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Abstract
Computational notebooks increasingly drive distributed workflows
on HPC clusters. Yet, such workflows are hard to reproduce: the
notebook kernel accumulates hidden state that the notebook file
does not record, capturing a workflow that spans manyworkers 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 fromnotebooks
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 reproducedwith 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 AI 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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Fig. 5. A notebook platform architecture consisting of the web-based notebook client and the notebook server. A client connects to the server process, which interacts with one
of the available kernels. The resulting kernel process is configured with an environment. It executes user code and returns the response to display in the web-based client.

Fig. 6. The workflow of notebook reproducibility using Audit and Repeat Kernels on two different computational environments. The thin black arrows show normal program 
execution and solid green arrows represent FLINC2 control and data flow.

new connection is established by the repeat kernel which substitutes 
the old connection information in the notebook container with the new 
connection information generated dynamically by the notebook client.

Fig.  6 shows the various steps in the workflow of FLINC2 ar-
chitecture which audits notebook in one environment and repeats 
it with the created notebook container in a different environment. 
In both environments, FLINC2 must be installed which creates the 
respective audit and repeat kernels. In step 1, the normal operation for 
the notebook client is shown to connect with the server and execute 
the notebook code by choosing an appropriate user kernel. In step 2, 
the user chooses the audit kernel to run the notebook and record its 
dependencies. In step 3, the user shares both the created notebook 
container and the notebook file with the target environment. In the 
target environment, in step 4, the user chooses the repeat kernel to run 
the notebook file. The repeat kernel connects with the container and 
every time the notebook execution accesses a dependency, it uses the 
one present in the container.

To contrast, the thin black arrows show normal program execution 
and solid green arrows show FLINC2 control and data flow execution. 
The term ‘notebook container’ used here is generic—it only refers to 
all necessary and sufficient dependencies required by the notebook. 
In practice, it can be an encapsulated package or a namespace iso-
lated container as we do not distinguish between the containerization 
medium.

4.2. Ensuring reproducible execution via lineage tracking

FLINC2 records execution lineage during the audit phase and stores 
it as a log within the notebook container. This lineage tracking is 

primarily used to verify whether the execution during the repeat phase 
matches that of the audit phase—an essential check, given that the 
notebook file is distributed separately from the container. A further 
complication of sharing files outside the container is the loss of a 
reliable mapping between the container’s internal state and the specific 
version of the notebook file, making reproducibility more difficult. We 
illustrate this issue via an example.

Consider the scenario illustrated in Fig.  2, where Alice shares both a 
notebook and its associated container with Bob. Upon receiving them, 
Bob modifies the notebook file and creates a new version—as shown 
in Fig.  7. If this modified notebook when reconnected to the original 
container, executes without errors and yields results equivalent to those 
originally produced by Alice, one might conclude that the notebook has 
reproduced correctly. However, the container does not record which 
version of the notebook file it was originally associated with. Ideally, 
the container should track and store the specific version of the notebook 
file linked to its internal state, ensuring a clear and verifiable mapping 
between file versions and container contents.

We solve this issue by auditing per cell provenance of the applica-
tion during the creation of the container. The per cell provenance is 
generated by differentiating between the contents of the notebook file 
and its execution, and maintaining a map between the cell code and its 
provenance generated during execution.

Let 𝑁 be a notebook consisting of cells 𝑁 = [𝑐1, 𝑐2,… , 𝑐𝑛], where 
𝑐𝑖 represents the 𝑖th execution of the cell. Let program state 𝑝𝑠𝑖 be the 
state of the notebook program at the beginning of each cell, as observed 
by the audit kernel. The program state at any point of execution consists 
of the values of all variables and objects used by the program at that 
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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 amechanism
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 𝑐𝑖 , its state is

𝜎𝑖 = 𝜅𝑖 ∪
⋃

𝑤 𝜔𝑤,𝑖 , (1)
the union of the kernel state 𝜅𝑖 and the states 𝜔𝑤,𝑖 of the workers
𝑤 . Audit, therefore, must produce a package that transcends the
boundary of a single process and covers both 𝜅𝑖 and every 𝜔𝑤,𝑖 .

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 𝑐𝑖 with code hash ℎ𝑖 and ordered system events 𝐸𝑖 ,
including the content hashes of the external data they access, it
records

𝑔𝑖 = (𝑔𝑖−1, 𝐸𝑖 , ℎ𝑖 ), 𝑔0 = ∅, (2)
and defines two program states 𝑝𝑠𝑖 and 𝑝𝑠 𝑗 of notebook versions
𝑁1 and 𝑁2 to be equal if and only if ℎ𝑖 = ℎ 𝑗 and 𝑔𝑖 = 𝑔 𝑗 . When a
re-audited notebook’s lineage diverges from the stored one, FLINC

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 themismatch instead of silently replayingwith 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 𝜆𝑘 = (𝜆𝑘−1;ℎ𝑘 ;𝛿𝑘 ) with 𝜆0 = ∅, where ℎ𝑘 hashes the
code running at step 𝑘 and 𝛿𝑘 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
𝜌 (𝑡) is normalized into 𝜌 (𝑡) by replacing non-deterministic keys,
file handles, and paths with canonical tokens, and references to
upstream tasks with their fingerprints, giving

𝜙 (𝑡) = SHA-256
(
𝜌 (𝑡)), (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,𝑆𝑚, 𝑆𝑤, 𝐷, 𝑅⟩ comprising the notebook𝑊
without site-specific settings; separate software specifications for
the manager, 𝑆𝑚 , and the workers, 𝑆𝑤 , 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 𝑆𝑚 , 𝑆𝑤 , and 𝐷 from a local run of the notebook with
a single worker. The run is traced with strace and produces separate
logs 𝐿𝑚 and 𝐿𝑤 for the manager and worker processes. For each
role 𝑥 ∈ {𝑚,𝑤}, every accessed path in 𝐿𝑥 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 𝑆𝑥 . 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 𝐿𝑚 and 𝐿𝑤 . 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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Fig. 7. Partial execution of task graph from example shown in Figure 1.
Update in ‘risk score’ re-executes tasks shown in red and returns cached
results for unchanged tasks shown in green.

V. PARTIAL RE-EXECUTION

Checkpointing in notebooks by NBReplay enables the user
to save the program state on the local system at any given
notebook cell, and subsequently load the checkpoint during
re-run to avoid redundant execution. However, it is unaware
of any distributed computation launched on another machine
by the notebook program. These distributed workloads are
orchestrated by a distributed workflow manager which is
typically stateless.

A. Stateless Distributed Workflows

Consider the Dask-based climate analysis workflow shown
in Figure 1. Figure 7 illustrates an abstracted version of its
task dependency graph, where Dask partitions the dataset into
3 chunks for parallel processing. The workflow spawns tasks
that (1) load temperature data from a Parquet file (T1–T3)
[Cell 1, Line 4], followed by tasks to (2) filter nulls values
(T4–T6) [Cell 1, Line 5], and (3) computes anomalies (T7–
T9) [Cell 1, Line 6]. Then it performs (4) parallel aggregation
by region and day (T10–T12) [Cell 2, Line 1] and (6) a reduce
operation to persist the intermediate aggregated result (T13)
[Cell 2, Line 1]. It then runs tasks to (7) map partitions that
apply the risk score function (T14–T16) [Cell 2, Line 4], and
finally (8) a reduce operation that persists the results (T17)
[Cell 2, Line 4].

During iterative development, users frequently modify such
workflows. Adding a new weather station file creates a new
parallel branch while leaving T1 through T12 unchanged.
Modifying the risk score function affects only T14, T15, T16,
T17 while leaving T1 through T13 unmodified. However,
standard execution with Dask and DaskVine forces complete
re-execution because neither framework maintains persistent
state across runs. DaskVine acts as a stateless executor that
submits tasks to TaskVine without awareness of previous
executions, and TaskVine does not track task history or cache
outputs between workflow invocations. When modifying the
risk score function, only 3 of 16 tasks require re-execution,
yet the stateless model re-executes all 16 tasks.

B. Stateful Execution with ReplayManager

We introduce a persistence layer that transforms TaskVine
into a stateful workflow manager. The architecture adds a
ReplayManager, which wraps the standard TaskVine manager
and interposes on task submission and completion. The exe-
cution flow becomes: Dask → DaskVine → ReplayManager

strip 
UUIDs 

key: combine-<uuid>
fn_src: (…)
args: (<fn>, [‘map-906045a7’,
              ‘map-2eb69953’])
kwargs: {'map-2e669953': ‘<uuid>.p’,
         ‘map-906045a7': ‘<uuid>.p’}

key: combine
fn_src: (…)
args: (<fn>, [‘map’,
              ‘map’])
kwargs: {'map': FILE_ARG,
         ‘map': FILE_ARG}

Raw Task Canonicalized  Task

Core 
Hash

Input 
File

Input 
Hash

Task 
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Fig. 8. Fingerprint of a Python function task is computed using its input file
hash and a core hash of its function code and arguments. Canonicalization
of tasks is done beforehand to remove non-deterministic identifiers. Non-
deterministic identifiers are either removed or replaced with a uniform string
like FILE ARG.

→ TaskVine. ReplayManager maintains a transaction log
containing task fingerprints and execution metadata, and a task
cache containing the output files. When a task is submitted,
ReplayManager computes a fingerprint of the task’s code and
inputs, and uses it to query the transaction log. In the event
of a cache hit, it retrieves and returns the cached output files,
thereby avoiding redundant task execution. In the event of a
cache miss, the task is sent to TaskVine for execution as usual
and upon completion, its fingerprint and outputs are added to
the cache. This is illustrated in Figure 7. In case of the risk
score function modification, tasks T1 through T13 produce
identical fingerprints resulting in a cache hit, while fingerprints
for tasks T14 through T17 get changed and are hence executed
with the modified risk score function.

Task fingerprinting captures the computational logic and
input dependencies influencing task output. The strategy dif-
fers between command-based and Python function tasks. For
command-based tasks, the fingerprint hashes the command
string concatenated with SHA-256 content hashes of all de-
clared input files. For each input, the system reads file contents
and computes a hash. The complete representation is serialized
to JSON with sorted keys and hashed with SHA-256. This
provides strong guarantees when all inputs are declared.

For Python function tasks, fingerprinting proceeds in two
stages. First, a core hash captures the function logic and
arguments independent of input files. Function arguments
are canonicalized to remove non-deterministic UUID suffixes
that Dask injects (e.g., subgraphcallable-a1b2c3d4
normalizes to subgraphcallable). The system identifies
user-defined functions in arguments, extracts their source code
via introspection, and includes source code hashes. In Figure 7,
tasks T14 through T16 include the risk_score function
as an argument; modifying this function changes the source
code hash, invalidating cached results. Similarly, function
arguments are serialized and hashed as well. The core hash
combines hashed arguments and user function source hashes.
Finally, the core hash is combined with input file hashes. The
two-staged fingerprinting is illustrated in Figure 8. Similar to
command based tasks, for each user-declared input file, the
system computes a SHA-256 hash. Input file hashes are sorted
and appended to the core hash to compute the final fingerprint.

79

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(𝑐𝑘 )
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(𝑐𝑘 ).
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 𝐻in (𝑡) of the sorted content hashes of its declared input files,
so that 𝑓 (𝑡) = 𝐻 (𝐻core (𝑡)∥𝐻in (𝑡)). If 𝑓 (𝑡) 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 18.4×
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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external tracer, context-switch to the kernel and back, and wait
while the tracer copies accessed files. This happens at the entry and
exit of every relevant system call for each task. In a workflow with
thousands of tasks that share a common set of libraries, the overall
cost of loading and auditing those libraries is paid thousands of
times over.

Since distributed workflows exhibit pervasive structural similar-
ity across tasks, it is logical to utilize that to improve their execution
time. Indeed, prior work [20] has exploited this repetition to speed
up execution by distributing and retaining reusable function con-
texts across workers. Since the function is the same, its context
(the libraries it imports, the models it loads) is identical across all
invocations. However, all current work requires users to manu-
ally specify and annotate which parts of the context are shared
i.e., the burden of identifying the common context falls entirely on
the programmer. Consequently, automated audit mechanisms like
those in application virtualization tools cannot directly utilize their
common context for performance gains.

Our key insight is that the task signature, already computed for
execution reuse, simultaneously defines audit equivalence classes
without any programmer annotation. This is true because tasks
that share a signature load the same code and dependencies, and
therefore access the same set of files will produce the same prove-
nance record. In our evaluation, 60–70% of tasks in representative
scientific workflows share equivalence classes, meaning their prove-
nance record is known before they even execute.

We present Fidelis, a scalable audit-and-replay middleware
for distributed scientific workflows that treats audit equivalence
classes as a first-class resource. In Fidelis, tasks that share a sig-
nature form a common ‘library task’, and tasks whose signature is
a subset of an existing library task’s signature, share an execution
context and therefore share a provenance record. Thus rather than
auditing every such task independently, Fidelis audits once at a
library task level producing a common dependency manifest that
covers all ‘similar’ tasks dispatched to that worker. This eliminates
the redundant per-task audit overhead. However, tasks may still
dynamically load dependencies at runtime that were not captured
by the signature. To ensure that no dependency is ever missed—
and that replayed workflows do not fail — every task runs a light-
weight interposition layer at the worker level that watches only
for dynamic loads. In the common case, nothing new is observed
and the overhead is negligible. If it does, per-task interposition, and
not interception, handles the dynamic exception correctly, giving
Fidelis both efficiency and completeness (see Figure 1 (right)).

Realizing Fidelis requires addressing three challenges. The
first is an optimization challenge: context reuse must preserve both
completeness and attribution. Sharing a single audited context
across many tasks risks missing dependencies that a task loads
dynamically beyond its static signature, and risks misattributing
provenance — crediting a dependency to the library task rather
than to the specific task that accessed it. Fidelis addresses this
by combining library-task-level interposition, which audits the
common context once, with per-task interposition that watches
for dynamic loads and correctly attributes them to the task that
triggered them.

The second is a performance challenge: capturing provenance
must not block task execution. Rather than using ptrace to attach

Task 1
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numpy
pandas

Task 2 Task 3
Tracer

numpy
pandas
scipy

numpy
pandas
sklearn

Manager

Worker

numpy

scipy
sklearn 

Task 3

Manager
Worker

Tracer

Tracer

Library Task 

Task 1 Task 2
pandas

Figure 1: (Left) Distributed audit and replay require per-task
container creation. (Right) Fidelis avoids it by creating audit
equivalence classes termed ‘Library Tasks’, used by different
tasks to amortize audit overhead. For replay fidelity, Task 2
and 3 are still audited in a light-weight manner to identify
task-specific dependencies.

an external tracer, which requires a privilege-mode transition on
every system call entry and exit, Fidelis interposes a shared li-
brary within the task’s own address space, keeping all provenance
capture in user mode. An asynchronous materialization protocol
further decouples container construction from task execution: ac-
cessed files are recorded to an in-memory buffer and flushed in
batches, so the task is never blocked waiting for container writes.

Finally, the third is a correctness challenge: replay requires that
provenance records be matchable to tasks across different runs and
environments. Fidelis addresses this through stable task identi-
fiers where in a normalization procedure strips nondeterministic
components from the task payload, such as temporary file names,
worker-specific paths, and framework-generated identifiers, and
hashes the result to produce a fingerprint that is stable across work-
flow runs. Combined with content-addressable provenance graphs,
this design ensures that replay is decoupled from the original exe-
cution environment and remains portable across clusters that share
no file system, or software installation.

Fidelis is scoped to the audit and replay problem: its goal is to
capture a faithful, low-overhead provenance record of what each
task accessed, and to replay that task in a new environment using
the captured context. A related but independent question is whether
the per-task and per-library-task containers produced by Fidelis
can be merged into a single globally consistent container repre-
senting the full workflow dependency closure. Fidelis does not
solve this problem, as it involves dependency constraint resolution
across distributed, incomplete views — a research challenge in its
own right. We note, however, that Fidelis’s content-addressable
provenance graph are a necessary precondition for any such merge
system: faithful recording must precede resolution.

Our contributions are as follows:
• We identify three properties: completeness, fidelity, and porta-
bility, that a correct and efficient audit-and-replay system for
distributed workflows must satisfy, and show that naive per-task
auditing satisfies none of them efficiently at scale.
• We introduce the key insight that the task signature, already com-
puted for execution reuse, simultaneously defines audit equiva-
lence classes. We exploit this coupling to audit once at the library-
task level, eliminating redundant per-task audit overhead while
preserving completeness and attribution.
• We eliminate context-switching overhead during audit by re-
placing ptrace-based interception with in-process system-call

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 𝜎 (𝑡). Each worker keeps a pool C of library tasks, long-
running processes 𝐿𝜎 that have pre-loaded the modules in 𝜎 . A
task is served by the smallest library task that covers it, 𝜎𝐿 (𝑡) =
min{𝜎 ∈ C : 𝜎 (𝑡) ⊆ 𝜎}, or by a new one with 𝜎𝐿 (𝑡) = 𝜎 (𝑡) if
none does, and the tasks served by 𝐿𝜎 form the audit equivalence
class 𝐸𝜎 = {𝑡 : 𝜎𝐿 (𝑡) = 𝜎}. Each task runs as a forked child of
𝐿𝜎 , 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 (𝜏, 𝑝, 𝐿𝜎 ) of file type,
path, and serving library task to a per-worker manifestM𝑤 , once
per class; libraries a task loads beyond its signature are still recorded,
which preserves completeness. Containers are materialized from
M𝑤 after execution or during idle periods, and each replayed task
runs in the filtered viewM𝑤 [𝐸𝜎 ] of entries attributed to 𝐿𝜎 , located
through an audit mapA[𝜙 (𝑡)] 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 𝑡 ′ with 𝜙 (𝑡 ′) = 𝜙 (𝑡) reproduces 𝜆𝑛 (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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