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Abstract—Notebook workflows are widely used for rapid
prototyping and exploratory scientific analysis, but they remain
difficult to scale and rerun on new HPC systems. Scaling
such workflows requires workflow managers, resource provision-
ing, and compatible runtime environments. However, for data-
intensive notebooks, the primary barrier to portability remains
how data dependencies are referenced, staged, and validated.
These choices also determine whether previously staged data can
be reused. Site-specific paths, download commands, and staging
assumptions are commonly embedded directly in notebook code,
so the same notebook often requires manual edits to run on
another system or to reuse previously staged data. To address
these challenges, this paper presents a portable data layer for
notebook workflows across heterogeneous HPC systems. Building
on the backpack abstraction, which packages notebook execution
context, we extend the model with a declarative data specification
that separates data dependencies from code. The specification
unifies access to heterogeneous sources, supports profile-based
dataset selection and multi-source fallback, records validation
metadata, and exposes data to notebooks at stable runtime paths.
We implement this in the Floability runtime with an HPC-local
cache that combines source metadata with the specification to
make data identity explicit and enable safe reuse across runs.
We evaluate the layer with synthetic cache benchmarks and three
real workflows using datasets from 7.5 GB to 108 GB. The same
backpacks run unchanged across three HPC systems spanning
two scheduler families and different storage architectures. The
caching mechanism adds little overhead and enables efficient
reruns without manual code changes.

Index Terms—notebook workflows, data portability, heteroge-
neous HPC systems

I. INTRODUCTION

Interactive notebooks combine code, results, and narrative
in a single shareable artifact, and from the inception of Jupyter
they were promoted as a publishing format for reproducible
computational science [1]. In practice they rarely meet that
promise once they leave the machine on which they were
written. A study of 1.4 million notebooks on GitHub found
that only about a quarter could be executed end-to-end without
error, with failures primarily attributed to missing dependen-
cies and data-path errors [2]. A more recent study of 27,271
notebooks linked from PubMed Central publications found
that only 1,203 ran without error and 879 produced outputs
identical to those originally reported [3]. Part of this fragility
is internal to the notebook execution model. Unlike scripts,
notebooks permit out-of-order cell execution and carry hidden
kernel state, so they can fail even in place. However, both
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Fig. 1: Portable execution of a data-intensive notebook work-
flow using a Floability backpack. The backpack specifies
workflow, software, data, and compute requirements. Floabil-
ity resolves software and data from external services, caches
data on site-local storage, and deploys the notebook and
distributed tasks (T) across HPC head and compute nodes.

studies attribute most failures to factors outside the notebook
itself, such as unavailable data and environment differences.

The problem intensifies for data-intensive workflows that
scale beyond a single node on distributed frameworks such as
Dask [4], Parsl [5], Pegasus [6], and TaskVine [7], and that
run on heterogeneous HPC systems with different schedulers
and storage. The software side of this portability problem is
increasingly well served: container runtimes [8], [9] and relo-
catable environment packagers [10], [11] make software envi-
ronments portable across sites. For data-intensive notebooks,
the part that still breaks is data. Federated data infrastructures
such as XRootD [12], Pelican [13], and Globus [14] move
bytes efficiently at the infrastructure level, but an unmodified
notebook cannot benefit from them without a workflow-facing
abstraction for how its data is named, staged, and validated.

The same gap that prevents first-time reproduction on a
new system also affects efficient reruns on the same one.
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Fig. 2: The data portability gap in notebook workflows. Without explicit data abstractions (left), running the same workflow on
three HPC systems with different storage architectures and access mechanisms requires three notebook variants, each fragile in
different ways (failures in brown). With Floability (right), a single data.yml declares sources and fallbacks; the HPC-local
cache resolves them and materializes datasets at stable paths, so the same notebook runs unchanged across all sites.

Users often reuse a workflow by modifying its analysis logic
while the software environment and most input data stay the
same. Without an explicit notion of what data the workflow
consumed, the system has no reliable way to recognize that
prior staged data still match the current request. Users are
then left to manage reuse manually, by tweaking notebook
code, which is error-prone and rarely scales beyond a single
experiment. Scientific workflow standards and FAIR principles
call for reusable computational artifacts [15], [16], and prior
work has shown the value of reusing nearby data instead of re-
transferring it [17]. Portable execution therefore requires not
only capturing the execution context, but also identifying and
reusing unchanged data and software artifacts across runs.

In prior work, we introduced the backpack abstraction [18],
which packages a notebook with software, data, and resource
specifications for execution across heterogeneous HPC sys-
tems. Backpacks showed that externalizing execution con-
text substantially improves portability, but focused on pre-
packaged datasets. Many scientific workflows depend on large
datasets hosted in external storage systems, object stores, or
federated data services. For portable execution and efficient
reruns, data items need to be uniquely referenced, verifiable
through explicit identity, and accessible at stable runtime paths
regardless of the underlying source or storage architecture.

This paper addresses these gaps with a portable data layer
for notebook workflows, where a workflow declares its data
once, the runtime resolves each item across heterogeneous
sources, and an HPC-local cache lets unchanged data be reused
across runs. A declarative data specification, kept separate
from notebook code, names required datasets, unifies access
across storage backends, supports profiles and multi-source
fallback, and records validation metadata. Floability resolves
each item, materializes it at the stable path expected by
the notebook, and caches it on site-local storage. The cache
combines the specification with observed source metadata,
enabling unchanged data to be reused while changes trigger re-

staging. Figure 1 shows the resulting abstraction, and Figure 2
contrasts it with site-specific notebooks containing hard-coded
paths, ad hoc download cells, and environment-dependent
staging.

We evaluate the data layer with synthetic cache microbench-
marks and three real data-intensive notebook workflows whose
datasets range from 7.5 GB to 108 GB, run with the same
backpacks across three HPC systems that span two scheduler
families and different storage architectures. Because sched-
ulers, storage, and queueing differ across these sites, we
report runtime composition rather than ranking sites by raw
performance. Across all three, metadata-based cache lookup
adds little overhead, repeat runs drop data materialization and
environment setup from the critical path, and the notebook
code itself never changes, because data sources, staging poli-
cies, cache reuse, and runtime paths all live outside it.

II. DIMENSIONS OF DATA HANDLING IN PORTABLE
NOTEBOOK WORKFLOWS

Data handling is a major source of fragility when notebook
workflows move across HPC systems. Notebooks often em-
bed assumptions about how data are referenced, moved, and
identified across runs, making them difficult to preserve across
different storage architectures and access policies. We organize
these concerns into three dimensions, reference, movement,
and identity, which motivate declaring, resolving, and reusing
data through a portable data layer.

A. How Data Are Referenced

Notebooks commonly bind data to code in three ways
(Figure 3). In the embedded model, data are packaged with
the notebook or repository. This works for small examples,
but it does not scale to multi-gigabyte datasets and complicates
versioning when data evolve independently of code.

In the location-based model, notebooks reference explicit
paths, URLs, and object-store locations. This is convenient
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Fig. 3: Three ways notebook workflows bind data to code:
embedded, location-based, and name-based. In all three, as-
sumptions about where the data live and how they are fetched
remain inside the notebook.

during development, but it embeds site-specific assumptions in
notebook cells. Paths, credentials, network access, and storage
layouts often differ across HPC systems, and download cells
may re-fetch unchanged data on every run.

In the name-based model, datasets are referenced through
logical identifiers resolved by federated data services such as
Pelican [13] and XRootD [12]. Logical names can be more
portable than physical paths, but notebooks still often contain
the resolution, retry, and fallback logic needed to use them.

Across all three, the problem is not the reference mechanism
but that assumptions about data location, access, and fallback
are embedded in the notebook rather than declared as part of
the workflow.

B. When and Where Data Are Accessed

Portable execution also depends on when and where data
movement occurs. Data may be pre-staged manually, fetched
and distributed by a workflow manager, or pulled directly by
workers during execution, and each pattern suits a different set-
ting. But notebooks rarely declare which pattern they assume,
so a workflow may expect shared storage where the target
site requires worker-local staging, or worker internet access
where compute nodes are isolated. Left for the notebook rather
than a runtime to resolve, implicit movement also causes
late failures, silent drift when remote data change between
runs, and redundant transfers when data are re-fetched without
checking for a valid staged copy.

C. How Data Are Identified

Portable execution also requires knowing which data were
used, not just where they are. Notebooks rarely record sizes,
checksums, or versions, so the runtime cannot tell whether two
executions used equivalent inputs, safely reuse cached data,
or detect silent changes. Explicit identity therefore connects
validation, provenance, and reuse: it catches unexpected inputs
before execution, records what a workflow consumed, and lets
unchanged datasets be reused across runs.

D. Toward a Portable Data Layer

Across these three dimensions, the common problem is
the same: data handling stays embedded in notebook code
rather than declared and externalized. A portable data layer

instead lets a workflow declare its datasets separately, resolve
each to a concrete source at a stable, site-independent path,
and reuse unchanged data through recorded identity metadata.
Sections III and IV present the specification and runtime that
implement this model.

III. DECLARATIVE DATA SPECIFICATION

We refer to the combination of a declarative data specifica-
tion and the runtime that acts on it as the portable data layer: a
workflow declares its data, and the runtime resolves each item
to a concrete source and reuses unchanged data across runs,
exposing every dataset at a stable notebook path. This section
presents the specification; Section IV presents the runtime.

A. Backpacks and Floability

A backpack packages one or more notebooks with a declara-
tive specification of their execution context, including software
dependencies, data requirements, and resource assumptions, so
they can run outside their original environment [18]. Floability
deploys and executes backpacks across heterogeneous environ-
ments: given a backpack, it materializes a concrete execution
instance with the configured software environment, resolved
workflow directory, and staged data, and can instantiate the
same backpack repeatedly across sites without modifying
notebook code.

B. Structure of the Data Specification

Data requirements are expressed in a YAML document,
conventionally data.yml, containing a schema version and
one or more profiles. A profile is a named collection of data
items for a particular context, such as a test, production,
or site-specific dataset, and may include a policy block that
controls resolution-time behavior such as retries and timeouts.

A data item is the basic unit: it declares a logical name, a
source type, a source location, and a target path relative to the
workflow directory, with optional integrity metadata such as
expected size and checksum. These fields separate notebook-
facing paths from physical locations: the notebook uses the
declared target path, while the runtime resolves the source
and prepares the data before execution. Figure 4a shows two
profiles mapping different datasets to the same runtime path,
and Figure 4b shows a data item with fallback sources.

C. Profiles for Dataset Selection

Profiles let the same notebook run with different datasets
without code changes: when profiles share target paths, select-
ing a different profile changes the staged data while preserving
the filesystem layout the notebook sees, supporting variants
such as development versus production inputs or alternate
dataset versions. In Figure 4a, train_set and test_set
point to different external datasets but both materialize at
data/samples, so a notebook reading data/samples
runs unchanged under either.



schema_version: 1.0
profiles:
train_set:
policy:
retry_attempts: 0
timeout: 30

data:
- name: train_data

source_type: pelican
source: "pelican://data.example.org/train/"
target_path: "data/samples"

test_set:
data:
- name: test_data

source_type: pelican
source: "pelican://data.example.org/test/"
expected_size: 41943040
checksum: sha256:abc123...
target_path: "data/samples"

(a) Multiple profiles map different datasets to the same runtime path.

schema_version: 1.0
profiles:
dataset_profile:
data:
# Single file with validation
- name: config_file

source_type: http
source: "https://example.org/config.yaml"
target_path: "config/config.yaml"

# Multi-source fallback
- name: model_weights

source_type: multi
sources:
- source_type: pelican
source: "pelican://data.example.org/model.bin"

- source_type: s3
source: "s3://example-bucket/model.bin"

target_path: "models/model.bin"

(b) A single data item declares fallback sources tried in order.

Fig. 4: Examples of declarative data specifications. (a) Profile-
based dataset selection. (b) Source abstraction and multi-
source fallback.

D. Source Types and the Policy Block

Data items abstract over heterogeneous storage through a
common source interface. Floability supports federated data
services, S3-compatible object stores, HTTP endpoints, local
filesystem paths, and backpack-relative paths for small pack-
aged inputs; each has a different access mechanism but is
presented uniformly as a source. The policy block applies to
all items in a profile and describes how the runtime attempts
source resolution, including timeout and retry behavior, so dif-
ferent execution contexts can use different resolution behavior
without changing the notebook or duplicating each item.

E. Multi-Source Fallback

A data item may declare multiple sources, tried in order
until one succeeds, which is useful when the same dataset
is available through different systems, such as a federated
service at one site and an object store at another. In Figure 4b,
model_weights prefers a Pelican source and falls back to
S3, both materializing at models/model.bin: the note-
book declares what file it needs and where it should appear,
while the runtime selects the source during materialization.

IV. MATERIALIZING THE SPECIFICATION

This section describes the runtime half of the data layer:
how Floability acts on a declarative specification during exe-
cution, realizing its remaining two capabilities. Resolve turns
each declared item into staged data at the target path, selecting
among sources and validating what it stages. Reuse recognizes
when staged data already satisfy a request and serves it from an
HPC-local cache instead of re-fetching. Together they produce
site-independent data across heterogeneous HPC systems.

A. Data Operations and Materialization

Floability resolves each declared item through an operations
model that separates metadata validation, data transfer, and in-
tegrity checking. As shown in Figure 5, a workflow selects one
of three modes, check, fetch, or verify, that determines
how each dependency is processed before notebook execution.

a) Check: The check operation performs metadata-
only validation of declared data sources. Floability verifies that
each source exists and, when available, that basic attributes
such as size match the specification, without downloading
data. This mode is useful for workflows that should not stage
large datasets upfront, for data already present on shared
filesystems, or for workflows in which workers access data
directly from remote services.

b) Fetch: The fetch operation stages data from the
specified source into the execution environment. When size
metadata are provided, transferred data are validated against
expected sizes. Fetch enables workflows to materialize re-
quired inputs before execution without requiring full integrity
verification.

c) Verify: The verify operation extends fetch by
performing integrity checks using checksums. For directory
datasets, verification uses a composite checksum derived from
directory contents. This mode provides stronger correctness
guarantees for data-intensive workflows.

As illustrated in Figure 5, fetch and verify may op-
tionally stage data through a local cache before materializing
datasets into the workflow instance. When caching is disabled,
data are written directly into the instance view.

B. Cache Lookup and Metadata-Based Keys

a) Cache key generation: Each cached dataset is iden-
tified by a key combining two components (Figure 6). The
spec key, computed from normalized specification fields such
as source type, location, name, expected size, and checksum,
identifies the requested data item and needs no contact with
the remote source. The remote key, computed from source
metadata, identifies the currently observed version: for a single
file it uses size, modification time, and ETag when available;
for a directory the runtime lists entries deterministically and
fingerprints sorted per-file paths and metadata. The final cache
path combines the two keys, so multiple observed versions of
the same requested dataset can coexist.
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Fig. 6: Cache key generation from declarative specifications
and source metadata. The spec key identifies the requested
data, while the remote key identifies the observed source state.

b) Cache lookup: Before fetching from any external
source, the data layer checks the HPC-local cache for a
matching entry. In strict mode, both the spec key and remote
key must match. On a hit, data transfer is skipped and the
cached dataset is materialized through the same mechanism
used for fresh fetches, so reuse is transparent to the notebook,
which sees the same target path whether the data were just
transferred or reused. In non-strict mode, if the remote source
is unavailable or cannot be validated, Floability may reuse
an existing entry with the same spec key, letting a workflow
continue with a previously cached version.

c) Cache invalidation: Invalidation follows from the key
construction: a changed specification changes the spec key,
and changed source metadata changes the remote key. In
strict mode, either change causes a cache miss and triggers
re-staging. Storage systems with unusual metadata semantics
can produce conservative misses where reuse might have been

possible, but changed remote data are not silently reused under
strict lookup. To reclaim space, Floability provides explicit,
user-invoked reclamation, with an option that retains only the
active working set, rather than automatic eviction that risks
deleting data an imminent run will reuse.

d) Data materialization into workflow instances: Once
the runtime has decided whether to fetch fresh data or reuse a
cached copy, the resolved dataset is exposed at the target path
declared in the specification. The mechanism is site-dependent:
symbolic or hard links where filesystem semantics allow them,
copies otherwise. The choice is invisible to the notebook,
which sees the same target path regardless, and materialization
completes before notebook execution starts, so all declared
inputs are present when the first cell runs.

C. Failure Handling and Assumptions

If a fetch from the preferred source fails, the runtime tries
the next declared source; if all sources fail, the workflow does
not start, so incomplete data never reach execution.

Three assumptions are worth stating. First, source-side
metadata such as size and modification attributes are treated
as indicators of source state; strict lookup detects changes
only when the backend exposes them through these metadata.
Second, the data layer uses but does not manage external deliv-
ery infrastructure such as Pelican, XRootD, and S3, including
authentication: delivery clients inherit credentials from the
ambient environment, so data.yml carries no secrets. Third,
the HPC-local cache requires writable site storage; without it,
the system falls back to direct-to-instance staging.

V. EVALUATION

The evaluation asks whether the data layer delivers the capa-
bilities named in its design. First, what does it cost to resolve
and reuse data through the metadata-based cache, i.e., what
overhead does cache lookup add for file and directory datasets?
Second, do the declare and resolve mechanisms let the same
data-intensive notebook workflows execute unchanged across
heterogeneous HPC systems? Third, how does reuse change
the runtime composition of repeated executions?



TABLE I: Evaluated notebook workflows and datasets.

Workflow Domain Dataset Size # Tasks Env. Size (MB)
DV5 HEP ∼108 GB 44,010 3,128
LFV HEP ∼7.5 GB 475 2,433
DConv Image Processing ∼93 GB 48,528 3,051

A. Experimental Setup

We evaluate the data layer with two experiments. First,
we use synthetic datasets to isolate cache lookup and fin-
gerprinting overhead from notebook execution. Second, we
execute real data-intensive notebook workflows across three
HPC systems using the same backpack and notebook code
at each site. The goal is to characterize the layer’s overhead,
portability, and reuse behavior rather than to compare raw site
performance.

a) HPC sites: End-to-end experiments run on ND CRC,
Purdue Anvil, and TACC Stampede3. ND CRC uses HTCon-
dor, while Anvil and Stampede3 use Slurm. The systems differ
in scheduler policy, queue behavior, storage configuration, and
worker startup latency. These differences can substantially
affect notebook execution time, so we report runtime compo-
sition within each workflow-site pair rather than treating the
sites as directly comparable.

b) Workflow applications: We evaluate three backpacked
workflows: DV5, a distributed high-energy physics analysis
over simulated LHC data; LFV, a lepton flavor violation
analysis for Higgs decay candidates; and DConv, an image
convolution workflow over tiled GOES-16 satellite images.
Table I summarizes their dataset and execution characteristics.

c) Synthetic cache benchmarks: We construct synthetic
S3 datasets to measure cache lookup independently of note-
book execution. The single-file benchmark varies object size
from 1 MB to 1 GB. The directory benchmark varies file
count from 10 to 10,000 using mixed file sizes, spanning
total directory sizes from roughly 277 MB to 134 GB and
thereby bracketing the real workflow datasets. Each benchmark
is repeated ten times, and we report medians with interquartile
ranges (IQR) for total lookup time, fingerprint computation
time, and cold cache-build time.

d) Run types: A cold run starts with an empty data cache
and includes cache lookup, data materialization, environment
setup, and notebook execution. A repeat run reuses cached
data and a prepared unpacked environment, so it includes
only cache lookup and notebook execution. We perform three
cold and three repeat runs for each workflow-site pair and
report mean values; run-to-run variability is summarized in
Section V-C.

B. Cache Lookup Microbenchmarks

We first isolate the cost of cache lookup from notebook
execution using synthetic S3 datasets. Figure 7 reports median
timings over ten runs with interquartile ranges, separating total
lookup (source metadata access plus cache-key generation),
fingerprint computation, and cold cache build (transferring
data and writing the entry).
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Fig. 7: Synthetic cache lookup microbenchmarks (log scale).
Points show the median over ten runs and error bars show
the IQR. The single-file benchmark varies object size; the
directory benchmark varies file count and total directory size.
The dashed cold cache-build line is shown for contrast.

Single-file lookup stays nearly constant at about 0.12 s as
object size grows from 1 MB to 1 GB (Figure 7a) because the
runtime keys on source metadata such as size, modification
time, and ETag rather than reading or hashing contents.
Fingerprint computation is negligible and lookup stays close
to the cost of a metadata query.

Directory lookup grows with file count, from about 1.2 s at
10 files to 4.3 s at 10,000 files (Figure 7b), since the runtime
lists entries and fingerprints sorted per-file metadata; even at
10,000 files fingerprint computation stays under 24 ms, and
lookup remains two to three orders of magnitude cheaper than
a cold build. The design thus avoids full content hashing before
reuse.
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C. Cross-Site Execution and Cache Reuse

We evaluate whether the same data-intensive notebook
workflows execute unchanged across ND CRC, Anvil, and
Stampede3, and how cache reuse changes runtime compo-
sition. All three workflows execute successfully on all three
systems using the same notebook code and backpack specifi-
cation. Because data sources, staging policy, cache reuse, and
runtime paths are declared outside the notebook and resolved
by the runtime, moving a workflow to a different site requires
no edits to notebook cells; only site-specific scheduler and
filesystem options are passed on the command line.

Figure 8 reports the runtime breakdown. The results are
not a performance comparison across systems: the platforms
use different schedulers, storage, queue policies, and allocation
models, which introduce substantial runtime variability. Each
workflow-site pair is therefore normalized independently, with
the longer of its cold and repeat runs scaled to 1.0, so the figure
emphasizes phase composition within a site. We deliberately
do not report cross-site speedups, since with these factors
uncontrolled such a comparison would measure the platform
rather than the data layer.

Repeat runs remove data materialization and environment
setup at every site, leaving cache lookup and notebook execu-
tion. The removed phases dominate some cold runs, such as
DV5, but form a smaller fraction of compute-intensive DConv
runs. Cache lookup remains negligible and consistent with the
microbenchmarks.

Each reported value is the mean of three runs, with a median
coefficient of variation (CV) of 6.6%. Cold runs were stable
(1–13%), while repeat runs varied more because, once staging
and setup are removed, their remaining runtime is dominated
by notebook-execution variability rather than the data layer.

D. Summary and Qualitative Observations

The evaluation supports three findings. First, metadata-
based lookup is cheap and content-independent: single-file
lookup stays near 0.12 s from 1 MB to 1 GB, directory lookup
grows only from 1.2 s to 4.3 s between 10 and 10,000 files.
Second, declaring data externally and resolving it at runtime
yields portability: the same notebooks run unchanged across
three systems. Third, reuse behaves consistently across sites:
repeat runs drop data and environment setup time, whether
those phases dominate the cold run (DV5) or not (DConv).

A few qualitative observations are worth noting. Anvil and
Stampede3 required a few batch options, such as a queue name
and expected runtime, but these were passed as CLI arguments
with no change to the backpack. We staged data and envi-
ronments on the scratch directory, whose performance varies
across sites and affected environment-creation and cache-build
times. In total, the evaluation comprises 54 runs collected over
an extended period, with runtimes varying with cluster load.

VI. RELATED WORKS

We review representative work across environment portabil-
ity, reproducibility, dependency tracking, workflow execution,
and large-scale data management, positioning ours by its gaps
in data handling for portable notebook workflows.

Containerization and Environment Management. Con-
tainer technologies such as Singularity/Apptainer and Char-
liecloud provide strong isolation and portability for HPC work-
loads with near–bare-metal performance [8], [9], [19]. Lighter-
weight approaches, including Conda-pack, Poncho, Poetry,
and Pipenv, produce relocatable environments without full OS
virtualization [11], [20]. HPC-oriented package managers like
Spack and EasyBuild support reproducible builds but require



site-specific recipes [10], [21]. Our backpack abstraction oc-
cupies a middle ground, capturing sufficient execution context
without the overhead of full containers.

Workflow Systems and Distributed Execution. Workflow
systems such as Pegasus, Nextflow, and Snakemake support
scalable, fault-tolerant execution across clusters [6], [22],
[23], but require workflows to be expressed in declarative or
domain-specific languages. Within notebooks, Dask and Parsl
enable distributed execution via explicit APIs [4], [5], while
Papermill and nbconvert execute notebooks as batch jobs [24].
Floability preserves interactive notebook development while
enabling scalable execution through external orchestration.

Notebook Reproducibility and Provenance. Prior studies
document widespread reproducibility failures in notebooks due
to missing dependencies, implicit state, and unavailable data
[1]–[3], [25]. Provenance-based systems such as ReproZip,
noWorkflow, SciUnit, and FLINC capture execution depen-
dencies to support re-execution and auditing [26]–[30]. These
tools focus on provenance and dependency capture, but do not
address data staging or reuse across heterogeneous HPC sites.

Federated Data Access and Caching. Federated data
systems such as XRootD, Rucio, and Pelican enable scalable
access to distributed datasets [12], [13], [31], and capability-
based frameworks such as SciTokens add secure, credentialed
access to remote scientific data [32]. Caching infrastructures
like StashCache and the Open Science Data Federation im-
prove locality and performance [17], [33]. Closer to data
identity, data-management systems such as DataLad version
datasets and track their provenance alongside code [34].
Stork established data placement as a first-class, independently
scheduled activity rather than a side effect of computation [35].
These systems move, secure, or version data effectively, but
they operate largely outside notebook execution models and do
not provide a workflow-facing abstraction that declares data,
resolves it across sources, and reuses it at stable paths across
heterogeneous HPC sites.

Positioning of This Work. These lines of work each
address part of the portability problem but leave the data
side to the notebook. Containers and relocatable environments
make software portable [8], [10]; workflow systems scale
execution but require declarative or domain-specific languages
[6], [15]; provenance tools capture what a run depended on but
do not stage or reuse data across sites [26]; and federated data,
caching, and versioning systems move and version data but
sit outside the notebook execution model [12], [17], [34]. The
backpack abstraction in Floability captures the software and
execution context [18] but assumed pre-packaged data. This
paper completes that picture with a portable data layer that
declares data separately from code, resolves it across heteroge-
neous sources, and reuses unchanged data through a metadata-
keyed HPC-local cache, providing the workflow-facing data
abstraction needed for portable notebook execution.

VII. DISCUSSION AND FUTURE WORK

The data layer establishes input-side identity: it materializes
the same declared inputs at stable paths and gates reuse on

whether they still match. The layer’s mechanisms are not
inherently notebook-specific, but the abstraction is motivated
by notebooks, where data-access and path assumptions are
often embedded directly in cells. It does not establish output
equivalence, and we do not claim bitwise reproducibility,
which depends on software, hardware, and nondeterminism
beyond the data layer. Reuse identity rests on source metadata
such as size and modification time rather than content hashes,
which keeps recognition cheap and works when metadata
reflects content changes, as it normally does; verify mode
adds checksums for cases where it may not.

Future work will broaden the data layer in several areas.
Credential-aware specifications would extend the ambient-
credential model with scoped tokens and site-specific identity
mappings for private sources. Intermediate and derived data
would extend items beyond inputs to outputs, lineage, and
retention, so the layer can reuse what a workflow produces, not
only what it consumes. Staged and adaptive materialization
would let items declare when they are needed, whether at
startup, in a later phase, or by streaming, and let the runtime
choose among direct access, full or partial staging, and cached
reuse based on dataset size, reuse, latency, and network. Spec-
ification interoperability would map data items and runtime
records to standards such as CWL.

VIII. CONCLUSION

We presented a portable data layer that lets notebook work-
flows declare data requirements once and have them resolved,
materialized, validated, and reused across heterogeneous HPC
systems without modifying notebook code. The layer sepa-
rates notebook-facing paths from physical storage locations,
supports heterogeneous and fallback sources, and makes data
identity explicit for reliable reuse across runs.

Cross-site experiments show that the same notebooks and
backpacks execute unchanged across three HPC systems span-
ning two scheduler families and different storage architectures.
By moving data access, staging, validation, and reuse out
of notebook cells and into a declarative layer, portable and
repeatable execution becomes a property of the workflow
rather than a site-specific engineering task.
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Floability is available at https://floability.github.io. The ex-
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