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ABSTRACT

JUST-IN-TIME SCALE-OUT OF SHELL PROGRAMS, CORRECTLY

Konstantinos Kallas

Rajeev Alur

Shell programs are critical infrastructure for developers, administrators, and scientists. They are used for
all kinds of complex tasks, often as “glue” for succinctly composing existing computational components.
Unfortunately, they do not enjoy access to automated performance optimizations typically found in other
language environments—including parallelization for scaling out on multicore CPUs and distribution to sup-
port processing of data that does not fit on a single machine. This unfortunate state of affairs is due to three
fundamental challenges inherent to the shell: (1) shell programs compose arbitrary black-box software com-
ponents (commands) that are developed in multiple programming languages and cannot be analyzed in a
unified way; (2) the language of the shell offers primitives that are highly dynamic, making static analysis
intractable; and (3) the shell specification is complex and different implementations vary significantly, mak-
ing it extremely hard for optimizations to achieve compliance with existing shells, jeopardizing backwards

compatibility.

In this dissertation, I propose a novel compilation architecture that addresses the three aforementioned chal-
lenges using: (1) a command specification framework to capture command behavior; (2) a just-in-time
architecture that applies optimizations at runtime after dynamic information has been resolved; and (3) a
shell-to-shell compiler shim whose generated optimized shell programs can be executed by the original shell
interpreter. I develop a concrete instantiation of this architecture in a high-performance open-source sys-
tem called PaSh. I demonstrate the benefits of this compilation architecture on real-world programs using
three concrete optimizations: automatically parallelizing, distributing, and reordering the execution of shell

programs—achieving significant speedups without jeopardizing compliance with the underlying shell.
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CHAPTER 1

Introduction

Unix and Linux shell programs are a ubiquitous part of software infrastructure. According to a recent longi-
tudinal study [64] the shell was the 8th most popular language on Github in 2022. Shell programs are widely
used by all types of developers, administrators, and scientists, for all kinds of tasks, from data processing
to system orchestration. Crucially, shell programs are often used as system “glue”, composing different
computational components (commands) to perform complex tasks very succinctly. The shell is particularly
well-suited for this task compared to any other programming language due to a unique combination of fea-
tures: (1) it offers language-agnostic primitives that enable seamless command composition; and (2) it offers
dynamic primitives, such as command substitution, that enable interactivity based on the current shell and
file system state. Due to these features, shell programs are used for a variety of performance critical tasks,
including continuous integration and deployment, bioinformatics workloads, and data processing pipelines.
In this dissertation I propose novel techniques and build systems to optimize the performance of such crit-
ical shell programs, allowing them to harness multicore and distributed computational resources without

affecting their behavior or requiring additional effort from developers.
1.1. Motivation

Despite the shell’s prevalence and long history (the first shell was developed by Ken Thompson in 1971), it
lags behind other programming environments with respect to automated compiler optimizations, significantly
impacting applications. Missing optimizations include (1) parallelization for scaling out on multicore CPUs,
(2) distribution for processing data that does not fit on a single machine, (3) incremental execution to reduce
redundant work when reexecuting a program, and (4) out-of-order speculative execution for better utilizing
underlying computational resources. The lack of support for such optimizations forces developers to either
reimplement their complete shell programs and their commands in different languages to optimize their
performance, requiring significant effort and often jeopardizing the programs’ behavior; or else accept that
their performance cannot be improved, hindering downstream tasks. As an example, continuous integration

and deployment tasks, e.g., software builds, for big applications and organizations can take on the order of



| IN=${IN:-$TOP/pg}

2 mkdir "$IN"

3 cd "$IN"

4 echo "Download will take some time, be patient..."
5 wget "$SOURCE/data/pg.tar.xz"

6 if [ $7 -ne 0 ]; then

7 echo "Download failed!"
8 exit 1

9 fi

10 cat pg.tar.xz | tar -xJ

12 cd "$TOP"

5 OUT=${0UT:-$TOP/output}

4 mkdir -p "$QUT"

15 for input in $(1s "$IN"); do

16 cat "$IN/$input" | tr -sc '[A-Z][a-z]' '[\O12x]"' |
17 grep '~....$' | sort | uniq -c > "$0UT/$input.out"
18 done

Fig. 1.1: A shell program that downloads a compressed archive of text files (books from Project Gutenberg), extracts
them in a directory, and then performs an analysis to find the frequencies of all words of a specific form.

many hours to days, making it necessary that they run at nights or during weekends instead of on-demand,

when a software component is updated.

The main reason why the shell lacks compiler support for optimizations is because there is no principled way
to analyze and transform shell programs in a sound and precise manner. This is due to three fundamental
challenges related to the shell: (1) shell programs compose arbitrary black-box software components (com-
mands) that are developed in multiple programming languages and cannot be analyzed in a unified way; (2)
the language of the shell offers primitives that are highly dynamic, making static analysis intractable; and
(3) the shell specification is complex and different implementations vary significantly, making it extremely

hard for optimizations to preserve behavior.

Figure 1.1 contains a program that showcases these challenges. This program computes the frequencies of
specific word patterns in a collection of books. Before explaining what it does in detail, it is useful to observe
that shell programs are very similar to programs in other imperative languages—they have variables, control
flow, etc.—with one key difference; they delegate complex parts of the computation to external binaries, also

called commands or utilities. The commands in this program include mkdir, wget, gunzip, and 1s. Each



command can be configured using its arguments, for example, mkdir -p "$0UT", which is a command that
creates a directory, is invoked with arguments -p and "$0UT", configuring it (1) to not exit with an error if
the directory already exists, and (2) to set the name of the created directory according to the value of the

variable OUT.

The script can be split into two independent parts: data downloading and preparation (lines 1-10) and pro-
cessing (12-18). It first sets the value of variable IN if it was not already set (line 1), and then creates a
directory with that name and sets it to be the current working directory (lines 2 and 3). After printing a
message (line 4) it downloads a compressed archive of a book collection (line 5). It then ensures that the
download completed successfully (line 6) by checking the value of variable ?, a special shell variable that
contains the exit code of the last executed command. If the download failed it prints an informative message
and exits (lines 7 and 8). If the download succeeded, it extracts the data in the archive using the command
tar (line 10). The pipe operator | is used to compose commands in the shell, connecting the standard output

of the first to the standard input of the second.

Before processing, the script changes to a new directory, sets the value of OUT, and creates a directory for the
script outputs (lines 12-14). Then it loops over the books that were extracted from the downloaded archive:
$(1s "$IN") captures the standard output of the 1s invocation and uses it to determine the loop iterations
(line 15). The main processing pipeline then splits its book into words (using tr) and then filters words with

4 characters (using grep) and computes their frequencies (using sort and tr).

This shell script showcases the first two of the aforementioned challenges. First, it composes arbitrary black
box commands to achieve its task, e.g., mkdir, tar, tr, sort. Second, the exact iterations that the loop will
execute depend on the state of the file system, a component of the state that cannot be determined ahead-of-
time. The combination of these two challenges together with the complexity of the shell semantics makes it

very hard to develop a solution that automatically optimizes the performance of this and other scripts.
1.2. Approach

In this dissertation, I propose a novel compilation architecture that addresses the three aforementioned chal-

lenges. It has three main components.



Specification framework: A lightweight command specification framework decouples the task of specify-
ing external command behavior from the task of developing analyses and optimizations for shell scripts. The
first task can be delegated to experts or achieved through crowdsourcing, and these specifications can then
be harnessed by tools that analyze and optimize shell scripts composing such commands. As an example,
the specification for tr and grep captures the fact that their invocations in Figure 1.1 only read from their
standard input, only write to their standard output, and process each of their input lines independently. This
allows a parallelization system to shard them into parallel invocations, each of which processes a different

partition of their input.

Just-in-time architecture: A just-in-time architecture addresses the challenge of the shell’s dynamism by
applying optimizations at runtime, after dynamic information has been resolved. The architecture exploits
the fact that the shell’s execution is bimodal: most of the computation is done by external commands, and
gluing (control flow and command preparation) is done in the language of the shell. The just-in-time archi-
tecture executes all the gluing in the shell and performs optimizations right before the invocation of external
commands. In the example above, the optimization of the loop body would happen after the execution of

$(1s "$IN"), having access to the values of all loop iterations and the file system state at this point in time.

Shell-to-shell compiler: A shell-to-shell compiler shim generates optimized shell programs that can be
executed by the original shell interpreter to maintain compliance. This is in contrast to having a new shell
implementation, which would have to exhaustively implement all edge cases of an existing shell’s behavior to
match its behavior. Using this shim architecture, I can focus on a fragment of the shell, optimizing it carefully

and leaving all the rest of the complex edge cases and behavior to be covered by an existing interpreter.

To support this architecture, I develop a formal model of a data processing fragment of the shell that is used
to prove the correctness of several optimizing transformations. At the same time, I develop a concrete in-
stantiation of the architecture in a open-source library of high-performance components, called the PASH
project. I use this library as infrastructure to build two systems, PASH and DISH, that target two concrete
optimizations: automatic parallelization and distribution. I demonstrate the benefits of these optimizations
on a wide variety of real-world programs. The evaluation shows that PASH and DISH achieve significant

speedups over the state of the art without jeopardizing compliance with the underlying system shell. Finally,
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Fig. 1.2: Overview of contributions in this dissertation. Each block corresponds to a contribution.

I develop an extension of the architecture, named hs, that can lift the requirement for command specifications
while also enabling a new optimization: out-of-order command execution through speculation. This exten-
sion builds on two primitives: tracing (to know how a command tries to effect the system) and containment
(to isolate its effects and selectively apply them to its environment). Tracing and containment completely lift
the requirement for command specifications since a command can simply be executed and its effects discov-
ered at runtime. These two components enable the development of a command scheduler that speculatively
executes a sequence of commands out-of-order, improving utilization of the underlying system; similarly to

the aformentioned compiler architecture, this optimization can be applied to arbitrary shell programs.
1.3. Contributions

The contributions of this dissertation proposal can be split into two categories, building blocks (C1-3) that
enable a compilation infrastructure for shell programs, and systems (C4-6) that compose the building blocks
and automatically optimize shell programs for real-world use cases. They are displayed visually in Figure 1.2

and summarized below:



C1 A formal model of the dataflow fragment of the shell. This model is order-aware, properly capturing
the order in which commands read from their inputs. It is used to develop a shell-to-shell optimizing
compiler that is accompanied by proofs that the transformations it performs are correct with respect

to this model.

C2 A command specification framework that allows describing aspects of a command’s behavior and
can be used by others systems to analyze and transform shell programs. The command specification
framework is guided by a study on all POSIX and GNU Coreutils commands and is implemented in

an open-source library.

C3 A just-in-time compiler architecture that invokes a shell optimizing compiler at runtime after having
resolved dynamic information about the state of the system. This enables optimizing highly dynamic

shell programs in a sound and effective fashion.

C4 PASH, a concrete instantiation of the compilation architecture in a system that automatically paral-
lelizes arbitrary shell programs. This system combines the building blocks and introduces additional

optimizations to achieve speedups for a wide variety of shell programs.

C5 DISH, a system that automatically scales out shell programs that operate on files that reside over a
distributed cluster. DISH achieves speedups on a wide range of programs through colocation and

parallelization.

C6 A system prototype called hs that enables out-of-order command execution through speculation.

1.4. Outline

Chapter 2 provides necessary background on the UNIX shell, its history, benefits, limitations, and target appli-
cations. Chapter 3 describes related work and puts my work in the context of the existing literature. Chapter 4
describes contribution C1 and is based on my ICFP 2021 paper [76]. Chapter 5 describes contribution C2
and is based on material from my EuroSys 2021 paper [173]. Chapter 6 describes the PASH-Dataflow com-
ponent of contribution C4 and is based on material from my EuroSys 2021 paper [173]. Chapter 7 describes

contribution C3 and PASH-JIT, the second part of contribution C4 and is based on material from my OSDI



2022 paper [95]. Chapter 8 describes contribution C5 and is based on my NSDI 2023 paper [131]. Chapter 9
describes contribution C6 and is based on material from my HotOS 2023 paper [110]. Finally, Chapter 10
concludes by describing some future directions and the bigger conclusions and impact of the work described

in this dissertation.
1.5. Software and Community

The work described in this dissertation has led to the creation of an open-source library of components
called the PASH project [15], which has now grown to an independent project with a much larger scope,
i.e., improving the shell ecosystem in a variety of ways, focusing on performance, correctness, and usability
among others. It currently contains more than 10 repositories, including tools, libraries, and systems. The
development of the components in the PASH project is done by more than 30 contributors in different insti-
tutions in academia and industry, and has gathered significant attention from the community, totalling more
than 5000 Github stars across all repositories. In 2021, the PASH project started being hosted by the Linux
Foundation!, an organization which hosts a wide variety of open-source projects, including Kubernetes [7]
and eBPF [14]. The technical steering committee of the PASH project includes Michael Greenberg, Tam-
mam Mustafa, Nikos Vasilakis, and myself. The two core systems described in this dissertation, PASH? and

DISH?, are also available under the PASH project.
1.6. Attribution

Most of the research presented in this dissertation came out of the PASH project, a collaborative project that
started by me and Nikos Vasilakis in 2019. In addition to me and Nikos, several others have contributed to
the project and the work presented here: particularly Michael Greenberg (for Chapters 7 and 9); Tammam
Mustafa (for Chapters 7 and 8); Georgios Liargkovas (for Chapter 9); Konstantinos Mamouras, Achilles
Benetopoulos, and Lazar Cvetkovi¢ (for Chapters 5 and 6); Shivam Handa and Martin Rinard (for Chapter 4);
Jan Bielak, Dimitris Karnikis, and Thurston H.Y. Dang (for Chapter 7); and Pratyush Das (for Chapter 8). 1
wrote all the included material in Chapters 1 and 10 and most of Chapters 2 and 3. Chapters 2 to 9 integrate

text from several papers [72, 76, 173, 95, 131, 110] with all the collaborators mentioned above. It is not

Thttps://www.linuxfoundation.org/press/press-release/linux-foundation-to-host-the-pash-project-accelerating-shell-scripting-
with-automated-parallelization-for-industrial-use-cases

2https://github.com/binpash/pash

3https://github.com/binpash/dish
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possible to precisely delineate each collaborator’s contribution in each of these papers since many ideas and
developments became possible through discussions, brainstorming, and pair-programming sessions, but I try
to attribute the main contributions of each paper below. For the ICFP 2021 paper [76], Shivam Handa, Nikos
Vasilakis, and I developed the formalization of the order-aware dataflow model, and I was the lead developer
of the project’s implementation. For the EuroSys 2021 paper [173], Nikos Vasilakis and I were the primary
authors and we contributed equally to all parts of the work; the rest of the coauthors contributed with the
development of some command specifications and runtime components, as well as with the system evalua-
tion. For the OSDI 2022 paper [95], I was the lead developer of the system and its just-in-time architecture;
the rest of the coauthors helped with the development of the commutativity-aware optimizations and the
parsing library, as well as with the system evaluation. For the NSDI 2023 paper [131], Tammam Mustafa, a
master’s student at the time, was the first author and the lead developer of the DISH system; Nikos Vasilakis
(Tammam’s supervisor) and I worked extensively with Tammam to develop the ideas and the system behind
this paper. Finally, for the HotOS 2023 paper [110], Georgios Liargkovas, an undergraduate student at the
time, was the first author and the lead developer of the hs system prototype; all of the authors contributed
to coming up with the idea of speculative execution for shell scripts, and I worked closely with Georgios on

the technical development of the system prototype and its evaluation.



CHAPTER 2

Background

In this section I provide some background on the UNIX shell, a brief history, as well as a description of
its benefits and drawbacks. First of all, we need to make clear what we mean by the UNIX shell, since no
single such thing exists; in fact, what is most commonly refered to as the shell is a combination of (1) a
programming language with a set of “shell-like” characteristics, (2) an interactive interpreter that is usually
accessed through a terminal, and (3) a “standard library” of commands that can be used to perform more

complex data-processing and other tasks. So what is the UNIX shell?
2.1. History

There are two perspectives when defining the shell: the formal, which puts the specification first, and the
pragmatic, which focuses on the different shell implementations. In this dissertation I focus on the core of the
shell, namely the common characteristics that are both described by the specification and implemented by
most shells. First, there exists a POSIX shell specification [73] that attempts to precisely define the shell lan-
guage and its semantics using natural language. At the same time, there exist multiple shell implementations,
most of which diverge from POSIX significantly (on purpose or accidentally). The first UNIX shell imple-
mentation was the Thompson shell, introduced in the first version of UNIX in 1971, which was simple but
introduced several important features that we now consider synonymous with the shell such as input/output
redirection and pipes. These features enable the composition of third-party commands to perform complex
tasks, making the external commands a prominent part of the experience of writing shell programs, and go
hand in hand with the Unix philosophy (first documented by Doug Mcllroy [118]) that advocates modular
and compositional commands (with simple interfaces and handling text streams as inputs and outputs). The
name “shell” was chosen to separate it from the operating system kernel. The kernel is the core of the system
and the shell is a user facing program that can access and manage the system by communicating with the
kernel. Since then, there have been many shell implementations: bash [145], dash [3], zsh [13], OSH [9],
ksh [6], mksh [8], and yash [12] to name a few. Different implementations vary significantly with respect to

their popularity, and also with respect to their semantics and language features. Most UNIX systems provide



access to a shell (usually bash or zsh) as the default way to interact with them and configure them.

Due to its ubiquity and power, the shell has been used for a variety of tasks: system configuration, application
building and deployment, as well as complex data processing tasks. In the contemporary world, while in
principle automated systems replace many shell tasks by taking on various configuration and management
jobs, in practice, shell programs still show up everywhere: Docker [123], Vagrant [77], Kubernetes [7],
and other cloud deployments are all managed by shell programs. Furthermore attempting to develop a new
shell-like language for specific domains leads to different such systems behaving slightly differently from
the underlying shell, creating significant confusion to developers, e.g., systemd [10] uses its own variable
expansion which is slightly different from the shell’s. In their core, all these systems try to provide restricted
APIs on top of the shell to improve programmability, but users often end up needing the whole range of the

capabilities of the shell.
2.2. Shell characteristics
So what are the characteristics that make the shell the shell?
C1 External commands are first class citizens: The shell supports easy management of external com-

mand execution through job control, e.g., sending a command to the background, and input/output

redirection.

C2 File system is a first class citizen: The shell supports straightforward access, introspection, and mod-

ification of files in the file system.

C3 Universal composition: The shell supports easy composition of external commands using interme-

diate files or write-once, read-once pipes.

C4 Streaming support: The shell supports stream processing, i.e., incrementally reading input and pro-

ducing output (both by its available commands and primitives).

The above characteristics make the shell powerful and widely popular for many tasks. Looking back at the
program in Figure 1.1, it manages to perform a complex task in a succinct way by leveraging characteristics

C1-C3: it uses external commands, such as wget and sort, to delegate complex functionality, it accesses
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and modifies the file system with commands such as 1s and tar, and it composes commands in pipelines to
implement the frequency computation using simpler components. Streaming support (C4) also allows the
program to be efficient: commands like grep in line 16 don’t need to block until all of their input is available

but can start processing as soon as chunk of the input is produced by tr.

For the rest of this dissertation, whenever I refer to the shell, I focus on the set of programming environments
(language and libraries) that have the aforementioned characteristics. My research should be applicable to
any programming environment that satisfies these characteristics, e.g., scripts in Python that are used to

compose external command invocations.
2.3. Shell limitations

While the shell is popular and powerful, it also has significant limitations with respect to performance and
correctness: shell programs cannot easily utilize underlying multiprocessor or multinode resources, and they
are very hard to debug and test. These limitations (i) prevent it from being used for a wider variety of tasks,
(i) make the life of shell developers very difficult (leading to frustrated revulsion [61]), but (iii) are not

essential to its existence.

Error-proneness While all dynamic programming languages suffer from bugs that manifest as runtime
errors, the shell is known for its many potential sources of error and their dire consequences. The shell’s
syntax and its direct access to the user’s entire system, both aimed at terse interactive use, lead to a fast-
paced high-stakes programming experience where a single typo could erase entire hard drives. Protective
mechanisms such as assertions and error handling that are commonly used in critical code written in other

languages are not well supported in the shell.

Performance doesn’t scale While shell programs have acceptable performance in a single-core setting,
they’re not tuned for multicore machines and clusters of nodes. Unlike other programming languages, the
performance of shell programs is dominated by the performance of the commands that they compose, and
unfortunately, most shell commands do not scale. To address this, users turn to restricted parallelism or-
chestration tools [164, 84, 63, 184] or even worse, replace parts of their programs with programs in parallel

frameworks, an error-prone process that requires significant effort.
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Redundant recomputation Small changes to the input of a program require a complete re-execution, lead-
ing to many hours of wasted redundant computation. This is common in data processing (and preprocessing)
workloads, as well as in build, configuration, and setup programs. Domain-specific solutions (such as build

systems, e.g., make) address this issue for their use cases, but do not generalize or compose.

No support for contemporary deployments The shell’s core abstractions were designed to facilitate
orchestration, management, and processing on a single machine. However, the overabundance of non-
solutions—e.g., pssh, GNU parallel, web interfaces—for these classes of computation on today’s dis-
tributed environments indicates an impedance mismatch between what the shell provides and the needs of
these environments. This mismatch is caused by shell programs being pervasively side-effectful, and exacer-
bated by classic single-system image issues, where configuration programs, program and library paths, and

environment variables are configured ad hoc. The composition primitives do not compose at scale.

In this dissertation, I focus on addressing the scalability limitation, as well as taking some steps towards the

support for contemporary deployments.
2.4. Challenges

The aforementioned limitations have been plaguing the shell for many years; why have they not been ad-
dressed by subsequent research or newer shell implementations that try to improve on existing ones? I
conjecture that this is because of three challenges inherent to the shell that make it very hard to address
its limitations in a principled and general manner; some of the challenges depend on its fundamental char-
acteristics, and some are unfortunate results of its history. In particular there are three distinct challenges
with addressing the shell’s shortcomings that stem from its fundamental characteristics: (1) shell programs
compose arbitrary black-box commands that are developed in multiple programming languages and can-
not be analyzed in a unified way; (2) the language of the shell offers primitives that are highly dynamic,
making static analysis intractable; and (3) the shell specification is complex and different implementations
vary significantly, making it extremely hard for optimizations to achieve compliance with existing shells,

jeopardizing backwards compatibility.

Composition of arbitrary black-box commands The shell’s virtue of limitless composition and having

external black-box commands as first class citizens is also its vice: how does one analyze and transform
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a shell program if there is no precise model of all the commands that it uses? Any command invoked by
a shell program may translate to an execve of an arbitrary executable with unknown behavior. Calls to
execve make unified analysis very challenging, as different source languages won’t share semantics; binary
analysis—the lowest common denominator—cannot discover high-level invariants. This acts as a very high
barrier of entry for research and development of tools and analyses for the shell since researchers have to
either make a huge effort to hardcode the semantics of each command for their tools to work, or risk the tool

not being used widely.

Dynamic language primitives Shell programs are very succinct partly because of the existence of global
state, file system and environment variables, that can be accessed and modified at runtime. Accessing the
file system state at runtime can be considered as external nondeterministic input for the purposes of analysis,
and while this exists in other languages too, e.g., using eval in Javascript, shell scripts use these features
pervasively to change control flow and program execution. This means that the behavior of a shell pro-
gram cannot be known statically: an invocation to grep $X $DIR/*.c depends primarily on dynamically
computed values, including the state of the file system, the current directory, environment variables, and un-
expanded strings. This disallows any form of static analysis or transformation for improving the performance
of shell programs; a static analysis would either have to be unsound, assuming that the state before execution
will be the same as the state at runtime, or ineffective, conservatively assuming the worst for every part of

the state that can be modified at runtime.

Backwards compatibility The shell has very complex semantics and multiple diverging implementations,
making it very hard to achieve backwards compatibility for new shells and tools that address some of its
limitations. The semantics of the shell and common commands are documented in 300pp of standardese [22].
To be able to reason about a program’s behavior, one needs to understand the exact behavior of its composition
operators, the role of the environment, and the intricate state of the shell interpreter. Furthermore, there is no
single shell environment. Multiple shells (with subtle behavior differences) coexist in the same machine: a
pared down shell [34, 3] is used for startup programs, while bash [145] is a common interactive choice. Every
shell extends POSIX in its own way [78, 71]. The lack of an easy-to-use correctness baseline and the inability
to formally reason about the shell’s semantics inhibits research on the shell. On the other hand, developing

new shells with cleaner semantics is likely to fail without any consideration for backward compatibility. This
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challenge does not stem from inherent shell characteristics like the other two, but rather from the current
state of the world and past design decisions. Nevertheless, it is not possible to design solutions that address

the shell’s limitations without providing backwards compatibility to enable adoption.
2.5. Applications

Due to the shell’s general nature and the fact that it composes arbitrary external commands, it is used for a
wide variety of tasks including software builds, program and text analysis, system log analysis, filesystem
analysis, git history analysis, media conversion, natural language processing, web crawling, bioinformatics,
scientific computation, software distribution packaging, file encryption and compression, ML workflows,
container image build, distributed deployment orchestration, boot sequences, system administration, software
testing, and continuous integration workflows. Some of these tasks have been relevant for as long as the shell
exists, in fact the shell was created to perform them, while others correspond to contemporary demands. The
tasks also vary with respect to how interactive they are; the shell’s primitives work with both interactive and
non-interactive workloads, from brief ‘one-liners’ to get a quick job done to system and build programs that

consist of thousands lines of code.
2.6. Program development

The shell’s interactive nature leads to a program development process that is highly iterative, gradually tran-
sitioning to less interactive while the program converges and stabilizes: the programmer gradually explores
the data, refining the program in the process, slowly generalizing it to support the complete dataset and sat-
isfy its specification. The shell features facilitate such an exploratory and incremental approach—external
commands can be patched together succinctly to implement complex functionality and their effects can be

observed by inspecting the file system and performing quick analyses with other commands.

Fig. 2.1 illustrates the development process and contains two iterative cycles here: the smaller cycle (nodes
(1), (2), and (3)), is the debugging cycle, while the bigger cycle (nodes (1), (2), (3), and (4)) is the development
cycle. Initial iterations of the development cycle work with a manageable subset of the dataset, as the program
grows in capability so will the dataset it’s applied to. So iterating starts out fast—doing simple analyses on
small amounts of data—and gradually expands to a bigger dataset and more complex programs. Especially

on large data sets, the slowest part of the process is rerunning the program (node (2) to node (3)); the bigger
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Fig. 2.1: Shell programs are developed iteratively, with a debug cycle (nodes (1), (2), and (3); in gray) and development
cycle (nodes (1), (2), (3), and (4)). Improving program performance speeds up the bolded transition from node (2) to
node (3).

the program, the longer it runs—and the slower it is to discover errors.

It is particularly frustrating—and all too common—to run a program for minutes, hours, or even days, to
discover that the output is garbage. The wasted work is frustrating and becomes a bottleneck as the data and
program complexity grows. This is where addressing the shell’s performance limitations can have the biggest
impact; optimizing a program to better utilize underlying parallel and distributed computational resources

can significantly reduce execution time, improving the development workflow.
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CHAPTER 3

Related work

My dissertation has several axes of related work, from tooling specifically designed for the shell to just-in-

time compilation.
3.1. Ecosystem support and tooling for the shell

As described in Chapter 2, the shell has significant limitations and shortcomings, a fact that is widely accepted
in the community. To address these there has been a big body of prior work that has developed new shell
implementations and new abstractions, such as new programming languages for the shell, either replacing
or building on top of existing ones. In contrast to most prior work, my research does not attempt to replace
existing abstractions, instead aiming to be completely backwards compatible, requiring no modifications to
user programs or existing systems. The main reason that I have followed this approach is to enable adoption.
It is very hard for someone to replace all their legacy shell code in a new language to get performance or
other types of benefits, because the cost (development effort) and risk (bugs) is hard to justify by the potential

benefits. Therefore, all of the work described in this dissertation aims for complete backwards compatibility.

This section provides an overview of prior work on the shell, from work trying to achieve performance
benefits through parallelism and distribution, to build systems that focus on improving the performance of a

specific class of workloads, to work that tries to provide stronger correctness guarantees for shell scripts.

Parallel and distributed shells and tools Several packages expose commands for specifying parallelism
and distribution on modern UNIXes—e.g., qsub [63], SLURM [184], and GNU parallel [164]. These
packages allow multiplexing and parallelizing completely independent sets of workloads on a multiprocessor
machine or a distributed cluster. The effectiveness of these tools is predicated upon explicit and careful
invocation and is limited to embarrassingly parallel (and short) programs. Often, these packages provide
options to support an array of special sub-cases—a stark contradiction to the celebrated UNIX philosophy.
For example, parallel contains flags such as --skip-first-line, -trim, and --xargs, that a UNIX
user can achieve using head, sed, and xargs; it also includes other programs with complex semantics,

such as the ability to transfer files between computers, separate text files, and parse CSV. Finding the right
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combination of flags to achieve performance benefits without affecting the sequential behavior of the program
is challenging and puts significant burden on developers. Several shells, such as rc [50], gsh [117], and
dgsh [159] introduce primitives for non-linear pipe topologies—some of which target distribution. These
shells improve the expressiveness of traditional shells by allowing the creation of shell programs that go
beyond linear pipelines, describing streaming directed acyclic graphs that can be more naturally parallelized,
i.e., two nodes in the graph that do not depend on each other can be executed completely independently.
Here too, however, developers are expected to manually rewrite programs to exploit these new primitives.
My work aims to automatically optimize existing shell programs by exploiting available parallelization and

distribution potential without any requirements on the program developer.

POSH [144] is a recent shell for programs operating on NFS-stored data. POSH focuses on shell pipelines
that process input data that is partitioned on a cluster of nodes. By splitting up the pipeline and running
parts of it as close to the data as possible, it reduces network communication and overhead and achieves
significant performance benefits. POSH was developed concurrently with the work described in this dis-
sertation and also came up with a notion of command specifications to optimize scripts (similarly to the
specification framework described in Chapter 5). However, POSH can only optimize shell pipelines that are
fully expanded—i.e., ones that do not use dynamic features like variables and command substitution (see
Section 2.4). In contrast to POSH, my work operates on shell programs that use (1) any POSIX composition

primitive, and (2) the full set of dynamic features present in the UNIX shell.

Mosh [183] is a remote shell that is designed for intermittent and high-latency connectivity environments.
It is meant to be used as the backbone shell for managing a set of distributed computer nodes. It develops
a novel state synchronization protocol that improves latency and compared to SSH by speculatively echoing
user keystrokes before they have reached the server. This dramatically improves user-experience in low net-
work quality environments because the network latency is hidden from the user’s interactive terminal. The
goals of my work are orthogonal to Mosh: Mosh optimizes the network and terminal layers of the stack, im-
proving interactive remote shell user experience, while my work optimizes the execution of computationally

demanding and long running programs by leveraging parallel and distributed computational resources.
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Build systems Build systems target a specific class of workloads, where computation can be expressed
as a dependency graph of black-box tasks, allowing independent tasks to be processed independently and
in parallel. A quintessential such workload, which is also how these systems took their name, is building
software, including (1) configuration, determining relevant characteristics of the underlying system that affect
the build; (2) compilation, producing binary code from the program source code; (3) linking, creating a final
executable by collecting relevant libraries; (4) testing, running the executable on a representative set of inputs
to check that it behaves as expected; and (5) deployment, running the executable on the target system. Even
though software builds were the original use case for build systems, they are now used for a variety of
workloads that can be expressed using a dependency graph, often called workflows. Build systems and their
dependency graph representation also enables incremental execution, i.e., avoiding reexecution of parts of
the workflow when input has not changed. To achieve that, build systems need to discover the dependencies,
i.e., inputs and outputs, of all steps of the target workflow, which they achieve with a combination of user

input and dynamic tracing.

On one end of the spectrum, backward build systems like Make [160], OMake [80], Shake [126], Ninja [11],
Vesta [79], Buck [55], and Bazel [4], require user input to achieve performance benefits. Developers are
expected to explicitly describe the dependencies of each workflow step using some forms of annotations.
Using that information, they construct a dependency graph for each workflow and are able to parallelize and
execute it incrementally. The correctness and performance of these systems depends on the precision of
these annotations: missing a dependency might not trigger the right tasks when changes happen, and adding
too many dependencies might lead to redundant recomputation. My work borrows ideas from build systems,
i.e., modelling program fragments as graphs, albeit of a different type, but does not require users to describe
the dependencies for each program to achieve benefits; in contrast, it leverages specifications that need to be
written once per command and can be reused across different programs. The main difference of the graphs
used in this dissertation (see Chapter 4) and the graphs in build systems, is that graphs in my work describe
continuous dataflow computation, namely tasks that exchange data throughout their execution, instead of

dependencies where a task reads the complete output of another task when it is done executing.

On the other end of the spectrum, forward build systems like memoize [116], fabricate [83], Rattle [158]
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and more recently Riker [45], achieve incremental execution of shell programs by tracing program execution
and constructing the dependency graph at runtime. These systems do not make any assumptions about a
program’s execution or its commands and therefore do not require any kind of input from users to achieve their
benefits. However, being fully dynamic, these systems cannot perform optimizations such as parallelization
or distribution: it is too late to parallelize a command after it has started executing and performing side-
effects. My work combines command specifications and dynamic tracing to be able to handle all programs,
but also to achieve better performance for programs where more structure about each command is known.
Furthermore, my work introduces a formal model for an optimizable target fragment of the shell, enabling

optimizations that can be proved correct.

Serverless execution of workflows A recent system that has a similar architecture with the work described
in this dissertation is gg [59]. It enables distributing traditionally local applications, such as software builds,
unit testing, and other data processing tasks, over serverless functions. The key insight behind gg is that
it introduces an intermediate representation that describes dependency graphs of computation tasks. Each
node of this dependency graph abstraction is a computation thunk that has explicit inputs and outputs; given
the inputs and outputs of each thunk, it is possible to infer dependencies among them. Since each thunk is
independent, with explicit input requirements, it can easily be deployed in a lightweight container by col-
lecting all of its dependencies. This dependency graph is similar to the ones used in build systems, meaning
that in contrast to our dataflow model (Chapter 4) it does not describe continuous dataflow computation: a
task can start executing after all of its dependencies have been resolved. Furthermore, gg focuses on task
parallelism, i.e., each independent task in the dependency graph can be run in parallel, and does not apply

transformations on the graph that can introduce and exploit data-parallelism.

A benefit of gg’s intermediate representation is that it decouples programs (frontend) from their deployment
(backend). It supports several frontends, which can be broadly separated into two categories: (1) SDKs that
allow describing a computation as an explicit dependency graph in a language of choice (such as C++); and
(2) a model-based frontend that can automatically generate a dependency graph given a program that uses a
restricted set of components. The model-based frontend contains models of several third party commands,

mostly focusing on tools that are used in software builds, such as the compiler, assembler, and linker. These
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models are akin to the specifications that are described in this dissertation (Chapter 5), the main difference
being that they are more expressive, since they can be written in arbitrary code, even sharing code with
the command implementation itself. For example, gg’s model for the compiler preprocessor can correctly
determine that its input dependencies contain the header files that were included in the source file. In con-
trast, the specifications described in this dissertation are more restricted, i.e., can only describe inputs and
outputs that are explicitly referenced in command arguments, but might lead to simpler specifications for
simple commands. A comprehensive solution could combine both approaches, providing (1) a specification
language for simple commands (to have a low barrier of entry for users) and (2) a fully expressive model sub-
system that could describe arbitrary command behavior. Furthermore, gg’s model-based approach can only
capture dependencies that are fully described by the command models. This means that gg cannot capture
the dependencies between commands that are composed using arbitrary shell code. In contrast to gg, PASH
addresses this challenge by introducing a just-in-time execution model (see Chapter 7) that avoids reasoning

about arbitrary shell code by letting it execute in the shell prior to reasoning and optimizations.

Shell semantics There has been a recent resurgence of research studying the semantics of shell programs.
CoLiS [88] is a formally defined and well-behaved alternative shell language that was used as a compilation
target to study the behaviors of a large number of Debian package installation programs [26]. This study
detected a number of bugs and policy violations in these programs by leveraging a library of specifications
for many POSIX utilities [8§7]. Smoosh [71] develops a formalized, executable reference semantics for the
POSIX shell, aiming to address subtleties in the standard [22]. It identifies several divergent behaviors
between existing popular shell implementations and develops a new shell implementation that completely
follows the POSIX specification. My research builds on insights from both of these lines of work: Smoosh’s
semantics guides the JIT compiler architecture, its parsing library was the foundation of PASH’s parsing
library implementation (see Section 7.3), and the design of the command annotation language (see Chapter 5)

was guided by the specification of POSIX utilities, while focusing on a different set of properties.
3.2. Dataflow graph models

Directed graph models for parallel and distributed computation have been studied extensively, from the con-
text of synchronous languages (e.g., [104, 147, 29, 115]) to distributed batch and stream processing (e.g.,

[46, 129, 186, 67, 168, 113]). These models are often called dataflow graph (DFG) models, or simply
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dataflow, because edges capture the flow of data between different computation nodes. The main benefit
of such models is that they expose both (i) parallelism opportunities, i.e., each different node is a different
computational unit that can be executed in parallel, and (ii) parallelism restrictions, i.e., an edge implies that
there is some communication/synchronization requirement between the nodes it connects. This makes them
an ideal intermediate abstraction between high-level programs and parallel implementations since a com-
piler can transform a given program to a dataflow graph, which can then be optimized given the available

computational resources and requirements.

Since dataflow graphs have been studied in so many different contexts, there are many similar but subtly dif-
ferent models in the literature, each of which has suitable properties for a specific context. In this disseration
I am not interested in presenting a complete and thorough exploration of all such models; for that, the reader
can turn to one of many extensive surveys on the topic, e.g., the work by Lee [106] or the work by Johnson,
Hanna, and Millar [90]. I provide enough context on DFG models to situate the order-aware-dataflow model

(ODFM) that is proposed in Chapter 4.

One of the first works that proposed dataflow models as a semantics for parallel computation was the work
on Kahn process networks [93, 94]. In Kahn process networks a set of sequential processes communicate
through some unbounded first-in, first-out (FIFO) channels Some important properties of Kahn process net-
works are that they are deterministic, i.e., timing does not affect the results of their execution, and monotonic,
which means that the more input is consumed, the more output is produced; put differently, output cannot
be retracted once it is produced. Due to these properties, Kahn process networks are suitable for modeling
stream processing systems and they are also the model of communication of UNIX pipes. ODFM is a similar
model to Kahn process networks but focuses on the particularities of the shell and on enabling paralleliza-
tion transformations, and therefore differs from KPNs in two key ways: (1) it does not support cycles, and
(2) it exposes information about the input consumption order of each node. This order provides enough
information at compile time to perform parallelizing transformations while also enabling translation of the
dataflow back to a UNIX shell program. This makes ODFM strike a unique balance compared to most other
dataflow models. On the one hand we have more abstract DFGs used for data processing (batch or stream-

ing), where nodes do not expose information about the order in which they consume input from their edges;
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a choice that enables parallelization transformations but is not restrictive enough to capture the semantics of
shell programs. On the other, we have explicit dataflow models like the ones used in synchronous languages
(e.g., Lustre [147], Esterel [29], Signal [104]) that focus on efficient low-level implementations and therefore

require that each node takes very specific types of inputs.
3.3. Language parallelization support

Prior research on providing parallelization support for other languages and environments usually follows one
of two approaches: (1) developing a new higher-level language that is more amenable to parallelization, or (2)
developing analyses and tooling to extract parallelism from programs writen in existing mostly sequential
languages. The first approach (e.g., [60, 68, 102, 46, 186, 129, 40, 163, 25]) can usually achieve much
higher benefits, exploiting finer granularities of parallelization, but comes with all the drawbacks of switching
language environments: developers have to learn a new language that might not be as mature as existing
ones and have to rewrite their existing programs to achieve any benefit. My work differs in that it operates

on completely unmodified shell programs that exercise the whole gamut of POSIX shell behaviors.

The second approach develops tools that provide automatic parallelization for standard sequential code, re-
quiring no program modifications but often posing limitations with respect to the granularity of the paral-
lelism that they can extract. Developments started with explicit DOALL and DOACROSS annotations [38, 111],
continuing with analysis-based compilers [137, 75, 149], profiling-guided speculation [121, 169, 100, 89, 18],
and more recently using program synthesis to parallelize fragments of imperative code [152, 56, 57, 157].
These developments have achieved significant performance benefits through parallelization by exploiting
available multicore hardware for existing applications. My work draws inspiration from this line of work in
that it does not require manual modification to user code and it leverages run-time information to optimize
and parallelize user programs. However, these approaches operate at a lower level of abstraction than the
work described in this dissertation: they focus on extracting parallelism from single instructions and loops in
a single language environment. Instead, my work focuses on a broader, multi-language and whole-program
setting: given information about how each single command can be parallelized in a divide-and-conquer fash-
ion, it lifts parallelization across a whole program composing multiple such commands that are written in

different languages. This makes such techniques complementary to my work, since they can be used to derive
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aggregators and the parallelizability properties of yet unknown shell commands, enabling the parallelization

of programs that use them.
3.4. Distributed systems

The work described in this dissertation draws inspiration from several lines of work in the vast literature
of distributed systems; from the long line of work on operating systems for the management of distributed
clusters of computer nodes, to work on scalable data processing in the context of distributed compute re-
sources, to work on automated optimizations of black-box programs to exploit distribution through the use

of user-defined annotations.

Distributed operating systems There is a long history of networked and distributed operating systems [146,
179, 136, 128, 140, 151, 48, 24, 153]. These systems offer abstractions that (1) are similar, but not identical,
to the ones offered by UNIX, (2) operate at a lower level of abstraction (e.g., that of system calls, rather than
shell primitives), and (3) often aim at simply hiding the network rather than offering scalability benefits.
Many of these systems support alternative shells better suited to their purposes, e.g., rc for Plan9, that differ
in subtle or non-subtle ways from existing shells. My research takes a different approach: instead of re-
placing existing abstractions, it develops optimizations that provide performance benefits on top of existing

abstractions without requiring any rewriting of user programs.

Annotation-based transformations Recent systems [174, 138, 185] lower the developer effort of scaling
out program components by performing program transformations based on user-provided annotations. These
systems operate in single-language environments, offering declarative DSLs for tuning the semantics of the
resulting distributed program. These systems inspired my work and its use of command annotations to enable
the analysis and transformation of programs that use black box components. A difference of the annotations
in the context of PASH compared to these other systems is that annotations are more likely to be reused, since

many users have access to a same core set of commands, such as the POSIX and GNU Coreutils ones.

Distributed data processing Several systems assist in the development of distributed data processing ap-
plications [46, 130, 186, 129, 161, 40] that fall under certain computational classes such as batch and stream
processing. The systems deal with many of the challenges of distribution, such as crashes and network faults,

but require developers to (re)write their computations manually to reap their benefits. Some of these systems,
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e.g., Hadoop Streaming [74] and Dryad Nebula [85], also support third-party language-agnostic components
similar to the UNIX shell, atop cluster-computing engines (Hadoop and Dryad, respectively). Both require
their users to understand and rewrite their shell programs using the abstractions provided by each framework.
The main difference of PASH is that it operates on arbitrary shell programs, without requiring any rewriting

of the program from the user.
3.5. Just-in-time and staged compilation

A key component of this dissertation is the just-in-time optimization architecture described in Chapter 7.
This component is novel but draws inspiration from the long line of work on just-in-time compilation (for
an extended survey see Aycock [23]). Prior work on just-in-time compilation can be split in two categories;
it has been studied as (1) a compilation technique for interpreted languages such as JavaScript [65], where
critical type information is unavailable prior to execution; and (2) a performance optimization over ahead-
of-time compilation, allowing for specialization [167, 86], loop unrolling and function inlining [32, 141],
and other profile-guided optimizations [135, 97]. In addition to these two categories, there is also prior work
on staged compilation [42] and partial evaluation [91]—techniques that perform some compilation ahead-
of-time, waiting for the runtime to specialize and further optimize when there is more information about
the environment of the target program and how it is used. The key idea behind all of this prior work is
that compilation done at run-time can exploit an abundance of additional information compared to one done
statically, ahead-of-time. This information enables significant performance benefits and that is why today

many languages have a just-in-time or profile driven compiler.

The work described in this dissertation draws inspiration from work in both contexts—resolving unavailable
dynamic information at run-time and performing additional optimizations. It also leverages the optimistic
compilation technique employed commonly by just-in-time compilers: when it fails to compile (parallelize),
it simply runs the original fragment using the shell interpreter as a fallback. However, compared to most JIT
compilers, the just-in-time architecture described in Chapter 7 also deals with a different set of challenges:
it operates at a higher level of abstraction (no binary or bytecode, but rather a shell program), with no single

unified runtime (multiple runtimes and languages coexist during the execution of a shell program).
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CHAPTER 4

A formal model of a data processing fragment of the shell

Material from this chapter was previously published as “Shivam Handa, Konstantinos Kallas, Nikos Vasi-
lakis, and Martin C. Rinard. An Order-Aware Dataflow Model for Parallel Unix Pipelines. Proc. ACM Pro-
gram. Lang., S(ICFP), August 2021.” [76]. Shivam, Nikos, and I contributed equally to this work, developing

the formalization and order-aware dataflow model. I was the lead developer of the project’s implementation.
4.1. Introduction

UNIX pipelines are an attractive choice for specifying succinct and simple programs for data processing,
system orchestration, and other automation tasks [150]. Consider, for example, the following program based

on the original spell written by Johnson [27], lightly modified for modern environments:*

cat f1.md f2.md | tr A-Z a-z | tr -cs A-Za-z '\n' | sort | uniq | # (Spell)
grep -vx -f dict.txt - > out

cat out | we -1 | sed 's/$/ mispelled words!/'

The first command streams two markdown files into a pipeline that converts characters in the stream into
lower case, removes punctuation, sorts the stream in alphabetical order, removes duplicate words, and filters
out words from a dictionary file (lines 1 and 2). A second pipeline (line 3) counts the resulting lines to report

the number of misspelled words to the user.

As this example illustrates, the UNIX shell offers a programming model that facilitates the composition of
commands using unidirectional communication channels that feed the output of one command as an input to
another. These channels are either ephemeral, unnamed pipes expressed using the | character and lasting for
the duration of the producer and consumer, or persistent, named pipes (UNIX FIFOs) created with mkfifo
and lasting until explicitly deleted. Each command executes sequentially, with pipelined parallelism avail-
able between commands executing in the same pipeline. Unfortunately, this model leaves substantial data

parallelism unexploited.

“4Johnson’s program additionally used troff, prepare, and col -bx to clean up now-legacy formatting metadata that does not
exist in markdown. Moreover, comm -13 was replaced with grep -xvf to highlight crucial features of the model.
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To support the ability to reason about and correctly transform and parallelize UNIX shell pipelines, we present
a new dataflow model. In contrast to standard dataflow models [93, 94, 105, 107, 98], our dataflow model
is order-aware—i.e., the order in which a node in the dataflow graph consumes inputs from different edges
plays a central role in the semantics of the computation and therefore in the resulting parallelization. This
model is different from models that allow multiplexing different chunks of data in a single channel, such as
sharding or tagging, or ones that are oblivious to ordering, such as shuffling—and is a direct byproduct of
the ordered semantics of the shell and the opacity of UNIX commands. In the Spell script shown earlier,
for example, while all commands consume elements from an input stream in order—a property of UNIX
streams e.g., pipes and FIFOs—they differ in how they consume across streams: cat reads input streams in
the order of its arguments, sort -mreads input streams in interleaved fashion, and grep -vx -f first reads

dict.txt before reading from its standard input.

We use this order-aware dataflow model (ODFM) to express the semantics of transformations that exploit
data parallelism available in UNIX shell computations. These transformations form the basis of the paral-
lelization systems described in later chapters of this dissertation. We also use our model to prove that these

transformations are correct, i.e., that they do not affect the program behavior with respect to sequential output.

In summary, this dissertation chapter makes the following contributions:

e Order-Aware Dataflow Model: It introduces the order-aware dataflow model (ODFM), a dataflow
model tailored to the UNIX shell that captures information about the order in which nodes consume

inputs from different input edges (§4.4).

e Transformations and Proofs of Correctness: It presents a series of ODFM transformations for ex-

tracting data parallelism. It also presents proofs of correctness for these transformations (§4.5).

The chapter starts with an informal development building the necessary background (§4.2) and expounding
on Spell (§4.3). It then presents the main contributions outlined above (§4.4-4.5), compares with prior

work (§4.6), and offers a discussion (§4.7).

26



4.2. Background
This section reviews background on commands and abstractions in the UNIX shell.
4.2.1. UNIX Streams

A key UNIX abstraction is the data stream, operated upon by executing commands or processes. Streams are
sequences of bytes, but most commands process them as higher-level sequences of line elements, with the
newline character delimiting each element and the EOF condition representing the end of a stream. Streams
are often referenced using a filename, that is an identifier in a global name-space made available by the UNIX
file-system such as /home/user/x. Some streams can persist as files beyond the execution of the process,
whereas other streams are ephemeral in that they only exist to connect the output of one process to the input

of another process during their execution.
4.2.2. Commands

Each command is an independent computation unit that reads one or more input streams, performs a com-
putation, and produces one or more output streams. Contrary to programming environments with a closed
set of primitives, like Spark [186] and MapReduce [46], there is an unlimited number of UNTX commands,
each one of which may have arbitrary behaviors—with the command’s side-effects potentially affecting the
entire environment on which it is executing. These commands may be written in any language or exist only
in binary form, and thus UNIX is not easily amenable to a single parallelizability analysis. UNIX commands
are also often configurable, customizing their behavior based on the task at hand. This is usually achieved via
environment variables and command options and flags. Prior parallelization tools such as GNU parallel
leave such analysis to developers that have to ensure that the script behavior will not be affected by paral-
lelization. The work that is presented in later chapters of this dissertation instead introduces specification
libraries that identify and describe key properties that hold for entire classes of commands. For example, a
property that is useful for parallelization is whether a command is stateless, i.e., whether it maintains state
when processing different input items, or whether it processes each input line independently. Commands that

satisfy this property can be parallelized by splitting their inputs in lines and then combining their outputs.
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4.2.3. Order of input consumption

In UNIX, all streams are ordered and all commands consume elements from their streams in the order they
were produced. Additionally, most commands have the ability to operate on multiple files or streams.
The order in which commands access these streams is important. In some cases, they read streams in
the order of the stream identifiers provided. In other cases, the order is different—for example, an in-
put stream may configure a command, and thus must be read before all the others. Consider for example
grep -f words.txt input.txt, which first reads words.txt to determine the keywords for which it
needs to search, and then reads input.txt line by line, emitting all lines that contain one of the words in
words.txt. In other cases, reads from multiple streams are interleaved according to some command-specific

semantics.
4.2.4. Composition: UNIX Operators

UNIX provides several primitives for program composition, each of which imposes different scheduling con-
straints on the program execution. Central among them is the pipe (|), a primitive that passes the output of
one process as input to the next. The two processes form a pipeline, producing output and consuming input
concurrently and possibly at different rates. The UNIX kernel facilitates program scheduling, communication,
and synchronization behind the scenes. For example, Spell’s first tr transforms each character in the input
stream to lower case, passing the stream to the second tr: the two trs form a parallel producer-consumer

pair of processes.

Apart from pipes, the language of the UNIX shell provides several other forms of composition—e.g., the
sequential composition operator ( ;) for executing one process after another has completed, and control struc-

tures such as if and while. All of these constructs enforce execution ordering between their components.
4.3. Example and overview

This section provides intuition of the order-aware dataflow model proposed by following the different phases
of a shell-to-shell parallelizing compiler, formalized in the later sections. Given a script such as Spell (§4.1),
the compiler identifies its regions between synchronization barriers, translates them to DFGs (Shell-ODFM),

applies graph transformations that expose data parallelism on these DFGs, and replaces the original dataflow
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regions with the now-parallel regions (ODFM— Shell).

4.3.1. Shell-ODFM

Provided a shell script, the compiler starts by identifying subexpressions

FG2
that are potentially parallelizable. The first step is to parse the script, | we outsed

creating an abstract syntax tree like the one presented on the right. Here
prGi
we omit any non-stream flags and refer to all the stages between (and cat 1.md 2.md

including) tr and sort as a dotted edge ending with cat.

The compiler then identifies parallelism barriers within the shell script: these are operators that enforce
synchronization constraints, such as the sequential composition operator (“;””). We call any set of commands
that does not include a dataflow barrier a dataflow region. Dataflow regions are then transformed to dataflow

graphs (DFGs), i.e., instances of our order-aware dataflow model. In our example, there are two dataflow

regions corresponding to the following dataflow graphs:

DFG2
%l cat tr‘l---->|un1qD|'—>‘|FGlgr‘ep =)

As mentioned earlier (§4.2), the compiler exposes parallelism in each DFG separately to preserve the ordering
requirements imposed to ensure correctness. For the rest of this section we focus on the parallelization of

DFGI.

4.3.2. Parallelizable Commands
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Individual nodes of the dataflow graphs are shell commands. We Command Aggreg. Function

assume that we have access to relevant information for individ- cat cat $*
ual commands, e.g., whether they are amenable to divide-and- tr A-Z a-z  cat $*
. L . tr -d t $x
conquer data parallelism. Such data parallelism is achieved by roea cat $
sort sort -m $*
splitting the input into pieces (at stream element boundaries), pro-
uniq uniq $*

cessing partial inputs in parallel, and finally applying an aggrega- grep -f a - cat $*

tion function to partial outputs to produce the final output. This we -1 paste -d+ $x|bc

decomposition breaks a command into two components—a data- sed 's/a/b/! cat $x

parallel function, which is often the command itself, and an aggregation function. The table on the right

presents aggregation functions for the shell commands in our example (all of which are parallelizable).

T . . .
|l For example, consider the decomposition of the tr command. Applying tr over the
-r‘

entire input produces the same result as splitting the input into two, applying tr to
the two partial inputs, and then merging the partial results with a cat aggregation function. Note that both
split and cat are order-aware, i.e., split sends the first half of its input to the first tr and the rest to the
second, while cat concatenates its inputs in order. This guarantees that the output of the DFG is the same

as the one before the transformation.
4.3.3. Parallelization Transformations

Given the decomposition of individual commands, the compiler’s next step is to apply graph transforma-
tions to exploit parallelism present in the computation represented by the DFG. As each parallelizable UNIX
command comes with a corresponding aggregation function, the compiler’s transformations first convert the
DFG into one that exploits parallelism at each stage. After applying the transformation to the two tr stages,

the DFG looks as follows:

cat slitcat sortl. >
r

@
(catp{split]
@] DFGI

As long as tr takes more time to execute than scanning the input with split and concatenating the output

with cat, this transformation can improve performance compared to the original, given adequate parallelism.
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However we can do better! After these transformations are applied to all DFG nodes the next transformation
pass is applied to pairs of cat and split nodes: whenever a cat is followed by a split of the same width,
the transformation removes the pair and connects the parallel streams directly to each other. The goal is to
push data parallelism transformations as far down the pipeline as possible to expose the maximal amount of

parallelism. Here is the resulting DFG for the transformation applied to the two tr stages:

cat plsplit cat p{sortp{uni rep}

Applying this transformation to the first three stages—i.e., cat, tr, and tr—of DFG1 produces the following
transformed DFG.

@>{cat}>{trl{trl
N T N N HSOPt"’

The next node to parallelize is sort. To merge the partial output of parallel sorts, we need to apply a sorted
merge. (In GNU systems, this is available as sort -m so we use this as the label of the merging node.) The

transformation then removes cat, replicates sort, and merges their outputs with sort -m:
@ cat}>{tr}{trp{sort ~Q..
[ g ) g ) sort -mp{unigql{grep} >
@[ cat}={tr}={trp{sort DFGT

It then continues pushing parallelism down the pipeline, after applying a split function to split sort -m’s

outputs.

©>catp{tri>{trsort ]y:[sor‘t -mp{split
®>lcatp{tr}>{tr{sort DFGI

As mentioned earlier, a similar pass of iterative transformations is applied to DFG2, but the two DFGs are

[T

not merged to preserve the synchronization constraint of the dataflow barrier “;”.
4.3.4. Order Awareness

Data-parallel systems [46, 186] often achieve parallelism using sharding, i.e., partitioning input based on

some key, or using shuffling, i.e., arbitrary partitioning of inputs to parallel instances of an operator.
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However, these techniques cannot be directly applied to the context of the shell, since (1) UNIX commands
and pipelines assume strict ordering of their input elements; (2) most commands do not support sharding,
because their inputs cannot be processed independently if grouped by some key; and (3) many commands are
not commutative (e.g., uniq, cat -n). Since our goal is to define a model that applies directly to existing
shell scripts, we cannot simply introduce new primitives that support sharding or shuffling, as is done in
the case of systems that design an abstraction that fits their needs (e.g., MapReduce, Spark). Thus, data
parallelism in the shell requires a careful treatment of input and output ordering.

To further explain the need for order-awareness in a model for data parallel UNIX pipelines, O cat
let’s look at the following examples. Consider Spell’s cat f£1.md £2.md command that starts :
reading from £2.md only after it has completed reading £1.md; note that any or both input streams may
be pipes waiting for results from other processes. This order can be visualized as a label over each input
edge. Correctly parallelizing this command requires ensuring that parallel cat (and possibly followup stages)

maintains this order.

As a more interesting example, consider Spell’s grep, whose DFG is shown on the @ -
right. Parallelizing grep without taking order into account is not trivial, because

grep -vx -f’sinputsare not all equal: the dict list of patterns should not be split into two partial inputs fed
into two copies of grep. Taking input ordering into account, however, highlights an important dependency

between grep’s inputs. The dict stream can be viewed as configuring grep, and thus grep can be modeled

as consuming the entire dict stream before consuming partial inputs.

Armed with this insight, the compiler parallelizes grep by passing the same @
1

dict.txt stream to both grep copies. This requires an intermediary tee for f

duplicating the dict.txt stream to both copies of grep, each of which consumes the stream in its entirety

before consuming the results of the preceeding unigq.

Order-awareness is also important to translate the DFG back to a shell script. In the specific example we
need to know how to instantiate the arguments and options of each grep—e.g., grep -vx -f pl p2. Ag-

gregators are also UNIX commands with their own ordering characteristics that need to be accounted for.
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The order of input consumption in the examples of this section is statically known and can be represented for
each node as a set of configuration inputs, plus a sequence of the rest of its inputs. To accurately capture the
behavior of shell programs, however, ODFM is more expressive, allowing any order of input consumption.
The correctness of our parallelization transformations is predicated upon static but configurable orderings:
a command reads a set of configuration streams to set up the consumption order of its input streams which

are then consumed in-order, one after the other.
4.3.5. ODFM—Shell

The transformed graph is finally compiled back to a script that uses POSIX shell primitives to drive paral-
lelism explicitly. A benefit of the dataflow model is that it can be directly implemented on top of the shell,
simply translating each node to a command, and each edge to a stream. The generated parallel script for Spell

can be seen below.

mkfifo t{0..14} # DFG1: start
tr A-Z a-z < f1.md > t0 &

tr A-Z a-z < f2.md > t1 &

tr -d[:punct:] < t0 > t2 &

tr -d[:punct:] < t1 > t3 &

sort < t2 > t4 &

sort < t3 > tb &

sort -m t4 t5 > t6 &

split t7 t8 < t6 &

# ...

tee t9 > t10 < dict.txt &

grep -vx -f t9 - < t11 > t13 &
grep -vx -f t10 - < t12 > t14 &

cat t13 t14 > out &

wait
rm t{0..14} # DFG1: end
mkfifo t{0..8} # DFG2: start

split t0 t1l < out &

we -1 < t0 > t2 &
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we -1 < t1 > t3 &

paste -d+ t2 t3 | bc > t4 &

split t5 t6 < t4 &

sed 's/$/ mispelled words!/' < t§ > t7 &
sed 's/$/ mispelled words!/' < t6 > t8 &
cat t7 t8 &

wait

rm t{0..8} # DFG2: end

The two DFGs are compiled into the two fragments that start with mkfifo and end with rm. Each frag-
ment uses a series of named pipes (FIFOs) to explicitely manipulate the input and output streams of each
data-parallel instance, effectively laying out the structure of the DFG using explicit channel naming, UNIX
FIFOs are named in the filesystem similar to normal files. Aggregation functions are used to merge partial
outputs from previous commands coming in through multiple FIFOs—for example, sort -m t4 t6 and
cat t11 t12 for the first fragment, and paste -d+ t2 t3 | bcand cat t7 t8 for the second. A wait

blocks until all commands executing in parallel complete.

The parallel script is simplified for clarity of exposition: it does not show the details of input splitting,

handling of SIGPIPE deadlocks, and other technical details that are handled by the current implementation.

Readers might be wondering about the correctness of having two sed commands in the parallel script: won’t
the string “mispelled words” appear twice in the output? Note, however, that the behavior of this script is
the same as the original: it appends the string “mispelled words” on all output lines. Since the output of the
wc stage (fifo t4) only contains a single line, the second sed will not be given any input and thus will not

produce any output.

4.4. An order-aware dataflow model

In this section we describe the order-aware dataflow model (ODFM) and its semantics.
4.4.1. Preliminaries

As discussed earlier (§4.2), the two main shell abstractions are (i) data streams, and (i1) commands commu-

nicating via streams. We represent streams as named variables and commands as functions that read from
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Fig. 4.1: Dataflow Description Language (DDL). A language used to describe dataflow programs that consume a set
of inputs and produce a set of outputs using a graph of computation nodes.

and write to streams.

We first introduce some basic notation formalizing data streams on which our dataflow description language
works. For a set D, we write D* to denote the set of all finite words over D. For words x, y € D*, we write
X - y or xy to denote their concatenation. We write € for the empty word and L for the End-of-File condition.
We say that x is a prefix of y, and we write x < y if there is a word z such that y = xz. The < order is
reflexive, antisymmetric, and transitive (i.e., it is a partial order), and is often called the prefix order. We use
the notation D* - L to denote a closed stream, abstractly representing a file/pipe stream that has been closed,
i.e., one which no process will open for writing. The notation D* is used to denote an open stream, abstractly
representing an open pipe. In the rest of out formalization we focus on terminating streams, and therefore

terminating programs, since all of the data processing scripts that we have encountered are terminating.
4.4.2. Dataflow Description Language

Figure 4.1 presents the Dataflow Description Language (DDL) for defining dataflow graphs (DFG). A pro-
gram P in DDL is of the form 7; O; £ TandO represent sets of inputs and outputs, which are vectors of the
form x = (xy, X,, ..., Xx,). Variables x,, x,, ... represent DFG edges, i.e., streams used as a communication

channel between DFG nodes and as the input and output of the entire DFG.

1 is of the form input x, where X is the set of the input variables. Each variable x € I represents a file

file(x) that is read from the UNIX filesystem. Note that multiple input variables can refer to the same file.

O is of the form output x, where X is the set of output variables. Each variable x € O represents a file

file(x) that is written to the UNIX filesystem.

€ represents the nodes of the DFG. A node Node(f; x;; x,) represents a function from list of input variables
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(edges) X; to output variables (edges) x,.

A variable in DDL is assigned only once and consumed by only one node. Variables in T are never assigned in
£ and can only be consumed, and variables in O can not be read by any node in £. Also the sets 7 and @ must
be disjoint. All variables which are not included in 7 and O abstractly represent temporary files/pipes which
are created during the execution of a shell script. We assume that within a dataflow program, all variables are

reachable from some input variables. Finally, DDL does not allow the dataflow graph to contain any cycles.

DDL Nodes: Each DDL node corresponds to a command, and therefore needs to satisfy the following

properties.

First of all, we assume that commands do not produce output if they have not consumed any input, i.e., the
following is true:

(€,....€) = f(e,...,€).

This is not restrictive because we can model most commands as producing their first output either when they

receive their first line of input, or when their input is closed.

We also require that f be monotone with respect to a lifting of the prefix order for a sequence of inputs; that
is, V, 0,0, v;, ifv <V, (vy,...,v,) = f(v,1;) and (u’l, LU = f(U, 1), thenV k € [1,n]. v, < v;(. This

captures the idea that a node cannot retract output that it has already produced.

We assume that all functions f produce well-formed output, namely that they never produce more values
after they close an output stream with L. Additionally, we assume that a function f closes all of its outputs

if all of its inputs are closed, namely:

fl, -Liv,-1,...,0 - 1),

n

— (). ’ ’
-1) = (U1 Luo-L1,...,0
At any point in time, a command f is waiting on a new message from a subset of its inputs, meaning that if
a message arrives in any of these inputs, f* can take a processing step. We introduce a function choice , that

returns a set of input indexes to represent this input consumption order. For example, the choice, , function

cat
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NOde(f 3 X s +vv s Xp ovn s X3 X\, ...,x;) eE& v - vy, <T(xp)
lo,|=1vo, =1 k € choice,(vy, ..., v,)
(oo = [f (W1, ..o o0, - 0]

I;(D;é‘l—l“[x’1 — U’l,...,x
F[x’1 - U’l'v’l",...,x;) .

) STEP
- Up],c[xl = U1y, X = Upy o, X = U]
Ul olxy = U X 2 U Uy X, 2 0]

Fig. 4.2: Small Step Execution Semantics for DDL. A single step represents the computation of a dataflow node after
it has consumed a new input message.

for the command cat always returns the next non-closed index—as cat reads its inputs in sequence, each
one until depletion.

{k+1} =choice,,(v;- L, ..., v L,vgpqs-..50,).

For a choice ; function to be valid, it has to return an input index that has not been closed yet. Formally,
S = choicef(vl, U ) = kKES.

We assume that the set returned by choice ; cannot be empty unless all input indexes are closed, meaning that

all nodes consume all of their inputs until depletion even if they do not need the rest of it for processing.

Finally, we introduce an execution wrapper [-]; that describes the latest output of a command given its newly
consumed input. We write v, ov, only in the context of [], to identify the current input message that was
consumed for this step. This is in contrast to v, - v, which simply represents the concatenation of two values.

For any f, the output of [-], is defined as follows:

(vl ..., U;”) = [f(vy, ..., 0600, ..., 0,)];
if and only if
(U’l,v;, ...,U;) = f(U1seee s Uy o s U, A (v’1 - o, ...,U; . v;") = f(U] cor s U Uyyonn U).
Processing inputs vy, ..., vy, ..., 0, and then message v, is equivalent to processing all input vy, ..., v,
Uy, ..., U, at once.
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4.4.3. Semantics

Figure 4.2 presents the small step execution semantics for DDL. A map I" associates variable names to the
data contained in the stream it represents. A second map o associates the same variable names to the data in
the stream that has already been consumed—capturing the read-once semantics of UNIX pipes. Both I" and o
have the same domain, containing mappings for all the variables in the program. We write P +T',6 w I, ¢’
when a DDL program P = T; O; € steps from state I', 6 to state [/, 6’. We use w* to denote 0 or more such

program steps.

The small step semantics nondeterministically picks a variable x,, such that k € choice f(Ul, s, Uy, e, fis
waiting to read some input from x,, and 6(x;) < I'(x;), i.e., there is data on the stream represented by variable
x, that has to be processed. The execution then retrieves the next message v, to process, and computes new
messages U7, ..., U;’: to pass on to the output streams x’l, ,x; . Note that any of these messages (input or

output) might be L.

The messages vY', ..., v;" are passed on to their respective output streams (by updating I'). Note that the size
of the output messages could vary, and they could even be empty. Finally, ¢ is updated to denote that v, has

been processed.
4.4.4. Execution Properties

Let P = 1;0; & be a dataflow program, where 7 = input X; are the input variables, and output X, are the
output variables. We denote the initial mapping ¢ for any such program as o;, where all variables are mapped
to the empty string ¢, i.e., no data has been consumed by any node yet. Let I'; be the initial mapping I for
any dataflow program. We assume that all non-input variables x & X;, map to the empty string I';(x) = €. In
contrast, all input variables x € X;,, i.e., files already present in the file system, are mapped to the contents of
the respective input file I';(x) = v- L. We say that a mapping I" or ¢ is closed if and only if all of its variables
are closed, i.e., Vx,I'(x) = v - L. When no more small step transitions can take place (i.e., all commands
have finished processing), the dataflow execution terminates and the contents of output variables in O can be

written to their respective output files.

Theorem 1. Given a program P = 1;0; € and starting maps I'; and o;, the following statement is true for
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any Node(f;xl,...,xn;x;,x’z,...,x;) € Eand for any T, 6 such that P+ T';,6; »* T, 0:

(F(x’l), ,F(x;)) = f(o(xy),...,0(x,)).

Proof. Proof by induction on the number of execution steps.

Base Case: Let I'; and o, be the initial mappings. For any x; in (x;, ..., x,,) we know that ¢;(x) = €, which
means no input has been consumed. Similarly for all x;. in (x’l, ,x; ) we know that I';,(x) = e, since
x’l, ey x; are not input variables to the DFG so they will be initialized to e. Given that all functions do not

produce output if they have not consumed input, i.e., {¢,...,€) = f(e, ..., €), the following holds:

(Fi(x'l), ,Fi(x;)) = f(o,(x}), ..., 0,(x,)).

Induction Case: Let I" and o be the mappings after n execution steps such that the following statement is

true:

(F(x’l), ,F(x;)) = f(o(x;),...,0(x,)).

We need to show that after a single execution step P - I', 6 w I, 6/, the following holds:

(F'(x'l), ,F'(x;)) = f(c'(x)),...,0'(x,)).

Case 1 (a different node of the DFG took a step): 1f the o mappings o(x;) = ¢’(x;) are the same for all inputs
i € [1,n], then no message was consumed by node f and therefore the I' mappings for x’1 yees x; were not
updated (since only a single node, in this case f, writes to each variable). More precisely for all k € [1, p]

we know that F(x;C) =1 (x;(). Then, assuming the induction hypothesis, the following statement is true:

(F'(x'l), e F'(x;)) = f(a'(xl), e a'(xn)).

Case 2 (node f took a step): If there exists an i € [1, n] such that 6/(x;) = 6(x;) - v,, where v, # ¢, then a

message v, was processed. Note that the above statement can only be true for a single 7, so for all j # i we
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know that 6(x;) = ¢’(x)).

The following statement is true from our induction hypothesis:

(F(x’l), ,F(x;)) = f(o(xy),...,0(x;),...,0(x,)).
and from small step semantics, for all k € [1, p] we know that T (x}) = I'(x}) - v}, where:

(vfs ..., U;”) = [f(o(x)), ..., 0(x;)o0y, ..., 6(x,)],-
Using the definition of [-], the following statement is true:

(F(x'l) S ,F(x;) . vZ’) = flo(x)),...,0(x;) Uy, ..., 0(x,)).
Therefore, the following is true:
<F’(x'1), ,F’(x;)) = (6’ (x)),...,6'(x;), ..., 6'(x,)).

This concludes the inductive case and the proof. O

We now define a lemma that relates the data that is contained in a stream with the data that is read by its

consumer.

Lemma 1. Given P = 1;0; € and I';,0;,T', 6 such that P & T';,0; w* I, 0, then for all variables x in a

program P, the consumed data o(x) is a prefix of the data contained in I'(x), more precisely o(x) < I'(x).
Proof. By induction on the steps w™. O

We are now ready to state the main property of the execution of a DDL program, namely, when a DDL
program terminates, the data in its streams can be precisely determined by the outputs of its nodes f when

given all their closed input, without needing the small step execution [-].
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Theorem 2. Given P = 1;0; € andT';,0,,1',0 such that P - 1';,0; »* I',0 and both I and o are closed,

then for all Node(f; X1, ..., X,; x’l, . x;) € &, the following holds:

S@T(xy),....IT(x,)) = (F(x'l), ,F(x;)).

Proof. Given Theorem 1, we know that

flo(x)),...,0(x,)) = (F(x'l), ,F(x;)).

Using Lemma 1 and the fact that o is closed, we know that o(x) < I'(x) for any x, and so

F@OGD, . T(xy)) = (T, .. . T(x))),

which concludes the proof. O

4.5. Parallelization transformations

In this section we define a set of transformations that expose data parallelism on a dataflow graph. We start
by defining a set of helper DFG nodes and a set of auxiliary transformations to simplify the graph and enable
the parallelization transformations. Then we identify a property on dataflow nodes that indicates whether the
node can be executed in a data parallel fashion. We then define the parallelization transformations and we

conclude with a proof that applying all of the transformations preserves the semantics of the original DFG.
4.5.1. Helper Nodes and Auxiliary Transformations

Before we define the parallelization transformations, we introduce several helper functions that can be used
as dataflow nodes. We assume that all nodes satisfy the assumptions described in Section 4.4.2. Note that
we do not describe the streaming behavior of helper functions, i.e., their outputs on open inputs, allowing
for multiple streaming implementations as long as they are monotone (Section 4.4.2) and they agree with the

helper function characterizations below.

The first function is Node(cat; x;; x), which behaves the same as the UNIX command cat. Given a list of
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input variables cat combines their values into a single output variable:

cat(v; - Lo, - L, ...,v, - L) =0y 0y... - L.

m

The second function is Node(tee; x;; x), the behavior of which corresponds to the UNIX command tee, i.e.

copying its input variable to several output variables.

tee(v- L)y=(v-1,...,v-1).

The third function is Node(relay; x; x”), which works works as an identity function.

relay(v-1)=v- L.

Finally, we have Node(split; x;; X), which takes a single input variable (file or pipe) and sequentially splits it

into multiple output variables. Its behavior is characterized as follows:

split(v; - vy ... - v - L) =(v; - Livy- L, oo, - L L)

In contrast to the aforementioned nodes, this characterization does not uniquely define a single split function
since there are many different ways to split its input. This allows the implementation to choose one of many
different instantiations of split to achieve different performance characteristics without affecting correctness;

the only requirement is that the instantiation satisfies the split property.

Using these helper nodes, our compiler performs a set of auxiliary transformations that are described in
Figure 4.3 and depicted in Figure 4.4. Since relay acts as an identity function any edge can be split in two
edges composed through a relay. Spliting in multiple stages to get n edges is the same as splitting in one step
into n edges. Similarly, combining n edges in multiple stages is the same as combining » edges in a single
stage. If we split an edge into n edges and then combine the n edges back, this behaves as an identity. A cat
can be pushed following a tee by creating n copies of the tee function. If a cat has single incoming edge, we

can convert it into a relay. If a split has a single outgoing edge, we can convert it into a relay. A split after a
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xX¢1;09;,&
& = &X' /x]
1;0; & < I,0; & U {Node(relay; x; x")}

RELAY

X, X' € 1;0:E
E = {Node(split; x; x, x1), Node(split; x; xy, ..., x;), Node(split; x5 x; , 1, ... ,xm)}

1;0,EU {Node(split;x;xl, ,xm)} STI1,0;EUE

SPLIT-SPLIT

X, X, & L;0; &
E = {Node(cat;xl, -oo» X3 x.), Node(cat; Xy, ..., X,,5 X.), Node(cat; xc,xé;x)}

1;0:;& U {Node(cat; x|, ..., x x)} <= T1,0,EVE

CONCAT-CONCAT

> m$
X150 X, € (T1;0;8)
E = {Node(split;x;xl, ..., X,), Node(cat; x1, ..., x,; x), }
I,0;Eu {Node(relay;x;x’)} =TI,0,EUE

SPLIT-CONCAT

x],x‘lj,xz,xg,.. x x ¢I(98

E = {Node(tee;xl;x x ) Node(tee; xz,x 2 ,Node(tee;xn;xz,xg),
Node(cat; x{, x}, ..., Xis; x,), Node(cat; x g,...,xZ;x;)}
TEE-CONCAT
1;0;EuU {Node(cat;xl,xz, ey X3 X), Node(tee;x;xo,x;)} STI1,0;EUE
ONE-CONCAT
1;0; £ U {Node(cat; x; x")} < I,0; & U {Node(relay; x; x")}
ONE-SPLIT

T;0; € U {Node(split; x; x")} < T;0; € U {Node(relay; x; x")}

E= {Node(relay;xl;x’) Node(relay;xz;x’) Node(relay;xn;x;)}
1;0; &€ U {Node(cat; x , x5, ..., x X, X)) = T1,0,EVE

CONCAT-SPLIT
; x), Node(split; x; x

’ I’l’

)

Fig. 4.3: Auxiliary transformations applied by the compiler on dataflow programs to enable the parallelization trans-
formation.
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Fig. 4.4: Visualization of auxiliary transformations applied by the compiler on dataflow programs.
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cat can be converted into relays, if the input arity of cat is the same as output arity of split. The first seven
transformations can be performed both ways, while the last transformations can only be applied from left to
right; applying it from right to left would require carefully selecting which edges to apply it to, to not create

invalid and circular programs.
4.5.2. Data Parallelism and Transformations

The dataflow model exposes task parallelism as each different node can execute independently—only com-
municating with the other nodes through their communication channels. In addition to that, it is possible to

achieve data parallelism by executing some nodes in parallel by partitioning part of their input.

Sequential Consumption Nodes: We are interested in nodes that produce a single output and consume
their main inputs in sequence (one after the other when they are depleted), after an initialization phase of
consumption of configuration inputs. There are several examples of shell commands that correspond to such
nodes, e.g. grep, sort, grep -f, and shalsum. Let f be such a node, where x’ = f(x,,...,x,,,,) and
Xy, X5, ..., X, represent the configuration inputs and x,4, ..., x,,,, represent the sequential consumption
inputs. Without loss of generality we assume that the configuration inputs are the first inputs of a node and

the rest are sequentially consumed.

The consumption order of such a command is shown below:

{i © i <nA-closed(v;)} if 3i < n, —closed(v;)
choice ;(v) =

{i 1 Vj <i,closed(v;)} otherwise
If we know that a command f satisfies the above property we can represent it as f(xy, ..., X,, X, * ...),

essentially concatenating its sequential inputs into a single input.

Data Parallel Nodes: We now shift our focus to a subset of the sequential consumption nodes, namely
those that can be executed in a data parallel fashion by splitting their inputs. These are nodes that can be
broken down in a parallel map f,, and an associative aggregate f.. Formally, a data parallel node has to

satisfy the following (for simplicity we show the requirement for a single configuration input v,):

fav..ov,) = f.(U, [n0e01)s f[ru(Ues U2), ooy [0 (U5 U)).
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'EREE

PARALLEL

Fig. 4.5: Parallelization transformation applied by the compiler on the dataflow program to expose available data
parallelism.

cat

t 1
ee f L

Fig. 4.6: Visualization of parallelization transformation applied by the compiler on dataflow programs.

Note that the above property does not depend on a specific input “split”, and can support splitting the input
in arbitrary points, e.g., setting v; to contain all input and all the rest (v,, ...) to contain e. This is why the
transformations described later are correct even though the characterizatin of the split auxiliary function is
nondeterministic. We denote data parallel nodes as dp(f, f,,, f,) Example of such a node that satisfies this

property is the sort command, where f,, = sort and f, = sort -m.

An important observation is that a subset of all data parallel nodes are trivially parallelizable, meaning that

fm=fand f, =cat.

We can now define a transformation on any data parallel node f, that replaces it with a map followed by
an aggregate. This transformation is described in Figure 4.5 and depicted in Figure 4.6. Essentially, all the
sequential consumption inputs (that are concatenated using cat) are given to different f,, nodes the outputs
of which are then aggregated using f, while preserving the input order. Note that the configuration inputs
have to be duplicated using tee to ensure that all parallel f,, and f, instances will be able to read them in

case they are pipes and not files on disk.

Using the auxiliary transformations—by adding a split followed by cat before a data parallel node, we can
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always parallelize them using the parallelization transformation.

Correctness of Transformations: We now prove a series of statements regarding the correctness of our
transformations after describing what it means for two programs to be equivalent. Our notion of equivalence
only refers to executions that terminate, akin to partial correctness, because out transformations focus on
improving the performance of batch computation scripts, assuming that the user only observes the output
of a script once it is done executing. Intuitively, dataflow programs are guaranteed to terminate because (1)
they do not have cycles; (2) all variables are reachable from the input variables; and (3) all of their nodes
are assumed to terminate, meaning that if their inputs are closed with L, they will eventually stop producing

output and close their outputs with L.

Program Equivalence: Let P = 1,0;€ and P! = 1';09';&" be two dataflow programs, where T =
(Xt X, T = (¥, O = (xS, x0), and O = (y9,...,y%). We say that two programs are
equivalent if and only if given any executions P - T';,0; w* I',c and P’ - T, 0] ~»* I, ¢’ that terminate,
i.e.,T,0,I", ¢ are all closed, and given that all initial input values are equal, i.e., for all k € [1,n]. T';(x}) =

F; (yjc), then the values of output variables are the same, i.e., for all k € [1, m]. F(xZ) =TI (yZ).

Theorem 3. Let P = T;0;E U E and p' = (I;0;E U E’") be two dataflow programs. Let S; be the set of
input variables in node set E (variables read in E but not assigned inside E). Let S, be the set of output
variables in the node set E (variables assigned in E but not read inside E). Let Sl.’ , S; be the input variables
and output variables of E'. We assume S; = S| and S, = S!. If S;; S,; E is equivalent to S!; S!; E', then

program P is equivalent to P'.

Proof. We want to show that for any executions P + I';,0; w* I',o and P’ - I'},0] ~* I", 0’ that ter-
minate, I'(x}) = I (¥7) holds for all k € [1,m] as long as all initial input values are equal, i.e., for all

k €[1,n]. F,-(x;;) = Fl’.(y;'c).

First, we know that I'(x) = I'(x) for any x in S;, as the dataflow graphs are acyclic and the subgraphs which
compute variables in S; are the same in both P and P’, and the outputs in terminated programs are only

determined by the nodes and inputs (according to Theorem 2).
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Given that, and since S;; S,; E is equivalent to S;; S,; E’, we know that I'(x) = I'(x") for all x in S,.

Using Theorem 2 we can now show that all the rest of the variables (and therefore also output variables x in

) have equal mappings, i.e., I'(x) = I'(x).

Therefore, both P and P’ are equivalent. O

Theorem 4. The transformations presented in Figure 4.3 and Figure 4.5 preserve program equivalence.

Proof. We use Theorem 3 to only show equivalences for the transformed subgraphs. The equivalence for
all transformations then follows directly from the semantics of the special nodes cat, relay, split, tee, and the

properties of f,, and f, for data parallel commands f. O

4.6. Related work

Dataflow Graph Models: Graph models of computation where nodes represent units of computation and
edges represent FIFO communication channels have been studied extensively [47, 98, 107, 105, 93, 94].
ODFM sits somewhere between Kahn Process Networks [93, 94] (KPN), the model of computation adopted
by UNIX pipes, and Synchronous Dataflow [107, 105] (SDF). A key difference between ODFM and SDF is
that ODFM does not assume fixed item rates—a property used by SDF for efficient scheduling determined at
compile-time. Two differences between ODFM from KPNss is that (i) ODFM does not allow cycles, and (ii)
ODFM exposes information about the input consumption order of each node. This order provides enough
information at compile time to perform parallelizing transformations while also enabling translation of the

dataflow back to a UNIX shell script.

Systems for batch [46, 129, 186], stream [67, 168, 113], and signal processing [107, 33] provide dataflow-
based abstractions. These abstractions are different from ODFM which operates on the UNIX shell, an exist-

ing language with its own peculiarities that have guided the design of the model.

One technique for retrofitting order over unordered streaming primitives such as sharding and shuffling is to
extend the types of elements using tagging [21, 181, 20]. This technique would not work in the UNIX shell,

because (1) commands are black boxes operating on stream elements in unconstrained ways (but in known
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order), and (2) because data streams exchanged between commands contain flat strings, without support for
additional metadata extensions, and thus no obvious way to augment elements with tags. ODFM instead
captures ordering on the edges of the dataflow graph, and leverages the consumption order of nodes (the

choice function) in the graph to orchestrate execution appropriately.

Synchronous languages [104, 147, 29, 115] model stream graphs as circuits where nodes are state machines
and edges are wires that carry a single value. Lustre [147] is based on a dataflow model that is similar to

ours, but its focus is different as it is not intended for exploiting data-parallelism.

Semantics and Transformations: Prior work proposes semantics for streaming extensions to relational
query languages based on dataflow [109, 19]. In contrast to our work, it focuses on transformations of time-

varying relations.

More recently, there has been significant work on the correct parallelization of distributed streaming appli-
cations by proposing sound optimizations and compilation techniques [81, 154], type systems [114], and dif-
ferential testing [96]. These efforts aim at producing a parallel implementation of a dataflow streaming com-
putation using techniques that do not take into account the order of consumption of each node—preventing

them from being applicable in our setting.

Recent work proposes a semantic framework for stream processing that uses monoids to capture the type
of data streams [112]. That work mostly focuses on generality of expression, showing that several already
proposed programming models can be expressed on top of it. It also touches upon soundness proofs of

optimizations using algebraic reasoning, which is similar to our approach.

Divide and Conquer Decomposition: Prior work has shown the possibility of decomposing programs
or program fragments using divide-and-conquer techniques [152, 56, 57, 157]. The majority of that work
focuses on parallelizing special constructs—e.g., loops, matrices, and arrays—rather than stream-oriented
primitives. Techniques for automated synthesis of MapReduce-style distributed programs [157] can be of
significant aid for individual commands. In some cases [56, 57], the map phase is augmented to maintain
additional metadata used by the reducer phase. These techniques complement our work, since they can be

used to derive aggregators and the parallelizability properties of yet unknown shell commands, making them
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possible to capture in our model.

Parallel Shell Scripting: Tools exposing parallelism on modern UNIXes such as gsub [63], SLURM [184],
AMES [187] and GNU parallel [164] are predicated upon explicit and careful orchestration from their
users. Similarly, several shells [50, 117, 180, 159] add primitives for non-linear pipe topologies—some of
which target parallelism. Here too, however, users are expected to manually rewrite scripts to exploit these

new primitives without jeopardizing correctness.

POSIX Shell Semantics: Our work depends on Smoosh, an effort focused on formalizing the semantics of
the POSIX shell [71]. Smoosh focuses on POSIX semantics, whereas our work introduces a novel dataflow
model in order to transform programs and prove the correctness of parallelization transformations on them.
One of the Smoosh authors has also argued for making concurrency explicit via shell constructs [69]. This is
different from our work, since it focuses on the capabilities of the shell language as an orchestration language,

and does not deal with the data parallelism of pipelines.

Parallel Userspace Environments: By focusing on simplifying the development of distributed programs,
a plethora of environments inadvertently assist in the construction of parallel software. Such systems [136,
128, 24], languages [177, 155, 99], or system-language hybrids [140, 175, 52] hide many of the challenges
of dealing with concurrency as long as developers leverage the provided abstractions—which are strongly
coupled to the underlying operating or runtime system. Even when these efforts are shell-oriented, such as
Plan9’s rc, they are backward-incompatible with the UNIX shell, and often focus primarily on hiding the

existence of a network rather than on modelling data parallelism.
4.7. Discussion

Directly accessing the IR in the implementation: Our implementation currently allows manually devel-
oping programs in the ODFM intermediate representation. However, this interface is not that convenient to
use as an end-user since it requires manually instantiating each node of the graph with the necessary com-
mand metadata, e.g., inputs and outputs. It would be interesting future work to design different frontends
that interface with this IR. For example, a frontend compiler from the language proposed by dgsh [159]; a
shell that supports extended syntax for creating DAG pipelines. The IR could also act as an interface for

different backends, for example one that implements ODFM in a distributed setting.
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Parallel Script Debugging: Debugging standard shell pipelines can be hard and it usually requires several
iterations of trial and error until the user gets the script right. Our approach does not make the debugging
experience any worse, as the system produces as output a parallel shell script, which can be inspected and
modified like any standard shell script (as seen in §4.3). For example, a user could debug a script by re-
moving a few stages of the parallel pipeline, or redirecting some intermediate outputs to permanent files for
inspection. This is possible because of the expressiveness of ODFM and the existence of a bidirectional
transformation from dataflow programs to shell scripts, which allows the compiler to simply use a standard

shell such as bash as its backend.

An approach that is particularly helpful, and which we have used ourselves, is to ask the compiler to add
a relay node between every two nodes of the graph and then instantiate this relay node with an identity

command that duplicates its input to its output and also a log file.

tee $LOG < $IN > $0UT

This allows for stream introspection without affecting the behavior of the pipeline, facilitating debugging

since the user can inspect all intermediate outputs at once.

Stream Finiteness and Extensions: In our current model, parallelism is achieved by partitioning the finite
stream, processing the partitions in parallel, and merging the results. Therefore, our model cannot support
nonterminating computations over infinite data streams. All of the data processing scripts that we have

encountered conform to this model and are terminating.
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CHAPTER 5

Specification framework

Material from this chapter was previously published as “Nikos Vasilakis, Konstantinos Kallas, Konstantinos
Mamouras, Achilles Benetopoulos, and Lazar Cvetkovi¢. PaSh: Light-Touch Data-Parallel Shell Processing.
In Proceedings of the Sixteenth European Conference on Computer Systems, EuroSys *21, page 49-66, New
York, NY, USA, 2021. Association for Computing Machinery.” [173]. Nikos Vasilakis and I were the
primary authors of this paper and contributed equally to all parts of the work; the rest of the coauthors
contributed with the development of some command specifications and runtime components, as well as with

the system evaluation.
5.1. Int