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Koala is a benchmark suite for research targeting the Unix and Linux shell. Koala combines a systematic
collection of diverse shell programs collected from tasks found in the wild, various real inputs to these
programs that facilitate small and large deployments, extensive analysis and characterization aiding their
understanding, and additional infrastructure and tooling aimed at usability and reproducibility in systems
research. The Koala benchmarks perform a variety of common shell tasks; they combine all major language
features of the POSIX shell; they use a variety of POSIX, GNU Coreutils, and third-party components; and
they operate on inputs of varying size and composition—available on both permanent archival storage and
scalable cloud storage. Applying Koala to six systems that affect shell program execution, ranging from
the underlying interpreter to bolt-on incremental execution, offers a broader perspective on their trade-offs,
generalizes their key results, and contributes to a better understanding of these systems.

CCS Concepts: • General and reference → Evaluation; • Software and its engineering → Scripting
languages.
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1 Introduction

Shell programming is as prevalent as ever. It consistently ranks among the top ten programming
languages, with a recent popularity increase that dwarfs those of established languages such as
C and Python [28]. These trends are mirrored by recent academic activity on the shell aimed at
accelerating shell programs through parallelization [45, 80, 92], distribution [58, 76], and other
forms of scale-out [30, 51, 55, 81].

Unfortunately, research on the shell is often held back by the absence of an established benchmark
suite—a systematic collection of representative, diverse, and well-studied programs released as a
reusable artifact. Consider the difficulties that the Shark authors faced in evaluating the benefits of
its program transformations [4]:
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To our knowledge, there does not exist a set of shell language benchmarks. We present
preliminary results on a handful of microbenchmarks that we wrote ourselves.

The absence of such a suite decelerates research on the shell, as authors waste time searching
for new benchmarks; eschews core scientific principles, such as replicability and reproducibility,
and hinders fair comparison, as different systems are compared against different baselines; creates
additional and unnecessary work, as it forces researchers to hand-roll their own benchmarks;
and limits the impact of otherwise sound and applicable techniques, given the lack of supporting
evidence.
The Koala benchmarks: This paper presents Koala, a benchmark suite aimed at research
targeting the Unix or Linux shell—an environment often used to compose and orchestrate hetero-
geneous, opaque components whose internal state is invisible to the runtime itself (i.e., arbitrary
executables). Koala combines a collection of diverse, real-world, POSIX shell programs; realistic
inputs of varying size; extensive analysis and characterization of these benchmarks; and additional
infrastructure for packaging, automation, and reporting aimed at reusability and reproducibility.
Its goal is to enable and support research on general optimizations on shell programs, as well as
broader systems research within the context of the shell and, more generally, computations across
component boundaries—e.g., analytics, automation, exploratory computing, network monitoring,
continuous integration and deployment etc. (see §2–3).
The Koala benchmarks are sourced from multiple time periods and perform a wide variety of

tasks typically found in the shell—including log analysis, data processing, system administration,
bioinformatics, software building, and security auditing. They combine all major language features
of the POSIX shell; use a variety of POSIX, GNUCoreutils, and third-party commands; and operate on
inputs of varying size and composition—available via both permanent archival storage and scalable
cloud storage for rapid access. Additional automation aims at setting up Koala across a variety
of environments, confirming input and output correctness, and reporting on several execution
characteristics. This additional automation is structured to maximize usability, configurability,
replicability, and reproducibility.

Extensive analysis of the Koala suite reveals that it covers the full range of features of the POSIX
shell; represents these features in proportions that align with real-world shell scripts; captures a
wide range of script sizes, complexities, and styles—reflecting the shell’s diverse use cases; and
exhibits a variety of runtime characteristics—from compute- to memory- to I/O-intensive and
short-lived to long-running computations.

In summary, Koala makes the following contributions. First, a systematic and diverse collection
of real-world programs representative of tasks commonly found in the context of the shell and
combining a variety of computational domains, language features, and shell components. Second,
a set of real-world inputs stressing these benchmarks as well as smaller inputs aimed at imme-
diate results, plus curated change sequences (edits and input updates) that model incremental
development, all stored on highly available and scalable cloud storage backed up by permanently
available archival storage. Third, additional infrastructure offering tooling, automation, and con-
figurability for executing these benchmarks on a variety of environments, confirming input and
output correctness, and reporting on their observed characteristics. Finally, extensive analysis
and characterization of these benchmark programs and their inputs over several dimensions, and
application of the entire suite on six prior systems and tools targeting the shell.
Availability: The full set of benchmarks, their inputs, and infrastructure for automation, con-
tainerization, and reporting are all available as an MIT-licensed open-source repository.
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2 Example & Motivation

Koala targets the systematic evaluation of shell-related systems and tools—for example: zsh [23],
an alternative shell interpreter; Shark [4], a system accelerating shell script execution using program
transformations; GNU parallel [83], a command-line utility parallelizing shell pipelines; PaSh [45],
a just-in-time shell-script parallelization system, hS [51], a system for speculative out-of-order shell
program execution; and Incr [100], an incrementalization layer for shell programs.
Available options and the pains of characterization: The authors of these systems currently
have a limited set of options for characterizing their benefits.

Microbenchmarks—small, isolated code fragments—are necessary for zooming into key trade-offs,
stressing particular behaviors, and highlighting system limits—and are often handwritten to meet
these goals [4, 45, 58, 60, 92]. Such synthetic workloads differ significantly from ones seen in
practice and don’t admit generalizable conclusions or holistic evaluations of complex systems.
Standards and tests [29, 33] offer a thorough evaluation of shell behavior—e.g., that pipelines

take precedence over redirections in their constituent commands. The POSIX test suite is one
example [33]. They focus on behavioral equivalence against a specification, and do not represent
real workloads. Lacking the size and features of workloads seen in practice, they offer little insight
into how optimization systems affect real programs.
Open-source code repositories are ripe targets for longitudinal studies—e.g., understanding a

community’s use of certain shell features [19, 78]. Leaving scraping and parsing challenges aside,
these programs typically lack inputs, setup scripts, explicit dependency declaration, and portable
constructs—often consisting of noisy, low-quality, or even incomplete programs. Ad hoc collections
are also not well understood by the community or the authors themselves, who risk accidentally
skewing results due to these challenges.

User or developer study corpora are primarily focused on understanding developer patterns [14, 31].
Due to time constraints and the need to control for confounding factors, user study corpora broadly
optimize for program characteristics that do not necessarily support generalization to the diversity
of size, shape, and complexity of real-world programs.
Requirements and goals: The aforementioned options available to the authors of systems such
as zsh, Shark, GNU parallel, PaSh, hS, and Incr are ill-suited for characterization.

For a set of benchmarks to support research on the shell and related systems, it needs to meet the
following criteria: (1) real-world programs performing real computations on real inputs; (2) diversity
in workloads, domains, shell features, and commands used; (3) automated setup, analysis, validation,
and reporting; (4) community-wide understanding through extensive analysis and characterization;
(5) permanent and scalable availability, allowing anyone to download and use them. Koala meets
all of these criteria.
Using Koala: The authors of these systems enjoy a variety of options for downloading and
setting up Koala:

$ curl -s up.kben.sh | sh && ./koala/main.sh --min --bare
This invocation sets up platform-specific dependencies, then downloads or generates a minimal

set of inputs (§3). It then executes the full suite using its default parameters, such as the default
shell interpreter—except for (1) –-min, which uses minimal inputs (just enough to exercise the
entire suite, all output validators, and its reporting infrastructure), and (2) –-bare, which executes
in the current environment instead of a Docker container launched afresh for the execution of
each benchmark. Koala then confirms output correctness, guarding against failures and cross-run
interference, and generates a report of the entire execution. On a fresh AWS t3.large instance,
such a minimal bare-metal setup, execution, and reporting completes in about 20 minutes.



#!/bin/sh
d=~/imgs; t=$(mktemp)
for img in $(ls $d/*.jpg); do

title=$(llm "A title for this:" -a "$img")
printf "%s\n" "$img" >> $t.i
printf "%s\n" "$title" >> $t.t

done

cat $t.t | tr '[:upper:]' '[:lower:]' |
sed 's/ /_/g' |
sed 's/[^a-z0-9_-]//g' > $t.t.f

paste -d $'\t' $t.t.f $t.i |
while IFS=$'\t' read -r title img; do

mv "$img" "$d/${title}.jpg"
done

ls $d/*.jpg

llm

tr | sed | sed

paste

mv

Fig. 1. Image renaming script. The script uses a vision-language model to rename images in a directory

based on their content. The right graph illustrates the dataflow between components inside the shell program;

dashed lines indicate streaming computation, while solid lines indicate batch computation.

Omitting the –-bare launches Koala in a Docker container, avoiding cross-run contamination
and permanent effects on the host environment beyond result creation (e.g., dependency installation),
and omitting –-min executes Koala on normal-sized (small) inputs, revealing how a system under
evaluation is affected by realistic workloads. Koala aggregates the results over multiple runs (five
by default), increasing statistical confidence, and reports the results of the execution. Using the
default parameters in the same environment and full inputs bumps execution to about 24 hours.
An example benchmark: To understand how systems such as zsh, Shark, parallel, PaSh, hS,
and Incr would benefit from Koala, consider zooming into a single benchmark. Fig. 1 provides a
real-world program (simplified for this discussion) iterating over a large set of images, renaming
them based on their content using a vision-language model (c.f., Tab. 1). The first part of the script
iterates over all images in a directory, querying a large language model (LLM) to obtain a title for
each image, and storing the results in two temporary files; the second part processes the titles to
create filesystem-safe filenames; and the third part combines the two files to create source and
destination pairs and renames each image accordingly. The parallel and Shark authors would
need to apply manual rewrites for their systems; the rest of the authors could point KOALA_SHELL
to their system’s entry point (§4). They would then execute this benchmark on small (but, contrary
to --min, real) inputs:

$ ./main.sh --small inference
Each of these systems accelerates inference differently. The zsh interpreter executes the script

as is, affecting performance of shell built-in operations like variable assignment and the for
loop. Shark executes iterations of the for loop in parallel, and eliminates the cat at the start
of the second pipeline by moving inputs to tr. GNU parallel can be applied to both the first
loop and the two pipelines; the user would need to identify which parts of the script to parallelize.
PaSh parallelizes each pipeline stage. hS runs commands speculatively, unrolling loop iterations to
execute in parallel. Incr caches intermediate results of each loop iteration and pipeline stage to
avoid re-computation on repeated runs. The six systems exploit different opportunities, optimizing
different shell constructs and leaving different parts of each script unchanged.
On commodity infrastructure (§7), speedups average 0.98× for zsh, 2.89× for Shark, 2.71× for

parallel, 1.08× for PaSh, 1.78× for hS, and 19.15× for Incr (on a modification that changes the



ls into a find ). In contrast to similar numbers potentially collected over microbenchmarks, the
composition and complexity of these benchmarks demonstrate the anticipated benefits—as well as
limitations—of these systems in real-world settings.

3 Koala Design Overview

Tab. 1 summarizes Koala’s full set of benchmarks and their characteristics. Koala offers 140
programs, analogous to but diverse from the earlier inference example (§2), grouped into sets
that share features, sources, or inputs. This section focuses on the first three sets of columns:
Identification characteristics (Col. 1) list each benchmark set’s name and (a subset of) the programs
it contains; Descriptions (Cols. 2–4) summarize application domains (D), the number of programs in
the set (#.sh), and the total lines of code (LoC); and Inputs (Col. 5) summarize the size of each input.
Later sections discuss Koala’s architecture (§4) and its static (§5) and dynamic (§6) characterization.
Both programs and inputs are designed to be adaptable, so researchers can vary datasets or

substitute components to evaluate other computations while leveraging Koala’s diverse and well-
understood programs. Beyond static programs, Koala also provides change sequences for each
benchmark: curated edits and input updates that model incremental development (see §7.6 for an
instance of their use for a system that enables incremental execution).
Inputs: Before discussing specific programs and inputs, it is worth outlining the general structure
of inputs, its goals, and the infrastructure deployed to ensure scalable and permanent storage. These
are guided by the experience of several users [26, 38, 80, 92] over multiple years.
Koala comes with three input sizes for each of its benchmarks. Full inputs (–-full) are ei-

ther the original inputs the programs were designed to operate on (e.g., weather, covid) or, for
older programs, realistic large-scale inputs on which these programs would operate today (e.g.,
oneliners, unixfun). Small inputs (–-small) are subsets of the full inputs useful for smaller-scale
characterizations. They range between 0.1–30% of the original input (with some exceptions, noted
below) and are carefully truncated to still be meaningful and semantically valid—for example,
genomics pipelines still operate on valid genome sequences seen in practice, rather than arbitrary
strings terminated at arbitrary points. Minimal inputs (–-min) are synthetic data created to quickly
confirm correct setup and facilitate further automated configuration. These inputs aim at near-
immediate results and, depending on the characteristics of the system and environment, are either
downloaded or generated. Downloading, as detailed below, fetches inputs from cloud servers when
high-bandwidth connectivity is available; generation operates repeatedly on benchmark-specific
seeds, useful for environments with limited connectivity.

To meet key performance and availability requirements, inputs are hosted on infrastructure that
combines two replication tiers—in addition to their source, e.g., NOAA [64] orWikipedia dumps [97].
The primary tier operates as Koala’s default configuration and stores all inputs on a replicated
storage cluster managed by Brown University. The cluster is connected via a 1 Gb/s switched
Ethernet network with access to Internet1 and Internet2 via Brown’s fiber-optic backbone, aimed
at high (but not permanent) availability—ensuring that inputs are available for concurrent users of
the Koala benchmarks. Additionally, infrastructure managed by Stevens Institute of Technology
and UCLA hosts replicas of all inputs to offer additional availability.

The secondary tier ensures permanent availability via archival storage. Inputs (and the programs
using them) are made available on Zenodo servers, split appropriately to comply with Zenodo’s
50GB limit. While it does not offer the same bandwidth as the primary tier, it forms a transition
path if input reconstruction becomes necessary—in the unlikely case that all university replicas
become permanently unavailable.



Tab. 1. Koala benchmark summary. The table summarizes all benchmarks in the Koala suite. Col. 1:

Identification characteristics, listing each benchmark set’s name and (a subset of) the programs it contains.

Cols. 2–4: Descriptions, summarizing application domains (D), the number of programs in the set (#.sh), and

the total lines of code (LoC). Col. 5: Inputs, summarizing the size of each benchmark’s inputs. Cols. 6–7: Static

features, summarizing syntactic characteristics—i.e., the number of shell constructs (#Cons) and the number

of distinct commands (#Cmd). Cols. 8–11: Dynamic features, summarizing the execution characteristics—

i.e., time spent on shell evaluation (𝑡𝑆 ), time spent on commands (𝑡𝐶 ), memory consumption (Mem), and

total input-output (I/O). Cols. 12–13: System, summarizing the number of system calls (#SC) and open file

descriptors (#FD). Col. 14: Source, containing a reference to the source of the benchmark.

Benchmark/Script Surface Inputs Syntax Dynamic System SourceD #.sh LoC Small Full #Cons #Cmd 𝑡𝑆 𝑡𝐶 Mem I/O #SC #FD

analytics SA/DA 4 53 1.94GB 78.9GB 10 21 10ms 84s 334MB 23.0GB 117.3m 84 [20, 76, 81]
nginx.sh 19 10 13 ~0 1s 10.3MB 1.79GB
. . .

bio DA/BI 6 872 24.3GB 114GB 17 71 51s 6720s 25.1GB 352GB 35.3m 79 [9, 41, 75]
bio.sh 23 11 14 10ms 176s 20.4MB 16.3GB
data.sh 226 13 44 46s 3521s 25.1GB 287GB
. . .

ci-cd CI/BS 21 2592 N/A 20 134 30ms 128s 461MB 2.35GB 3.5m 885 [15, 70]
lsmtest.sh 63 12 16 ~0 30ms 332KB 1.69MB
build.sh 20 10 8 ~0 15s 131MB 566MB
. . .

covid DA/DE 5 53 3.34GB 5.08GB 5 6 ~0 67s 1011MB 80.6GB 14.3m 150 [87]
etcetera MI/MI 2 193 N/A 20 43 20ms 71s 15.8MB 26.2GB 7.1m 141 [49, 57]
sieve.sh 45 15 21 20ms 71s 15.8MB 26.2GB
try.sh 148 17 29 ~0 30ms 1.65MB 1.05MB

file-mod AN/MI 5 41 4.35GB 39.2GB 11 10 99ms 235s 164MB 13.9GB 1.5m 61 [76, 78, 81]
encrypt.sh 11 10 6 ~0 2s 2.82MB 5.10GB
img-conv.sh 11 11 6 99ms 170s 145MB 3.83GB
. . .

inference ML/DA 3 60 3.85GB 11.7GB 15 27 40ms 1586s 7.16GB 83.7GB 37.9m 81 [48, 89]
interact SA/MI 2 96 11.1MB 14.9MB 17 20 33s 292s 224KB 5.58GB 154.0m 14 [18, 82]
ml ML/DA 1 47 4.71GB 15.0GB 7 1 ~0 1156s 7.87GB 41.6GB 14.9m 10 [68]
net NW/SA 3 146 147KB 1.43MB 18 39 339ms 8s 42.5MB 135MB 3.4m 83 [61]
ping.sh 20 14 8 130ms 510ms 768KB 6.43MB
. . .

nlp TP/ML 23 303 3k bks 115.9k bks 10 19 15s 851s 9.62MB 272GB 178.6m 526 [12]
oneliners AN/TP 13 116 202MB 13.5GB 10 23 60ms 14s 199MB 3.77GB 4.5m 288
spell.sh 11 6 7 ~0 1s 8.38MB 523MB [2]
top-n.sh 2 5 6 ~0 960ms 8.25MB 408MB [3]
uniq-ips.sh 2 4 3 ~0 60ms 8.15MB 54.2MB [56]
. . . [77, 84]

pkg CI/AN 2 43 110 pkgs 2.0k pkgs 16 22 5s 201s 572MB 15.3GB 35.2m 132 [10, 93]
pacaur.sh 29 14 19 5s 81s 490MB 14.6GB
proginf.sh 14 11 6 10ms 120s 572MB 709MB

rand MI/MI 2 20 14.7MB 14.7MB 10 7 43s 934s 48.2MB 472GB 118.2m 30 [78]
repl SA/MI 3 586 N/A 19 53 ~0 24s 197MB 1.21GB 5.6m 79 [42, 76]
unixfun MI/TP 36 70 599MB 59.1GB 4 12 ~0 5s 9.80MB 5.71GB 944.0k 733 [5]
weather DA/DE 2 74 893MB 146GB 11 20 260ms 958s 94.2MB 39.1GB 56.7m 50 [96]
web-search MI/TP 7 82 833MB 8.61GB 16 39 11s 1343s 1.32GB 17.1GB 112.6m 174 [8]

Min 1 20 147KB 1.43MB 4 1 ~0 5s 224KB 135MB 944.0k 10
Mean 7.8 302.6 2.98GB 30.9GB 13.1 31.5 9s 815s 2.47GB 80.9GB 50.1m 200
Median 3.5 78 991MB 10.2GB 13 21.5 79ms 218s 198MB 20.1GB 25.0m 83.5
Max 36 2592 24.3GB 146GB 20 134 51s 6720s 25.1GB 472GB 178.6m 885

Computational domains: Koala draws from several domains, representing a broad range of
computations—including both classic workloads typical of shell programs and modern workloads
found pervasively today.



Data analytics programs (DA, 13 programs across three sets) extract, transform, and summarize
quantitative datasets such as temperature records, public transit data, and genomic information.
System administration programs (SA, nine programs across three sets) include typical system setup
and maintenance tasks, system log manipulation, or software installation. Continuous integration
and deployment workflows (CI, 23 programs across two sets) include standalone shell programs
or ones that automate software builds, program analysis, and software testing. Machine-learning
programs (ML, four programs across two sets) include scripts either implementing learning tasks or
gluing together third-party components in modeling pipelines. One-off automation scripts (AN, 18
programs across two sets) automate various operations such as file encryption, media conversion,
and one-off tasks such as spell-checking and content filtering. Networking programs (NW, three
programs in one set) include scripts that interact with the system’s networking stack, such as
scanning for open ports. Other miscellaneous benchmarks (MI, 47 programs across four sets)
consist of scripts that do not belong to any particular domain and perform a variety of tasks such
as arbitrary transformations or non-deterministic computations.

Across and orthogonal to these domains, Koala combines several diverse styles of computations
and tasks (after the slash in column D). For example, two data-extraction sets (DE) summarize
information from large data sources; four text-processing sets (TP) manipulate text in multi-stage
transformation pipelines; one bioinformatics set (BI) processes data generally related to biology
applications; one build script set (BS) includes a variety of software development build scripts; and
three automation sets (AN) manage task execution.
Benchmark programs: Koala consists of 18 sets of programs, presented in alphabetical order.
The analytics set contains four programs that analyze log files to extract key events [76, 81].

Operations include filtering and summarization. They operate on 78.9GB of line-oriented logs—
including TCP traffic, Nginx access logs, and ZMap scan data—all collected from real network
traces, as well as logs from a ray-tracing system [16, 21, 24, 79]. The small inputs (1.94GB) include
truncated versions of the same log and packet-capture files.

The bio set is six programs for processing genomic and transcriptomic data. One performs pop-
ulation genomics analysis [9, 75], and several implement key stages of the TERA-Seq platform [41]
for processing and aligning RNA sequences. Inputs include a BAM genome sequencing file [34]
and auxiliary data such as gene annotations, totaling 114GB. The scripts exhibit fan-out/fan-in
structures, offer opportunities for code de-duplication, implement work-queue-like parallelism, and
operate on large files. Small inputs (24.3GB) omit much of the optional auxiliary data.

The ci-cd set contains 21 build-related programs, including scripts for building eight applications—
such as Lua, Memcached, Redis, and SQLite [15]—as well as the makeself utility, which creates
self-extracting archives [70]. These programs are used in continuous integration and deployment
pipelines and feature multiple dependencies without any data inputs. The makeself script executes
the program’s test suite and requires no inputs.

The covid set contains five programs that calculate statistics about the public transit activity of
a large city during the COVID-19 pandemic [87]. These programs come in two versions, amenable
to different optimization strategies: a version that uses typical Unix staples such as cut , sort , and
uniq ; and one written as a monolithic awk program. They operate on 5.08GB of comma-separated
values (CSV) data about transit vehicle activity, and the small inputs cover a 3.34GB subset.

The etcetera set contains two programs that perform computations that are difficult to statically
reason about, or complicate dynamic analysis due to their use of self-modifying code and reflection.
The first program dynamically generates code, which it then runs inside an isolated environment
using unshare and chroot [49]. The second program computes Eratosthenes’ sieve using a
recursive shell function [57]. Neither program requires any inputs.



The file-mod set consists of five programs that automate file-level transformations, includ-
ing compression, encryption, and format conversion. Two of the programs operate on packet
capture files collected from publicly available datasets [62], compressing and encrypting them
using openssl [78]; the full inputs total 39.2GB. The other three perform media format conver-
sions [76, 81], reading from and writing to the filesystem in tight loops that process hundreds of
image and audio files (4.4GB). The small version of the benchmark set uses a reduced dataset with
4.35GB total of text and media files.

The inference set contains three programs that perform inference tasks on media files using
foundation models [47, 85, 101]. These include image captioning [89], music playlist generation
via embedding interpolation [48], and sequential segmentation and classification of hieroglyphic
images using a segmentation model [47] and a custom classifier. These benchmarks process 9.3GB of
image and audio data. The deep-learning models total 2.4GB in size, for 11.7GB of inputs overall. The
benchmarks perform model serving using external runtimes [65, 67] and interface with them via a
wrapper that exposes a command-line interface [98]. The small version operates on a subset (3.85GB)
of the original image and music files using the same back-end models.
The interact set contains two programs that accept interaction throughout their execution.

The first program is an interactive installation for the ohmyzsh framework [18] and the second is
an excerpt from a text-based game, which accepts user commands to simulate navigation inside a
virtual environment [82]. The first program requires no inputs, while the second operates on a text
file containing a sequence of key presses (5 million for full inputs, 1 million for small).

The ml set consists of a typical machine-learning workload comprising multiple stages written
using the Scikit-Learn library [68]. It is a decomposition of a monolithic Python program into a
shell program that orchestrates distinct steps for data ingestion, learning, inference, classification,
and evaluation on 15GB of inputs. The small version uses a subset of the same input (4.71GB).

The net set includes three programs that interact with the network [61]. One program performs
network scanning using nmap [74], another performs a ping sweep over several IP addresses, and
a third configures the system’s iptables firewall rules [86]. The first program requires no inputs,
while the second and third operate on lists of randomly generated IP addresses (full version uses
5,000 and 100,000 addresses, respectively; small version uses 500 and 10,000).
The nlp set contains 23 scripts implementing natural language processing techniques, drawn

from the “Unix for Poets” tutorial [12]. Most scripts consist of 1–2 lines, and can be combined in
sequential operation. The input dataset contains over 115,000 books from Project Gutenberg [35],
and 3,000 books for the small inputs.

The oneliners set contains 13 shell pipelines drawn from various sources across the academic
and popular literature [2, 3, 12, 20, 56, 77, 84]. Some are Unix classics [2, 3, 77], highlighting the
Unix philosophy, embodied by the shell; others are more recent [20, 56, 84], applying the same
principles to modern workloads. They make extensive and, at times, complex use of streaming
constructs, applying maps, filters, reductions, stream duplication, and window operators. Their
inputs are shared between script subsets and combine books from Project Gutenberg, commands
available in PATH, and packages from the apt repositories (13.5GB full, 202MB small).

The pkg set consists of two programs: one automates the installation of packages from the Arch
User Repository (AUR) [53], and the other applies a static analysis tool to extract permissions
from the Node.js package manager (npm) repository [63, 93]. Its input consists of two lists—195
AUR package names and 1,768 npm package names (about 2.0k packages total). The benchmark
downloads, builds, and installs the AUR packages in a loop, and analyzes the npm packages to infer
their permissions. The small version of this benchmark includes the first 10 and 100 packages from
each list (110 packages total).



The rand set contains two programs that generate or randomize data: one generates a set of
random strings by probing /dev/urandom , and another shuffles lines in a large text file before
sampling a subset of them to create ten smaller files [78]. The first script takes no data inputs, while
the second operates on a text file of two million English names [90] (14.7MB for both small and full
inputs). The full version generates 50 million 32-byte random strings for the first program, and
100,000 sets of 10 names each for the second; the small version generates 500,000 24-byte random
strings and 10,000 sets of 10 names each.

The repl set contains three standalone programs that resemble live shell sessions. Two perform
security auditing for vulnerabilities and misconfigurations, and another replays a development
workflow over a large Git repository. These scripts include non-trivial filesystem access patterns,
with the repository workflow being metadata-heavy. They use no inputs.

The unixfun set contains 36 programs solving the Bell Labs 50-year Unix anniversary chal-
lenge [5]. They mimic classic Unix text-processing computations, often short ones that eliminate
the vast majority of the input using a head or tail . They operate on inflated inputs (59.1GB)
created by duplicating the original inputs (599MB), while maintaining the expected structure.

The weather set consists of two program phases calculating statistics on historical temperature
data from the Hadoop book [96], with the second one performing some additional analysis and
recreating a weather diagram presented by Edward Tufte [88]. Some of these phases correspond to
MapReduce and Spark computations exemplifying large-scale data processing—not part of Koala,
but useful for comparisons of shell-acceleration systems targeting similar or comparable scalability
goals. These phases operate on large inputs (146GB) collected from NOAA spanning multiple
years [64]. The small version corresponds to a subset of temperatures from 2015 (893MB).
The web-search set contains several programs from the initial (non-distributed) assignment

of an advanced course on distributed computing systems at Brown University [8], implementing
web crawling, indexing, and querying as a POSIX-shell streaming program, using complex stream-
ing operators—including duplication, shifting, windows, and dataflow cycles. Inputs consist of a
Wikipedia snapshot (8.61GB), or a subset for the small version (833MB).
Extensions: Koala encourages extensions in several ways, in order to facilitate evaluation of
systems that target different models of computation. Such extensions can be used to evaluate
performance-optimization systems that target different computational aspects beyond parallel and
distributed execution. One example is incrementalization [15, 100], accelerating the re-execution
of modified programs by avoiding recomputations of program fragments that remain unchanged.
Another example is reactivity, accelerating the re-execution when inputs, rather than programs,
change. Yet another example is notebook-style computations i.e., systems that allow interactive
refinement of exploratory computations [46].

Benchmark Modifications

analytics 11E 6A R 5D S 6F O O E S
bio I B I D 2E
covid 4E
file-mod 3L D O O
inference O 2F I A F V 2C 2D 2D L O
nlp 3E 3B
oneliners S 3D E 2B
unixfun 2E E 2E
weather 2E

The current version of Koala includes an
extension targeting incrementalization and re-
activity. For incrementalization, it includes a se-
ries of modifications across a subset of Koala’s
benchmarks. These modifications are either
(1) sourced from the original developers, mir-
roring the iterations that led to the final pro-
gram (inference, covid, weather, nlp), (2)
scraped from the benchmark’s Git commit his-
tory (bio, unixfun, and analytics), (3) con-
structed to reflect realistic development trajec-
tories (file-mod, oneliners). Each step towards the final version of the program is categorized



based on its type ( addition , deletion , modification , or a combination thereof) and the rationale
behind the change: (B) behavior change, (C) wrong command fix, (F) wrong flag fix, (E) exploration,
(S) summarization, (O) optimization, (L) LLM assistance, (R) replacement, (I) input update, (D) de-
bugging, (A) aggregation, or (V) visualization. See table above for a summary of the benchmarks
with modifications and their types.

Similarly, for reactivity, Koala supports various input deltas—in the form of both truncations
and inflations. Such deltas capture changes to a program’s input data rather than the program itself.
This set of changes in program and inputs is offered with this version of Koala, and is used in

the application of Koala to state-of-the-art systems (Cf.§7).
Principal component analysis: Before diving into various static and dynamic characteristics
of the Koala suite, it is worth getting a sense of its diversity characteristics at a high level. Fig. 2
shows this diversity using Principal Component Analysis (PCA) [1] on two distinct representations
of each benchmark detailed below.
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Fig. 2. Principal component analysis results. Top: PCA

plot resulting from the static and dynamic analysis of each

benchmark. Bottom: PCA plot resulting from Koala source

code embeddings using a language model [66].

PCA maps high-dimensional data to a
lower-dimensional space that preserves
structural differences for easier compari-
son and visualization. It computes weights
for each of the 𝑛 original dimensions to
create 𝑘 (where 𝑘 < 𝑛) new and uncorre-
lated composite dimensions, each linear
combinations of the original ones.
The top row of Fig. 2 visualizes bench-

marks projected on this reduced space
based on their static and dynamic char-
acteristics (§5–6). The spread of the bench-
marks across the principal components
suggests that the suite covers a broad and
non-overlapping range of syntactic and
behavioral profiles. The bottom row of
Fig. 2 visualizes each benchmark in a space
based on dense vector representations that
capture high-level program structure and
logic. These embeddings are generated us-
ing OpenAI’s text-embedding-3-large
model [66] and capture information target-
ing diversity at the semantic and syntactic
level [71, 91]. Well-distributed across the projected space, the results also suggest substantial
diversity in both syntax and semantics.

4 Infrastructure and Configuration sample-benchmark
├── scripts      # Benchmark scripts
│   ├── a.sh
│   ├── b.sh
│   └── ...sh
├── install.sh   # Dependency installation
├── fetch.sh     # Input data download/preparation
├── execute.sh   # Script execution
├── validate.sh  # Hash generation & verification
└── clean.sh     # Input and output file cleanup

Fig. 3. Koala’s benchmark specification.

Each Koala benchmark set adheres to a spec-
ification that defines installation dependencies,
input configuration, benchmark execution, and
validation of the final results. This specifica-
tion, shown in Fig. 3, includes five infrastruc-
ture scripts: (1) install.sh sets up dependen-
cies required by the benchmark; (2) fetch.sh



downloads (or generates, §3) and, if necessary, pre-processes inputs, accepting an argument that
specifies their size; (3) execute.sh executes benchmark programs, collecting basic information such
as execution time and resources; and (4) validate.sh confirms the correctness of the benchmark’s
output by hashing the output of each script and comparing it to a known-good hash, sometimes after
applying transformations to account for light non-determinism or slight formatting differences (e.g.,
a compiled artifact with an embedded timestamp). Finally, (5) clean.sh removes inputs, outputs,
and temporary files created during the benchmark’s execution. These scripts avoid redundant
work—e.g., dependency installation or input generation are skipped if possible, unless forced (-f).

Koala also includes a top-level driver (main.sh) that executes the five scripts in sequence. It
accepts several configuration parameters, which it then forwards to each script. For example, a
KOALA_SHELL parameter configures the executing shell interpreter e.g., bash, zsh, or a path to an
executable, defaulting to sh.
Containerization: Koala provides optional infrastructure for running benchmarks in an iso-
lated environment. It includes a Dockerfile that builds a Debian-based container, installs essential
dependencies such as git and sudo, and fetches the suite. A volume is shared with the host system,
simplifying access to inputs and outputs.

It also provides support for dynamically generating container images tailored to each benchmark.
These images are self-contained and ephemeral: their Dockerfile contains a CMD command executing
all infrastructure scripts via main.sh.
To avoid complications with permission changes or system-wide modifications, Koala does

not require elevated privileges (except for fetch.sh, which installs software dependencies) and
avoids privileged commands such as sudo and setuid. For scripts that modify global system state
(e.g., net’s iptables configuration), Koala runs them inside a namespace using unshare to avoid
affecting the host system.
Principles: Koala’s structure aims to facilitate quick collection of preliminary results, not
exhaustive coverage of all possible needs. To support the diverse landscape of shell programs and
shell-related research, Koala’s infrastructure is deliberately minimal and amenable to modification.
As it cannot anticipate all potential applications, Koala encourages users to modify any part of the
infrastructure, programs, and inputs to better suit their needs and adapt it to their systems and
corresponding evaluation.
For example, consider a hypothetical benchmark program that pipes grep into wc to count

misspelled words. When evaluating a system like GNU parallel, the program may be modified
by prefixing the two stages with parallel and the appropriate flags to enable parallel execution.
Similarly, if evaluating a distributed shell [40] the programmay be extended with an additional stage
that fetches inputs from a distributed filesystem. Systems that act as drop-in shell replacements
can—but are not required to—use the KOALA_SHELL variable to point to their entry point.

The same flexibility applies to the suite’s inputs, which may be modified to better suit the needs
of a particular system or evaluation if none of the three input sizes are appropriate.
Integration effort: The effort required to add a new benchmark to Koala depends on its com-
plexity, input size, and correctness constraints. It typically involves five steps: (1) identifying and
encoding dependencies in install.sh; (2) preparing input datasets in multiple sizes—full, small,
and min—via fetch.sh; (3) including scripts for automated execution in execute.sh; (4) defining
output validation logic in validate.sh; and (5) specifying cleanup steps in clean.sh. Integrating
the current set of benchmarks ranged between 10–80 person-hours per benchmark (Tab. below; 𝑃
column). Small and self-contained benchmarks such as oneliners, unixfun, and nlp each took
about 10–12 hours; more complex or data-heavy benchmarks such as file-mod, bio, and ci-cd
took about 60–75 hours due to their size, number of dependencies, and validation requirements.



Despite validation being simple hash comparisons, two valid outputs may differ byte-for-byte—build
tools can embed volatile metadata such as timestamps or paths into otherwise correct artifacts. In
these cases, Koala’s validation script compares stable behavior instead, e.g., by exercising built
artifacts and comparing their input-output behavior. Most of the time for this release was spent
collecting the programs for Koala’s four new benchmark sets and confirming their correctness on
the suite’s currently supported configurations.

Benchmark 𝑃 (h) 𝐴 (h)

analytics 40 2
bio 60 5
ci-cd 75 3
covid 65 3
etcetera 10 0.5
file-mod 60 0.5
inference 35 1
interact 30 1
ml 30 1
net 15 0.5
nlp 10 1
oneliners 10 2
pkg 30 2
rand 15 0.5
repl 25 0.5
unixfun 10 1.5
weather 30 1
web-search 40 3

Total 590 29

Evaluating systems with Koala requires varying levels of ef-
fort depending on their design goals, degree of automation, and
artifact maturity (Tab. on the right; 𝐴 column). The total effort
across all systems was approximately 29 person-hours and ranged
between 0.5–5 hours per benchmark. For the Shark and parallel
systems, this involved manual, mostly mechanical, changes to the
benchmark scripts. For Shark, modifications included identifying
parallelizable regions in loops and applying background execution
with & and wait , along with the removal of unnecessary cat com-
mands and the use of tee to preserve I/O semantics (e.g., in bio,
analytics, and file-mod). In some benchmarks, such as ci-cd,
repl, and unixfun, changes spanned tens of lines due to multiple
independent compilation or execution steps. For parallel, adap-
tations involved wrapping loops or commands using the parallel
utility. This process required changes in the order of 1–3 LoC in
benchmarks with stateless pipelines or simple loops (e.g., pkg and
nlp), but was more intrusive in cases like covid, analytics, and
repl, where it required identifying parallelizable regions, export-
ing computations as shell functions, and occasionally introducing
temporary files to manage intermediate data. These modifications
reflect the intended use and capabilities of each system rather than
any requirement imposed by Koala, exemplify Koala’s flexibility
to different interfaces, and are documented in two public repositories.1 In contrast, zsh, PaSh, hS,
and Incr were applied without any manual changes.

5 Syntactic Characterization and Analysis

Contrary to single-language environments, the shell often combines components in multiple
languages. Koala thus distinguishes between the characteristics of (and resources spent on, see
§6) the shell portion of each benchmark, versus those of components called into by the shell and
which often implement the core of a computation (Tab. 1, cols. 6–7).
Methodology: We use libdash [52] to parse and analyze both portions using SMOOSH’s abstract
syntax definition for the POSIX shell [29]: for the shell portion, we count the total occurrences
of every abstract syntax tree (AST) node; for the command portion, we analyze only AST nodes
counting commands, built-ins, and functions—yielding conservative results that exclude dynamic
constructs (e.g., $CMD arg ) but avoid conflating static structure with repeated runtime executions.
Language features: Fig. 4 summarizes the occurrences of each construct across Koala. Each cell
shows the number of times a syntactic construct (vertical axis) occurs in a benchmark (horizontal
axis). AST nodes that overlap with more specific nodes or that do not correspond to linguistic
features (e.g., escaped characters) are excluded. Overall, Koala employs all the syntactic constructs
of the POSIX shell, in varied combinations that reflect its various styles of computation.
1https://github.com/kbensh/koala-shark and https://github.com/kbensh/koala-parallel

https://github.com/kbensh/koala-shark
https://github.com/kbensh/koala-parallel
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Type Count
coreutil 57

standard linux tool 39
shell builtin 20

custom binary or function 157
total 273

Fig. 5. Command occurrences. The chart shows the fre-

quency of all Koala commands occurring at least 30 times.

The table categorizes the unique commands counted across

the entire suite.

Koala covers several key shell characteristics worth mentioning. Most sets employ pipelines,
shell constructs of the form a | b that pass the output of one command ( a ) as input to the next
( b ). Pipelines are an important shell feature, optimized by several data-parallel systems. Two sets
use operators & and wait for explicit parallelism—a feature relevant to performance-oriented
shell systems. Two sets use sub-shells, e.g., (echo hi) , and several sets use control constructs
such as loops and conditionals. Several sets use function definitions, and nearly all use variables,
assignments, and stream or file redirections; other kinds of redirections occur less frequently. Many
sets use command substitution, e.g., echo hi $(whoami) .

Fig. 4 also highlights a key Koala characteristic: no two benchmarks exhibit the same distribution
of syntactic constructs. Koala represents well the shell’s most interesting features—e.g., external
command invocations, pipelines, the background operator, subshells, expansion, and redirection.
In combination, these features are essential in making the shell the uniquely powerful and complex
platform that it is. Different styles of scripts employ these features in different combinations and
proportions—and Koala aims to capture this variation. The proportion of these features aligns
with shell usage studies [19], indicating that the distribution of Koala’s shell features corresponds
to current trends and is representative of the programs found in the real world.
Component features: Fig. 5 shows the frequency of all Koala commands occurring at least 30
times, excluding benchmark-specific functions and binaries. Koala contains many of the most
common commands found in the wild: echo tops the list with 441 occurrences; cat , grep , sort ,
and tr count about half of that; other commands exhibit lower frequencies. These results broadly
match studies of commands in the wild [19], except for path-manipulation commands as most
Koala paths are static.

The table also groups Koala’s distinct commands into four classes. The most common are GNU
Coreutils (e.g., echo and cat ), shell built-ins (e.g., cd and return ), and standard Linux tools
(e.g., grep , sed , and awk ). While the first three classes account for the vast majority of Koala’s
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commands by frequency, custom binaries and functions account for 157 commands, or 58% of the
unique command set.

6 Dynamic Characterization and Analysis

Beyond its syntactic diversity, Koala also exhibits diverse dynamic characteristics. Exploring this
diversity involves executing benchmarks to extract dynamic features such as CPU time, memory
consumption, I/O characteristics, and interaction with the broader environment (Tab. 1’s cols. 8–13).
Methodology: To extract these features, we collect several metrics while executing benchmarks
on a machine with 32GB RAM, an 8-core 3.80GHz Ryzen 7 9700X CPU utilizing hyperthreading,
and a 1TB NVMe SSD. Unless otherwise noted, all characterization uses each benchmark’s –-small
input tier, which preserves realistic, semantically valid inputs while keeping executions tractable for
repeated measurement and analysis. The shell interpreter is set as bash --posix. We measure CPU
time and I/O by probing /proc/<pid>/{stat,io} after the target process exits; and wall-clock
time and memory use by calling Python’s time.perf_counter and psutil at 0.01-second intervals.
We aggregate results by set, summing timing and I/O statistics for each program in that set. We take
the maximum high-water-mark memory usage to compute a single set of results per benchmark.
Overview: Fig. 6 presents results both overall and with respect to input sizes. The plots form two
coarse groups (the x-axis always lists benchmarks): (1) the top two plots (left and right) show total



execution time—left is the ratio of CPU time to wall-clock time, right is the total I/O per second
of wall-clock; (2) the next six plots (rows 2, 3, 4) show CPU time, high-water-mark memory, and
I/O—left is absolute, right is per input byte.
Absolute characteristics: As these characteristics vary by orders of magnitude, these plots use a
symmetric log scale: values between zero and the first tick are linearly scaled, while the rest are
logarithmic. The CPU-to-wall-clock ratio plot (Fig. 6, row 1, left) shows that Koala benchmarks
exhibit a wide range of internal parallelism, from highly parallel (e.g., ml with a ratio of close to
7) to ones that spend most of their time waiting for I/O (e.g., net, with a ratio less than 0.1). The
CPU-time plot (Fig. 6, row 2, left) shows that the benchmark runtime varies from seconds (e.g.,
unixfun) to hours (e.g., bio). CPU time is split between time spent in the shell versus commands:
here, too, Koala demonstrates significant diversity—ranging from a mix of shell execution and
commands (e.g., nlp) to command-dominated workloads (e.g., bio and inference).
Similarly, the memory plot (Fig. 6, row 3, left) shows the diversity of memory intensiveness,

varying between 224KB (e.g., interact) and 25.1GB (e.g., bio). Likewise, the I/O plot (row 4, left)
shows that Koala exhibits varying degrees of I/O-heaviness, ranging from 135MB of I/O (e.g., net)
to 472GB (e.g., rand).

Tab. 1’s last few rows (pg. 6) offer additional context: shell and command time range between 0–
52s and 5.4–6720.9s, respectively (averages: 9.1s and 815.9s), memory consumption ranges between
224KB–25.1GB (average: 2.47GB), and I/O between 135MB–472GB (average: 80.9GB).
Normalized characteristics: Normalized plots (rows 2–4, right) offer a sense of these character-
istics normalized by each benchmark’s input size, important because of their correlation with input
size, which varies widely (0–146GB). This normalization is noticeable with bio and covid: these
benchmarks have substantial absolute CPU times (on left), but their normalized CPU times (on right)
are moderate—reflecting the fact that they are long-running mainly due to the volume of data they
process, not the intensity of their computations. On the other hand, pkg is computationally intense,
despite its middling absolute execution time. These characteristics do not apply to benchmarks
with no inputs (e.g., ci-cd, etcetera, and repl), which have no bars in the normalized plots.

Overall, across the three dimensions (CPU, row 2; memory, row 3; and I/O, row 4), Koala enjoys
significant diversity—multiple metrics vary by several orders of magnitude.

7 Applying Koala to Optimization Systems

This section summarizes the process and results of applying six optimization systems (§2) on the
Koala benchmarks: The zsh interpreter [23], Shark [4], GNU parallel [83], PaSh [92], hS [51],
and Incr [100] achieve performance gains on different subsets of Koala.
Hardware& software setup: All experiments in this sectionwere executed on anAWS c6i.4xlarge
instance with 32GB of RAM and a 16-core 3.5 GHz CPU running Ubuntu 24.04.1 and bash v5.2.21
with --posix enabled.
Adoption effort: The six systems require different levels of effort to use Koala (see §4), depending
on their needs (e.g., automation, inputs), characteristics, and goals (§2). GNU parallel required
modifying benchmarks to export parallelizable pipelines and for -loops as functions passed to
parallel. Shark required similar transformations guided by its optimizations. The zsh interpreter
and PaSh, hS, and Incr, operating as drop-in shell replacements, simply set KOALA_SHELL.

7.1 Applying Koala to Zsh

To understand whether Koala aids the characterization of zsh [23], we run all benchmarks using
zsh under its sh emulation mode and compare their runtime against bash.
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Fig. 7. Speedups applying zsh, Shark, GNU parallel, PaSh, hS, and Incr. Relative average speedup on

the Koala benchmarks. Baseline is the original runtime in a single-threaded bash shell with the –-posix
flag enabled.

Methodology: We run all benchmarks using zsh v5.9, comparing their runtime against bash
v5.2.21 under its sh emulation mode.
Results: Under zsh, all benchmarks in the suite complete successfully. The zsh shell interpreter
achieves a 2.10% average slowdown compared to bash. This confirms that zsh does not introduce
significant slowdown relative to bash when applied to a variety of real-world shell programs.
Takeaway: Koala confirms that zsh risks no significant slowdown over bash on shell programs.

7.2 Applying Koala to Shark

To understand whether Koala aids the characterization of Shark [4], we manually apply its
transformations as described in the Shark paper across several Koala programs.
Methodology: The Shark paper [4] describes several potential syntactic transformations, which
we apply manually across all Koala benchmarks. We then execute the original and optimized
versions to characterize the performance of the modified benchmarks.
Results: Shark achieves significant performance gains across Koala, ranging between 1.01–
13.43×, depending on benchmark characteristics. Benchmarks that involve trivially parallelizable
loop iterations see major speedups—e.g., Shark improves the nlp and weather benchmarks by
6.46× and 13.43×, respectively. Scripts with sequential operations, such as those found in ci-cd,
exhibit less pronounced improvements—at times only marginal gains of 1.16×.

Shark accelerates most benchmarks, though benchmarks with highly interdependent operations
that already use pipelines see more limited gains. For example, covid, oneliners, bio, and unixfun
offer fewer opportunities for Shark-style optimizations, which result in speedups between 1.01–
1.07×. The web-search benchmark sees the least improvement (1.01×) as it already runs the three
n-gram calculations in parallel, making Shark obsolete. Shark’s optimizations centered around
command invocations do not result in significant performance benefits, speeding up scripts where
only such optimization opportunities were present (e.g., web-search) by 1.01× on average. In



contrast, optimizations that eliminate temporary files used for intermediate storage can offer more
substantial speedups, but they also introduce significant complexity, as pipes require more careful
coordination between producers and consumers.
Takeaway: Koala confirms that Shark’s optimizations are effective in scripts that involve op-
erations on multiple inputs and independent commands, and less effective for I/O-heavy scripts
or scripts that are not easily parallelizable. Its parallelization and pipeline optimizations offer
significant speedups, up to 13.43×.

7.3 Applying Koala to GNU parallel

To understand whether Koala aids the characterization of GNU parallel [83], we apply it to
several Koala programs focusing on natural candidates for such parallel execution.
Methodology: We first identify parallelizable regions within each Koala program and rewrite
them to invoke parallel. We aimed for a reasonable use of parallel, modifying only parallelizable
pipelines that each take under an hour to identify and rewrite—typically ones with (1) independently
processed input files, and (2) efficient segment-based processing that requires minimal or no
synchronization and aggregation. The latter often takes advantage of GNU parallel’s –-pipe to
parallelize input stream processing.
Results: GNU parallel achieves substantial speedups in benchmarks that involve I/O-bound
operations or are trivially parallelizable. For instance, file-mod involves converting multiple
media files concurrently, resulting in GNU parallel speeding it up by 3.84× and fully utilizing
all available CPU cores. Similarly, nlp processes multiple data files independently, resulting in
a speedup of 6.46×. GNU parallel speedups are less pronounced for scripts that do not have
these features, such as those in ci-cd and repl that result in 1.16× and 0.95× respectively. These
additionally either already use parallelism internally in their command invocations (compiling
multiple files) or include commands that do not benefit from parallel’s parallelization model,
such as git or find.

A few cases do not yield speedups. For example, the unixfun benchmark involves pipeline stages
dependent on the output of previous stages, limiting parallel’s approach: the interdependent
nature of these stages prevented GNU parallel from fully exploiting parallelism, resulting in an
average speedup of 1.02×.
Takeaway: Koala confirms that GNU parallel can accelerate I/O-bound tasks and loops with
no interdependencies—e.g., file-mod—achieving average speedups of 2.71×. Limited acceleration
comes from scripts with sequential operations or ones that require sophisticated splitting and
aggregation (e.g., unixfun and web-search).

7.4 Applying Koala to PaSh

We apply PaSh [45] to Koala to understand its ability to characterize PaSh.
Methodology: We use the latest version of PaSh (commit 0d0a563) and set KOALA_SHELL to
./pa.sh --width 4 , i.e., configuring the parallelization degree to 4×. We do not replace script
fragments via alias and function constructs that can be annotated with additional parallelizabil-
ity information; this would allow PaSh to extract additional speedup but would result in significantly
more work. PaSh fails when executing the bio benchmark.
Results: PaSh’s command-aware parallelization strategy achieves significant speedups in scripts
with multi-stage pipelines or for -loops with no data dependencies across iterations. For example,
it achieves speedups of 2.14× and 1.82× on oneliners and covid respectively.

Naturally, benchmarks or benchmark fragments forwhich PaSh had no annotations, and thus does
not parallelize, see no speedups—e.g., pkg, bio, and file-mod. Additionally, PaSh does not speed



up scripts that include no syntactic constructs it can parallelize—e.g., repl and ci-cd benchmarks,
which do not include pipelines or parallelizable for -loops.
Takeaway: Koala reveals that PaSh can deliver substantial speedups for scripts that fall within
its parallelization domain. However, its effectiveness depends on the availability of command
annotations and the amenability of programs to the constructs PaSh can operate on.

7.5 Applying Koala to hS

To assess whether Koala aids the characterization of hS [51], we apply it to Koala, focusing on
programs likely to benefit from out-of-order execution.
Methodology: We use an early-stage (at the time of writing) hS prototype shared by its authors,
configured via the KOALA_SHELL variable.
Not all benchmarks are executable by this version of hS. For the following benchmark sets,

hS succeeded on only a subset of the scripts: analytics, bio, ml, nlp, unixfun, weather, and
web-search. The following benchmark sets as a whole either fail or produce incorrect results with
hS, and are thus omitted entirely: ci-cd, file-mod, inference, oneliners, pkg, and repl.
Results: hS achieves significant speedups on scripts that include syntactic regions that have no
dependencies between them. Speedups range between 1.5–4.97×, with analytics and unixfun at
the two ends of this range. The weather and bio benchmarks also achieve significant speedups.

Scripts that involve dependencies between stages do not benefit from hS. Such slowdowns range
from 0.97× in covid to 0.47× in web-search, averaging 0.72× across all benchmarks. They can be
attributed to constant costs stemming from hS’s speculative execution, related to the environment
isolation and tracing, which allows hS to roll back effects in cases of misspeculation.
Takeaway: Koala reveals that hS can provide benefits that are significant, especially when
computations feature independent stages. Typical computations, however, offer a mix of out-of-
order optimization opportunities, at times masked by overheads in the hS prototype.

7.6 Applying Koala to Incr

We apply Incr [100] to Koala to understand whether it can characterize Incr’s benefits for script
re-execution.We leverage Koala’s change sequences (§3) to showcase the benefits and limitations of
incremental execution under real-world development scenarios and report Incr’s average speedups
across all modifications per benchmark.
Methodology: We use an early-stage Incr prototype shared by its authors, configured via the
KOALA_SHELL variable.
Results: Incr achieves significant speedups on re-execution across all benchmarks, ranging
between 2.48× and 123.29×, with an average speedup of 19.15×.
The inference and analytics benchmarks see the highest speedups of 123.29× and 16.12×,

respectively: they either involve long-running computations skipped entirely on incremental re-
execution, or include many modifications that compound incrementalization gains. Computations
expressed in pipelines of 1–2 stages limit opportunities for incrementalization (e.g., bio and covid).
The file-mod and unixfun benchmarks have a 0.74× and 0.90× slowdown, respectively, due to
Incr’s overheads stemming from effect tracking. These benchmarks include tight for -loops with
short-running commands inside them, making Incr’s fixed overhead over all command executions
compound over many iterations.
Takeaway: Koala reveals that Incr can deliver substantial speedups on re-execution across a
variety of programs and modifications they undergo. Certain program patterns can limit Incr’s
effectiveness due to its constant overheads.



8 Related Work

Benchmark suites: Progress in research depends on apples-to-apples comparisons—and in
computer science, that often means open and reusable benchmark suites. Widely cited benchmark
suites in memory-managed environments [7], database transactions [72], parallel processing [6],
and other areas [13, 37, 44] offer good examples of their widespread applicability and use. Similar
to these suites, Koala comes with additional support and is expected to release improvements
every few years; unlike them, it targets optimization-oriented systems for the shell—an area that
has not yet enjoyed the existence of a systematic benchmark suite.

The DaCapo [7] and Gabriel [25] benchmarks offer particularly good parallels, as they focus on
programming environments that did not have a benchmark suite before their release—like these
benchmarks, Koala fills a gap.
Shell studies and datasets: Recent studies collect shell scripts or fragments of scripts—typically
in Bash—to analyze their source, understand their properties, and extract key insights. Examples of
such studies include the use of Bash in the wild [19], the characteristics of build scripts in Linux
distributions [43], the use of aliases and shell customization in the wild [78], and cybersecurity
training [94]. These studies do not aim at (creating collections for) system evaluation within
environments that execute, compose, or manage opaque components. In contrast, Koala aims to
help characterize systems and tools that optimize shell programs. Koala offers curated end-to-
end programs with known inputs, dependencies, and behaviors that stress both the shell and the
underlying commands.
Shell test and correctness suites: A few test suites focus on evaluating the correctness of shell
implementations and their conformance to certain standards. The POSIX test suite [33] is a key
resource for validating compliance of a shell implementation with the POSIX standard. The Smoosh
test suite [29] refines and complements the POSIX test suite. The Modernish shell library/polyfill
has a sophisticated diagnostic routine that amounts to shell tests [17]. There are also a variety
of testing frameworks designed for automated testing of shell scripts [32, 59, 73, 95]. All of these
suites focus on testing functionality rather than characterizing systems within environments that
include opaque components, and are thus distinct from and complementary to Koala.
Shell microbenchmarks: Several benchmark suites target the evaluation of specific shell-
language constructs via microbenchmarks. ShellBench [60] provides a collection of small scripts
(ranging from 8–95 lines of code) designed to stress individual shell features—e.g., variable sub-
stitution, expansion, and subshell creation. Similarly, zsh-bench [69], the Oils benchmarks [11],
and UnixBench [54] focus on isolated performance characteristics—e.g., interactive shell behavior
or command invocation times. In contrast, Koala offers larger, more diverse, whole-program
benchmarks (140 programs across 18 sets, spanning 20–2592 LoC per set) that perform end-to-end
computations, operate over large datasets, and involve substantial work outside the shell interpreter
itself, and across many heterogeneous commands.
Performance properties and characterization: Prior research on benchmark sets often dis-
cusses language-specific properties about the programs involved—for example, the impact of
garbage collection [7, 25, 50] or the structural features in object-oriented benchmark suites [7, 39, 50].
While important in other domains, these characteristics have no direct equivalent in shell programs;
Koala instead focuses on the shell as glue, and creates an evaluation suite for systems that target
environments where components are orchestrated in a higher-level manner.
Earlier work also studies the behavior of programs in simulation or on hardware [22, 27, 36].

Koala’s characterization focuses on properties that are independent of any particular hardware or



operating system implementation. Koala will make it easy to use shell programs as workloads in
the evaluation of general-purpose computational substrates.
Evaluations of shell programs: A variety of systems from several different authors attempt to
operate on, optimize, or accelerate shell programs—e.g., achieving elision [4], parallelization [92],
fusion [38], synthesis [80], distribution [76], mobile [99], serverless [55], and syscall refinement [26].
These further demonstrate the acute need for a standardized, usable, and replicable benchmark
suite for the shell.

9 Conclusion

Benchmark programs are crucial for evaluating ideas, comparing and contrasting approaches, and
fueling academic and industrial research. They are especially needed in systems research, where
many of the key theses revolve around performance-related arguments and their quantitative
evaluation. This need is particularly acute in the context of the shell, where no benchmark suite
currently exists.

Koala is a benchmark suite aimed at the characterization of systems within environments that
combine opaque, heterogeneous components such as the Unix/Linux shell. It combines a systematic
collection of diverse, real shell programs, various real inputs to these programs that facilitate small
and large deployments, extensive analysis and characterization aiding their understanding, and
additional infrastructure and tooling aimed at usability and reproducibility in systems research.
Static and dynamic characterizations confirm that the Koala programs perform a variety of tasks
commonly performed in the shell; combine all major language features of the POSIX shell; use a
variety of POSIX, GNU Coreutils, and third-party components; and operate on inputs of varying
size and composition.
Applied on six systems targeting a diverse set of optimizations and execution models, Koala

demonstrates its usability and usefulness in characterizing the behavior and performance of these
systems across a variety of real-world workloads.

Please visit the project’s web page at https://kben.sh for the latest information about Koala.
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