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Computational notebooks increasingly drive distributed workflows [1]  threshold = 0.5

on HPC clusters. Yet, such workflows are hard to reproduce: the [21  def featurize(tile): ...

notebook kernel accumulates hidden state that the notebook file
does not record, capturing a workflow that spans many workers and
has no natural termination point is costly, and a shared notebook
fails on a new cluster because its software and data dependencies
do not accompany it. Record and replay offers a systematic way to
reproduce these workflows, but existing techniques largely assume
a single batch process on a local machine. This paper addresses this
gap by extending record and replay to interactive and distributed
environments. Our approach captures provenance at points the
system already controls, namely the kernel, the workflow manager,
and each worker, and identifies cells and tasks by lineage and stable
fingerprints that remain valid across runs and clusters. We develop
audit and repeat kernels that bind a notebook to the environment it
ran in, and backpacks that capture the software, data, and resource
needs of the manager and workers for portable execution. We show
that incremental checkpoints and a stateful task cache let a modi-
fied notebook re-execute only the affected work, and that auditing
groups of similar tasks only once reduces audit time by over 90%
compared to naively tracing each task.
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1 Introduction

Traditional computing is batch oriented: a script runs from top
to bottom on one machine without user intervention and yields a
result only when it finishes. Interactive computing departs from
this model in three ways. Execution is out of order because cells can
be run in any sequence, a human remains in the loop to steer a long-
lived process, and feedback appears immediately next to the code
that produced it. Computational notebooks such as Jupyter [22]
and Apache Zeppelin [3] are its most popular forms. In a notebook,
the user edits cells in a browser client, which sends their code to
a kernel process that holds the live in-memory state, executes the
code, and returns the results.
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Figure 1: A notebook workflow on a host cluster. When shared with a target
cluster, a rerun either fails or computes a wrong result.

Distributed computing departs from batch computing along a
different axis: it changes where a program runs. Its design space
ranges from tightly coupled programs such as MPI simulations,
whose processes exchange fine-grained messages in lockstep, to
loosely coupled workloads of a large number of tasks that com-
municate through files. We study the latter, specifically many-task
computing [37], in which a manager holds a directed acyclic graph
(DAG) of tasks and dispatches them to workers that share neither
memory nor, often, a filesystem. Engines such as TaskVine [41],
Dask [39], and Parsl [6] let scientists build these graphs inside note-
book cells—a pattern common in image processing, genomics, and
machine learning pipelines.

Increasingly, the two paradigms are converging into interac-
tive HPC, because scientific workloads quickly outgrow a worksta-
tion [36]. Machine learning is a prominent driver of this conver-
gence, from data preparation and evaluation steered from notebooks
to the interactive prototyping and fine-tuning around LLM train-
ing [9, 18, 25, 31, 33]. On an interactive HPC system [13], a user
obtains an allocation through Slurm [48] or a gateway such as Open
OnDemand [19], and the notebook kernel runs on a compute node
where it drives a distributed engine, so a single cell can dispatch
a task graph across hundreds of workers. The workflow’s state is
therefore split: the kernel holds the DAG, task handles, and cached
data, while each worker holds the state of its own tasks.

We study reproducibility in these environments through record
and replay techniques, also called audit and repeat. Record audits
the workflow as it runs and packages the notebook together with
the software and data used by its kernel, manager, and workers,
as well as the provenance that identifies each cell and task. Replay
uses this package to reconstruct the workflow elsewhere so that
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Table 1: Properties of record-and-replay systems. The middle group lists systems designed for notebooks.

System Purpose Records Distributed? Interactive? Portable?
Staggered checkpointing [46] fault tolerance process state yes no no
DMTCP [2] fault tolerance process state yes no no
liblog, Friday [14, 15] debugging library calls, messages yes no no

rr [32] debugging system calls, signals no no no
CDE [16] reproducibility files, libraries no no yes
ReproZip [8] reproducibility files, libraries no no yes
Sciunit [44] reproducibility files, libraries no partial yes
NBSafety [29] stale-state detection cell dependencies no yes no
ElasticNotebook [28] session migration kernel state no yes partial
CHEX [30] multiversion replay per-cell lineage, checkpoints no yes no
Kishu [27] session time travel changed variables no yes no
Our Systems [1, 4, 5, 20] reproducibility per-cell lineage, per-task provenance yes yes yes

every recorded cell produces an equivalent output. Classical tools
such as rr [32] and application virtualization [16] capture one batch
execution that ends when its process exits, whereas a notebook
never exits and its state spans a kernel and many workers.

Figure 1 shows a typical notebook on a cluster, with each cell
labeled by its execution order. The user first sets threshold =
0.5 in cell [1] and defines a function featurize in cell [2] that
reads this threshold. In cell [3], the user maps featurize over
thousands of image tiles; the distributed engine dispatches one
task per tile to the workers, which keep the results. Unsatisfied
with the output, the user adds a new cell (cell [4]), sets threshold
= 0.3, and reruns the map cell, which now executes as [5] and
recomputes every tile with the new value. The user then aggregates
the results in cell [6], deletes the cell that set the threshold to 0.3,
and saves the notebook. The saved file now shows only threshold
= 0.5, while every reported result was computed with 0.3, a value
that survives only in the kernel’s memory. When the file is shared
without its environment, a rerun on another cluster either fails
because the workers lack its dependencies, or silently computes a
different answer using the 0.5 that the file records.

This example exposes three challenges for reproducibility. The
first is the hidden state trap: out-of-order execution accumulates
state in the kernel that cannot be reconstructed by merely reading
the source from top to bottom. Distribution makes it worse, since
part of that state, such as cached results, lives on workers that
the file never describes. The second is the reproducibility overhead:
capturing and re-executing these workflows is expensive. An in-
teractive workflow has no fixed point at which its full state can be
captured once [47], so capture must happen continually as cells
run. In a distributed setup, tracing every task separately copies the
same libraries thousands of times and incurs two privilege-mode
transitions on every system call. Re-execution is costly as well:
during iterative development, a one-line edit to the featurize
function forces the whole task graph to rerun. The third challenge
is portability: a notebook shared without its environment fails on
workers that lack its libraries or data. Rebuilding that environment
by hand on each cluster is impractical for the domain scientists
who increasingly use interactive HPC, most of whom are unfamiliar

with batch scripts and containers [38], so the environment must be

captured and restored automatically.

Research Goal: The objective of my Ph.D. research is to extend

record and replay techniques to interactive and distributed envi-

ronments so that such workflows are captured efficiently, including
their hidden state, and reproduced with full fidelity on other clusters.

We address the following research questions:

RQ1. How can record and replay be extended to capture the ex-
ecution environments and dependencies of interactive and
distributed workflows?

RQ2. How should a captured interactive workflow be packaged for
portable, full-fidelity replay across heterogeneous execution
environments?

RQ3. During iterative development in a notebook, how can re-
execution be accelerated by leaving unaffected prior compu-
tation untouched?

RQ4. How can redundant auditing in a distributed cluster be elim-
inated, so that provenance capture and replay scale with
workload size?

2 Background

Notebooks trace back to literate programming [23], which inter-
leaves code with prose for human readers. Jupyter [22, 34] carried
this idea into an executable medium whose protocol separates the
browser front end from the kernel, letting the kernel run on a re-
mote compute node. Supercomputers, built for batch throughput,
gained interactive access through JupyterHub deployments [36]
and web portals [12, 40], driven by urgent and Al workloads [38].
Condor [43] schedules large numbers of independent jobs, a model
that many-task engines extend to dependent tasks and bring into
notebooks.

Techniques that record an execution and replay it later have de-
veloped along three lines of work, which differ in purpose, in what
they record, and in what replay assumes (Table 1). Checkpoint and
rollback records state so that a distributed computation survives
failures [7, 11, 24, 42]. Vaidya showed that the capture cost can be
moved off the critical path and paid later [45, 46]. BLCR [17] and
DMTCP [2] bring checkpointing to Linux clusters. Deterministic re-
play records only nondeterminism so that a bug can be reproduced
at the level of shared objects [26], virtual machines [10], distributed
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Figure 2: FLINC’s audit and repeat kernels. The audit kernel records the user
kernel into a notebook container, which is shared with the notebook and used
by the repeat kernel on the target (reproduced from [1]).

applications [14, 15], or single processes [32], and the minimal
record needed for faithful replay has been characterized for causally
consistent shared memory [21]. Audit and repeat targets repro-
ducibility: it logs the files and libraries a program uses and redirects
its accesses to the recorded copies during repeat, using a mechanism
called application virtualization (AV), as in CDE [16], PTU [35], Re-
proZip [8], and Sciunit [44]. Building on Sciunit, FLINC [1] extends
AV to interactive notebooks, while CHEX [30] audits per-cell lin-
eage to replay multiple notebook versions efficiently by reusing
ordered checkpoints. Other notebook tools flag stale state [29],
checkpoint and restore only the variables a cell changed [27], or
migrate live kernels [28], but they work on a single machine and
produce no portable package.

3 Extending Record and Replay to Interactive
and Distributed Environments (RQ1)

We model a notebook workflow as a sequence of cell executions
S ={c1,...,¢cn) in an order chosen by the user. After c;, its state is
oi = ki U Uy, 0w (1)
the union of the kernel state k; and the states w,,; of the workers
w. Audit, therefore, must produce a package that transcends the
boundary of a single process and covers both k; and every w,,;.

A notebook has no natural termination point, and its execution
is split between a client, which holds the notebook file, and a server-
side kernel, which performs all computation and is where hidden
state accumulates. FLINC [1] therefore audits the kernel rather than
the client, since the client already exists as a shareable notebook
file. Its audit kernel wraps the user’s kernel, traces it, copies every
accessed file into a notebook container, and flushes provenance
when the server shuts the kernel down. On the target cluster, the
repeat kernel reconnects the shared notebook to that container
and redirects file accesses to it, so the notebook runs with the
dependencies it was audited with rather than those installed on the
target (Figure 2).

Since the notebook file travels outside the container, a container
can silently be paired with an edited version of the notebook. FLINC
binds the two through per-cell lineage, which also exposes hidden
state. For cell ¢; with code hash h; and ordered system events E;,
including the content hashes of the external data they access, it
records

gi = (gi-1, Ei, hi), g0 =0, (2)
and defines two program states ps; and ps; of notebook versions
N; and N; to be equal if and only if h; = hj and g; = g;. When a
re-audited notebook’s lineage diverges from the stored one, FLINC
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discards the stale association rather than repeating against a mis-
matched container; in Figure 1, the deleted cell that set the threshold
to 0.3 appears in the audited lineage but not in the shared file, so
FLINC can detect the mismatch instead of silently replaying with 0.5.
On nine scientific notebooks, auditing the kernel costs only about
16% more than auditing the equivalent batch script, and repeat adds
only 3.5% over plain execution.

FLINC captures the kernel, but in a distributed workflow most of
the state lives on remote workers; in Figure 1, the results computed
with 0.3 exist only there. A faithful record of each task is its system-
call lineage Ay = (Ag_1; hg; O) with Ay = 0, where hy hashes the
code running at step k and & is the k-th system event with the
content hash of any file it touches [5]. Tracing every task would
capture it, but at the cost of auditing shared libraries once per task,
and with records keyed by scheduler identifiers and worker paths
that cannot be matched in another run. We therefore capture the
distributed half where the system already has control. NBReplay [4]
records at the kernel and the manager: it checkpoints the kernel
state after each cell and logs every task the manager dispatches
together with its outputs (Section 5). Fidelis [5] records on the
workers: an in-process library logs the files each task accesses into
a per-worker manifest, from which portable containers are built
(Section 6). Both identify a task by a stable fingerprint. Each payload
p(t) is normalized into j(t) by replacing non-deterministic keys,
file handles, and paths with canonical tokens, and references to
upstream tasks with their fingerprints, giving

$(t) = SHA-256(p(1)), (3)

which two runs assign identically if and only if the task performs
the same computation over the same upstream chain.

4 Packaging Workflows for Portability (RQ2)

A notebook file captures code but not its software, data, and re-
sources, which is why the rerun in Figure 1 fails on workers that
lack the notebook’s libraries. Floability [20] packages a workflow
as a backpack B = (W, S, Sw, D, R) comprising the notebook W
without site-specific settings; separate software specifications for
the manager, S,, and the workers, S,,, since workers usually need
a small subset of the manager’s packages; a data specification D
with each dataset’s source, location, and checksum; and a resource
specification R of worker count, cores, memory, and disk.
Backpack generation can be automated using floability audit,
which derives S,,, S,,, and D from a local run of the notebook with
a single worker. The run is traced with strace and produces separate
logs L,,, and L,, for the manager and worker processes. For each
role x € {m, w}, every accessed path in L, under a package direc-
tory is mapped to its package and version, and only packages that
conda list or pip list reports for the active environment are
kept, forming S,. Data dependencies come from wrapping Python’s
open function: files opened outside system and package directo-
ries form D, and each is attributed to the manager or a worker by
matching against L,, and L,,. To run a backpack, Floability verifies
each dataset against its checksum and launches the manager in the
notebook kernel with a factory that scales workers through the
site’s batch system, so the user never writes a job script or con-
tainer recipe. On three applications, auditing costs 16-49% more
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Figure 3: Partial re-execution of a task graph in NBReplay. After the user
function is edited, only the red tasks rerun and the green tasks return cached
results (reproduced from [4]).

than plain notebook execution, and the resulting backpacks ran
unchanged on four HTCondor and Slurm clusters.

5 Efficient Re-execution during Iterative
Development (RQ3)

After a small edit, a user expects only the affected computation to re-
run. Because engines such as Dask and TaskVine are stateless across
invocations, however, a one-line edit to featurize in Figure 1 re-
runs every tile, and in Figure 3 an edit that affects only the final
map and reduce tasks re-executes the whole graph. NBReplay [4]
enables partial re-execution of the workflow through incremental
kernel checkpoints and a stateful manager. For the kernel, persist-
ing the whole namespace after every cell is costly, so NBReplay
parses each cell’s abstract syntax tree to obtain the variables A(cy)
it reads or writes. Because static slicing misses aliasing, it keeps a
reverse index R from memory addresses to variable names and also
checkpoints every variable that shares an object with one in A(cg).
Each entry stores the serialized object when possible, the code that
produced it, and its dependencies, and identical entries across cells
are stored once. Since a checkpoint is taken after every executed
cell, it can preserve the kernel state that actually produced each
result, including values set by cells that were later deleted.

For distributed work, a ReplayManager wraps the TaskVine
manager and interposes on task submission and completion. For a
Python task it computes a two-stage fingerprint: a core hash over
the canonicalized function source and arguments, with framework-
generated identifiers stripped as in Equation 3, combined with a
hash Hi, (t) of the sorted content hashes of its declared input files,
so that f(t) = H(Hcore (¢)||Hin(2)). If f(2) is in the transaction log,
the cached outputs are returned without dispatch; otherwise the
task runs and its outputs are logged. This assumes deterministic
tasks with immutable, declared inputs. Because checkpoints and
the task cache travel with the notebook, a collaborator on another
cluster gets the same savings. On five notebooks, auditing adds 18%
overhead on average. Repeating an unchanged notebook is 18.4x
faster than rerunning it, and repeating a modified notebook is 2.08%
faster, with cache hit rates of 50-92.3%.

6 Eliminating Redundancy in Distributed
Auditing (RQ4)

Many tasks in a scientific workflow load the same libraries, and
the strawman of Section 3 traces and copies them once per task
(Figure 4, left), so the cost of capture grows with the size of the
workflow rather than with the variety of its tasks. Fidelis [5] instead
audits each group of similar tasks once. At submission, Fidelis
scans a task’s bytecode for imported modules to obtain its module
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Figure 4: Per-task auditing (left) traces every task and copies shared libraries
into each container. Fidelis (right) audits a shared library task once and records
only task-specific accesses (reproduced from [5]).

signature o(t). Each worker keeps a pool C of library tasks, long-
running processes L, that have pre-loaded the modules in o. A
task is served by the smallest library task that covers it, oy (¢) =
min{o € C : o(t) C o}, or by a new one with o7 (¢) = o(t) if
none does, and the tasks served by L, form the audit equivalence
class E, = {t : or(t) = o}. Each task runs as a forked child of
L., inheriting the loaded libraries, while copy-on-write memory
isolates tasks.

To avoid ptrace’s privilege-mode transitions on every system call,
a library loaded with LD_PRELOAD shadows the glibc file, metadata,
library-loading, and directory functions inside each process, so
capture stays in user mode. It appends entries (7, p, L) of file type,
path, and serving library task to a per-worker manifest M,,, once
per class; libraries a task loads beyond its signature are still recorded,
which preserves completeness. Containers are materialized from
M,, after execution or during idle periods, and each replayed task
runs in the filtered view M,,[E;] of entries attributed to L, located
through an audit map A [$(¢)] that records the task’s class, worker,
and manifest. If interposition sees every access, tasks interact only
through declared files, and those files do not change before being
copied, a replayed ¢’ with ¢(t') = ¢(t) reproduces A,(t) up to
process identifiers and interleavings. Because the containers carry
no worker-specific paths, they are designed to replay on workers
that share no filesystem with the original run.

On seven workers, Fidelis audits four homogeneous workflows
in 90-97% less time than per-task ptrace audit, and 84-93% less
than even unaudited execution, since context reuse also removes
start-up costs.

7 Conclusion

We extend record and replay from single batch processes to work-
flows that are interactive and may span a distributed cluster. FLINC
captures a notebook kernel into a container and detects when the
notebook no longer matches the execution it records. Floability
audits a local run into a backpack of software, data, and resource
needs that runs unchanged across clusters. NBReplay restores ker-
nel state from incremental checkpoints and re-executes only the
tasks an edit invalidates, and Fidelis audits groups of similar tasks
once through execution context reuse, system-call interposition,
and deferred container materialization. Together, these systems
expose and preserve hidden state, keep the cost of capture and
re-execution low, and make workflows portable without burdening
their users.
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