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Abstract

We present the runtime design and implementation of FRACTAL, a system for fault-tolerant distributed execution of
unmodified POSIX shell scripts. FRACTAL distinguishes recoverable regions from side-effectful regions and augments
distributed subgraphs with runtime support for progress tracking, exactly-once communication, selective replay, and dynamic
output persistence. We describe the recovery workflow, the remote-pipe data path, the distributed file reader, and the executor-
side optimizations that keep fault-tolerance overhead low on the common path. Evaluation on 4- and 30-node clusters shows
that FRACTAL preserves the performance benefits of distributed shell execution while recovering 7.8-16.4 x faster than Hadoop
Streaming under worker faults.

1 Introduction

The Unix shell remains one of the most widely used environments for real-world data processing and systems work because
it combines language-agnostic composition, lightweight pipelines, and dynamic control flow in a compact programming
model [17,20,23,25,44,50]. Recent systems such as PaSh, POSH, and DISH have shown that many shell scripts can be
parallelized and distributed automatically without rewriting them into a new framework [28, 39,43, 56]. Transparent recovery
from worker faults is still missing. That omission matters precisely in the environments that motivate distributed shell execution:
long-running scripts, large inputs, commodity clusters, and black-box commands whose internal state remains opaque to the
runtime.

FRACTAL addresses this gap by pairing shell-aware partitioning with recovery-oriented runtime support. It separates
recoverable computation from side-effectful regions, records progress at subgraph boundaries, and re-executes only the affected
portions of a distributed execution after worker faults. This report concentrates on the mechanisms that make that behavior
practical, including the recovery workflow, progress tracking, discovery, remote pipe communication, distributed file reading,
executor control flow, and the optimizations that balance recovery speed against fault-free overhead.

Contributions. This report focuses on Fractal’s runtime design and implementation. Its emphasis is on the execution engine,
targeted optimizations, and the evaluation evidence that characterizes these mechanisms in practice. The broader design-space
characterization, the reference-prototype view of Fractal, and the fault-injection tooling appear only where needed to keep the
runtime story self-contained.

This report makes four contributions. It presents a runtime architecture for recovery in distributed shell execution, tying
together progress tracking, discovery, remote pipe communication, and replay coordination. It explains how byte-accurate offset
accounting, subgraph dependency tracking, and recovery-safe data movement make selective recovery feasible for black-box
shell workloads. It surfaces the engineering tradeoffs behind dynamic persistence, buffered 1/O, event-driven execution, and
batched scheduling. It evaluates those runtime mechanisms on 4- and 30-node clusters with an emphasis on fault-free overhead,
recovery behavior, and persistence choices, treating fault injection as experimental methodology rather than as a separate
subsystem contribution.

The rest of the report moves from background to implementation and then to empirical results. Section 2 summarizes the
shell-specific requirements that shape the runtime. Section 3 introduces the high-level workflow. Sections 4 and 5 cover the
runtime design and its optimizations. Section 6 then describes the experimental setup and the main empirical results. Sections 7
to 9 close the report with context, caveats, and the broader implications of the runtime design.

2 Background and Design Space

This section summarizes the design-space characterization from the Fractal project that motivates the runtime mechanisms in
the rest of the report. It outlines the shell-specific desiderata for fault-tolerant distribution, explains why established recovery
patterns do not transfer directly, and then sketches Fractal’s response at a high level.



Tab. 1: Comparison of fault-tolerance mechanisms across key shell desiderata. This table follows the Fractal paper’s design-space
comparison and explains the recurring D1 — D6 badges used throughout the report.

Desideratum Checkpointing Barrier-based Lineage-based FRACTAL
D1 Handles black-box state No Yes No Yes
D2 Ad-hoc pipe integrity No No No Yes
D3 Side-effect management Part. No No Yes
D4 Dynamism compatibility Part. No No Yes
D5 Recovery granularity Coarse Coarse Fine Fine
D6 No script modification Part. Part. No Yes

2.1 Desiderata

Shell scripts uniquely blend diverse commands, streaming pipelines, visible side effects, and dynamic expansion at runtime.
That combination gives the shell much of its practical power, but it also creates a distinct set of requirements for any recovery
design. Tab. 1 summarizes those requirements.

D1 Black-box state handling. Shell pipelines invoke external binaries such as sort, grep, and unzip whose internal state
cannot be inspected or checkpointed by the runtime. These commands may buffer large amounts of data internally without
exposing any API for partial snapshots or rollback. A fault-tolerance mechanism therefore has to recover progress without
peeking inside opaque commands or demanding new hooks from them.

D2 Ad-hoc pipe streaming integrity. Shell commands communicate through unstructured byte streams over ad-hoc Unix
pipes, with buffering and chunking behavior that varies by command. When a worker fails, the system has no built-in record of
how many bytes a downstream consumer has already received. Recovery must therefore preserve exactly-once delivery across
retries so that replay neither drops nor duplicates data.

D3 Side-effect management. Shell commands often perform non-idempotent external actions, such as appending to files,
moving outputs into place, or issuing network calls. Simply rerunning a partially completed side-effectful command can
duplicate visible effects or leave behind partial writes. A shell-oriented recovery design must either prevent those repeated
effects or keep such commands outside the replay path.

D4 Dynamism compatibility. Shell scripts resolve control flow and command invocations at runtime through loops,
conditionals, variable expansion, command substitution, and file-system reflection. Any practical design must handle these
on-the-fly pipelines rather than assume that the full computation graph is known statically ahead of time.

D5 Fine recovery granularity. Shell workflows often chain many long-running commands, so coarse reruns waste substantial
work after a partial failure. At the same time, command-level replay is hard because black-box commands hide internal state
and because downstream consumers may already have observed ephemeral outputs. A robust mechanism therefore needs a
recovery unit that is small enough to avoid large reruns but coarse enough to remain implementable.

D6 No script modification. Shell scripts are often legacy artifacts or incrementally maintained operational code. Forcing
users to rewrite them into mapper/reducer wrappers, framework-native operators, or custom recovery APIs would sacrifice
much of the shell’s value. An ideal approach should preserve existing POSIX scripts unchanged while adding recovery support
transparently [14,15,18,21].

2.2 Existing Approaches

Existing recovery paradigms illuminate the design space, but none transfers cleanly to general shell execution [4,5,7,10, 11,22,
24,30,53,59]. In practice, failing even one of D1 — D6 is enough to make a mechanism a poor fit for unmodified shell scripts.

Checkpointing. Checkpointing systems assume that the runtime can snapshot process or operator state through framework-
visible hooks [4,5,7,30,53]. That assumption conflicts directly with D1 : opaque shell commands do not expose internal state
to checkpoint. It also conflicts with D2 , because Unix pipes do not carry framework-managed offsets or barriers, and with

D3 , because shell-side file and network I/O occur outside transactional sink APIs. Checkpointing further struggles with D4
when new commands appear dynamically, and it tends to offer only coarse or expensive answers to D5 . Finally, adapting shell
workflows to checkpointing usually requires wrappers or rewrites that violate D6 .

Barrier-based recovery. Barrier-based systems such as MapReduce and Hadoop Streaming tolerate faults by retrying larger
task units against a mostly static execution graph [10, 11,22,30]. They satisfy D1 only partially, because they can rerun
black-box tasks but cannot resume partially completed internal computation. They do not satisfy D2 , since replaying raw
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Fig. 1: Fractal’s execution workflow. FRACTAL separates side-effectful regions from recoverable regions, executes recoverable subgraphs

on workers while tracking progress and health, and reschedules only unfinished work after a failure.

byte streams across retries risks duplication unless the shell pipeline is rewritten around durable brokers or batch boundaries.
They also fare poorly on D3 and D4 : retries can re-issue side effects, and shell-generated dynamic branches do not map
naturally onto a fixed task graph. Their task-oriented retry model is also too coarse for D5 , and Hadoop Streaming still requires
mapper/reducer wrappers that weaken D6 .

Lineage-based replay. Lineage-based systems such as Dryad and Spark come closest on D5 because they can recompute only
failed partitions and their dependencies [24,59]. Even so, they remain a poor fit for the rest of the shell setting. They assume
that operator behavior is reconstructible from recorded dependencies, which clashes with D1 for black-box commands whose
internal progress is opaque. They do not naturally preserve D2 on ad-hoc byte streams, they rely on framework-managed
sinks for D3 , and they still expect explicit registration of operators and edges that conflicts with D4 . Most importantly, they
generally require scripts to be re-expressed inside the lineage framework, which violates D6 .

2.3 Fractal’s response

Fractal answers these constraints by treating a subgraph of the distributed shell execution as the unit of recovery. That choice
avoids deep instrumentation of every individual command while remaining fine-grained enough to avoid large-scale reruns. At
subgraph boundaries, the runtime injects lightweight support for progress tracking, replay-safe communication, and selective
reuse of persisted outputs.

This model addresses the six desiderata directly. For D1 , recovery relies only on subgraph inputs and outputs rather than
internal command state. For D2 , byte-level progress tracking and replay suppression preserve exactly-once downstream
delivery. For D3 , non-idempotent commands remain in the client-side main subgraph, while recoverable distributed subgraphs
either perform pure transformations or write to isolated outputs. For D4 , the compiler derives subgraphs from the shell program
as executed, so runtime-dependent structure remains within the model. For D5 , subgraph-level replay is precise enough to
avoid coarse reruns without incurring the bookkeeping cost of per-command recovery. For D6 , all of this support is injected
automatically, so users still run unmodified POSIX shell scripts.

3 Fractal Overview

Overview. FRACTAL addresses shell fault tolerance by building on PaSh-JIT’s data-flow representation of shell scripts [28]. At
a high level, the coordinator identifies the script regions that must remain on the client node, partitions the rest into distributed
subgraphs with different recovery semantics, and then augments the boundaries between those subgraphs with runtime support
for replay-safe execution. The main subgraph contains the parts of the program that depend on authoritative shell state or may
perform non-idempotent side effects. regular subgraphs do not include an aggregator vertex, whereas merger subgraphs
include an aggregator vertex responsible for combining outputs from multiple upstream subgraphs.

Fig. 1 summarizes the resulting workflow. Before execution, FRACTAL instruments every inter-subgraph edge with runtime
support for progress tracking and replay-safe communication. During execution, the runtime tracks subgraph placement,
inter-subgraph dependencies, and byte-level communication progress. When the health monitor detects a worker fault, the
coordinator computes the smallest replay plan consistent with those dependencies and redistributes only the unfinished work.
The next section then unpacks that high-level picture by mapping the architecture’s labeled stages to the concrete runtime
subsystems.
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Fig. 2: Runtime-oriented view of the Fractal architecture. The compiler isolates the unsafe main region, instruments inter-subgraph
edges, and hands prepared subgraphs to the scheduler. The runtime then relies on progress monitoring, discovery, remote pipe communication,
distributed file reading, and executor-side control flow to support efficient recovery.

Fig. 2 shows the full path from compiled shell graph to worker execution. The runtime is designed to recover failed work
without blindly replaying downstream computation that has already completed. That requirement drives the coordination path
between recovery planning, progress tracking, inter-subgraph communication, and worker-side execution.

The orange architecture badges in Fig. 2 mark the coordinator-side path from compilation to recovery.

A1 Unsafe-main isolation. The compiler isolates side-effectful or shell-state-dependent regions into the client-side 'main
subgraph and partitions the remaining distributed work into recoverable subgraphs, building on PaSh-JIT’s command-level shell
graph representation [28].

A2 Remote-pipe instrumentation. Inter-subgraph edges are replaced with remote pipe endpoints so the runtime can track
byte-level progress and reconnect streams safely after a fault.

A3 Persistence decision. Before execution, the runtime decides whether each relevant edge should stream transiently or
persist output locally, balancing fault-free overhead against recovery speed.

A4 Scheduling and dispatch. Prepared subgraphs are handed to the scheduler, which assigns them to workers and initiates
the corresponding communication endpoints.

A5 Progress monitoring and discovery. The coordinator records completion events, dependency state, and endpoint
metadata so that downstream consumers can locate writers and recovery can reuse completed work correctly.

A6 Health monitoring. The health monitor detects worker failures and triggers the recovery procedure that recomputes the
minimal replay plan and reschedules only unfinished subgraphs.

4.1 Recovery workflow

When the ' A6 health monitor reports that a worker has failed, the coordinator rebuilds the execution plan in five steps. It
identifies the incomplete subgraphs that were assigned to the failed node, uses the progress metadata to determine which
upstream and downstream dependencies are affected, issues kill requests to work that no longer matches the new plan, updates the
progress-monitor state, excludes outputs that can be reused from persistence, and finally reschedules the remaining subgraphs on
healthy nodes. This recovery path closes the loop between A6  failure detection, ‘A5 recorded progress, and | A4 rescheduling.

The recovery action depends on the role of the failed subgraph. If a regular worker fails, FRACTAL can often restart only
that subgraph and reconnect its downstream consumer at the correct byte offset. If a 'merger worker fails, the runtime creates a
replacement merger and coordinates a mix of replayed and persisted upstream inputs. This asymmetry is important later in the
evaluation: merger failures often cost more because they sit closer to shared aggregation paths, whereas regular-worker faults
are more isolated.



4.2 Progress tracking and discovery

The A5 progress monitor is the runtime’s source of truth for recovery-relevant metadata. It records subgraph placement,
inter-subgraph dependencies, completion events, and, when persistence is enabled, the locations of reusable outputs. Each
completed send or receive emits a compact 17-byte event consisting of an edge identifier and a direction flag. Those tiny records
are enough for the coordinator to decide whether a downstream consumer has already received the bytes associated with a given
upstream execution.

The A5 discovery service complements the progress monitor by solving a narrower problem: helping the endpoints of a
distributed edge find each other after scheduling or rescheduling. Writers publish either a socket endpoint or a file-backed
endpoint, and readers poll until matching metadata becomes available. Because discovery is logically separate from recovery
planning, the runtime can keep the communication path simple while still allowing reconnected readers to resume once a
replacement writer comes online.

4.3 Remote pipes and exactly-once delivery

Fractal’s A2 remote pipe is the key runtime mechanism for inter-subgraph communication. It acts as a distributed replacement
for a local Unix pipe and supports two modes. In transient mode, the writer exposes a socket endpoint for low-latency fault-free
execution. In persistent mode, the writer exposes a file-backed endpoint so that already produced bytes can be reused after a
fault.

The critical correctness property is exactly-once downstream delivery. Readers track how many bytes have already been
forwarded downstream. If a writer is restarted after failure and begins replaying a stream, the reader discards duplicate bytes
until it reaches the last known offset, then resumes forwarding new data. That offset accounting is what lets FRACTAL recover a
failed worker without forcing every downstream consumer to start from scratch.

The implementation also has to detect stream completion without buffering the whole stream. Writers append a fixed 8-byte
sentinel at end of stream. Readers retain a short look-ahead buffer so they can distinguish payload bytes from the sentinel while
continuing to stream data promptly. This small detail is important because byte-accurate replay is only useful if the data path
remains efficient on the common path.

4.4 Distributed file reader and executor runtime

Distributed shell execution also needs efficient input access. The distributed file reader serves HDFS-resident data splits directly
to worker-side shell code so that execution can remain data-local when possible [46]. Instead of staging whole files through a
client-side copy path, the runtime streams the relevant split from the local data node and feeds it into the worker’s subgraph
pipeline.

The executor runtime is the worker-side control loop that turns serialized subgraphs back into runnable shell fragments. It
stages scripts and metadata in a temporary directory, launches pending work up to a configurable concurrency limit, reclaims
completed processes, applies incoming kill requests, and records timing and diagnostic information. The design stays deliberately
small: the more logic that moves into the runtime’s critical path, the more likely recovery support is to erode the fault-free
speedups that motivated distribution in the first place. Within Fig. 2, this subsection corresponds most directly to the worker-side
consequences of A4  scheduling and the coordinator-side services that feed those executors.

4.5 Recovery boundaries and safe replay

Fractal still needs a clear answer to the question “what may be replayed safely?” It inherits a command-annotation catalogue
from prior shell-distribution work [28,39,43,56]. Commands that depend on local shell state or produce non-idempotent side
effects remain in the client-side main subgraph; this is the concrete effect of | Al unsafe-main isolation. Commands that behave
as recoverable data transformations can participate in the distributed execution plan, which gives the runtime a principled
boundary between work that may be re-executed and work that must remain sequential and authoritative on the client side.

5 Optimizations and Engineering Tradeoffs

The runtime mechanisms in Section 4 are necessary for correctness, but they would not be useful in practice if they imposed
large overheads on the common fault-free path. FRACTAL therefore adds several targeted optimizations that preserve the
benefits of distributed shell execution while retaining recovery support.



5.1 Dynamic output persistence

Persistence is the optimization most directly associated with | A3 . It is helpful after faults because it lets the runtime reuse
already produced data instead of recomputing entire upstream paths. It is also expensive because persisting every inter-subgraph
edge adds extra local writes even when no fault occurs. FRACTAL addresses that tension with a per-subgraph policy instead of a
single global switch.

The policy is guided by static information about the cluster and first-order properties of the workload. Subgraphs that operate
on a single DFS block and have no downstream fan-out are treated as poor persistence candidates because their outputs are
unlikely to survive the same worker failure that would force recovery [46]. Long-running upstream subgraphs with more
expensive replay cost are better candidates. This dynamic choice is one of the central engineering tradeoffs in the system: the
runtime buys future recovery speed only where the extra write path is likely to pay for itself.

5.2 Buffered I/O in the remote-pipe data path

The ' A2 remote pipe reader is performance-critical because every inter-subgraph byte crosses it. The reader therefore uses a
bounded buffer with an 8-byte look-ahead for EOF-sentinel detection instead of scanning the whole stream or allocating fresh
buffers for every chunk. Each iteration forwards all but the trailing 8 bytes, checks whether that trailing slice is the sentinel, and
then reuses the small prefix as the starting state for the next read.

This design keeps the steady-state cost low while still supporting correct stream completion and offset accounting. It illustrates
a broader point in FRACTAL: recovery support is only useful if the underlying runtime path remains efficient enough to preserve
the gains of distributed execution.

5.3 Event-driven executor behavior

The executor runtime uses a lightweight event loop to manage staged subgraphs, completed tasks, and kill requests. The loop
polls at a fixed interval, launches work up to a configurable concurrency limit, and avoids heavier synchronization where simple
atomic state changes suffice. Completion events are deliberately tiny, and the worker-side control path is kept narrow. In the
architecture view, this optimization strengthens the execution path downstream of ' A4 : once the scheduler dispatches work, the
executor has to keep that work moving with minimal control overhead.

Those choices matter because distributed shell workloads often contain many short-lived subgraphs. If the executor pays
a large coordination cost per subgraph, the benefits of command-level parallelism erode quickly. The event-driven design is
therefore as much about preserving the baseline speedups of DISH-style execution as it is about supporting replay.

5.4 Batched scheduling

Another important cost center is the A4 scheduler. Scripts over large or highly partitioned inputs can generate many subgraphs,
and distributing them one by one would amplify both network chatter and control-plane overhead. Fractal batches subgraphs
with the same target and sends them asynchronously, reducing per-subgraph scheduler cost and improving scalability as the
cluster widens.

The tradeoff is familiar: more aggressive batching reduces control-plane overhead, but it also makes the runtime’s unit of
dispatch less granular. Fractal uses batching where it improves scheduling efficiency without changing the underlying recovery
unit, which remains the subgraph.

6 Evaluation

We evaluate FRACTAL along three dimensions that are central to its runtime design: fault-free overhead on the common path,
recovery behavior under worker faults, and the tradeoff enabled by dynamic persistence.

6.1 Methodology

Baselines. We compare FRACTAL against three baselines. Bash represents sequential execution on a single node [52]. Apache
Hadoop Streaming represents a MapReduce-backed system that offers fault-tolerant execution of arbitrary binaries, including
black-box Unix commands, but expects mapper/reducer wrappers [22]. DISH represents a state-of-the-art system for automatic
shell-script distribution that lacks fault tolerance and therefore serves as the closest point of comparison on the fault-free
path [39].

This set of baselines separates three questions. Compared with Bash, it measures whether distribution is worthwhile at all.
Compared with DISH, it captures the incremental cost of fault-tolerance support on the fast path. Compared with Hadoop



Streaming, it shows whether Fractal’s replay model improves recovery time without requiring users to port shell scripts into a
different programming abstraction.

The benchmark sets in Tab. 2 follow the same workload fam- Tab. 2: Benchmark summary. Summary of all the benchmarks used
ilies used in the Fractal evaluation materials [28,31,39,56]. to evaluate FRACTAL and their characteristics.
Together they span 77 scripts and 547 lines of shell code.

That diversity matters because a runtime that looks good Benchmark Scripts LoC AHS Input
only on long, regular dataflow jobs would miss a large frac-  Classics 10 103 4 3GB
tion of actual shell workloads. Classics [1,2,27,35,51]  Unix50 34 34 4 10GB
and Unix50 [3, 40] cover command-heavy Unix pipelines, NLP ) 22 280 X 10 GB
NLP [6] contributes text-processing tutorial workloads, Ana- Analytics 3 62 / 334GB
Automation 6 68 b 4 2.1-30 GB

lytics [55, 58] contributes data-processing scripts, and Au-
tomation [43, 45, 47] contributes administration, media-
processing, and network-analysis tasks. As in the original
Fractal evaluation, AHS comparisons are restricted to the
suites expressible with mapper/reducer wrappers.

Hardware, deployment, and fault scenarios. FRACTAL is evaluated on two clusters. One is a 30-node CloudLab deployment
with 8-core Intel Xeon D-1548 machines, 64 GB of RAM, local NVMe, and 10 Gb networking. The other is a 4-node Raspberry
Pi 5 cluster with 4-core Arm CPUs, 8 GB of RAM, SSD storage, and 1 Gb networking. Both use Ubuntu 22.04-based Docker
images and HDFS-backed storage.

Fault scenarios include both manually induced worker failures and softer, automated failures triggered by the evaluation
harness. The frac tool is used as part of that experimental setup to inject failures at controlled execution points, making it
possible to characterize the runtime’s recovery behavior systematically.

The key recovery configurations used later are regular faults, merger faults, and microbenchmarks that vary output
persistence. That split matches the runtime design. Regular and merger failures exercise different parts of the replay logic,
while the persistence microbenchmark isolates one of the runtime’s most important implementation tradeoffs.

6.2 Fault-free execution

Fractal’s fault-tolerance support does not erase the ben-

_ == AHS - L0 efit of distributed shell execution. As shown in Fig. 3
é 1.0 DiSh 0.8 @ and Tab. 3, FRACTAL remains close to DISH on the fault-
g &= Fractal 06¢g free path and materially ahead of Hadoop Streaming. On
‘2 0.5 0-4§ the 30-node cluster, the average speedup over Bash is
a 02§ 9.64 x for FRACTAL versus 8.20x for DISH and 1.99 x
00 —— = 200 e e 0.0 for AHS on the Sl.lppOITed sul?set of scripts. These r.esults
Speedup show that the runtime mechanisms described in Sections 4

and 5 remain compatible with the scale-out benefits that
Fig. 3: Fault-free performance summary. On the 30-node cluster, FRAC- motivate distributed shell execution in the first place.
TAL remains close to DISH while substantially outperforming Hadoop
Streaming on the benchmark subset expressible with mapper/reducer wrap-
pers.

These results follow from the same implementation
choices described earlier. The persistence path avoids a
more expensive “tee everything to disk” design, the event
loop and batching keep control-plane cost low, and the overall instrumentation footprint is small enough that short critical paths
are not overwhelmed by recovery bookkeeping. The remaining slowdowns occur where the workloads are already poor scaling
candidates, such as scripts dominated by near-instant commands or wide fan-in aggregation.



The summary in Tab. 3 makes the same Tab. 3: Fault-free performance comparison highlights. Average, minimum, and
point numerically across both cluster sizes. maximum speedups over Bash for FRACTAL, DISH, and AHS across all benchmarks.
Fractal remains close to DISH on the com-

. . 4 Node 30 Node
mon path while maintaining a large advan-
tage over Hadoop Streaming on the sup- System Avg Min Max Avg Min Max
ported subset. The gap is widest on larger FRACTAL 593 0.28 18.55 9.64 0.22 107.8
clusters, where the distributed execution DISH 5.88 0.15 19.04 8.20 0.10 78.35
benefits are strongest and the incremental AHS 1.27 0.01 6.94 1.99 0.02 9.48
bookkeeping cost of fault tolerance remains
comparatively small.
6.3 Recovery behavior
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Fig. 4: Recovery behavior. Left: compared with Hadoop Streaming, Fractal’s recovery times remain much closer to the fault-free runtime
because the runtime replays only the affected subgraphs instead of restarting larger task stages. Right: soft-fault experiments on 4-node and
30-node clusters show that merger faults are often costlier than regular-worker faults, but both remain close to the fault-free execution time
compared with coarse-grained rerun strategies.

The recovery results are the clearest evidence that the runtime design is doing the intended work. Fig. 4 compares Fractal with
Hadoop Streaming and then breaks recovery cost down by benchmark family and worker role. Fractal’s recovery remains
much closer to the no-fault runtime because the coordinator replays only the affected subgraphs and reconnects downstream
communication at the recorded byte offsets. In contrast, the stage-oriented recovery model in Hadoop Streaming loses more
completed work.

FRACTAL recovers within roughly 1.26 x of the fault-free runtime and yields a 7.8—16.4x speedup over Hadoop Streaming in
the representative hard-fault experiments. This result follows directly from the runtime machinery described earlier. Progress
tracking identifies what finished. remote pipe offsets preserve downstream correctness. Persistence lets the runtime skip some
expensive upstream recomputation. Without those three pieces working together, the recovery advantage would collapse into a
coarse rerun.

Fig. 4 also highlights a second point that is especially relevant to the runtime architecture: different worker roles fail differently.
Regular-worker faults often interfere with fewer shared dependencies and therefore recover faster. Merger faults are typically
more expensive because they sit near aggregation boundaries and may require more upstream coordination. That asymmetry is
not incidental; it reflects the fact that Fractal’s recovery unit is the subgraph, not an undifferentiated worker process.



6.4 Dynamic persistence microbenchmark

Fig. 5 isolates one of the most im-
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adds about 38.7% overhead on the
faulted Analytics benchmark.

Fig. 5: Dynamic persistence microbenchmark. Persistence hurts short, fault-free
NLP workloads but helps faulted Analytics workloads; the runtime heuristic chooses
the right side of that tradeoff in both cases.

This is precisely the scenario that justifies Fractal’s per-subgraph persistence policy. The policy is simple by design, but the
microbenchmark shows that even first-order heuristics can recover a substantial fraction of the ideal choice. It documents a
practical engineering decision, the workload regimes where it matters, and the measurable consequences of getting it wrong.

6.5 Runtime-centered takeaways

Taken together, the evaluation supports three high-level conclusions. The runtime’s recovery support preserves most of the
fault-free advantage of distributed shell execution, selective replay at subgraph granularity is materially better than coarse rerun
strategies for worker faults, and dynamic persistence is not a cosmetic optimization but one of the mechanisms that lets Fractal
reconcile fault tolerance with competitive steady-state performance.

7 Related Work

7.1 Distributed shells and shell tooling

Classic Unix job-distribution tools such as Sun Grid Engine and GNU Parallel help users spread work across machines, but they
rely on manual orchestration and do not provide Fractal’s style of transparent recovery [19,49]. Systems such as Rc, Dgsh, and
gsh extend shell composition in useful ways, but they either require rewriting or do not target distributed recovery [12,34,47].
Recent automated systems including PaSh, POSH, and DISH are the most immediate precursors to FRACTAL because they
already operate on unmodified shell scripts and expose command-level parallelism and distribution [28, 39, 43,56]. Fractal
differs by adding runtime support for worker-fault recovery while retaining that unmodified-shell interface.

7.2 Distributed data-processing frameworks

MapReduce, Hadoop, Spark, Dryad, Ray, Naiad, CIEL, and related systems all provide important reference points for distributed
recovery and replay [10,24,36-38,42,48,57,59]. However, they expect users to express computation in framework-native
tasks, operators, or dataflow APIs. Hadoop Streaming and Dryad Nebula get closer because they can invoke black-box binaries,
but they still do not preserve general shell semantics or automatic handling of dynamic shell behavior [22,24].

The key difference is therefore not only that Fractal tolerates faults, but where it does so. Its recovery logic lives inside a
runtime specialized for shell-generated subgraphs, ad-hoc byte streams, and selective replay boundaries rather than inside a
generic data-processing abstraction.

7.3 Other fault-tolerance substrates

Checkpointing and replication techniques at the VM, container, and serverless layers provide another point of comparison [8,
9,13,26,29,32,33,60]. Those systems can mask failures, but they generally depend on infrastructure support, logging, or
framework-managed state and do not reason about shell-level dependencies. The gg system is notable for scaling black-box
commands to serverless functions, yet it relies on retry rather than Fractal’s pipeline-aware replay model [16].



8 Limitations

Fractal’s runtime is intentionally scoped to worker faults because those are the failures that most directly threaten long-running
distributed shell executions. The coordinator is assumed to remain available, and replication of coordinator state is left to future
work that could be handled with standard consensus techniques such as Raft [41]. That assumption keeps the prototype and the
evaluation focused, but it also means that Fractal is not yet a complete answer to all control-plane failures.

The replay boundary is also conservative. Side-effectful commands that mutate external state remain outside the distributed
replay path and execute in the client-side main subgraph. This is the right correctness choice for the current prototype, but it
limits how much of a script can benefit from the runtime when a workflow contains rich external effects. One possible extension
would combine Fractal’s subgraph replay with a sandbox or rollback substrate such as TRY so that a larger class of side-effectful
fragments could be recovered safely [54].

Finally, the current single-coordinator design scales comfortably to the evaluated deployments, but it may not remain the right
control-plane structure for substantially larger or denser clusters. If Fractal were pushed beyond the current regime, scheduler
sharding or a hierarchical control plane would likely become part of the runtime story as well.

9 Conclusion

We presented the runtime design and implementation of FRACTAL, focusing on the mechanisms that make worker-fault recovery
practical for distributed shell scripts: subgraph-level replay boundaries, progress and discovery services, exactly-once remote
pipe delivery, distributed input access, executor-side control flow, and the optimizations that keep these mechanisms inexpensive
on the common path. The result is a runtime story centered on selective replay rather than on coarse rerun.

These results show that fault tolerance for shell scripts is not just a matter of adding retries around distributed execution.
The shell’s black-box commands, ad-hoc byte streams, dynamic behavior, and side effects force the runtime to keep much
closer track of what has actually happened at subgraph boundaries. Fractal’s evaluation suggests that this extra bookkeeping is
worthwhile: the system remains close to state-of-the-art fault-free shell distribution while recovering substantially faster than a
coarser stage-based baseline.

More broadly, these results show that shell-specific fault tolerance depends on careful runtime engineering as much as on
high-level recovery policy. Progress tracking, replay-safe communication, and selective persistence together make it possible to
retain the advantages of distributed shell execution while substantially reducing the cost of worker faults.
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