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Abstract

While most software development is incremental, most execu-
tion environments are not: even small program modifications
fail to take advantage of prior executions, at worst requiring
full re-execution of all computational stages in the modified
program. Such full re-execution decelerates software develop-
ment and debugging, especially in dynamic polyglot environ-
ments such as the Unix and Linux shell. This paper presents
INCR, a system that accelerates the re-execution of unmodi-
fied shell programs by automatically incrementalizing their
execution. INCR analyzes and tracks interdependencies to
detect and store key intermediate results, reusing them on sub-
sequent re-executions whenever possible. INCR’s effect anal-
ysis guarantees correct re-execution even for non-idempotent
computations, and several static and dynamic optimizations
reduce the runtime and storage overheads of incrementaliza-
tion. Applied to diverse real-world scenarios, INCR acceler-
ates re-execution by an average of 34.2x and a maximum of
373.3 x—all while requiring no developer annotations or code
modifications and remaining behaviorally indistinguishable
from non-incremental execution.

1 Introduction

Nearly all software development is incremental: layers of
modifications, additions, replacements, and deletions are ap-
plied iteratively to morph a program toward its intended goal.
Such incremental development is particularly common today
in data science [45, 63, 85], machine learning [17, 37], ex-
ploratory computing [30, 68, 80], and interactions with large
language models [35, 69]. It is also the standard approach
in dynamic, interactive environments such as the Unixshell,
which is used for understanding, exploring, and gradually re-
fining software systems, the opaque components comprising
them, and the input they operate on [38, 50, 79].
Unfortunately, these environments do not support effi-
cient re-computation when parts of a program change. Such
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Fig. 1: INCR overview. INCR accelerates re-execution in
modified shell programs by bolting onto otherwise unmod-
ified execution environments. Upon re-execution, it reuses
prior results to avoid redundant computation. Colors indicate
types of incrementalization: + additions, — deletions, and
~ in-place modifications.

changes, irrespective of their size, fail to take advantage of
past executions—requiring a full re-execution of all the com-
putational stages in the modified program. Even small re-
finements can result in long waiting cycles, especially on
large datasets where re-execution might take the majority of
the time. As the program grows, the longer it runs—and the
slower it becomes to further iterate, discover errors, hand-tune,
debug, and eventually ship.

This paper introduces INCR, a system that accelerates re-
execution by bolting incremental re-computation onto unmod-
ified shell programs. Once enabled during development, it
trades off a small overhead during the first execution to accel-
erate subsequent re-executions. INCR operates in two phases:
the analysis phase, which collects and analyzes program de-
pendencies; and the incrementalization phase, which extracts
information about modifications and, combined with the ear-
lier analysis, accelerates subsequent re-executions of modified
programs. INCR supports full POSIX and Bash semantics, in-
cluding modifications to command arguments, flags, data flow,
control flow, environment variables, and external resources,
ensuring behavioral equivalence even for non-idempotent op-
erations. When ready to ship, INCR can be disabled to avoid
unnecessary runtime overheads in production environments.

INCR’s analysis and incrementalization phases discover and



exploit process-level data and control dependencies across
commands, automatically detecting, analyzing, and storing
effects at runtime (§3). In subsequent runs, INCR determines
which parts of a shell program are unchanged and safely
reuses their outputs (§4). Several additional optimizations,
such as eager stream processing, introspection, and storage
compaction, lower runtime and space overheads (§5), making
incrementalization practical for real-world workloads (§7).
While no user input is necessary, INCR can leverage crowd-
sourced partial annotations for POSIX, GNU Coreutils, and
third-party commands from earlier research [48, 74, 86], as
well as developer-specified configurations to enable finer-
grained incrementalization and eliminate dependency analysis
in parts of programs that will not change (§6).

INCR has been applied to 14 real-world scenarios that in-
clude debugging, data exploration, interactions with LLMs,
and other common tasks (§7). With no developer input, INCR
accelerates re-executions by an average of 34.2x and by up
to 373.3x. Enabling INCR slows down the first (typically
short) execution by an average of 101.50%, mostly due to
dependency tracking, reducible to 43.55% using optional de-
veloper configurations that disable tracking for stable parts
of the program—and further accelerate re-execution by an
average of 1.46x and a maximum of 24.40x. INCR’s be-
havior and outputs are indistinguishable from the underlying
shell interpreter across all real-world scenarios and 10,279
out of 10,282 (99.9%) tests from the standard Bash test suite,
including unusual behaviors rarely seen in practice.

The paper starts by exemplifying INCR on a real-world
workload (§2), followed by its key contributions (§3-6):

* Fine-grained dependency tracking via lightweight interpo-
sition probes that capture interactions across the filesystem,
shell environment, and other external resources (§3).

 Correct incrementalization via memoization of dependen-
cies and effects, including both transient data streams and
side effects, and safe reuse of prior effects (§4).

* Diverse runtime optimizations, such as eager stream pro-
cessing, introspection, and compaction, that make incre-
mental execution practical (§5).

* An optional tuning interface that accepts crowdsourced an-
notations and developer configurations to enhance, disable,
or relax parts of incrementalization (§6).

The paper then characterizes INCR on real-world pro-
grams (§7), discusses related work (§8), and concludes (§9).
Availability: INCR is available as MIT-licensed open-source
software at:

https://github.com/atlas-brown/incr

2 Applying INCR During Development

Example script: Fig. 2 shows a real shell program used to
digitize images of hieroglyphs collected during an archaeolog-

wget 'http://inst.edu/dpt/images.zip'
IMGS=$ { IMGS : —images}

unzip images.zip -d "$IMGS"

mogrify -resize 1024x1024\> "SIMGS"/*
for img in "$IMGS"/*; do

for img in $(find "$IMGS" -type f); do
python segment.py "$img" |

# —(1)

# ~(3)

python segment.py "$img" -s 1024x1024 | # ~(1)

- o oo U1 U1l B W N

while read -r mask; do

python classify.py -i "$img" -r "Smask" |

[CelNee)

done |

10 tee -a classes.txt | # +(4)
11 awk '{print "g:", $5}°'

11 awk -vi="$img" '{print "g:", $5, $6, i}

12 done | sort > db.txt

# ~(2)

13 python plot.py classes.txt # +(4)

Fig. 2: Hieroglyph classification script. A script that seg-
ments, classifies, and visualizes images of hieroglyphs. High-
lighted lines indicate modifications made during develop-
ment: + additions, — deletions, and ~ in-place modifica-
tions. Numbers denote modification order; equal numbers
belong in the same iteration.

ical expedition [7]. The script (1) fetches the images collected
during the expedition; (2) unpacks the images into a local
directory; (3) iterates over the images; (4) segments each im-
age into hieroglyph regions using Meta’s Segment Anything
Model [52]; (5) applies a hieroglyph classifier to each seg-
ment; and (6) outputs the formatted mappings between image
filenames and their classified segments to the db. txt file.

Developing this script involved several modifications [4],
four of which are highlighted in Fig. 2: removing a redundant
image resizing step (In.4, In.6, #1 ), changing awk to include
image paths in the output (In.11, #2 ), making the outer loop
process images in all subfolders (In.5, #3 ), and plotting the
classification results (In.10, In.13, #4 ).
Problem: Re-executing the entire script after each mod-
ification takes up to 15 minutes, dominated by the seg-
mentation and classification stages. Incrementalization—re-
executing only the parts of the script necessary to reflect each
modification—significantly accelerates re-execution.

To achieve incrementalization, a developer could manually
insert tee commands and if guards (Ins. 5-12) to memoize
intermediate results and reorganize the script to reuse those
intermediate files. However, this approach requires significant
effort and can introduce subtle errors, as manual partial re-
execution may use stale intermediate results. Furthermore,
this approach does not help with change #3 , which expands
the input image set, and is cumbersome to apply with changes
#1 and #3, which modify the program in non-trivial ways.
Key challenges: There are several challenges in automating
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the incrementalization of shell programs. First, Fig. 2’s script
contains opaque, heterogeneous commands with complex and
often implicit interdependencies. For example, plot.py, in-
troduced in modification #4 , consumes classes.txt (pro-
duced in In. 10) and thus depends on the outputs of all
prior stages (Ins. 5-9). Commands also interact with exter-
nal resources and the execution environment. For instance,
segment .py (In. 6) reads images from the $IMGS directory
(defined in In. 2) and depends on several Python packages
loaded by the python interpreter. In addition, such dependen-
cies are typically implicit and dynamic (e.g., $IMGS may be
externally set). Therefore, the script’s behavior can change
with its surrounding context.

Second, these commands generate arbitrary side effects, in-
cluding modifications to the filesystem, interactions with the
network, and transient input/output streams that flow through
pipelines and cannot be easily reused across runs. For exam-
ple, modification #4 alters the pipeline by inserting a tee
command (In. 10), which consumes the output stream pro-
duced by earlier commands. The tee command then emits
two effects: one written to disk as classes.txt—Ilater con-
sumed by the newly added plot.py command (In. 13)—and
another directly streamed to the next command awk (In. 11).

Finally, commands exhibit diverse execution patterns that
can make incrementalization via dependency tracing and
memoization inefficient. For instance, modification #3 fil-
ters irregular files in subdirectories; although this may not
change the set of images processed, it introduces a depen-
dency change that may unnecessarily invalidate memoized
results. Naive memoization of command effects can also incur
substantial storage overhead, particularly for large artifacts
produced by commands such as unzip or segment.py.
Applying INCR: Developers enable INCR during develop-
ment to automatically incrementalize scripts and disable it
when ready to deploy. This workflow for Fig. 2’s script is:

$ incr dpt.sh
$ incr dpt.sh ...
$ ./dpt.sh

# Enabling INCR
#o#1 #2 #3 #4
# Ready to ship!

incr dpt.sh

To solve the earlier challenges, INCR probes the script’s
execution at runtime to track command dependencies (§3),
memoize their intermediate effects (§4), and reuse them when
relevant state is unchanged. It parses the script, inserts inter-
position probes before all command invocations, and executes
the transformed script using the underlying shell interpreter.
These probes wrap each command and observe their execu-
tion: each probe creates an isolated environment for its com-
mand to run in, tracks its stdin and filesystem dependencies,
and memoizes its input/output streams and filesystem effects.
During re-execution, each probe compares the current depen-
dencies to those stored and decides locally to re-execute its
command if it detects any changes; otherwise, it skips execu-
tion and emits its memoized effects. As INCR’s probes operate
at runtime, they can observe dynamic changes to variables

(which may depend on external state) and control flow.

Modification #1 removes the redundant mogrify com-
mand that resized images before segmentation and makes
the segment . py command resize images internally instead.
Upon re-execution, INCR detects that segment .py’s input
has changed; INCR thus re-executes segment .py normally
but detects that its output, containing normalized coordinates,
has not changed. Then, the probes surrounding classify.py
and awk detect that their environment, inputs/outputs, and
filesystem dependencies are unchanged, so INCR skips their
executions and emits their memoized results.

Modification #2 includes two changes to the awk com-
mand: (1) adding classification confidence ($6) to its out-
put; and (2) adding the image path (i) to its output. awk’s
probe detects that its arguments have changed and re-executes
it. The downstream probes detect awk’s output changes and
re-execute their corresponding commands. All prior stages
(Ins. 5-9) reuse their memoized results.

Modification #3 filters out irregular files in the $IMGS
directory using £ind. The probe on segment . py retrieves and
emits memoized results for images it has processed before;
otherwise, it executes the command normally.

Finally, modification #4 includes several changes that add
a plotting section to visualize the classification results saved
by tee. On re-execution, INCR skips all unchanged stages be-
fore tee and executes tee on memoized results. Then, INCR
detects that tee does not alter the input to the awk command,
and thus continues to reuse memoized results for all subse-
quent stages—executing only the new plot.py command.
Results: INCR improves the original re-execution time from
1h25m to 20m41s, resulting in a 4.1 x speedup. Modifications
#3 and #4 , which include exploration of already-processed
data, enjoy 91.2x and 119 x speedups, respectively. If anno-
tations were used, INCR would achieve an additional .05 x
speedup by skipping dependency tracking on awk (§6).

3 Dependency Tracking

This section describes how INCR acquires fine-grained infor-
mation about command dependencies.

3.1 Inserting Interposition Probes

Shell programs feature complex control flow and interaction
with the environment, complicating the extraction of com-
mand dependencies and their effects. INCR performs all de-
pendency tracking at runtime, following a component-centric
approach: it isolates each command’s effects and tracks its
dependencies individually (Fig. 3). It allows tracking com-
mands on a per-effect basis (§4), enabling far more precise
memoization and reuse than probing the script as a monolith.

INCR first parses the shell script using the 1ibbash library,
which exposes Bash’s parsing subsystem as an APIL. It then
walks the program’s abstract-syntax tree (AST) and inserts
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Fig. 3: Interposition probes. INCR inserts lightweight inter-
position probes before each command in a shell program. A
command’s probe records its dependencies, inputs, outputs,
and other effects by tracing its system calls (gray arrows) and
memoizing those effects to the cache. On subsequent execu-
tions, the probe checks its dependencies against prior runs
retrieved from INCR’s cache. If they are unchanged, the probe
reuses prior results (green arrows); otherwise, it re-executes
and re-traces the command (gray arrows).

probes as meta-commands that wrap the original command
invocation. For example, INCR transforms the invocation rm
$path into incr-probe rm $path. The probe overwrites
the $0 variable to point to the original command and then
invokes it with its original arguments. Each probe is respon-
sible for tracking its command’s dependencies (§3.2) and
memoizing its effects (§4).

Probes are only placed at trackable commands, which
leaves out shell-defined functions, built-in commands, and
other components that cannot be resolved inside the shell
(e.g., alias). To deal with these shell-specific constructs,
INCR applies a small set of lightweight syntactic analyses and
transformations. In particular, INCR identifies built-in com-
mands (using the closed set given by compgen -b), function
definitions, and aliased invocations to avoid probe insertion.
For other syntactic constructs that create non-observable side
effects, INCR lifts them into observable commands. For in-
stance, it converts redirections (> and >>) into trackable dd
invocations before inserting probes.

3.2 Detecting Dependencies

Correct incrementalization requires comprehensive tracking
of each command’s runtime dependencies, including filesys-
tem and shell environment dependencies.

To precisely capture each command’s effects on the filesys-
tem, INCR executes them within an isolated environment built
on top of an overlay filesystem [16, 73], which provides a
private, copy-on-write view of the filesystem. Before each
command executes, INCR instantiates a new OverlayFS mount
that composes one read-only lower layer (lowerdirs) with a
writable upper layer (upperdir) into a unified merged view.
All modifications performed by the command are captured
in the upperdir, while the lowerdirs offer transparent read-

only access to the underlying filesystem. Upon completion,
INCR scans the upperdir to identify modifications made by the
command and commits them from the upperdir back to the
persistent filesystem. Furthermore, INCR stores the upperdir
for reuse during subsequent executions (§4).

Scanning the upperdir only reveals write dependencies. To
capture read dependencies, INCR monitors system calls made
by each command during its execution. To avoid prohibitive
overhead, INCR intercepts only system calls relevant to the
dependencies it models—specifically, fork, exec, and all file-
related system calls included in strace’s $file system set.
INCR uses seccomp-BPF to filter out irrelevant system calls
and reduce context-switching overhead.

INCR also tracks environment dependencies such as envi-
ronment variables and function declarations. These are perva-
sive in shell scripts as commands often rely on environment
variables for configuration (e.g., LC_ALL affects sort’s or-
dering behavior). Before executing each command, INCR
captures the current environment variables and function dec-
larations in the shell. If this set differs on re-execution, INCR
reruns the command. Environment modifications made dur-
ing execution are handled automatically as INCR captures
environment snapshots on a per-component basis.

Within the execution environment, false and noisy depen-
dencies may lead to unnecessary re-executions. For instance,
INCR cannot determine which environment variables a com-
mand depends on as they are accessed at the application level.
This forces INCR to conservatively treat all environment vari-
ables as dependencies, which may trigger re-executions even
when variables that do not impact command behavior change
across runs. To mitigate this, INCR implements a distribution-
aware filter that discards noisy environment variables. The
current INCR implementation is aware of noisy variables in-
side the Debian and Ubuntu distributions, specifically those
related to session management and tty settings.

4 Memoization and Reuse

This section explains how INCR memoizes command depen-
dencies and effects at runtime (§4.1) and reuses these memo-
ized results (§4.2) to avoid redundant re-computation.

4.1 Efficient Memoization

INCR stores each command’s dependencies and effects col-
lected during effect tracking (§3.2) in a cache directory on
the host system. Commands are indexed by their invocation
arguments, environment variables, and stdin stream hash.
During re-execution, INCR indexes into the cache to check if
commands can be skipped and to fetch memoized results.
Each command’s probe only has visibility into its own read
and write dependencies. After recording them, INCR generates
a dependency file. INCR tracks read and write dependencies



differently as an optimization, using the insight that compo-
nents in dynamic runtimes resolve sub-components at run-
time, leading to many more read than write dependencies [87].
Write dependencies are tracked using content hashes while
read dependencies are tracked using last modification times-
tamps, which are much cheaper to extract. To check if a write
dependency has changed, INCR compares the file’s current
hash to its stored hash. This allows INCR to skip re-execution
if upstream commands modify a file but produce the same out-
put (e.g., sort may produce the same output given different
inputs), while also distinguishing between same-content over-
writes and appends, ensuring correct reuse for non-idempotent
writes. To check if a read dependency has changed, INCR
checks if the file’s timestamp has changed. However, this
over-approximates changes when a command reads a file
modified upstream. To mitigate this, INCR avoids updating
file timestamps when applying memoized writes, ensuring
that commands do not detect spurious timestamp changes.

Furthermore, INCR stores each command’s transient data
streams and filesystem effects alongside its dependency file to
memoize its effects. To capture transient data streams, INCR
duplicates a command’s stdout and stderr to files within
the cache directory at runtime. To capture filesystem effects,
INCR directly stores the upperdir generated by OverlayFS
during dependency tracking (§3.2).

4.2 Safe Reuse

Correct incremental execution requires detecting when a com-
mand’s dependencies remain unchanged and applying prior
results correctly. During each execution, INCR compares each
command’s current dependencies against its dependency file.
If any differs, INCR re-executes the command and records its
new dependencies and effects; otherwise, INCR skips execu-
tion and applies its memoized results.

For output streams, INCR directly streams memoized
stdout and stderr to their corresponding file descriptors.
For filesystem effects, INCR scans the memoized OverlayFS
upperdir that contains a component’s post-execution set of
filesystem effects. Inside it, created or modified files are repre-
sented as regular files, deleted files as whiteouts (character de-
vices with major and minor numbers 0, 0), created directories
as regular directories, and overwritten or deleted directories
as directories that have the user.overlay.opaque extended
attribute set. To reuse these effects, INCR iterates over the
upperdir and applies each change to the current environment.

Reusing prior results for non-deterministic or network com-
mands may compromise correctness, as they may produce
different outputs even with identical dependencies and input
streams. While reusing prior results for non-deterministic
commands may not necessarily sacrifice correctness (e.g., for
a command that fetches static web content), it is impossi-
ble to automatically determine which commands are always
safe to incrementalize. Such behaviors fall outside INCR’s

scope; however, INCR accepts optional hints (§6.2) that allow
developers to mark commands as non-incrementalizable.

S Runtime Optimizations

INCR’s tracing (§3) and memoization (§4) mechanisms may
introduce runtime and storage overheads. This section de-
scribes several optimizations that make INCR practical for
real-world workloads.

5.1 Eager Stream Processing

The shell’s streaming execution model allows commands in
a pipeline to start processing as soon as their upstream com-
mands begin emitting output. This complicates incremental-
ization. Consider awk '{print $1}' $f | grep 'x'.If
$f changes but its first column remains the same, then awk’s
output is unchanged, meaning that grep 'x' can reuse its
memoized results. However, awaiting each pipeline stage to
decide reuse disables streaming semantics and incurs high
overhead for long pipelines.

To address this challenge, INCR employs eager stream pro-
cessing, a mechanism that skips redundant computation while
preserving the shell’s streaming model. When executing a
pipeline, INCR’s probes begin executing each command as
soon as input is available and without waiting to check if
re-execution can be skipped. Each probe buffers its stdin
stream in memory while computing a rolling hash and for-
warding it to the probe’s command. Then, once the probe
finishes hashing stdin, it checks if the command’s inputs
have changed. Importantly, probes typically finish hashing
stdin long before their commands finish processing it, es-
pecially for compute-intensive commands, enabling them to
determine if memoized results can be reused early in each
re-execution run. If the command’s dependencies and stdin
have not changed, then INCR sends a KILL signal to the com-
mand and outputs its memoized results starting from where
it left off. Otherwise, INCR continues running the command
and tracking its effects as usual. This process continues in a
chain for all the stages in a pipeline.

However, aborting a command that has filesystem side
effects early may produce an inconsistent system state if it
is in the middle of a modification. INCR’s effect isolation
mechanism (§3.2) addresses this: each command’s effects are
entirely contained within its OverlayFS upperdir. Therefore,
INCR simply discards a command’s upperdir when aborting
its execution and applies its memoized effects instead.

5.2 Introspection

Effect isolation (§3.2) is necessary to contain and memoize
side-effectful commands. However, creating, copying, and
committing OverlayFS directories generates potentially ex-
pensive overheads. To reduce such overheads, INCR employs



introspection to detect, using knowledge from prior runs,
whether commands need effect isolation. Specifically, INCR
uses the tracing information to identify commands that do
not perform filesystem modifications. INCR optimistically
assumes that, given the same arguments, these commands
remain effect-free in subsequent runs, similar to assumptions
made by prior systems [48,74]. Then, INCR skips effect isola-
tion for these commands by running them without OverlayFS.

However, if such a command modifies the filesystem in a
subsequent run—as detected by INCR’s tracing mechanism—
INCR still guarantees correctness. INCR completes the com-
mand’s execution as normal, correctly applying its effects
to the filesystem. It then revokes the command’s effect-free
designation and invalidates its cache entry to avoid reusing
potentially stale effects in future runs. In the next run, INCR
re-executes the command with effect isolation enabled.

Certain commands may be practically effect-free but still
create temporary files during execution that are cleaned up
before they exit. For example, sort creates temporary files if
its input is too large to fit into memory. INCR assumes that files
created and removed within the same command execution are
temporary, and does not record them as dependencies. This
approach allows INCR to consider such commands effect-free
and to skip effect isolation in subsequent runs.

5.3 Storage Compaction

Memoizing dependencies and effects for commands that pro-
duce large outputs or for programs that consist of numerous
commands can incur significant storage overheads. To miti-
gate this issue, INCR employs storage compaction, compress-
ing memoized data with a configurable compression level.
INCR uses the zstd compression algorithm, which offers ex-
tremely fast compression and decompression at reasonable
compression ratios [23]. To avoid invalidating memoized data
when the compression level changes, INCR records the com-
pression level used for each memoized output. Therefore,
INCR can decompress and reuse data generated under any
previous configuration.

6 Optional Annotations and Configurations

INCR, as described so far, provides automated incremental
execution for arbitrary shell programs. This section describes
how INCR can leverage command annotations made avail-
able by other systems (§6.1) and optional developer config-
urations (§6.2) to achieve additional optimizations and to
increase incrementalization fidelity.

6.1 Existing Crowdsourced Annotations

INCR leverages crowdsourced command annotations made
available by other systems [43, 48, 66, 74, 86] to further in-
crease the granularity of incrementalization. These annota-

tions target parallelization and distribution opportunities, but
the information they expose can benefit INCR’s analysis and
accelerated re-execution. Each annotation maps a command
invocation to a set of properties. For example, a combined
annotation from POSH [74] and PaSh [48] for cat is:

cat: [], stateless, splittable_args

This annotation indicates that cat is stateless and splittable
across its arguments when invoked without any flags. The
following are the properties that INCR can exploit.

INCR exploits statelessness, a classification from both
POSH [74] and PaSh [86] for commands that operate on
each input line independently without maintaining any in-
ternal state across lines. For example, invocations of grep
without -c are classified as stateless over their stdin stream.
This allows INCR to re-execute only the affected parts of
a stateless command’s input stream. It splits the inputs of
stateless commands into smaller chunks and memoizes each
chunk separately and in parallel. Data streams are split using
content-defined chunking [89], which produces chunks that
are stable across input perturbations. If a modification to a
stateless command’s input affects only a few chunks (e.g.,
when a log file is extended with new events), then memoized
results of unaffected chunks can be reused.

INCR exploits purity, a classification for commands that do
not modify the filesystem outside of a defined set of inputs
and outputs. This classification comes from PaSh’s paralleliz-
ability annotations [86]. For example, an annotation for grep
-f p.txt classifies it as pure with read dependencies from
stdin and p.txt, and a write dependency to stdout. INCR
skips effect isolation and tracing (§3.2) on pure commands.
For many common commands such as cat, grep, and tr, this
reduces INCR’s cold-start overhead when introspection (§5)
has not yet detected that the command is pure.

INCR exploits argument independence, a classification
from POSH [74] for commands that can be executed indepen-
dently for each argument. For example, an annotation for grep
"p' f1 f2 classifies it as argument-independent across its ar-
guments. Specifically, if £2 changes, then only grep 'p' f2
needs to be re-executed. INCR performs argument-level incre-
mentalization on these commands by syntactically transform-
ing each invocation: INCR splits the single large invocation
into multiple invocations inside a subshell, each with a single
argument. For example, it transforms the previous grep in-
vocation into (grep 'p' fl ; grep 'p' f2).INCR then
places separate probes on each invocation and memoizes and
reuses their results independently.

6.2 Optional Developer Configuration

Developers can also optionally configure INCR for specific
script fragments to further improve performance, exploiting
knowledge of a script’s behavior and use patterns. To support
such configurations in a backward-compatible fashion, INCR



Table 1: Benchmark summary. Summary of all the benchmarks used to evaluate INCR and their characteristics. Benchmarks
are categorized based on the delta type: addition ( + ), deletion ( — ), modification ( ~ ), or a combination thereof and the reason
for the change: behavior (B), wrong command (C), wrong flag (F), exploration (E), summarization (S), optimization (0), LLM
assistance (L), replacement (R), input update (I), debugging (D), aggregation (2), or visualization (V).

Benchmark Description Input #deltas LoC Deltas Source
1 dpt Segments and extracts images. 2.4 GB 9 84 O2F TAF V 2C [32,47]
2 Dbio Extracts genome sequences. 3.5GB 6 104 1 BIDO2E [18,46]
3 dict Calculates top-n most frequent words. 30 MB 1 2 s [11]
4 ngram Extends indexing stage to 1-3 grams. 106 MB 2 58 2B [49]
5 uppercase Analyzes word distribution. 200 MB 1 18 B [49]
6 unixgame Solves a Unixgame question. 1.0 GB 5 6 2EE 2E [71,84]
7 nginx Detects broken links. 974 MB 21 243 7E 5A R 5D S F O [74]
8 weather Calculates temperature statistics. 887 MB 2 138 2E [82]
9 covid Calculates public transit statistics. 381 MB 4 48 EEEE [83]
10 spell Finds spelling errors. 3.1GB 6 48 3D E 2B [11]
11 poet Extracts used and rhyming words. 1 GB 3 47  3E [49]
12 image Renames images with VLLM. 38 MB 5 45 202D L O [32,47]
13 music Prepares music files for sharing. 16 MB 6 52 snB)o @ [74,75,81]
14 Dbeginner Inspects system logs. 974 MB 13 28 5F 4E AOQE S [28,74]

exposes a special annotation that it detects during parsing.
These annotations instruct INCR either to disable incremen-
talization for a command or to group multiple commands
together to memoize them as a single unit. Such annotations
are expressed as assignments to the placeholder environment
variable INCR before commands. For example, configuring
INCR to skip cat and grep within a pipeline looks as follows:

INCR="s" cat f | INCR="s" grep . | tr a-z A-Z

Configuring INCR to group commands together by marking
the first and last commands in the group looks as follows:

cat £ | INCR="g" grep . | INCR="ug" tr a-z A-Z

Setting an unused environment variable before a command
does not change its execution.

Disabling incrementalization reduces runtime overheads
for program fragments that perform minimal computation or
have complex side effects. For example, configuring INCR to
skip cat and grep commands in the example above avoids
effect memoization for trivial commands that emit large out-
puts, thereby eliminating both runtime and storage overheads.
Furthermore, disabling incrementalization for user-provided
commands that rely on randomness that INCR cannot detect
(e.g., pseudorandom generators) guarantees correctness.

Grouping commands reduces overheads for program frag-
ments that are unlikely to benefit from fine-grained, individual
incrementalization. Additionally, grouping a fragment that is
considered final and not expected to change allows INCR to
focus only on fragments that will benefit from incremental-
ization. For example, configuring INCR to group the pipeline
above incurs effect isolation and tracing overheads only once
for the entire sequence rather than once per command. This

can significantly improve performance for pipelines com-
posed of many inexpensive commands.

7 Evaluation

This section applies INCR to 14 incremental development sce-
narios (totalling 81 deltas) to characterize its re-execution ben-
efits (§7.1), its runtime overheads (§7.2), its behavioral equiv-
alence (§7.3), the effectiveness of its optimizations (§7.4),
and the impact of optional annotations (§7.5).

Benchmarks: To evaluate INCR, we use the Koala bench-
mark suite [55] to identify real-world shell workloads, and col-
lect modifications that reflect their development. The bench-
marks span data processing, machine learning, and system
administration, with input sizes ranging from a few to tens of
gigabytes and consisting of a total of 81 deltas, summarized
in Tab. 1. Incremental modifications include fixing wrong
commands or arguments, exploring new functionality, and
using LLMs to guide modifications. All changes arise from a
diverse set of goals (summarized in Tab. 1), resulting in three
types of deltas: in-place edits to existing commands ( ~ ), e.g.,
changing command arguments; additions of new commands
or stages (+); and removals of existing commands or stages
from the script ( —).

The dpt benchmark (discussed in §2) segments and classi-
fies hieroglyph images from a single expedition. Its changes
include optimizing by removing a redundant image-resizing
stage ( 0), correcting awk’s printing format ( 2F ), filtering
out irregular files in the for loop condition ( I ), aggregat-
ing the classification results (A F ), and finally visualizing
classification results with two iterations (V 2C ). Inputs total
2.4 GB, including model weights and ultra-resolution images.



The bio benchmark processes genomic data to extract
chromosome-specific subsets using a six-stage pipeline.
Changes include iterating over all BAM files instead of a hard-
coded testing file ( I ), extracting per-chromosome reads (B ),
driving processing from an input file of population-sample
pairs ( I ), ignoring malformed or incomplete entries in that
list (D ), and plotting summary statistics for per-sample cov-
erage ( 2E ). The script is applied on a corpus of genomic data
comprising 15 samples and 3.5GB of aligned reads.

The diet benchmark counts the frequency of each word in
a corpus using a four-stage pipeline. The change modifies the
script to only output the top-n most frequent words, by adding
a stage to sort words by frequency and a last head stage ( S ).
The program operates over a large text corpus of 5.2M words,
totalling 30MB of text from Project Gutenberg [61].

The ngram benchmark starts with a unigram computa-
tion pipeline of tr, sort, and uniqg, extended to compute bi-
grams ( B ) and trigrams ( B ). It processes a 16-million-word,
106MB snapshot of Project Gutenberg [61].

The uppercase benchmark extracts all unique capital-
ized words from a large text corpus using multiple stages of
grep, tr, and sort. The first delta modifies the script to count
the occurrences of unique capitalized words by adding sort
-u to sort the words by their frequency in descending order in
the middle of the pipeline ( B ). Its input is a 33-million-word
snapshot of Project Gutenberg, totalling 200MB [61].

The unixgame benchmark solves a series of questions
from the Unix50th anniversary game. It first counts the total
number of rounds using grep '.' and wc -1. Changes in-
sert grep 'x' to capture moves from one side ( E ), then a
cut andgrep -v ' [KQRBN] ' to count specific captures (E ),
then cut, sort, and unig -c to count occurrences of each
capture ( E ), normalize lowercase identifiers via tr '[a-
z]' 'P' (E), and counting occurrence frequency with sort
-r,uniqg -c, head, and awk ( E). Inputs are a chess dataset
from Lichess [26] totalling 19M chess moves and 1.0 GB.

The nginx benchmark analyzes Nginx server log entries
to identify broken links. A series of changes expands its scope,
e.g., extracting status codes, listing request paths that lead
to 402 or 502 errors, identifying suspicious requests, count-
ing unique clients, extracting referrers, sorting and ranking
error-inducing URLs, and summarizing top 404-error paths
(7E 5A R 5D S). Another set modifies ordering and sum-
marizing behavior to use consistent reverse-numeric sorting
(F ), and deleting unnecessary outputs ( 0 ). It operates on a
S-million-record, 974MB web-server log [74].

The weather benchmark processes a large weather
dataset to compute maximum temperatures for each day be-
tween 1995 and 2000. The changes modify the script to
add two additional statistics by computing the minimum
(E) and average temperature ( E ). Its input is an 8§7MB
weather dataset of 3.6M temperature records from the Na-
tional Oceanic and Atmospheric Administration (NOAA) [2].

The covid benchmark analyzes public transit data col-

lected during COVID-19 to compute a series of statistics. The
changes introduce more metrics such as total vehicles per
day, days per vehicle ( E ), hours per vehicle ( E ), monitored
hours per day (E ), and hours per bus ( E ). The last change
introduces a single awk invocation that computes the statistics
in a single pass. Its input contains SM bus schedule records,
totalling 38 1MB [83].

The spell benchmark analyzes spelling mistakes in a
large text corpus. It includes six changes: removing non-
printable characters and turning the input into a word stream
(D), lowercasing that stream ( D ), removing punctuation (D ),
sorting words in alphabetical order ( E ), reporting words not
found in a dictionary (B ), finally comparing only unique
words against a dictionary to identify misspelled words ( B ).
The input is a collection of 9001 books, totalling 527M words
and 3.1GB of text [61].

The poet benchmark counts the frequency of each word
found in a given directory containing text files. Changes in-
clude replacing the single-file input with a concatenated cor-
pus of all poetry files to enable global text statistics ( E ),
adding a second output that reports unique words in alpha-
betical order ( E ), and finally introducing a third output that
orders words by rhyme by reversing strings prior to sorting
and then restoring their original orientation ( E ). The input
is a corpus of 3001 books, totalling 22.4M lines and 1GB of
text from Project Gutenberg [61].

The image benchmark renames images based on their con-
tent using a vision-language model—GPT-40 mini. Changes
include replacing spaces in LLM-generated titles with under-
scores to form basic filenames ( D ), lower-casing all charac-
ters for consistency (D ), stripping non-alphanumeric, non-
underscore, and non-dash characters to guarantee filesystem-
safe names ( D ), separating the cleaned stem into a reusable
base variable for clearer filename construction ( L ), consoli-
dating the sanitization steps into a single sed invocation ( 0 ),
and finally removing the mode suffix so outputs use only the
cleaned base title ( D ). Its input is a set of 11 images from a
browsing session (totalling 38MB) [32].

The music benchmark captures a vibe-coding devel-
opment loop, where a user iteratively refines a multime-
dia pipeline through loosely guided interactions with an
LLM [36]. Starting from a simple mp3 to wav conversion
with ffmpeg, changes include tar-ing each newly produced
.wav file alongside conversion so every MP3 immediately
gets its own archive ( L ), refactoring into a single post-loop
that aggregates all WAVs into a combined tarball (D ), en-
crypting it with openssl (L), introducing a configurable
encryption-key variable instead of a hardcoded one ( 0 ), com-
pressing individual WAV files to .gz before archiving (L ),
and finally simplifying the layout by dropping per-file com-
pression in favor of gzip-ing (0 ). Its input is a collection of
20 public-domain music files, totalling 16MB [55].

The beginner benchmark inspects system logs to iden-
tify failed login attempts. Starting from a numeric sort of the
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Fig. 4: INCR’s speedup on incremental changes. Each vertical bar, i.e., group of blocks, represents the execution time of a
benchmark change during incremental development. Each block within a bar represents the time taken by the corresponding
re-execution of the benchmark after a change. The curves connect the same block across the two systems.

system log, changes include switching from numeric sort-
ing to lexicographic sorting ( F ), counting duplicate lines
(E), filtering for lines containing specific patterns—first case-
sensitive ( E ) and later case-insensitive ( F ), counting match-
ing lines ( A ), then consolidating filtering and counting (0 ),
extracting the first two fields from the counted output (E ),
extracting different fields ( F ), grouping identical field pairs
after sorting ( E ), numerically sorting the grouped results (E ),
reversing the numeric sort to rank largest first (A ), selecting
the top ten entries ( S ), and adjusting the head call to the
explicit head -n 10 form ( F ). Its input contains 5 million
system logs, totalling 974MB [74].

Experimental Setup: Experiments were conducted on a
Cloudlab m510 machine with 8-core Intel Xeon D-1548 CPU
at 2.0GHz, 64GB RAM, 256GB NVMe, and 10Gb connection,
running Ubuntu 22.04 with Linux kernel 5.15.

7.1 Re-execution Performance

By how much does INCR accelerate re-execution?
Methodology: For each program modification, we measure
the execution time of the script under INCR and Bash, and
report the speedup as the ratio of Bash’s runtime to INCR’s
runtime per incremental step. We run each re-execution 3
times and report the average.

Results: Fig. 4 presents INCR’s speedup—applied fully au-
tomatically without annotations—over Bash across all bench-
marks and incremental re-execution. Across all benchmarks
and re-executions, INCR achieves an average speedup of
34.2x, with a maximum speedup of 373.3x. Out of 85 re-
executions, INCR achieves speedup in 69 cases and slowdown
in 16 cases. For speedup, INCR achieves an average speedup
of 34.2x across all benchmarks, in best case 373.3x, and
in worst case 1.003 x. For slowdown, INCR incurs an aver-
age slowdown of 0.73x across all benchmarks, in best case
0.95x, and in worst case 0.15x.

Discussion: INCR’s substantial re-execution speedups stem
from its ability to track fine-grained dependencies and safely

reuse previously computed results, thereby eliminating redun-
dant computation. For example, INCR reuses LLM-generated
image annotations in the image benchmark when incremen-
tal changes only modify the post-processing logic, reducing
the execution time from 155.55 seconds to 1.62 seconds,
achieving a speedup of 96.02 <. INCR does not introduce a sig-
nificant difference in accelerating different types of changes,
primarily because INCR’s fine-grained dependency tracking
effectively identifies unaffected commands and reuses their
results regardless of the type of modification.

INCR’s overheads stem primarily from its use of system-
call tracing and isolation, which together enable the system to
capture fine-grained dependencies and manage memoized re-
sults. These fixed costs become more pronounced and produce
minor slowdowns in benchmarks dominated by many short-
lived commands or in those with complex dependency be-
haviors. For example, in the unixgame benchmark—which
consists of a sequence of short-running commands such as
tr ' ' '"\n'—the final iteration modifies only the third
command, requiring full re-execution of the remaining eight
commands. For these commands, fixed costs make up a larger
fraction of the processing time, resulting in an increase in ex-
ecution time from 107.8 seconds to 123.6 seconds. Moreover,
in the first iteration of the music benchmark, tracing the
ffmpeg and tar commands increases execution time from
3.7s to 12.4s. These commands make many system calls and
thus are expensive to trace.

7.2 Cold-Start Overheads

To achieve these speedups (§7.1), INCR uses tracing, isola-
tion, and memoization mechanisms. By how much do these
mechanisms slow down the initial execution of a script, i.e.,
before it benefits from incremental re-execution?

Methodology: To characterize the cold-start overheads, we
measure INCR’s execution time relative to Bash across all
benchmarks with INCR enabled but no modifications made to
the script. This represents the worst-case scenario for INCR:
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Fig. 5: INCR’s cold-start overhead. Each bar represents
INCR’s overhead per benchmark during the first run. The x-
axis represents benchmarks. INCR’s absolute execution time
is noted above each bar.

all tracing, isolation, and memoization overheads are incurred
without any benefits from incremental execution.

Results: Fig. 5 presents INCR’s overhead relative to Bash in
the absence of any changes. For benchmarks where INCR’s
execution exceeds five seconds, INCR exhibits an average
overhead of 101.05%, with overheads ranging from 732.45%
at worst to -48.46% at best (a 1.92x speedup).

Discussion: INCR’s overheads stem from its tracing, iso-
lation, and memoization mechanisms. However, these over-
heads are often offset by the benefits of incremental execution
in real-world development scenarios, where scripts are fre-
quently modified and re-executed. INCR at times outperforms
Bash even during the initial execution without incremental
changes, primarily due to its runtime optimizations (§7.4),
e.g., eagerly executing commands to consume input streams.

7.3 Behavioral Equivalence

Does INCR preserve behavioral equivalence to an unmodified
shell interpreter during incremental re-execution?

Methodology: This section characterizes INCR’s behavioral
equivalence to the underlying shell interpreter by applying it
to the standard Bash test suite. Version 5.2.37 (1) -release
consists of 83 test categories, each corresponding to a specific
feature of Bash, totalling 534 test files and 22,064 LoC. The
suite does not include named assertions; instead, it comes with
ground-truth text files that include the expected outputs from
each test invocation. Equivalence is defined as the system
producing outputs identical to the ground-truth files when ex-
ecuting the tests. These files contain 10,282 lines, covering all
Bash features ranging from variable expansion to job control.
Matching the interpreter’s behavior exactly is therefore unusu-
ally demanding: the oracle is sensitive to whitespace, quoting,
error text, ordering, and many tests hinge on interpreter id-
iosyncrasies and historically accreted corner cases. As such,
even semantically equivalent behavior can be flagged as in-
correct unless it reproduces the ground-truth output verbatim.
In fact, using vanilla Bash (v. 5.2.37) to run the test suite
unveils 362 lines of output that differ from the ground-truth
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Table 2: INCR’s behavioral equivalence. The table shows
several Bash groups, example categories, and the number of
tests per category as well as INCR’s results.

Group Example categories INCR

Globbing extglob, globstar 868/868 (100%)
Data structs. array, array2, assoc  1261/1261 (100%)
Quoting quote, quotearray 877/877 (100%)
Expansion comsub, alias 1701/1703 (99.9%)
Utils getopts, strip 80/80 (100%)

Env. attr, history, read 1610/1610 (100%)
Constructs parser, func, case 1547/1547 (100%)
IPC jobs, execscript 1355/1356 (99.9%)
POSIX posixexp, posixpipe  536/536 (100%)
Options set-e, set-x, shopt 444/444 (100%)
Total 10,279/10,282 (99.9%)

files. Instead, we use Bash as the ground-truth and compare
INCR’s outputs against it.

A single Bash test file includes multiple test cases. Ex-
amples of such cases include how temporary environment
assignments affect only a child process’s environment, while
expansions use the caller’s variable values (e.g., VAR=abc
/bin/echo $VAR prints nothing), that $! expands to the PID
of the last process substitution (e.g., cmd < (exit 123))and
that using wait returns that subprocess’s exit code. The tests
also invoke external utilities like grep, cat, and awk.

A set of 19 cases are considered out of INCR’s scope: while
INCR correctly parses and reports such errors before execu-
tion, its parsing diverges subtly due to its underlying 1ibbash
parsing library. Some error messages differ in the reported line
number, due to 1ibbash’s lossy pretty-printing of the Bash
AST; other messages differ in the name of the interpreter, and
non-UTF-8 escape sequences in strings are misprinted due to
lacking 1ibbash support.

Aside from the standard Bash tests, we also inspect the

execution and results of all real-world scenarios (Tab. 1) with
INCR. Using the same experimental setup as in §7.1, we
confirm that (1) the final outputs produced by both INCR and
Bash match those by the authors of the Koala suite (i.e., files
read by the benchmark’s verify. sh script); and (2) all exit
codes executed from INCR and Bash after each incremental
modification match each other.
Results: Applied to the Bash test suite, INCR only differs by
3 ground-truth lines out of 10,282 (99.9% equivalence, Tab. 2).
Differences come from (1; 2 diffs) recursive alias defini-
tions, which INCR cannot identify during probe placement,
thus placing a probe to the aliased command whose expansion
(unlike normal shell expansion) INCR cannot observe; (2; 1
diff) an execscript test that unsets PATH, causing INCR to
fail to locate its own dependencies. We re-ran all tests without
clearing INCR’s cache, obtaining identical results, to confirm
reuse does not affect equivalence.
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Fig. 6: INCR’s storage compaction impact on performance
and storage. Each point represents the storage reduction vs.
speedup degradation per benchmark, compaction enabled.

Discussion: There are several successful cases worth high-
lighting. INCR had to be extended to support all the different
ways Bash can be invoked—including argument transfer and
correct escaping, which had to go through the shell inter-
preter, INCR itself, and the underlying effect isolation INCR
uses. Additional support had to do with identifying, before
probe placement, all the built-in Bash constructs that do not
correspond to trackable external binaries in the system. INCR
also had to be extended to track a variety of additional effects
such as permission modification, movement, and creation of
symbolic filesystem links.

INCR exhibits two classes of divergences, namely in alias
and execscript, which arise when scripts manipulate the
shell environment in ways that prevent INCR from resolving
script contents or locating its own runtime dependencies. Sev-
eral approaches could be used to address these limitations,
including deferring probe placement and decoupling depen-
dency resolution from the runtime environment.

7.4 Effects of Runtime Optimizations

What are the benefits of various optimizations, including eager
stream processing, introspection, storage compaction, stream
size heuristics, and optional annotations and configurations?
Eager stream processing: This optimization is always en-
abled (§7.1); when disabled, INCR waits for each command
to finish before deciding whether the subsequent command
needs to be executed.

We apply INCR to a synthetic program that executes a sin-
gle 16-stage pipeline twice without any incremental change;
all stages are streaming commands, e.g., grep filtering lines
and sed performing text substitutions. On the script’s first
execution, INCR takes 3m 22s with eager stream processing,
reducing the execution time by 65.8% from 9m 50s without
eager stream processing. On the script’s second execution,
INCR takes 10s to fetch the memoized results both with and
without this optimization. Eager stream processing adds im-
perceptible overhead on reuse.
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Introspection: This optimization is always enabled (§7.1);
when disabled, INCR always re-executes commands within
an isolation sandbox during incremental runs whether or not
they have write dependencies.

We apply INCR to a synthetic script that includes a pipeline
consisting of 20 commands that communicate only through
their standard streams. Each incremental change modifies the
input data processed by the pipeline, triggering re-execution
of all commands. Without introspection, INCR takes 35s on all
iterations. With introspection, INCR still takes 35s on the first
iteration because it has not yet detected that the commands are
pure, but only 31s (speedup: 13%) on subsequent iterations.

Storage compaction: This optimization is disabled by de-
fault (§7.1); when enabled, INCR compresses memoized de-
pendencies and effects on disk, achieving significant space
savings with slightly increased runtime overheads. Fig. 6
shows that compaction reduces space usage across all bench-
marks by an average of 55.7%, with a maximum of 100.0%,
while trading off a 1.9% average speedup degradation and up
to 9.8% in runtime performance. This optimization is espe-
cially beneficial for scripts that include longer pipelines, as
each intermediate result is a separate cache entry.

7.5 Effects of Optional Annotations

How do optional crowdsourced annotations (§6.1) help INCR
further accelerate incrementalization?

Methodology: We apply INCR with annotations to all bench-
marks in Tab. 1. Additionally, we design two synthetic shell
programs. The first program uses a five-stage pipeline of
stateless commands. Changes append new lines to the input
file. The second program invokes two argument-independent
commands—clang and sha256sum—to compile and hash C
files. Changes modify one of these C files.

Results: With annotations, INCR introduces an additional
average speedup of 1.46x across all benchmarks, and up to
24.40x in the music benchmark. INCR lowers the cold-start
overheads from an average of 101.05% to 43.55% and from
a maximum of 732.45% to 278.15%. In the first synthetic
program, INCR takes 29s on the first run (2.51 ), and only 6s
on the next two runs (12.17x), compared to 1m 13s on each
run without annotations. In the second synthetic program,
INCR takes 22.0s (4.9 x) after changes, compared to 1m 48.8s
without annotations.

Discussion: Annotations allow INCR to make informed de-
cisions based on command semantics. For example, in the
music benchmark, annotations indicating that the ffmpeg
and tar commands are pure allow INCR to skip expensive
tracing of these commands. Moreover, INCR applies chunked
incrementalization for stateless commands in the first syn-
thetic program, and decomposes each command’s argument
list into per-file invocations in the second synthetic program.



8 Related Work

Incremental computation: Incrementalization systems [5,
41,42, 57] typically employ language-level approaches by
tracking fine-grained dependencies between program frag-
ments, requiring language support and modifications to the
program source code to expose dependency boundaries. INCR
instead discovers dependencies at the system level through ef-
fect tracking—bringing incremental behavior to environments
that span multiple languages and include opaque components.
Data processing systems [21, 65, 72, 91] support incre-
mental computation through dataflow models or adjacent
domain-specific computation models. In contrast, INCR tar-
gets general-purpose shell environments that span opaque
components and arbitrary data-processing semantics, and in-
stead focuses on automatic incrementalization without relying
on specialized dataflow abstractions or domain-specific pro-
cessing models.
Build systems: Build systems [33, 53, 59, 62] aim to ef-
ficiently rebuild software after source code changes, often
requiring developers to manually specify their dependency
graphs. Prior research reduces the burden of manual depen-
dency specification in build systems by automatically infer-
ring dependencies through execution tracing, thereby enabling
incremental builds without explicit declarations [10,14,25,78].
INCR fundamentally differs from these systems by targeting
general computations that span data dependencies, transient
effects, and mutable state that go beyond build artifacts.
Riker [25] infers fine-grained dependencies from simple
build scripts (Rikerfiles) written in any language and delivers
precise, language-agnostic incremental builds. It focuses on
accelerating re-execution when inputs change. INCR captures
changes arising not only from inputs, but from arbitrary shell
program modifications, including both changes on persistent
artifacts (e.g., files and directories), transient effects (e.g., data
streams), and mutable state (e.g., environment variables).
Exploratory programming: Interactive environments such
as notebooks [51] shorten the development feedback loop by
exposing cell-based re-execution, but require manual control
of dependencies [92]. For example, systems such as Jupyter [1,
3,54] allow users to (re-)execute program cells independently,
but require them to manually manage dependencies across
coarse-grained cells to ensure correctness during re-execution.
INCR instead infers dependencies automatically.
Reactivity and view maintenance: Reactivity and view
maintenance have been studied in both theory [15, 40, 56]
and practice [6,31,90,91]. Reactivity’s goal is to automati-
cally identify and execute the minimal re-computation needed
to maintain up-to-date results as input data changes. Prior
systems have focused on reactivity within specific domains,
such as relational databases [19], or map-reduce-style data
processing [27]. INCR does not target reactivity.
Provenance tracking and reproducibility: Provenance sys-
tems [9,20, 64,70, 77] capture dependencies among entities
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to support auditing and forensics. INCR’s goals and methods
for extracting dependencies in shell programs fundamentally
differ, but the provenance graphs produced by these systems
are complementary to INCR’s dependency tracking and could
enable incremental execution across network boundaries.

Prior research explores re-execution across diverse environ-
ments by caching execution dependencies and intermediate
results. For example, package-management systems such as
CDE [39] and ReproZip [22] interpose on system calls to
record the resources accessed during a program’s execution,
enabling the program to be re-executed on a different machine
by packaging all recorded dependencies. These systems pri-
marily target portability of executions across environments,
rather than incremental execution, as INCR does.

Systems such as Nix [29], Guix [24], and Docker [60] en-
able users to declaratively specify system and application de-
pendencies to improve reproducibility and deployment relia-
bility. Although these systems support incremental builds and
deployments, they rely on explicit dependency specifications
to accelerate re-execution, while INCR does so automatically.

Other systems [12,44,67] record program execution to en-

able faithful replay on often unmodified applications. These
systems focus primarily on deterministic re-execution for
debugging and reproducibility, whereas INCR targets acceler-
ated incremental execution in environments that treat arbitrary
commands as the primary unit of computation.
Research on the Shell: Recent systems such as POSH [74],
PaSh [48], and Fractal [43] automatically parallelize or dis-
tribute shell programs. These systems accelerate large-scale
computations and rely on developer annotations to identify
parallelizable and distributable fragments. In contrast, INCR
targets early-stage exploratory development and reduces re-
execution time by automatically inferring dependencies and
memoizing command effects at runtime. It can optionally
leverage insights from these systems to increase incremental-
ization fidelity (§6.1).

Furthermore, a variety of systems improve the shell along
many dimensions, including syscall refinement [34], fu-
sion [8], elision [13], dataflow extension [81], synthesis [76],
serverless execution [58], and mobile usage [88]. INCR is
complementary to these works.

9 Conclusion

Fundamentally, INCR shows that bolt-on incrementalization
atop unmodified shells is not only possible, but also broadly
applicable. Its design includes lightweight effect tracking,
safe memoization and reuse, optimizations that address key
performance bottlenecks, and configurations that enable fur-
ther incrementalization opportunities. Applied to real-world
workflows, INCR delivers substantial re-execution speedups
without program or environment modifications and retains
behavioral equivalence to normal execution.
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