 }

Figure 5.6: Benchmarking script (Functions): Count the number of records during a period
of time

Additionally, the output-heavy script was evaluated since the output logic was adjusted
in parallel mode. Figure 5.7 shows a simple script to output the first field of each line. The
benchmarking results for this script are shown in Table 5.8. The parallel AWK implementa-
tions deliver the best execution times in both dataset sizes, with the 10-worker variant being
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AWK Version
Execution Time (s) Peak Memory (MB)

Small Dataset Large Dataset Small Dataset Large Dataset

gawk 7.26±0.06 24.56±0.52 3.96±0.02 3.97±0.04
nawk 6.67±0.09 22.22±0.25 2.20±0.05 2.21±0.06
mawk 2.28±0.02 7.64±0.20 2.31±0.06 2.33±0.01
goawk 3.56±0.02 11.91±0.02 9.29±0.06 10.12±1.32
frawk 2.63±0.05 8.70±0.14 12.49±0.17 12.33±0.06
Parallel AWK (5 workers) 0.87±0.08 2.87±0.27 13.36±0.17 13.39±0.08
Parallel AWK (10 workers) 0.73±0.05 2.40±0.13 14.46±0.17 14.54±0.13

Table 5.7: Performance comparison of AWK implementations on the script in Figure 5.6

the fastest overall. This speedup comes at the cost of noticeably higher peak memory usage
than the sequential interpreters. The higher memory peak in this case occur due to the output
buffering used in parallel AWK.

1 {
2 print $1
3 }

Figure 5.7: Benchmarking script (Output): Output the first field on each input line

AWK Version
Execution Time (s) Peak Memory (MB)

Small Dataset Large Dataset Small Dataset Large Dataset

gawk 0.69±0.00 2.39±0.03 3.96±0.03 3.98±0.04
nawk 3.39±0.01 11.38±0.19 2.19±0.05 2.19±0.06
mawk 0.94±0.01 3.09±0.03 2.16±0.05 2.22±0.07
goawk 11.33±0.03 37.78±0.14 9.30±0.20 9.25±0.14
frawk 0.87±0.01 2.94±0.08 12.39±0.16 12.43±0.08
Parallel AWK (5 workers) 0.33±0.01 1.17±0.09 49.56±1.67 102.95±4.10
Parallel AWK (10 workers) 0.27±0.01 0.98±0.02 49.13±1.57 140.19±7.61

Table 5.8: Performance comparison of AWK implementations on the script in Figure 5.7

Overall, the benchmark suite demonstrates that parallelization in frawk consistently yields
the lowest execution times. Figure 5.8 shows the achieved performance speedup of the paral-
lel AWK execution over the traditional sequential execution across a variety of workloads.
Here the best parallel execution time is shown proportionally to the best sequential time for
each script. The speedup is achieved at the cost of a substantially higher memory footprint
compared to classical AWK interpreters. Parallelization should be avoided in the case of
memory-heavy global data-structure usage in the script, as this will not give the desired
performance optimization. The traditional implementations, such as mawk and gawk, remain
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attractive for memory-constrained environments, whereas parallel frawk is most beneficial
for compute-heavy or throughput-oriented scenarios where additional memory consumption
is acceptable. In this case, the parallelization provides large performance improvements on
different AWK scripts. Taken together, these results highlight an explicit trade-off between
time and space that should guide the choice of AWK engine and configuration depending on
dataset size, hardware constraints, and performance objectives.
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Figure 5.8: Comparison of best-performing sequential and parallel AWK implementations on
the large dataset. Sequential execution time is normalized to 1 for each benchmark. Lower
values indicate better performance.
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Chapter 6

Conclusions and Future Work

This chapter summarizes the main findings and contributions of the thesis, reflecting on the
applicability and performance of automatically parallelizing AWK programs. It revisits the
key ideas introduced throughout the work and answers the research questions. The chapter
also outlines the current limitations of the proposed approach and identifies several directions
for future research to improve further the robustness, applicability, and performance of the
proposed solution.

6.1 Contributions

This study develops a static-analysis–driven approach to automatically parallelize AWK
programs and demonstrates that this approach can be integrated into a practical, production-
grade interpreter. The core technical contribution is the static analysis tool that inspects
the abstract syntax tree of any AWK script, identifies the relevant global variables, and
determines whether the script can be executed in a parallel way without changing its original
behavior and results.

A second major contribution is the design of a mapping from AWK global-variable
operations to well-defined aggregators. The thesis characterizes any general assignment
operation in AWK semantics in terms of multiple well-defined canonical forms and aggrega-
tion rules. The system statically identifies when a variable can be aggregated independently
on different chunks before actual execution and then combined after execution in a final
reduction step. This turns implicit, sequential state updates into explicit, mathematically
interpretable reductions, which is a key enabler for sound parallel execution.

On the systems side, the work shows how to embed this analysis into a Rust-based AWK
implementation (frawk) and extend the interpreter with a parallel execution mode. The
interpreter is adapted to partition input into chunks, execute the main part of the program
on each chunk in separate workers, and then aggregate the workers’ state according to the
reduction rules defined during the static analysis step. Importantly, this is achieved without
changing the initial AWK program semantics or imposing additional burdens on the user:
the same AWK script can be run in a sequential or parallel mode, with the system deciding
whether parallel execution is possible.
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Finally, the thesis contributes an empirical study that evaluates both the applicability and
the performance of the current implementation. The study shows that a non-trivial fraction
of real-world AWK scripts satisfy the parallelization criteria by analyzing the AWK scripts
from popular open-source repositories available on GitHub. This strengthens the practical
relevance of the proposed solution for real-world tasks.

Performance measurements on representative workloads demonstrate that the parallel
AWK interpreter can achieve state-of-the-art performance. The benchmark measurements
on multiple scripts show up to x2-x3 times performance optimization of the parallelized
solution over the fastest sequential AWK execution and over baseline frawk interpreter
implementation. The system successfully exploits multiple cores to achieve significant
execution speedups, especially on larger inputs, while preserving the semantics of the
original scripts.

6.2 Research outcomes

The thesis investigated the feasibility of automatically parallelizing AWK programs, as well
as the practical applicability and performance benefits of such an approach.

Firstly, the thesis demonstrates a system to automatically detect parallelizable AWK
programs by combining static program analysis with controlled runtime execution. By
analyzing dependencies related to global variables, control flow, and side effects, the system
can determine whether a program can be safely executed in parallel. Programs that satisfy
the defined constraints after static analysis can be executed using a MapReduce-style model,
where input data is partitioned, processed independently, and later the global state is combined
using predefined aggregation operations. The use of correct aggregation strategies and
ordered result combination ensures that the final output remains consistent with sequential
execution.

Secondly, the study shows that the proposed approach is practical for real AWK scripts
by performing an applicability investigation. A study analyses 970 different real-world AWK
scripts from popular open-source repositories. On this dataset, 19.4% of all scripts (27.7%
of those that parse and have a main block) are found to be safely parallelizable according to
the defined rules. It shows that a significant amount of actual AWK scripts could potentially
benefit straight ahead from parallel execution. This confirms that the approach is not limited
to synthetic examples but is relevant in realistic scenarios.

Finally, the performance evaluation demonstrates that parallel execution can provide
significant improvements over traditional sequential AWK execution for most suitable
workloads. For parallelizable programs, processing large input datasets using multiple cores
leads to noticeable speedups, validating the effectiveness of the approach. The parallelized
execution showed the best performance (with x2-x4 times speedup over the fastest sequential
AWK versions) in most of the scripts. The performance gains are especially noticeable when
the size of the input data increases, confirming that the parallel execution can substantially
reduce execution time in data-intensive tasks.

The only case where the parallel execution was slower than the competitors’ was a
memory-intensive script, in which a large portion of the processed dataset was stored in
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an array. This case highlights a scenario where the overhead of creating multiple thread-
local copies of large data structures, combined with synchronization costs during the final
aggregation phase, can outweigh the computational benefits of parallelism. While such
memory-heavy workloads are relatively rare in typical AWK usage, where the language is
most often applied to lightweight field extraction and simple aggregations, this limitation
should be kept in mind when processing scripts that build large in-memory data structures.
For these edge cases, users may need to fall back to sequential execution.

In summary, this work shows that automatic parallelization of AWK programs is both
feasible and beneficial: correctness can be preserved through careful analysis and execution
design, a meaningful portion of real-world programs can be parallelized, and significant
performance improvements can be achieved in practice.

6.3 Limitations

This study demonstrates the feasibility of automatic parallelization in AWK interpreters. It
shows noticeable improvements in comparison with sequential AWK execution; however, the
current study and the presented AWK interpreter implementation have multiple limitations.
This section discusses the most important limitations of the current approach that must be
taken into account before further usage of the parallel AWK interpreter.

A key limitation of the current implementation is the reliance on in-memory storage for
the worker output buffers during parallel execution. In the current prototype, each worker
accumulates its output in memory until the completion of the parallel phase, at which point
it is merged in a deterministic order. This approach ensures correct output ordering; however,
it introduces a scalability constraint for workloads with very large volumes of output. A
possible solution to this limitation would be to introduce a hybrid buffering mechanism that
will temporarily store output to disk once a memory threshold is exceeded and retrieve it
from disk during the aggregation phase.

Another important consideration is that the current approach of parallel execution is
limited only to file input processing. This means that the prototype assumes the program
reads data from an input file that can be partitioned into independent chunks before execution,
and afterwards, is read in parallel by multiple workers. As a result, the current approach
does not support dynamically generated input whose boundaries are not known in advance.
This restriction simplifies data chunk production and data distribution between workers
for parallel processing; however, it narrows the practical applicability, since many AWK
programs are used directly in Unix pipelines rather than on static files.

The evaluation performed as part of this study has several limitations worth mention-
ing here. The performed applicability study captures a large amount of real-world AWK
programs; however, it is limited only to the scripts extracted into separate files with .awk
extension. In practice, AWK scripts are often embedded in Bash scripts or other source files.
As a result, the measured parallelizability rates could differ if embedded AWK scripts were
included in the analysis.

Additionally, many programs were excluded from the applicability evaluation because of
the non-classical AWK features. These programs could not be compiled with frawk and could
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not be evaluated. These scripts are developed mostly for interpretation using gawk, which
has many additional features on top of classical AWK. Modernizing the frawk interpreter to
support these AWK extensions would likely increase the measured parallelizability rates in
real-world scenarios.

Lastly, the current parallelization analyzer does not support certain less commonly used
AWK language constructs. For example, there is no support for the parallel analysis of
custom user functions implemented yet. As a result, such constructs are currently treated
conservatively, which limits the applicability of parallelization for some advanced AWK
programs. This implementation limitation can be overcome in the future to increase the
overall applicability of parallel AWK.

6.4 Discussion/Reflection

The study on parallelization of AWK language fits into the long-standing research direction
of automatic parallelization. This topic was actively developed over the decades, primarily
in the context of compiled languages and high-performance computing, where compiled
programs and static typing enabled predictable analysis and transformation for successful
parallelization. In contrast, the AWK tool has received limited attention, despite its continued
relevance in real-world data processing tasks.

The research highlights some conceptual challenges associated with parallelizing AWK
related to shared global state and side effects. This, together with the dynamic and inter-
preted execution environment, makes the classical parallel optimizations limited and hardly
implementable for the language. On the other hand, the data-based parallelization is more
feasible given the language specifics.

The language was originally designed with a strictly sequential execution model. As
a result, introducing parallel execution requires careful analysis to ensure that program
semantics are preserved. The approach explored in this research demonstrates that, while
full parallelization is difficult, a meaningful subset of AWK programs can be safely executed
in a data-parallel way using static analysis techniques. Its combination with a MapReduce-
inspired execution model makes it possible to correctly handle global state in parallel settings
in a lot of cases.

From a broader perspective, the research shows how the legacy tools can be modernized
for exploiting modern hardware capabilities. Rather than replacing AWK with more complex
frameworks or languages, the proposed approach enhances the language capabilities while
preserving its simplicity and portability. The proposed approach enables a scalable solution
for AWK script execution on growing datasets, thereby aligning with modern software
engineering practices for large-scale data processing [37].

In practice, the ability to improve performance without requiring users to modify their
existing scripts lowers the barrier to tool adoption. This is especially important for users who
rely on simple and well-established tools in production environments, where stability and
backward compatibility are critical. Moreover, the demonstrated performance improvements
could increase the tool’s popularity for new scripts and modern data pipelines, attracting
developers who seek both the familiarity of AWK syntax and modern multi-core scalability.
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The findings of this research are relevant to several stakeholder groups within both
industry and academia. Researchers in program analysis, compiler design, and parallel
computing can use the proposed approach as a case study demonstrating how automatic
parallelization techniques can be adapted to dynamically typed and interpreted languages.
Developers and organizations would benefit from improved performance and transparent
integration into existing workflows, and gain more efficient utilization of modern multi-
core systems. System administrators and DevOps engineers, who use AWK for analysis,
monitoring, and automation tasks, could perform tasks more efficiently without changing
established workflows. Data engineers and analysts can use a scalable AWK version to
explore large datasets on modern multi-core hardware. Additionally, a lot of legacy Unix-
based infrastructure could be modernized without investing significant effort into migrating
it to newer frameworks.

Overall, the thesis confirms the idea that innovations in computer science are not limited
to the development of new systems but also include the refinement and extension of existing
technologies. The research contributes to the ongoing effort to make software systems
more scalable and sustainable by extending the capabilities of established tools rather than
replacing them. This research demonstrates that revisiting established technologies can
still yield valuable improvements. Although AWK is a mature language with decades of
refinement, its modernization through the use of modern technologies and parallelization
techniques can give valuable improvements over the traditional implementations.

6.5 Future work

Several directions remain for extending this research and improving its practical usefulness.
The most immediate area of improvement is a hybrid in-memory/disk output handling and
scalability of the current buffering approach. In the current implementation, all output
generated during parallel execution is stored in per-worker in-memory buffers. Future work
could therefore focus on improving the scalability of this mechanism by introducing a hybrid
buffering strategy, where large outputs are stored in temporary disk files once memory usage
exceeds a threshold. This would preserve deterministic ordering while allowing the system
to handle significantly larger workloads with reduced memory pressure.

A second promising direction is to extend the current static-analysis approach with
dynamic mechanisms and automatic code restructuring to extend the applicability. The
present design is still conservative on the constraints, and some scripts are rejected while they
can still be safely parallelized with small runtime adjustments. For example, the common
pattern detected in multiple scripts is shown in Figure 6.1. This example is non-parallelizable
currently, due to the condition relying on a global value stored in NR variable. This variable
is specially built in to access the line number. However, this condition will always be false
for all parallel executors except the first one. This script can be parallelized by dynamically
replacing the condition with false for all parallel workers except the first one. Similar
dynamical code adjustments can potentially improve the current research approach and
drastically boost the applicability of AWK parallelization.

Additionally, future work can focus on exploring parallel AWK execution within Shell
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1 {
2 if (NR < 1) {
3 } else {
4 ...
5 }
6 }

Figure 6.1: Dynamically parallelizable pattern

pipelines. Some efforts on the automatic parallelization of Shell data pipelines are explained
in the paper by Vasilakis et al. [34]. A tool explored in the paper can be potentially integrated
with the AWK parallelizer. The integration would create a comprehensive framework that
enables both record-level parallelism within AWK scripts and coordinated data-parallel
execution across entire Unix-style processing chains.

Another long-term research direction is the exploration of distributed AWK execution.
While the current prototype focuses on shared-memory parallelism within a single node,
the same principles of static dependency analysis and deterministic aggregation could be
extended to distributed environments. The current research shows an application of the
MapReduce principle for AWK script execution. The same principle can be applied in the
distributed settings. In that case, the main script will be executed in the distributed settings,
and the variable aggregation will be executed as part of the reduction step. Such an approach
would allow AWK programs to process datasets that exceed the memory and computational
limits of a single machine, making the language applicable to large-scale data engineering
scenarios. Additionally, it would open the possibility of lightweight, AWK-based alternatives
to more complex modern big-data frameworks.

Overall, the future of AWK parallelization lies in broadening both its applicability and
execution scope. Improvements in static and dynamic analysis, support for pipeline-based
processing, and potential expansion toward distributed systems could significantly strengthen
the practical relevance of this research. Together, these directions would transform the
presented prototype from a proof of concept into a mature execution framework capable of
supporting modern large-scale text processing workloads.
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