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Abstract—Modern High-Performance Computing workflows
rely on Checkpoint/Restart (C/R) mechanisms for execution con-
tinuity, but their inherent task and data heterogeneity demands
adaptability from the underlying C/R solution. In a case study
with Montage, C/R with static configurations leads to an I/O
overhead of 1.6x and a storage footprint of 176 GB, compared
to C/R with an adapted configuration. To this end, we develop
intent-driven C/R (iCR), a toolkit that leverages I/O intents as a
semantic abstraction that bridges high-level workflow behaviors
with low-level C/R policies. Through a trace-driven pipeline, iCR
extracts I/0 intents from workflows and maps them to represen-
tative C/R configurations using a scoring model. This way, iCR
reduces the complexity of manual adaptation by 7x while sys-
tematizing fine-grained, per-task checkpointing policies that are
seamlessly deployed atop popular C/R libraries. Through experi-
ments, we show that seven reusable intents can be extracted from
six representative workflows and enable workflow-agnostic adapt-
able checkpointing policies. Our evaluation demonstrates that,
with I/O intents, iCR is able to reduce I/O overhead by up to 2.6 x
and improves storage efficiency by 1.8 x compared to static C/R
configurations for heterogeneous workflows such as Montage.
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I. INTRODUCTION

High-Performance Computing (HPC) applications have
shifted from monolithic scientific simulations [1] to heteroge-
neous workflows that integrate simulations with data analytics
and Al-driven applications [2]. These heterogeneous work-
flows consist of diverse, long-running tasks, occupying thou-
sands of CPU/GPU processes [3]. These processes commonly
experience failures, with a projected Mean Time Between Fail-
ures (MTBF) as low as ~ 18 minutes in exascale systems [4],
[5]. To ensure continuity, Checkpoint/Restart (C/R) [6] re-
mains the most essential technique to safeguard their progress.

On leadership HPC systems, popular C/R libraries such as
the Scalable Checkpoint/Restart (SCR) library [7], the Very-
Low Overhead Checkpoint (VeloC) system [8], and the Adapt-
able I/0O System (ADIOS) [9] implement a multi-tiered storage
model. In this model, checkpoint data are first written to local
storage, replicated across neighboring nodes for redundancy,
and eventually flushed to lower tiers in the storage hierarchy.
Currently, these C/R libraries apply uniform policies across
all checkpoints in a running job. However, recent studies
demonstrate that C/R mechanisms must evolve to adapt to the
specific computation and data needs of workloads, as static

configurations can inadvertently degrade overall application
performance by up to 2.5x [10].

We define a task as an individual application process, and a
workflow as a pipelined group of such tasks. For C/R libraries
to become adaptable and support emerging HPC applications
such as workflows, they must address three key challenges.
First, workflow tasks exhibit heterogeneous execution times,
which dictate restart behavior upon failures. Long-running
tasks require stricter checkpoint guarantees, as they may run
for hours, whereas short tasks complete in minutes [11].
Second, intermediate data vary in importance for workflow
continuation [12]. While less critical workflow data could be
passed via in-memory task messages, this requires manual
source code changes and can still trigger cascading rollbacks
in dependent tasks when intermediate checkpoints are not
persisted [13]. Third, mapping heterogeneous tasks and data to
optimal storage requires navigating the large C/R configuration
space. Even selecting a cache location is non-trivial due to the
deep HPC storage hierarchy with tiers of varying performance
and persistence [7]. This heterogeneity in tasks and data, along
with the configurability of C/R libraries, necessitates a shift
from static to adaptable, workflow-aware checkpoint solutions
that can be applied in a systematic way.

In recent years, I/O intents have emerged as a technique
to express workload behaviors from a user’s perspective [14],
[15]. /O intents have been defined to capture “why”, “what”,
and “how” users perform specific I/O operations and used to
guide caching, compression and data placement decisions. In
this work, we extend their definition to include “when” data
are produced and consumed to explicitly express the amount
of re-computation that would be required in case they were
lost during an interrupt. In workflows, early produced data
consumed by further downstream tasks must persist longer,
by being placed at persistent storage tiers and having stronger
redundancy. We leverage these extended user I/O intents as a
semantic vehicle to provide adaptable C/R configurations.

However, enabling intent-awareness to guide adaptability in
C/R systems remains challenging. First, collecting user 1/O
intents requires significant workflow knowledge and manual
code annotations with appropriate APIs, making the optimiza-
tion still manual and error-prone. Second, even when such
information is available, there exists no systematic mapping
technique that can translate these high-level intents into C/R



related optimizations. Third, these optimizations must integrate
seamlessly with existing C/R libraries that workflows and HPC
applications are already linked with.

To address these challenges while enabling adaptability in
C/R systems, we develop the intent-driven Checkpoint/Restart
(iCR) toolkit. iCR utilizes user I/O intents as a semantic
abstraction to bridge workflow-level behaviors to low-level
C/R configurations. To achieve this, iCR employs the Intent
Collector, which extracts I/O intents from collected workflow
I/O traces. iCR’s Intent Mapper, then, maps these intents
to the appropriate C/R configurations and storage tiers using
a lightweight scoring model to avoid exact, expensive opti-
mizations. The Mapper internally runs the scalable Conflict
Resolver and Constraint Applicator to resolve inconsistencies
among configurations and satisfy system constraints. This way,
iCR improves checkpointing performance by 1.6-2.6x, and
reduces storage footprint by 1.8x for heterogeneous work-
flows such as Montage. Overall, we make the following main
contributions:

1) We propose a different approach in C/R, where user
intents are used as a semantic abstraction layer to drive
adaptability. By identifying a core set of seven user I/O
intents (Table I), we demonstrate that they transcend six
representative workflows.

2) We design iCR, a modular toolkit that operates atop
well-adopted C/R frameworks (e.g., SCR, VeloC) to adapt
them at a fine granularity (per workflow data or task).

3) We implement iCR as a trace-driven pipeline that extracts
intents and maps them to representative C/R configurations
to eliminate the need for user intervention.

II. BACKGROUND AND MOTIVATION
A. Heterogeneity in workflow tasks and data

Modern workflows, such as Machine Learning-driven Multi-
scale MD Workflows [16] (MuMMI), consist of heterogeneous
tasks with execution times ranging from seconds to indefinite
durations. When nodes fail, tasks must either resume from
checkpoints or restart entirely. While short tasks can tolerate
restarts, losing progress on long-running tasks can increase
the total makespan by up to 40% [13], necessitating the use
of checkpoints to persist intermediate data.

However, these checkpoint data exhibit highly diverse
system-level behaviors. For instance, workflow tasks in 1000
Genome [17] exchange up to 21 M files [18]. These files
vary drastically in their underlying data types (e.g., .bai and
.fai), data sizes, lifespans, and the number of processes
and threads accessing them. Furthermore, they are accessed
using specific access patterns (e.g., random, sequential, or
strided), transfer sizes, and system-level APIs (e.g., POSIX,
MPI-IO). Finally, their accesses are performed with distinct
I/O operations (e.g., write, read) and characterized by
varying I/O intensities (steady vs. bursty [2]). Manually
managing these diverse data behaviors for I/O optimizations is
infeasible, highlighting the need for a higher-level systematic
abstraction to bridge this gap.

B. Configurability of Checkpoint/Restart

Widely adopted C/R libraries such as SCR [7] and VeloC [8]
offer roughly 30 tunable parameters. Primary parameters in-
clude, checkpoint interval, the cache location or base, and
the multiple redundancy schemes. For example, SCR pro-
vides redundancy schemes PARTNER, where processes replicate
checkpoints on partner nodes, XOR, where a single parity block
is generated via XOR across processes, and Reed-Solomon
(R-S), where multiple parity blocks are used. Additional
tuning knobs manage the cache size, different flushing APIS
(e.g. POSIX threads, Cray DataWarp [19], IBM Burst Buffer
(BB) API [20]) and failure set sizes.

Despite this high configurability, these settings remain
static, in practice, and are applied uniformly across all files
and tasks in the workflow. Even in flexible systems like
ADIOS [9], optimizing these parameters requires manual
adaptation per I/O phase. In large-scale workflows producing
millions of files, such as 1000 Genome with 21 M files [18],
this leads to an explosive configuration space that makes
manual tuning infeasible.

C. User I/O Intent

Historically, I/O intent was handled by the POSIX interface
(posix_fadvise API), which allowed a single process to in-
form the kernel of its I/O access and data requirements to man-
age the Operating System cache efficiently. Previous works,
Mimir [14] and HS5Intent [15], have extended this single-
process API for HPC parallel POSIX and HDF5 workloads.
These frameworks provide APIs for users to express “why”
I/0O is performed (e.g., a simulation performing checkpoints),
“what” specific target or object is being operated on (e.g.,
an HDFS5 file), and “how” the I/O method is executed (e.g.,
using a 4 KB transfer size). Because these intents capture high-
level semantics, they can be used for optimizations beyond the
kernel, such as intelligent data placement decisions.

D. Benefits of Adaptable C/R for Montage workflow

To motivate an adaptable C/R strategy, we consider the
Montage astronomical workflow [21], where system-centric
behaviors vary significantly across tasks and data. Tasks
mDiffExec and mFitExec generate 27% of data as partially
computed Flexible Image Transport System (FITS) images
via 24 KB sequential transfers. mlmgtbl and mMakeHdr
produce 8% as Table (TBL) and Header (HDR) metadata.
In contrast, other tasks produce 60% of data as short-lived
text (TXT) logs in small irregular chunks (4-24 KB). This
heterogeneity reflects distinct underlying user intents for 1/0.

We evaluate four SCR configurations on a 64-node Montage
run using a 100 GB 2MASS input dataset [22] on Corona
cluster located in LLNL [23] (see Section V-A1 for hardware
specification). Fig. 1 yl-axis shows I/O time (results in bars)
and y2-axis storage footprint (results with line) with variance
over five runs. The default SCR setup uses NVMe cache,
XOR redundancy, and PTHREAD asynchronous flushes to Lustre
Parallel File System (PFS). In this configuration, redundancy
is applied uniformly increasing storage by 1.14x over Lustre.



150 ES1/0 Time (s) 450
_120 -=-Storage (GB) 360
(%] —_—
i 90 — 2708
S 2
£ 60 = 180 %
5 30 SN N 0 5
= i N &
= 0 SN RN 0
Solution  Lustre Naive MILP MILP
SCR SCR SCR
Default Performance Storage

Configurations

Fig. 1: Static SCR C/R policies applied uniformly to all I/O
intents in Montage can degrade performance or even prevent
workflow completion.

To address this, one may choose a naive performance-oriented
variant using DRAM caching, no redundancy, and PFS flushes
reduces I/O time. As shown in Fig. 1, “Naive SCR” initially
improves performance and storage but fails mid-execution
due to DRAM exhaustion when TXT-producing tasks overlap.

To avoid uniform mis-configurations, users manually need
to apply custom optimization, which is infeasible for all 37 K
Montage files. To define an “ideal” baseline, we perform an
I/O trace-based optimization using DFTracer [24] and DFAna-
lyzer [25]. Our analysis processes 348 MB of compressed I/O
traces collected from Montage with 30+ Pandas-like queries
on DFAnalyzer, a process that runs for 32 minutes to collect
the system-centric data behaviors identified in Section II-A.
The result is a DataFrame of the collected data behaviors.
We then use PuLP 3.3.0 Mixed-Integer Linear Programming
(MILP) modeler [26] to map the collected data behaviors
to SCR configurations, with a multi-objective function de-
scribed in Section III-B1 (balancing performance, resilience
and storage). The mapping process runs for 2.7 minutes
and 3.3 minutes for performance and storage, respectively.
The performance-optimized SCR (“MILP SCR Performance”)
improves I/O time by 1.62x but increases storage by 1.18x
due to DRAM caching and PARTNER redundancy [27], which
favors speed over storage efficiency for frequently accessed
files. The storage-optimized variant (“MILP SCR Storage”)
reduces footprint by 1.83x by using R-S instead of PARTNER
redundancy for files larger than 1 MB.

While effective, this approach is impractical, as it requires
detailed workflow knowledge to implement manual queries
for all 37 K files in Montage. Additionally, it is inefficient
for future large workflows (e.g., 1000 Genomes with 21 M
files) as even with all data behaviors collected, exact solvers
may take hours to converge due to the combinatorial search
over behaviors and possible configurations. This motivates the
need for a principled semantic abstraction to automatically
adapt C/R policies, to reduce both manual tuning and exact
optimization complexity.

III. SYSTEM DESIGN

We propose a different approach for C/R in which workflow
semantics determine granular C/R configurations with custom
applicability to specific workflow tasks and data rather than
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Fig. 2: iCR’s position on the Software Stack and High-
level Flowchart. iCR uses the intents identified in lower-level
HS5Intent and Mimir. iCR operates on top of C/R libraries.

uniformly. To this end, we develop iCR*, a companion toolkit
designed to bridge the gap between workflow-level semantics
and C/R configurations.

iCR implements a semi-automated, end-to-end pipeline
(Fig. 2). First, iCR allows the user to choose their preferred
C/R library. iCR then employs the Intent Collector to extract
user intents by analyzing workflow traces (Fig. 2, step 1), to
alleviate the user from manual source code annotations that
prior intent frameworks require [14], [15]. Additionally, iCR
extends these works by introducing a decoupled taxonomy,
separating intents into user-centric and system-centric
components (Fig. 2, step 2). The user-centric component
focuses on “why” the data are persisted, expressing the user’s
scientific purpose for checkpointing. In contrast, the system-
centric component captures “what”, “how”, and “when” the
data are accessed across processes and nodes, expressing the
physical behavior observed by the system. Once the intents
are identified (Fig. 2, step 3), iCR’s Intent Mapper employs
a scalable greedy mapping to associate the gathered intents
with representative C/R configurations and their parameter
values, avoiding computationally expensive optimizations
(Fig. 2, step 4). Finally, the Mapper resolves configuration
conflicts (using the Conflict Resolver, Fig. 2, step 5) to
address any parameter value inconsistencies, and applies
physical constraints (using the Constraint Applicator, Fig. 2,
step 6) based on the system’s storage and memory limits.
Design Philosophy iCR is built around three design principles:
(a) Flexibility: iCR can operate atop any C/R library, adapting
them to any workflow and system. (b) Extensibility: iCR
extends generic user I/O intents (e.g., defined by Mimir [14]
and H5Intent [15]) with new C/R-related semantics which can
be easily expanded. (c) Systematization: iCR systematically
extracts intents and maps them to C/R library configurations,
eliminating per-file annotation and manual tuning. Function-
ally, iCR is designed as a companion toolkit that requires

“https://github.com/castl22/iCR



TABLE I: Seven workflow representative intents and their system-centric characteristics. Intents span across workflows.

User-centric Intent

System-centric Intent

Why What How When
Input dataset YAML, JSON, FITS, NC, Many procs/nodes, random access, pread, read, job_start < access < first_comp
FSTQ, INP fread

Partially Computed FITS, VCF, PDB, FASTQ

Metadata HDR, TBL, VCF, BAM,
CRAM fputs, fgets
Scratch / Logging  TXT, TMP
Anchor files HTML, NC, VTK
Checkpoints NC, PY, PT

Final result PNG, VTU, VTR, CSV,

TAR, GZ

the workflow to be previously coupled with a C/R library.
Furthermore, iCR does not dictate which data must be per-
sisted, as this selection reflects scientific requirements and
remains the domain of the developer. Given that workflows
have designated specific data for resilience, iCR’s scope is
adapting how these data are handled by the underlying C/R
library.

A. Intent Collector

The Intent Collector translates raw workflow I/O traces into
high-level logical intents. To achieve this, the Collector first
abstracts file paths and numeric suffixes to group individual
task files into logical datasets. It then performs Pandas-like
queries [28] to capture system-centric data behaviors by
utilizing its parallel query engine. This engine dynamically
parses /O traces in memory, partitioning them into threads to
capture the ten behaviors described in Section II-A, which are
then normalized and projected in a high-dimensional space.
The Collector then employs parallel K-means clustering to
group logical datasets with similar system-centric behaviors
using Euclidean distance to express user-centric I/O intents.

The centroids of the clusters are initialized using domain
knowledge from [2]. This work has guided us to define
the seven representative C/R related user-centric intents pre-
sented in Table I using various scientific and Al workflows
(e.g., Montage, MuMMI, 1000 Genome, ICECap [29], iPIC-
3D [30], Megatron-DeepSpeed [31]). Partially computed data
(Table I, row 2) are characterized by sequential write/read
bursts across many tasks. Metadata (Table I, row 3) coordinate
computed results and are small, long-lived and frequently
updated. Finally, anchor files (Table I, row 5) are seen in data
analytics workflows (e.g., MuMMI and iPIC-3D) to track the
progress of the workflow tasks. The resulting clusters for these
workflows have been checked using the related literature [2] as
ground truth. Because our system-centric behaviors are highly
discriminative, K-means algorithm exhibits rapid convergence,
typically within seven iterations. To manage semantic overlap,
the hyperparameter sensitivity € [0,1] serves as an inclusion
radius. Our recommended range of 0.1 —0.3 yields high intent
specificity, whereas higher values provide broader coverage by
clustering datasets into overlapping intents.

Many procs/nodes, seq. access, write — read
File-per-proc, write, read, fwrite, fread,

File-per-proc, seq. write / read
File-per-proc, seq. write, seq. read

File-per-proc, Write-only

Many procs/nodes, distributed, Write-only

in bursts
freq. updated, long lifespan

short lifespan

job_middle < access < job_end
In stable intervals, in bursts,
short lifespan

job_end < access < job_end

Complexity The Controller has a time complexity of
O(W), and a space complexity of O((|D|+|UI|) x
dim), where dim is the dimensionality of system-centric data
behaviors (in our implementation dim = 10, for the ten behav-
iors identified in Section II-A), and T is the number of Dask
workers assuming ideal parallel execution among 7.

B. Intent Mapper

Algorithm 1: Intent Mapper Algorithm

Input : 7,8, D, P, UI BUI), W
Output : P*(D),V*(P*(D))
1 foreach uip € UI do
P(ui) <0
M {m(uir), :z € [0,1] | B(uix)}
foreach p; € P do
if B(uiy) impacts p; then
foreach v € V(p;) do
| compute scorey, ,(uix) | Eq. (3)

[N NIV )

8 V¥ (pi) ¢ argmax,cy ) scorep, , (uix) | Eq. (4)
9 P(uir) « P(uix) U{(pi,v*(pi))}

10 G < GROUPBYSIGNATURE(D,UI)

1 foreach Sig € G do

12| compute priority(Sig) < i esigf(m(ui), W)
13 Gsorted < SORTDESCENDING( G, priority)

14 foreach (Sig>DSig) € g.mrled do

15 if Sig € Cache then

16 | Porers(Sig) < Cache|Sig]

17 else

18 P(Sig) <0

19 foreach ui, € Sig do

2 | P(Sig) « P(Sig) U P(uiy)

21 Pprets (Sig) < CONFLICT_RESOLVER(P(Sig), W)
2 Cache|Sig| < Pprets (Sig)

23 (P*(Dsig), V* (P*(Dsig)))
CONSTRAINT_APPLICATOR (Dsjg, Porets (Sig), S, 7)

24 re;urn P*(D),V*(P*(D))

The Intent Mapper translates high-level user intents into C/R
configurations through a scalable, per-intent decision process.
As workflows scale to thousands of nodes, their tasks and data
behaviors can reach millions [2], [14]. Rather than selecting
configurations at the intractable granularity of individual files,



TABLE II: Notations used in Design and Implementation.

Category Notation | Definition Description
D {d;:ie N} Set of all data in the workflow.
Given i {ji:ieN} User job allocation (nodes, cores, wall time).
S {si: i e N} System specifications (free memory, storage capacities).
P {pi:ieN} C/R parameters of underlying C/R library.
wW {Wperf; Wres, Wstor } User-defined weights for performance, resilience, and
storage trade-offs.
B(d;) {{p; € H,iozl F,:jeN},die D} System-centric behaviors per d;, where Fj are domains of
Inter- the core data characteristics.
mediate P(d)) {{pj:jeN},die D} Candidate set of tunable parameters per d;.
results V(pj) {v(pj)k:keN}, pj € P(dj)} Candidate parameter values per p;.
Ul {uiy : k e N} User-centric intents in the workflow.
Find 1?* (di) {{pj:j €N}, di e D} Adapted set of tunable parameters per d;.
Vi (p}) {{0"(P))k : k€ N}, p; € P(dy)} Adapted parameter values per pj.

the Mapper operates on intents. This reduces navigation from
thousands of heterogeneous data behaviors to a small set of
semantic categories, lowering mapping complexity.

For the remaining of our paper we define the notations in
Table II. The Intent Mapper is detailed in Algorithm 1. The
user must only provide the set of C/R library parameters (P,
i.e. in SCR, SCR_CACHE_BASE, SCR_COPY_TYPE etc) without
specifying their values or combinations. The Intent Mapper
first derives compact intent descriptors to guide mapping
(Alg. 1, lines 1-3). Specifically, each intent is summarized
using four normalized metrics. For a user intent uiy:

o Size: Reflects “what” data size is associated with the intent
to prune redundancy schemes exceeding tier limits.

o Criticality: Expresses “how” critical data are for restarts.
According to literature [32], it is a continuous metric:

. # 1/0O operations involving multiple processes
Crit(uiy) =

efo,1]

1

o Access pattern: Expresses “how” data interact with the

system, where O represents fully sequential and 1 represents
fully random access.

o Ephemerality: Represents “when” data are accessed or

their lifespan relative to I/O bursts [33], [34]:

Total # I/O operations

Data lifespan

Eph(uir) =1 €1 @

Duration of access time intervals

These descriptors provide a low-dimensional summary of
intent behavior, sufficient to drive configuration decisions
without fine-grained analysis of thousands of files. The Intent
Mapper evaluates parameter—value pairs for their appropriate-
ness to the intent (Alg. 1, lines 6-7) using a weighted scoring
model that combines these descriptors. The weighted score for
a parameter—value p;, v(p;); for an intent uiy is calculated as,

4
Scorepi,v(pi)j(”ik) = Z Wpiv(pi)jz Dz(m(uik))7 (3)
z=1

where Z‘z‘:IWmV(pz),nz =1, and D,(-) maps intent-derived
metrics into a normalized utility space such that: D,(m(uiy)) =

TABLE III: Example weights for Eq. (3)

Cache Base Redundancy Schemes
Metric DRAM NVMe Shared BB SINGLE PARTNER XOR R-S

Size 0.12 0.30 0.40 0.50 0.30 040 0.20
Crit 0.20 0.20 0.25 0.10 0.50 030 0.60
Eph 0.38 0.10 0.10 0.40 020 030 0.20
Access 0.30 0.40 0.15 - - - -

m(uiy), if larger values of a metric are preferred for parameter—
value pair (e.g., ephemeral cache bases such as DRAM for
ephemeral intents such as logging files), and D, (m(ui;)) =1—
m(uiy), otherwise (e.g., shorter checkpoint intervals for more
critical intents). Then the Intent Mapper selects the parameter
value with the highest score (Alg. 1, lines 8-9),

max

v(pi) €V (pi) SCOTCp; v(pi); (uix) (4)

v(pi);j = arg
Weights are derived from a combination of empirical ob-
servations across representative workflows (Section III-A),
documented characteristics of C/R mechanisms (e.g., latency
of DRAM vs. NVMe, redundancy overheads) [27], [7], [8],
and benchmark measurements (e.g., IOR [35], STREAM [36],
uperf [37]). These weights are calibrated once using Montage
workflow, and then held fixed across all workflows. This
ensures that the scoring reflects both observed workload data
and system behaviors. For instance, for the cache base, DRAM
prioritizes Ephemerality (0.38) over Criticality (0.20), favoring
short-lived data. Conversely, the PARTNER redundancy scheme
emphasizes Criticality (0.40) and Size (0.30) over Ephemeral-
ity (0.20), suiting critical, small-to-moderate files (Table III).
Table IV illustrates representative mappings. Due to space
constraints we only present the main configurations. For
example, metadata (Table IV, row 3), which are characterized
by high criticality and small size, are assigned fast storage with
redundancy, whereas logging/scratch data, which are more
ephemeral, are assigned XOR redundancy. Ties in parameter
value selection are resolved by the Conflict Resolver.
1) Conflict Resolver: Due to the non-exclusive nature of
intent classification, data may be associated with multiple user-
centric intents when their behaviors span multiple semantic



TABLE IV: The Intent Mapper matches user I/O intents in
workflows to representative C/R configurations

User 1/0 Intent C/R Configurations Parameter Values

Fetch to cache 1
Input dataset Cache base NVMe
Cache size 256
Cache base Shared mem.
Partially Computed Data Cache size 48
Redundancy scheme R-S
Cache base DRAM
Metadata Cache size 256
Redundancy scheme PARTNER\XOR\R-S
Persistent storage NVMe
Checkpoint interval 3
Scratch / Logging Data Cache base DRAM
Redundancy Scheme XOR
Cache base DRAM
Anchor files Cache size 48
Redundancy scheme | SINGLE\PARTNER\XOR
Persistent Storage NVMe
Checkpoint interval 1\2
Checkpoints Cache base NVMe
Redundancy scheme PARTNER\XOR
Final result Cache base NVMe
Redundancy scheme R-S

categories. For example, some FITS images in Montage can
be classified as both logging and partially computed data.
While this preserves workflow data behaviors, it can lead to
conflicting configuration decisions. For example, overlapping
intents may simultaneously suggest incompatible parameter
values (e.g. cache base is both NVMe and DRAM).

To resolve such conflicts, iCR introduces the Conflict
Resolver (Alg. 1, lines 10-22) that reconciles competing
configuration candidates through a multi-objective decision
process. The Resolver formulates conflict resolution as a
trade-off across three goals: performance, resilience, and
storage. These objectives are exposed to the user, who scores
them based on their priorities (7). We model performance
using aggregate bandwidth, resilience using the total workflow
makespan under a worst-case failure rate, and storage using
the aggregate data footprint. For each parameter—value pair, the
Resolver estimates its impact on these metrics using weighted
scoring. Since these metrics are not directly comparable (e.g.,
bandwidth in MB/s vs. makespan in seconds), we normalize
them to a common scale. To make a decision for the tied
values, we do not use exact measurements. Instead, we rely
on lightweight heuristics based on benchmark measurements
(e.g., IOR [35]), and hierarchical models from literature on
data caching and prefetching [12], [7], which have shown that
exact measurements are not needed to achieve trade-offs. The
Resolver evaluates candidate parameter—value configurations
and selects the one with the highest weighted score. For
makespan minimization, we borrow a literature defined failure
rate [38], where failures follow a Weibull distribution. Let M
denote the workflow makespan. The probability that at least
one failure occurs during execution is given by:

k
Prgit = 1 — e~ M/ (35)

where k is the shape parameter and A is the scale parameter
of the Weibull distribution (where A= MTBF, when k= 1). To
ensure scalability, the Conflict Resolver employs a signature-
based memoization strategy. For each dataset, overlapping
intents are encoded into a unique signature, and datasets are
grouped by it, to form equivalence classes of datasets that
share identical intents (e.g., metadata and anchor file) (Alg. 1,
line 10). For each group, a priority score is computed as
an aggregation of intent-derived metrics weighted by user
preferences (Alg. 1, lines 11-12), and groups are processed
in descending order of priority (Alg. 1, line 13). The dataset
signature is used to cache previously computed decisions,
avoiding redundant evaluations (Alg. 1, lines 14-16). In the
case of a cache miss (Alg. 1, lines 17-20), the Resolver
merges candidate parameters from all intents in the signature,
evaluates them using the user-defined weights, and stores the
result in the signature cache (Alg. 1, lines 21-22).

2) Constraint Applicator: The Constraint Applicator trans-
lates the selected configurations into physically feasible as-
signments under system resource constraints. Given that stor-
age tiers have finite capacity, not all preferred configurations
can be applied simultaneously. To maintain scalability, the Ap-
plicator employs a state-aware greedy assignment strategy. As
mentioned earlier, datasets are previously processed in batches
grouped by their intent signature (Sig), and sorted based on
priority. For each batch (Alg. 1, line 14), the module computes
the aggregate storage demand and compares it against the
currently available capacity, derived from user-provided job
limits (J) and system specifications (5). If sufficient capacity
exists in the preferred storage tier (e.g., NVMe), the batch is
assigned directly and the allocated space is deducted from the
system state. Otherwise, the Applicator triggers a deterministic
fallback by selecting the next-best configuration candidate
(element of Pprefs(Sig)) provided by the Conflict Resolver.
Complexity The worst-case complexity of the Intent Mapper
module yields an O(([U1|-|®P|-|V(®P)|) + (|D|-|UI]) + 2!V
({U1] +[2|-|V(2)])) + DI). where O(UI|-|2|-|V(2)]) cor-
responds to scoring phase (Alg. 1, lines 1-9), O(|D|-|UI|)
corresponds to dataset batching phase (Alg. 1, line 10),
02V |U1)) for computing signature priorities (Alg. 1, lines
11-12), 0(2IV"110g2IU"1), which simplifies to O(2IV/!. |U1]) is
spent in sorting (given that in worst-case we have |G| = 2/V/I,
Alg. 1, line 13), 0(2IU"l} is spent looping through all signatures
(and in worst-case we have |Gyopreq| = 2V Alg. 1, line 14),
O(|UI|+|2P|-|V(P)]) is spent by the Conflict Resolver and
O(|D]) by the Constraint Applicator(given that in worst case
we have |Dyig| = |D|).

C. Assumptions and Limitations

To reason about data dependencies in workflows, we add
the functionality of node-to-node data transfers to the un-
derlying C/R library for producer/consumer workflow data
that have been cached locally (detailed in Section IV).



Therefore, we do not need to include data-dependencies
as a constraint for data placement, because they do not
need to be placed in shared storage for the workflow to
continue execution. Second, we treat each group of tasks
within the workflow as a separate entity of tightly coupled
processes that produce concurrent checkpoints to reach a
steady state. Consequently, iCR initiates a separate, indepen-
dently configured instance of the C/R library for each task
group. For example, this is possible in SCR by annotating
the task’s source code with SCR_Config ("SCR_CONF_FILE=%s",
"/path/to/scr_config.conf"); [27].

One limitation of our work is that it relies on the collection
of traces. These traces, however, are a one-time cost, and
is outweighed by the long-term storage savings across re-
peated workflow executions from scientists (Section V). These
traces remain relevant across different run configurations (e.g.
number of nodes, processes), as they capture the invariant
I/O intent logic of the workflow. In addition, our mapping
algorithm is greedy as a deliberate design choice, sacrificing
optimality in favor of computational efficiency. To bound the
quality of our mapping we test iCR against classic optimiza-
tion algorithms in Section V.

Another limitation is the need for storage and inter-connect
bandwidth profiling for every new cluster. To do so, we
run a suite of benchmark experiments (briefly mentioned in
Section III-B) using the methodology in [39]. This includes
600 test combinations, using 4-128 nodes, four I/O natures
(Write-Only, Read-Only etc), sequential and random access
patterns, single process, intra and inter-node placement strate-
gies, different transfer sizes and storage targets (i.e. NVMe).
This is a costly process, but it is a one-time cost per HPC
system which can be used in I/O optimizations beyond iCR.

IV. IMPLEMENTATION DETAILS

We integrate iCR with DFTracer [24], which traces 1/O
events as compressed indexed JSON-line entities. The In-
tent Collector utilizes Python’s Dask framework [40] for
distributed random-access parsing, partitioning the trace into
1 MB byte windows assigned as independent tasks. Each
partition is lazily loaded into a distributed Dask DataFrame
across workers (threads) backed by PyArrow [41] columnar
schemas. This parallel approach across workers ensures only
a small portion of the trace is resident in memory, scaling to
large traces while reducing the in-memory footprint compared
to standard Pandas objects.

Intent extraction is implemented via the parallel query
engine as a series of analytical Dask queries. These queries
are lazily evaluated, transferring only the data required for
computing specific data behaviors, (e.g., process counts and
offsets) from disk to memory. System-centric behaviors are
saved into thread-local dictionary, one per data item. We im-
plement the final K-means in C++ with Python bindings. The
Collector employs a gather-scatter operation to reduce the be-
havior dictionaries unordered map (converted from PyObject),
where workers iteratively scatter datasets and synchronize
to compute data-to-centroid distances. All workers update a

shared in-memory map storing datasets and their associated
user-centric intents.

The Intent Mapper, Conflict Resolver, and Constraint Ap-
plicator are Python modules using greedy algorithms. The
Mapper encodes each intent as a 4-dimensional normalized
vector (Size, Crit, Access, Eph) for constant-time access. C/R
configurations are loaded from CSV files into nested dictio-
naries, and the Mapper computes a weighted inner product
between intent and parameter weight vectors. For memoiza-
tion, the Conflict Resolver utilizes a Python open-addressing
hash table with SipHash-2-4, enabling average O(1) lookup for
resolved signatures. The Constraint Applicator uses psutil
and os.cpu_count () to dynamically cap configurations and
prevent resource over-subscription. It employs a stateful first-
fit strategy, tracking available capacity in a mutable dictionary.

To respect data dependencies, we integrate the C/R library
with DYAD [42] for asynchronous node-to-node transfers. We
extend the C/R library’s restart API with a CONSUMER=1 flag
to trigger these transfers. Since DYAD is part of the Flux
scheduler [43], it internally retains node location information
for both producer and consumer tasks.

V. PERFORMANCE EVALUATION
A. Methodology

1) Hardware: All experiments were conducted on Corona
cluster. The system comprises of 121 compute nodes, each
equipped with an AMD Rome CPU featuring 48 cores and
eight AMD MIS50 GPUs. All nodes are interconnected via an
InfiniBand high-speed fabric. Each node features 256GB of
CPU memory with a 153GiB/s bandwidth, 32GB of mem-
ory per GPU, 1.5TB of local NVMe, and connects via an
InfiniBand HDR network. Lustre is interconnected with EDR
InfiniBand SAN using 100Gb OmniPath, it has 16 Metadata
Servers and 36 Object Storage Servers and a capacity of 20TB.
Each workflow runs on 64 nodes and 48 CPU cores or 8§ GPUs
per node to fully utilize the node.

2) Software: Our Python 3.9 environment includes
scr 3.1.0, pydftracer 1.0.14, torch 2.2.1, h5py 3.10.0,
numpy 1.26.0, PuLP 3.3.0 and PyGAD 3.6.0.

3) Baselines: As baselines, we use Lustre and SCR with
default configurations. We choose SCR because its tuning
knobs form a superset of VeloC’s knobs for cache and persis-
tent storage etc and ADIOS2’s knobs for max buffer size etc,
but iCR works similarly and is integrated with all three C/R
libraries. Default SCR uses XOR redundancy (failure set size 8),
checkpoint interval 1, and asynchronous PTHREAD flushes to
Lustre. In this default configuration, we set the cache base to
NVMe to avoid assumptions about dataset size. In the rest of
our experiments, R-S is configured to tolerate two failures per
set. To demonstrate and bound the quality of our mapping, we
compare against MILP- and Genetic Algorithm (GA)-based
SCR tunings as these types of optimizers have previously been
used for workflow optimizations [12]. Our MILP global opti-
mization implemented with PuLP solver, yields a complexity
of O2IPIHBDIPDIVPI  formulated as a trade-off multi-
objective function described in Section III-B1 using 7,5 as



constraints. That is because the algorithm has to traverse all
possible data behaviors, parameters and their possible values
and apply all constraints. The GA with PyGA has complexity
O(Gen - Pop - |D| - |B(D)| - |P(D)| - [V(P)|), where Gen = 50
and Pop = 20 in our implementation. Prior works Mimir and
HSIntent are not designed for C/R libraries but for POSIX
and HDF5 APIs, and are therefore not used as baselines in
our workflow experiments. We use Mimir as a baseline for
testing iCR’s scalability.

4) Metrics: For iCR scalability tests, we define four
throughput types: (i) files/s to assess the Intent Collector’s
ability to classify data to our identified user intents (Table I),
(i) intents/s to evaluate the Intent Collector’s intent storing
time and (iii) conflicts/s to test the Conflict Resolver’s
performance under many conflicts.

5) Workflows: Modern workflows integrate scientific sim-
ulation tasks with Al-driven tasks. Therefore, to evaluate iCR
we pick three different types of applications: Montage which
is heterogeneous workflow with many intents, Megatron-
DeepSpeed, to represent an Al tasks in workflows, and iPIC-
3D for representing the simulation tasks. All runs are repeated
five times as an aggregation across all tasks and the standard
deviation is reported in the tables and figures.

B. Scalability

1) Intent Collector: To assess the Intent Collector’s
ability to classify datasets to known intents, we create a
Wemul [44] synthetic workflow with 1 M-256 M files, where
the user-centric intents are those in Table I. For these data, we
generate random system-centric behaviors using a seed. We
recommend using the Collector on at least one fully utilized
compute node, to better utilize its parallel query engine.
For this purpose, we run a Dask cluster of 96 workers (two
nodes), and perform strong scaling (collected traces 5-50 GB
compressed). We do not perform weak-scaling tests, as this
would require more processes and nodes to be used entirely
for intent collection, which is not desirable. In Fig. 3(a), the
y-axis shows the throughput in files/s, while the x-axis shows
the number of files. We observe that the throughput increases
until its saturation point at 1.5 K files/sec. Until 16 M files, the
decompressed traces fit entirely in memory and are processed
in parallel, achieving near-linear scaling. However, as the
workload exceeds available memory, the collector reaches its
computation capacity, where all workers are fully utilized and
the system becomes bound by its complexity (Section III)
and the overhead of managing a massive task graph in Dask.

To investigate the Intent Collector’s ability to store new
user I/0O intents, we use a Wemul workflow of 16 M files. The
collected compressed traces are 15 GB. Our analysis runs on
one fully utilized node. We run the Wemul workflow on 16
nodes and instrument it using Mimir’s API to collect intents,
as it is an online technique, and use it as our baseline. In
Fig. 3(b), the y-axis shows throughput measured in intents/s,
while the x-axis shows the number of intents. There is an
almost linear increase in the throughput, with an average time
of 0.0002 seconds per intent. That is because both tools use
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Fig. 3: iCR’s Intent Collector can classify efficiently up to
16 M files and is comparable to Mimir.

TABLE V: Time (seconds) over number of intents.

Intents 10 100 1K
iCR Internal Components

Intent Mapper 0.559 + 0.12 6.344 £ 0.015  70.31 £ 0.08
Conflict Resolver 043+ 1.4 4.985 £ 2.1 18.7+3
Constraint Applicator ~ 0.033 £ 0.004 0.132 £ 0.010  2.12 £ 0.12
External Baseline

Mimir’s Resolver 05+1.2 5.01 £0.10 43.1 + 0.006

unordered map to store and search intents efficiently, with an
average case of O(1) time complexity.

2) Intent Mapper: The Intent Mapper’s scalability depends
on the number of intents, the number of different candidate
parameters and their values and the number of data files
(Section III-B). As future workflows are projected to have
10-1 K intents [14], we run a Wemul synthetic workflow and
scale the intents across 16 M files. Table V presents the results,
with the Mapper including the entire time of scoring, mapping
and running the Resolver and Applicator components. As we
can observe, conflict resolution increases with the number
of intents. This is expected, as the more user-centric intents
there are, the more overlap there is among them, so data get
classified to more than one intent. Therefore, the Conflict
Resolver has an average constant rate of 78 K conflicts/s
as each dataset is classified to 2.1 intents on average, while
Mimir’s is 60 K conflicts/s, which demonstrates the efficiency
of signature memoization and caching of iCR’s Resolver. The
rest of the time is taken by dataset grouping into batches,
signature calculation and priority sorting. For future workflows
we expect a 1-100 seconds for the entire mapping pipeline.

Key Take-aways: iCR’s Intent Collector saturates at 1.5 K
files/s for dataset classification. iCR’s Conflict Resolver
outperforms similar solutions by 2.4x.

C. Montage Heterogeneous Workflow

The Two Micron All-Sky Survey (2MASS) is a major
astronomical dataset that consists of FITS images [22] often
processed with Montage workflow. Montage reprojects and
rectifies these images to a uniform pixel grid that produces
high-quality mosaics. We run the MPI version of Montage
workflow, which consists of ten task groups, with a 100 GB
input. Montage produces 37 K files, classified into six user
intents. Loading the compressed traces in memory takes §
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Fig. 4: Performance optimized iCR outperforms 1.6x and
saves 1.82x space compared to default SCR for Montage.

minutes. The entire pipeline of iCR runs in 6.2 minutes
with approximately 5.8 minutes spent on intent collection
and the rest on mapping, adding only 0.08%, as the workflow
makespan is 45 minutes, on 64 nodes. The overhead of
collecting the DFTracer traces in the initial run is 10% and the
storage footprint for storing the compressed traces is 348 MB.

Fig. 4 yl-axis demonstrates the I/O time in seconds with
bars and y2-axis storage in GBs with the line. We test two
optimization modes for iCR: one for performance and one
for storage. This tunes 16 SCR parameters to produce adapted
configurations. We perform a workflow trace exploration using
DFAnalyzer, to collect data behaviors, which runs for 32
minutes and use MILP and GA tunings of SCR as baselines.
MILP produces the right configurations in 2.7-3.3 minutes
and GA produces them in 10.6 minutes. That is because the
MILP and GA optimizations are global, while iCR uses greedy
algorithms. We also compare against default SCR.

In Fig. 4, we observe that iCR when optimized for perfor-
mance surpasses default SCR. That is because, iCR perfor-
mance chooses the shared memory for the partially computed
data, which is a dominant intent in this workflow, allowing for
shorter I/O time compared to the NVMe used in default SCR.
Logging/scratch data also significantly affect performance,
where iCR performance reduces their I/O by 3 x relative to de-
fault SCR by lowering the checkpoint interval to three, due to
their high ephemerality (lifespan <15 minutes). Performance
benefits also come from metadata, where iCR performance
resolves the configuration tie by choosing PARTNER which
is computed faster compared XOR, used by default SCR.
Overall, iCR performance achieves a 1.6x I/O time reduction
compared to default SCR, and a 3x compared to Lustre across
all user intents.

When iCR is optimized for storage, it preserves storage by
choosing a checkpoint interval of 3 for the logging/scratch
data and preferring to classify FITS files in this intent instead
of partially computed data, when conflicts arise. This way iCR
storage saves 1.82x of storage across all intents compared
to default SCR. However, slightly lower performance is
encountered by iCR storage, as for the metadata files an R-S
redundancy scheme is chosen, against PARTNER redundancy,
to resolve the configuration tie. This creates a trade-off
between performance and storage for the two optimization
modes in iCR, and demonstrates the adaptability of iCR
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Fig. 5: iCR when optimized for performance reduces the

checkpoint interval and chooses PARTNER redundancy while
when optimized for storage it chooses XOR redundancy.

based on the user preferences. Specifically, iCR performance
achieves 1.17x higher performance than iCR storage, while
sacrificing 1.11x of storage.

Finally, both iCR modes remain within 5% of I/O time and
storage footprint, compared to MILP and GA SCR tunings,
demonstrating the accuracy of the dataset classification and
mapping in iCR.

Key Take-away: iCR can reduce I/O time up to 1.6x and
storage utilization by 1.82x compared to static configurations
for Montage, while remaining within 5% of error compared
to global optimizations which are 7x more expensive.

D. Megatron-DeepSpeed Al Framework

Megatron [31] is a large-scale transformer model which
was integrated with DeepSpeed [45] to enable model-parallel,
multi-node training of models like GPT and BERT. For
our evaluation, we use a DLIO benchmark [46] version of
Megatron-DeepSpeed 0.9.5 to emulate the I/O from training
a 13-billion-parameter GPT model. The model is trained for
one epoch of 1,000 steps with checkpointing every 200 steps.
Checkpointing saves the optimizer state, layer parameters, and
hyper-parameters per process, averaging 110 MB per transfer
and ~130 GB per checkpoint using mixed precision and Adam
optimizer. Since 78% of the workload’s I/O time is spent in
checkpointing, we focus on this intent. iCR created the C/R
configurations in 1.45 minutes. The compressed trace size
is 48 MB and they take 2.3 minutes to load in memory.
DFTracer has a 5% overhead in the makespan of the workflow.

In this test, we analyze the source of performance and
storage differences across the three different iCR modes when
there are parameter value ties. Fig. 5 yl-axis presents the I/O
time breakdown with bars and y2-axis presents the storage
footprint with the lines. From the figure, we observe that in
both default SCR and iCR resilience, redundancy computation
dominates the I/O time, which reduces the effective flush time.
This is expected, as the XOR redundancy scheme which is
selected is computationally demanding and the main process
has to block. iCR performance instead uses a checkpoint
interval of 2 with the PARTNER scheme, reducing total I/O
time by ~2.6x due to lower checkpoint frequency and cheaper
data redundancy. iCR storage follows a similar trend to iCR
performance but demonstrates increased redundancy because
it applies XOR.
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Fig. 6: iCR resilience does not lead to lost data under a worst-
case failure rate for a particle-in-cell simulation.

The storage results are expected, as the main savings in
storage footprint for iCR storage and iCR performance stem
from the increased checkpoint interval. Across all 64 nodes
with redundancy sets of eight processes, iCR requires 18.2 GB
of cache space for redundancy data when optimized for
storage, 260 GB when optimized for resilience, and 130 GB
when optimized for performance. Based on this we observe a
clear trade-off for the three modes of iCR.

Key Take-away: iCR can adapt to user’s priorities in per-
formance, resilience and storage to decrease I/O time by 2.6x
and storage footprint by 2x for specific I/O intents.

E. Makespan of iPIC-3D Scientific Simulation

TABLE VI: iCR resilience maintains makespan.

Total Makespan (minutes)

SCR iCR MILP SCR iCR MILP SCR
Default Resilience Resilience Performance  Performance
742 £ 04 734 +03 72.1 £0.2 833 + 0.7 832 + 0.6

iPIC-3D [30] is a three-dimensional, massively parallel
particle-in-cell code designed for large-scale plasma physics
simulations. We use the data-analytics version of iPIC-3D,
which outputs visualization data while running the simulation,
for every 3D subdomain. We use the Magnetic Reconnection
data and run the solver for 800 cycles on 64 nodes. This results
in a makespan of 70 minutes. We evaluate the workflow’s
makespan under the worst-case failure rate where a task fails
every 18 minutes [4]. As described in section III-B1, according
to Eq. (5) the probability that a single task fails system-wide,
within time M = 70 minutes and MTBF = 18 minutes is
97.95%, when k = 1, which is standard when weighted score
is reported [38]. Also, according to literature [7], nodes which
have failed once, have the tendency to fail again in the near
future. For this purpose, we fail one node every 200 cycles. We
compare iCR’s resilience and performance mode against MILP
resilience and performance tunings of SCR, the default SCR
and Lustre. iCR produces the configurations in 0.3 minutes
while the MILP solver in 2.6 minutes. We omit GA results,
as we have found that they underperform the MILP ones. The
workflow checkpoints every 25 cycles. DFTracer traces occupy
13 MB and its overhead in the makespan is 7% in the initial
workflow run. The compressed traces take 0.9 minutes to load
in memory.

The workflows produces 2 K files. iCR collects two main
user intents: the anchor files and the metadata. If data cached
in DRAM is lost, the simulation must reconstruct it from
neighboring nodes using redundancy data or fall back to an
older checkpoint on the PFS, potentially increasing makespan
due to re-computation when checkpoint intervals are sparse.
This experiment evaluates how a worst-case failure scenario
affects the data integrity and workflow makespan, when using
different optimization modes of iCR.

Fig. 6 demonstrates the time in y-axis. Caching anchor
files and metadata in DRAM and applying R-S redundancy
to both intents results in better checkpointing performance for
iCR resilience compared to default SCR. Due to the failures,
restart time dominates iCR resilience. That is because, iCR
chooses to cache these intents in the DRAM, which is volatile
and apply R-S redundancy. Therefore, reconstructing the R-S
dataset requires transferring and recomputing blocks across
the set processes. In contrast, default SCR reads the dataset
directly from the NVMe, which is not lost during failures.
This reduces the restart time significantly, but some extra cost
is paid during checkpointing. Finally, iCR performance applies
no redundancy to the anchor data intent resulting in 2x lower
checkpointing time. However, unflushed files are lost upon
failure. Recovering requires reading the previous checkpoints
from Lustre, adding ~10 minutes of re-computation and
resulting in the loss of roughly 100 computation cycles.

Table VI presents the impact of the worst-case failure rate
in the makespan. iCR resilience is still able to provide data
protection and maintain the same makespan with default SCR
and performs similarly to MILP SCR for resilience.

Key Take-away: iCR, when optimized for resilience,
does not lead to makespan increase, in a worst-case failure
scenarios.

VI. DISCUSSION
A. Integration with other C/R Libraries

While our evaluation focuses on SCR, iCR is designed to
be backend-agnostic and we have integrated it with VeloC
and ADIOS as well. VeloC exposes configurations such as
cache base, flush buffer sizes and thread counts, while ADIOS
exposes data aggregation, buffer allocation, and flushing in-
tervals. The three backends exhibit different sensitivities to
intents, but all benefit from iCR. For example, on a 64-node
iPIC-3D run, iCR performance reduces per-checkpoint 1/O
time from 1.4 seconds to 0.9 seconds on VeloC and from 1.5
seconds to 0.8 seconds on ADIOS, comparable to the gains
observed on SCR (Section V-E).

B. Cluster Assignment Robustness

A natural question is whether the extracted intents are stable
across scale, or an artifact of a particular workflow. To examine
this, we measure the Adjusted Rand Index (ARI) between
intent assignments across scales, as it compares clusterings
independently of labeling. For example, we find that on the
Wemul workflow (1 M-256 M files, Section V-B), intent as-
signments remain highly consistent (average ARI 0.85-0.75).



C. Mapper Weight Sensitivity

To verify that our results do not depend on precise weight
tuning, we perturb the Mapper weights using (i) a global
Monte Carlo perturbation with multiplicative noise and re-
normalization, and (ii) a local one-at-a-time perturbation of
each weight component. For SCR, across 91 mapper decisions,
the selected configurations exhibit a mean stability of 0.991
and a median of 1.0 (the fraction of decisions unchanged under
perturbation), with multi-seed runs showing the same pattern.
The mapping is therefore robust to moderate weight variation.

D. Intent Coverage Across Workflows

To demonstrate that the seven representative intents (Ta-
ble I) generalize beyond the three evaluated workflows, we
report the intents observed in the remaining three. ICECaps
exhibits all seven intents (its JSON, NPY and YAML files
are input dataset, NPZ, NPY, and HDFS5 files are partially
computed data, HDF5/DB are metadata, logs and JSON files
are logging data, scalability study are anchor files, HYDRA
files are checkpoints and NPY files are final result files);
1000-Genomes exhibits four (VCF and YAML files are input
dataset, per-task TAR chromosome files are partially computed
data, shifting annotations in .bai and .fai files are metadata,
POP TAR are final results); and MuMMI exhibits two (its
macro and micro scale are partially computed data and its
ML selection files are anchor files).

VII. RELATED WORK

C/R in scientific workflows has been explored in the lit-
erature as optimization problems over DAGs to minimize
expected makespan or cost. Ding et. al [11] proposed a greedy
heuristic with a cost model for elastic scheduling on cloud
resources. Benoit et. al [47] and Han et. al [47] used dynamic
programming to compute optimal checkpoint intervals and
task replication against fail-stop errors. More general mecha-
nisms [48], [49] use greedy or rule-based strategies, such as
checkpointing at exit tasks, to reduce optimization costs. While
fundamental, these works often rely on theoretical assumptions
regarding failure rates and slow-down factors. In light of the
benefits of approximate techniques, we have also implemented
iCR to use a greedy mapper to reduce the complexity of
exact optimizations. Because we are not able to compare with
the aforementioned related works as their code is not open-
sourced, we compare against other exact solvers (Section V)
to bound the iCR’s efficacy.

Recent efforts in intent-driven I/O optimization, Mimir [14]
and HSIntent [15], define and use I/O intents to guide I/O
optimizations in tuning POSIX and HDF5 APIs to cache,
prefetch and compress data. Our work complements these
systems by utilizing their intent definitions, but also extends
them to capture “when”, as described in Section I. This
need of extending I/O intent principles is critical for the
C/R domain, as it can guide redundancy scheme, storage
selection for caching and, flushing decisions, from a resilience
perspective. Unlike the previous works on I/O intents, our
work is purely offline. That is an intentional design choice,

in order for iCR to avoid reliance on manual annotations of
source codes for intent extraction, that the previous works were
dependent on.

VIII. CONCLUSIONS

In this work, we have addressed the need for adaptable
C/R strategy for the heterogeneity in workflows, data and the
storage stack. We have presented iCR, an end-to-end toolkit
for enabling intent-driven adaptable C/R configurations for
workflows. Through our work, we have found that: (1) user
intents can transcend across workflows (i.e. we have identified
seven user intents across six representative workflows) (2)
a trace-driven pipeline that extracts user I/O intents can
systematize the process of granular fine-tuning of C/R libraries
to eliminate user intervention and (3) greedily mapping user
I/O intents can reduce the complexity of exploring the C/R
configuration space by 7x while remaining within 5% error of
exact optimizations. Our results demonstrate that iCR achieves
up to 2.6x I/O time reduction, and 2x storage reduction
compared to static C/R configurations. For future work, we are
planning on extending iCR to work as an online framework
by developing heuristics that allow C/R configurations to be
adapted during run-time.
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