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Abstract

Scientific workflows are increasingly executed across heterogeneous computing continuum spanning edge devices, dedicated
clusters, cloud resources, and shared high-performance computing (HPC) systems. Many emerging applications require continuous
low-latency inference from streaming observations while periodically incorporating improved models generated by computationally
intensive simulations. These competing requirements make workflow orchestration challenging: inference must proceed continuously
even though simulation and model generation are delayed by resource availability, workflow scheduling, and batch queue dynamics.

We present RBF (Reverse Backfill), an asynchronous scientific workflow architecture for simulation-driven inference across the
edge-HPC computing continuum. RBF decouples workflow stages through the Workflow Artifact Manager (WAM), which maintains
persistent workflow state and versioned workflow artifacts, enabling resilient asynchronous coordination across heterogeneous
resources. Dedicated computing resources provide predictable model regeneration while shared HPC systems opportunistically
augment workflow throughput without modifying existing batch schedulers. To exploit this opportunistic computation effectively,
RBF introduces a decision-time scheduling heuristic that determines whether a queued HPC workflow stage is expected to improve
the currently deployed surrogate model, allowing shared resources to be consumed only when the anticipated benefit justifies the
allocation.

We instantiate RBF using a digital agriculture application that couples edge sensing with computational fluid dynamics simulations
to infer spatial airflow within a large citrus screenhouse. Experimental results characterize end-to-end workflow behavior, including
simulation latency, model regeneration cadence, workflow staleness, opportunistic execution, and edge deployment overhead. Our
results show that asynchronous workflow execution maintains continuous low-latency inference while opportunistic HPC execution
significantly reduces model staleness and selectively improves model quality through decision-time adaptation. More broadly, RBF
demonstrates how scientific workflows can effectively integrate shared HPC resources into operational cyber-physical systems across
the computing continuum without requiring changes to existing scheduling policies.

Keywords: Scientific workflow architecture, Hybrid physics—data modeling, Edge-HPC computing continuum, Computational fluid
dynamics (CFD), Surrogate modeling, Cyber-physical systems, Controlled-environment agriculture

1. Introduction streaming sensor observations collected at remote facilities pa-

rameterize high-fidelity simulations whose outputs are used to

Scientific workflows increasingly span the computing con-
tinuum, integrating edge devices, dedicated clusters, cloud re-
sources, and shared high-performance computing (HPC) systems
into end-to-end computational pipelines. These workflows must
coordinate persistent workflow state, exchange intermediate ar-
tifacts, and tolerate heterogeneous execution latencies while
continuously producing useful results. An emerging class of
such workflows supports simulation-driven inference, in which
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construct surrogate models for low-latency inference near where
the data are generated.

Simulation-driven workflows present a fundamental orches-
tration challenge. Edge applications require continuous, low-
latency inference, while the high-fidelity simulations needed to
improve surrogate models execute on remote HPC systems with
variable queue delays and execution times. Consequently, work-
flow stages cannot be tightly synchronized. Instead, applications
must continue operating with existing surrogate models while
incorporating improved models asynchronously as new, more
up-to-date, workflow artifacts become available.

To address these challenges, we present RBF (Reverse



Backfill), an asynchronous scientific workflow architecture for
simulation-driven inference across the computing continuum.
Rather than treating HPC systems as synchronous backends,
RBF exploits opportunistically available HPC resources to con-
tinuously improve surrogate models while edge applications per-
form uninterrupted inference. Persistent workflow state is main-
tained through the Workflow Artifact Manager (WAM), which
enables versioned workflow artifacts, asynchronous coordina-
tion, and resilient communication across distributed workflow
stages. As improved simulation results and surrogate models be-
come available, they are incorporated into the workflow without
interrupting inference.

Unlike traditional scientific workflows that execute a prede-
fined sequence of tasks, RBF supports continuously executing
workflows whose stages repeatedly exchange evolving workflow
artifacts as new sensor data, simulation outputs, and surrogate
models become available. This enables the workflow to adapt
continuously to changing operating conditions while remaining
resilient to the scheduling variability inherent in shared HPC
systems.

The workflow architecture is built around three key principles.
First, it decouples workflow stages through persistent workflow
state and asynchronous artifact exchange, allowing edge infer-
ence to proceed while simulation and model training execute
independently. Second, it treats simulation outputs, training data,
and surrogate models as versioned workflow artifacts, enabling
pluggable simulation and surrogate modeling components while
supporting reproducibility and flexible tradeoffs among accuracy,
latency, and computational cost. Third, it coordinates workflow
execution across heterogeneous edge, cluster, cloud, and HPC
resources, enabling continuous execution despite highly vari-
able simulation and job scheduling latencies. Concretely, these
principles are realized by three elements: persistent workflow
state, held by the Workflow Artifact Manager; asynchronous
workflow execution across tiers; and a decision-time scheduling
heuristic that determines whether a queued HPC workflow stage
is expected to improve the currently deployed surrogate model.
The first two make opportunistic HPC participation possible; the
third decides when it is worthwhile.

We demonstrate the workflow architecture using a digital
agriculture application that couples edge sensing with computa-
tional fluid dynamics (CFD) simulations to infer spatial airflow
patterns in a large agricultural screenhouse. This application
serves as a realistic testbed for evaluating workflow execution
under representative operating conditions, including HPC queue
delays, asynchronous model updates, and variable simulation
throughput.

Our evaluation focuses on workflow-level tradeoffs in
simulation-driven inference. We characterize the latency and
throughput of the end-to-end workflow, evaluate the impact of
artifact staleness on prediction accuracy, and measure the over-
head associated with workflow artifact dissemination and edge
inference. The results show that overall workflow performance is
dominated by simulation latency, but this latency can be masked
effectively, and that networking, communication, and inference
overheads are negligible relative to simulation latency.

In summary, this paper makes the following contributions:

e Asynchronous scientific workflow architecture. We
present an architecture for simulation-driven inference
that decouples continuous edge inference from simulation-
driven model evolution, allowing workflow stages to exe-
cute asynchronously across the computing continuum.

¢ Persistent workflow state and artifact management. We
introduce the Workflow Artifact Manager (WAM), which
maintains versioned workflow artifacts and enables re-
silient, asynchronous coordination among distributed work-
flow stages.

e Workflow orchestration across the computing contin-
uum. RBF coordinates sensing, simulation, model training,
and inference across edge devices, dedicated clusters, cloud
resources, and shared HPC systems while maintaining con-
tinuous low-latency inference at the edge.

e Execution-time workflow adaptation of opportunistic
HPC stages. RBF exercises workflow-level execution con-
trol at the moment an opportunistic HPC workflow stage
reaches the head of the batch queue, predicting whether that
execution should proceed from its expected effect on the
currently deployed surrogate model, and thereby transform-
ing opportunistic HPC resources into selectively executed
workflow stages.

Taken together, these contributions demonstrate that persistent
workflow state and asynchronous artifact management enable
continuously executing simulation-driven workflows that span
edge devices, dedicated clusters, and shared HPC resources
while maintaining uninterrupted low-latency inference. RBF
further improves workflow throughput by selectively exploit-
ing opportunistic HPC execution without disrupting ongoing
workflow execution.

The remainder of the paper is organized as follows. Section 2]
presents the RBF architecture, including its design goals, work-
flow model, Workflow Artifact Manager, and mechanisms for
orchestrating simulation, training, and model deployment across
the computing continuum. Section [3|describes an instantiation
of this workflow architecture in a real-world agricultural screen-
house deployment. Section [ evaluates the workflow using
this deployment and characterizes the resulting end-to-end per-
formance and tradeoffs across the simulation, training, artifact
management, and inference pipeline.

2. Workflow Architecture

RBF is designed to support continuously executing,
simulation-driven scientific workflows that span edge devices,
dedicated clusters, cloud resources, and shared HPC systems.
Rather than viewing these resources as independent computing
platforms, RBF organizes them into a single workflow in which
persistent workflow artifacts are exchanged asynchronously
among workflow stages. This decouples workflow execution
from resource availability, allowing stages to execute indepen-
dently while maintaining continuous low-latency inference de-
spite variable simulation and scheduling delays.
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Figure 1: RBF Workflow. One iteration of the continuously executing simulation-
driven workflow. Workflow stages (green) consume and produce persistent work-
flow artifacts (blue). Parallel simulation stages generate simulation artifacts that
are used to train multiple surrogate models, which are subsequently evaluated
for deployment. Persistent workflow artifacts are maintained by the Workflow
Artifact Manager (WAM), enabling fault resilient, asynchronous execution and
coordination across iterations of the workflow.

Figure [I]illustrates one iteration of the RBF workflow. Work-
flow stages (green) consume and produce persistent workflow
artifacts (blue), which are maintained by the Workflow Arti-
fact Manager (WAM). Streaming sensor observations are trans-
formed into simulation configurations that drive multiple parallel
simulations. The resulting simulation artifacts are used to train
multiple surrogate models, which are subsequently evaluated
before deployment. Although Figure [[|shows a single iteration,
the workflow executes continuously as new observations arrive
and updated workflow artifacts become available.

The workflow is realized across the computing continuum
using the three-tier architecture shown in Figure 2] The edge
tier (left) generates sensor data, performs real-time data inges-
tion, and executes low-latency inference. The dedicated cluster
tier (middle) executes simulation and surrogate model training
using recent data. The shared HPC tier (right) provides addi-
tional, opportunistic simulation and surrogate training capacity.
The WAM is a fault-resilient, delay-tolerant distributed log that
serves as the primary mechanism for data exchange, model
versioning and dissemination, and workflow coordination. By
persisting workflow state, the WAM enables these heterogeneous
resources to operate independently while coordinating through
versioned workflow artifacts.

At a high level, RBF operates as a continuous inference loop.
Edge devices ingest streaming sensor data and perform low-
latency inference using the most recently available surrogate
model. In parallel, simulation and training pipelines consume

this data to generate updated models. These pipelines execute
at different cadences: the dedicated cluster provides regular but
resource-constrained updates, while the HPC tier contributes ad-
ditional models opportunistically as resources become available.
As new models are produced, they are published to the WAM
and asynchronously deployed to the edge, where they replace
older models and reduce prediction error by reducing model
staleness.

This design enables RBF to maintain continuous inference
despite delays in simulation and training, while improving model
fidelity over time. The remainder of this section describes the
key elements of the workflow architecture, including the edge
inference tier, the simulation and training pipeline, the use of
reverse backfilling in HPC systems, and mechanisms for model
orchestration and deployment. This architecture distinguishes
RBF from continuous learning systems, in which models are
updated directly from streaming observations. In RBF, model
updates are mediated by simulation, making update latency and
variability a fundamental design consideration.

2.1. Edge Inference Tier

The edge inference tier is responsible for continuous data
ingestion, low latency prediction on fresh data, and interaction
with the physical environment. Sensor devices deployed within
the target system generate streaming measurements (e.g., envi-
ronmental, operational, or physical state data) that are transmit-
ted over a local wireless network and published to the WAM. The
WAM provides a fault-resilient, decoupled interface between
producing and downstream workflow stages, enabling sensor
data to be persistently recorded and asynchronously consumed
by both inference services at the edge and remote simulation
and training pipelines. The WAM APIs include both "push"
and "pull" data movement styles to enable deployments to span
environments where firewalls do not allow bidirectional network
connectivity between all devices.

Edge inference services subscribe to both data and model
WAM streams. Local sensor data is processed in near real time
using the most recently available surrogate model, enabling low-
latency prediction for decision support, actuation, and control
at the edge. Concurrently, edge services receive publish events
from the model stream. When updated surrogate versions gener-
ated by the simulation and training tiers become available, they
are retrieved and deployed asynchronously without interrupting
inference. This mechanism allows the system to improve model
fidelity over time while maintaining uninterrupted operation, en-
suring that predictions reflect the most current available system
state despite upstream delays. We refer to the time elapsed since
the currently deployed model was published as its staleness;
each new model deployment resets it to zero, and the accuracy
of a served model degrades over time as the staleness increases.

The edge tier is designed to support heterogeneous and evolv-
ing networking environments. In particular, it accommodates
private wireless infrastructure, including production and experi-
mental 5G/6G deployments, to enable reliable, low-latency com-
munication between sensors, inference devices, and upstream re-
sources. Advanced wireless capabilities such as network slicing,
dynamic resource allocation, and programmable radio access
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Figure 2: RBF System Architecture. The Reverse Backfill architecture spans three tiers connected through the Workflow Artifact Manager (WAM), which provides
persistent workflow state and versioned workflow artifacts across the computing continuum. (Left) At the remote facility, sensor observations are collected and
published to the WAM over a private wireless network. The edge inference service retrieves the latest published surrogate model from the WAM and performs
low-latency inference in place of simulation. (Middle) A dedicated, resource-limited cluster consumes sensor observations, executes facility simulations and trains
updated surrogate models by leveraging a local workflow management system (WMS), and publishes the resulting workflow artifacts back to the WAM. (Right) A
shared HPC facility is used to execute additional simulations asynchronously (using the facility WMS), increasing workflow throughput despite variable resource
availability and queue wait times. The resulting simulation artifacts augment those generated by the dedicated cluster by filling intermediate time points.

networks can be incorporated to isolate traffic classes, prioritize
inference-critical data, and explore new communication patterns
for the cyber-physical applications. By decoupling networking
from application logic, RBF allows these capabilities to be in-
tegrated and evaluated without requiring changes to the overall
system architecture.

Finally, the edge inference tier supports pluggable surrogate
models, enabling multiple model types to be deployed and eval-
uated within the same operational environment. Models may
vary in complexity, accuracy, and computational cost, and can
be dynamically selected or replaced based on application needs.
This flexibility allows RBF to serve as a platform for exploring
tradeoffs in model design, inference latency, and communica-
tion overhead, and for integrating new modeling techniques and
wireless capabilities into next-generation [oT, cyber-physical,
and digital twin deployments.

2.2. Simulation and Training Pipeline

The simulation and training pipeline is responsible for gen-
erating updated surrogate models from streaming sensor data
and high-fidelity simulation outputs. Conceptually, this pipeline
transforms observations of the physical system into improved
predictive models that are deployed at the edge. Unlike tradi-
tional tightly coupled workflows, RBF decouples data ingestion,
simulation, and model training, allowing these stages to execute
asynchronously across heterogeneous resources.

Sensor data published to WAM is consumed by simulation
services, which construct and execute high-fidelity models of
the underlying system. The resulting simulation outputs are
then used to train surrogate models that approximate system
behavior while enabling low-latency inference. Both simula-
tion and training may be performed on the dedicated cluster
tier or opportunistically on shared HPC resources, as described
in the following subsection. The outputs of this pipeline are
versioned surrogate models that are published back to the WAM
for asynchronous deployment at the edge.

Similar to the edge tier, a key feature of the simulation and
training pipeline is the pluggability of both components. The

pipeline is designed to support multiple simulation frameworks
(e.g., CFD solvers, multi-physics models, or domain-specific
simulators) and a range of surrogate modeling approaches, in-
cluding physics-informed neural networks, operator-learning
methods, and lightweight regression models. These stages are
integrated through well-defined data and model interfaces, al-
lowing new simulation workflows and learning methods to be
incorporated without modifying the overall workflow architec-
ture.

This modular design enables RBF to support a broad class
of simulation-driven applications and to facilitate exploration
of accuracy—latency—cost tradeoffs across different modeling
approaches. By decoupling simulation and training from infer-
ence and exposing them as interchangeable components, RBF
provides a flexible foundation for integrating emerging simula-
tion technologies and machine learning methods into distributed
cyber-physical systems.

2.3. Reverse Backfill on HPC Systems

The RBF architecture incorporates shared HPC systems as
an asynchronous, opportunistic source of simulation and model
improvement. Unlike the dedicated cluster tier, which provides
predictable but resource-limited execution, HPC systems per-
form batch scheduling with queue delays, variable start times,
job priorities, personal access limits, and limited guarantees on
execution cadence. Rather than treating these characteristics as
constraints to be avoided, RBF explicitly embraces them in the
system design.

In traditional HPC environments, “backfilling” schedules
smaller jobs into unused gaps in the execution timeline, serving
objectives such as utilization, makespan, or deadline satisfaction.
RBF is not an alternative to such schedulers but a complement to
them: it leaves scheduling policy untouched and instead applies
the capacity backfilling exposes to a different end, improving
model accuracy within a continuous inference pipeline. Specifi-
cally, RBF submits simulation and training jobs to shared HPC
facilities and allows them to be scheduled and executed when-



ever resources become available. These jobs may run concur-
rently with or independently of those in the dedicated cluster
tier, and complete at irregular intervals due to queue contention
and system variability.

When HPC jobs complete, the resulting simulation outputs
are used to retrain surrogate models, which are then published to
the distributed log and made available to the edge inference tier.
This process effectively injects additional model updates into the
system at intermediate time points, increasing the frequency of
model refresh relative to the baseline provided by the dedicated
cluster. Although the timing of these updates is unpredictable,
each completed job contributes to reducing model staleness and
improving inference accuracy.

Importantly, RBF does not assume synchronization between
inference and HPC execution. Edge inference proceeds con-
tinuously using the most recent available model, while HPC-
generated updates are incorporated asynchronously as they ar-
rive. This decoupling allows the system to tolerate long-running
simulations, queue delays, and network variability without in-
terrupting operation. Conceptually, the HPC tier functions as
an eventually consistent model-improvement engine: simulation
and training refine model fidelity over time, but are not required
for immediate inference.

To support opportunistic execution across heterogeneous HPC
systems, RBF employs a pilot-based resource acquisition strat-
egy. Rather than binding simulation workloads to a single target
system, RBF evaluates available HPC resources based on fac-
tors such as predicted queue wait time, current availability, and
allocation constraints, and submits pilot jobs to multiple can-
didate systems. The size and duration of these pilot requests
are selected to balance responsiveness with resource utilization.
Once a pilot becomes active, simulation tasks are dispatched to
the corresponding resource, enabling execution to proceed on
whichever system becomes available first. This approach allows
RBF to exploit variability in queue behavior across systems and
to preferentially utilize higher-performance resources, such as
GPU-enabled nodes, when available. Intermediate data and sim-
ulation inputs are staged through the WAM, ensuring consistent
data access and decoupling task placement from data movement.

This design enables RBF to leverage large-scale HPC re-
sources without introducing blocking dependencies into the in-
ference loop. Moreover, this approach provides a mechanism for
integrating batch-oriented HPC workflows into asynchronous
cyber-physical systems without requiring changes to underlying
scheduling policies or execution environments.

2.4. Data and Model Orchestration

RBF uses a distributed, fault-resilient log called the Work-
flow Artifact Manager (WAM), as the primary mechanism for
coordination and orchestration across the system. Our use of a
distributed log as the underlying workflow abstraction is a key
design decision in RBF. The log serves as the shared coordina-
tion mechanism for all workflow stages, providing an immutable,
append-only record of workflow artifacts that establishes a con-
sistent ordering of events, enables independent reconstruction
of persistent workflow state, and eliminates the need for direct
interoperation among distributed services.

As such, the WAM provides a unifying abstraction for pub-
lishing, persisting, and consuming both sensor data and model
artifacts in RBF, enabling loose coupling between workflow
stages and allowing each tier to operate asynchronously. This
makes the WAM the orchestration substrate for the architecture:
because every inter-stage dependency is a durable, versioned
artifact rather than a direct connection, no two stages need be
co-resident or co-scheduled.

Sensor data generated at the edge is published to WAM and
made available to downstream workflow stages (via triggered
functions), including the simulation and training pipelines exe-
cuting on the dedicated cluster and HPC tiers. By decoupling
producing stages from consuming stages, RBF allows simulation
workflows to be triggered and executed based on data availability
rather than fixed schedules, supporting both continuous inges-
tion and opportunistic processing. This same mechanism is used
to stage other workflow artifacts (e.g. simulation inputs and in-
termediate data), ensuring consistent and portable access across
heterogeneous execution environments.

The WAM also serves as the distribution mechanism for sur-
rogate models. Models produced by the simulation and training
pipeline are versioned and published to the log, where they can
be asynchronously discovered and retrieved by edge inference
services. This enables seamless model updates without interrupt-
ing inference and provides a natural mechanism for managing
model lifecycles, including versioning, replacement, and roll-
back. Because model updates may arrive at irregular intervals,
the WAM ensures that the most recent available model is al-
ways accessible, while allowing older versions to be retained for
comparison and evaluation.

By unifying sensor data, simulation inputs, and model arti-
facts within a single abstraction, RBF also enables consistent
workflow orchestration across all tiers of the system. This de-
sign supports fault tolerance through persistent data storage,
simplifies integration of new stages, and facilitates experimen-
tation with alternative dataflow patterns, simulation pipelines,
and model deployment strategies. More broadly, the log-based
architecture allows RBF to integrate diverse simulation frame-
works, learning methods, and networking technologies without
introducing tight coupling between workflow stages.

3. System Instantiation

We instantiate RBF using a real-world digital agriculture de-
ployment that couples edge sensing with CFD simulations to
infer airflow within a large agricultural screenhouse. This de-
ployment serves as a representative realization of the software
architecture described above and enables evaluation under real-
istic sensing, networking, and HPC constraints. It is one instan-
tiation of a general workflow architecture; nothing that follows
is specific to agriculture.

As shown in Figure 3] the test deployment implements an
asynchronous, simulation-driven pipeline in which data collec-
tion, simulation, and training stages overlap across multiple
pipeline instances, and model updates are published opportunis-
tically as they complete. The goal is to maintain continuous,
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cution.

low-latency inference while mitigating model staleness under
irregular and delayed HPC-driven model updates.

A set of simulations (sim) are launched in parallel on dedi-
cated resources using data collected up to the time of execution
(denoted pdc (for passive data collection) in Figure 3. Training
begins only after all simulations complete and simulation outputs
are transformed for training and transferred to training resources
(e.g. GPUs). Once training finishes, a new pipeline instance
is initiated using the most recent data, resulting in overlapping
pipeline executions.

In our deployment, the combined sim and train stages require
approximately two hours using the dedicated cluster tier. Each
completed training stage produces a new surrogate model that is
published to the edge. As a result, models deployed using only
dedicated resources may be up to two hours old.

To reduce model staleness, the pipeline is also executed op-
portunistically on the HPC tier using shared HPC systems. Jobs
are submitted to batch queues using workflow management sys-
tems and parameterized with the most recent data at the time
of execution. Models produced by these runs arrive at the edge
between those generated by the dedicated pipeline, effectively
increasing the rate of model updates despite irregular execution.
This approach increases the frequency of model updates without
requiring execution prediction and directly mitigating the effects
of model staleness.

Because pipeline execution time can be different for batch
and dedicated systems, an opportunistic model may occasionally
arrive after a dedicated model yet carry an older training cutoff
date—the latest sensor timestamp included in the training data.
To handle this, RBF records the training cutoff time with each
model artifact. Before updating the deployed model, the edge
service compares the training cutoff time against that of the
currently deployed model and skips the update if the incoming
model is older. This ensures that the deployed model’s training
data is monotonically non-decreasing in freshness, regardless of
the order in which jobs from different resource tiers complete.

3.1. RBF Evaluation Facility

We implement this pipeline using an Evaluation Facility that
makes continuous meteorological inferences for a 4-acre Citrus
Under Protective Screens (CUPS) facility. CUPS is a large
(200 x 100 x 6 meter) agricultural screenhouse that is designed
to protect citrus trees from the insect that vectors the causal
agent of the deadly Huanglongbing (HLB) disease (also known
as citrus greening) [1]]. The screen mesh is fine enough to protect
the crop but also modifies the environmental conditions under
which citrus is grown [2, 3]. The CUPS application monitors
and predicts these conditions to inform, actuate, and control
irrigation planning, spray management, and frost prevention for
a CUPS installation.

The deployment consists of a network of sensors that col-
lect meteorological data, including wind speed, wind direction,
temperature, and humidity inside and outside the CUPS. Mea-
surements are used to parameterize high-fidelity computational
fluid dynamics (CFD) simulations that model airflow within
the screenhouse. The resulting simulation outputs are used to
train surrogate models that enable low-latency inference of the
conditions inside the CUPS.

We use OpenFOAM [4] to perform CFD simulations, config-
ured to model the screenhouse geometry and boundary condi-
tions derived from the sensor data. The prototype implements
the sim stage as 72 parallel OpenFOAM simulations each config-
ured with the SnappyHexMesh mesh generator [3] and Porous-
SimpleFOAM [6] solver, to capture the CUPS screen-filtered
atmospheric effects of the CUPS growing conditions across ap-
proximately 7 million irregularly shaped cells at the centimeter
level.

Each of the 72 simulations corresponds to one five-minute
sensor reading in a 6 hour history (we analyze and evaluate this
history size in Section [4.2). Each simulation uses the sensor
readings (wind speed and direction) from outside the CUPS
as inlet boundary conditions, holds the geometry and solver
configuration fixed, and outputs a velocity field at the 9690
points inside the CUPS.

Simulation outputs are used to train multiple surrogate models,
including a physics-informed neural network (PINN) [[7, 18], a
Fourier neural operator (FNO) [9], and a principal component
regression (PCR) [10] model. This instantiation leverages the
pluggable design of RBF, enabling multiple surrogate models
to be trained and evaluated under identical system conditions.
The models vary in complexity and computational cost, enabling
evaluation of accuracy—latency tradeoffs at the edge.

We implement the HPC tier using the NERSC Perlmutter
system [L1]. RBF runs sim and train stages using a RADICAL-
Pilot [12]] job which acquires the most recent data available.
The sim stage requests 72 nodes with 32 cores each, matching
the dedicated cluster tier. The frain stage reuses 2 CPU nodes.
Jobs are submitted to the regular Perlmutter queue with a 24-
hour limit. RBF keeps at most one job of each type queued,
resubmitting only after the previous job reaches its limit. During
each allocation, RBF continuously executes workflow iterations
(using the most recent data each time) until the allocation is
exhausted. We refer to this as “back-to-back” runs or model
generations, herein.



Trained models are deployed to edge inference devices (Rasp-
berry Pi single board computers [13]]), where they are used to
make predictions of airflow within the screenhouse. Sensor de-
vices stream sensor observations to the WAM for consumption
by both the simulation pipeline and inference devices.

3.2. Workflow Artifact Management

RBF orchestrates workflow execution by exchanging persis-
tent workflow artifacts between computational stages rather than
requiring direct communication between executing components.
In the current implementation, each workflow artifact is pro-
duced by one workflow stage and consumed by downstream
workflow stages. For example, the simulation stage generates
simulation results artifacts that, after optional transformation,
become inputs to the surrogate model training stage.

To provide persistent workflow state across the edge—cloud—
HPC continuum, we extended the open-source CSPOT log-based
event system [14]] with a lightweight workflow artifact man-
agement capability. The resulting RBF WAM stores workflow
artifacts as versioned objects within persistent CSPOT logs, en-
abling asynchronous, delay-tolerant communication between
workflow stages. Workflow stages publish artifacts using an
artifact “push” operation, while downstream workflow stages
retrieve them using a corresponding “pull” operation. Because
the CSPOT repositories reside outside local firewall boundaries,
geographically distributed workflow stages exchange artifacts
through the shared persistent log without requiring direct net-
work connectivity.

Each workflow artifact is versioned automatically. CSPOT
assigns a monotonically increasing sequence number to every
log entry, allowing the WAM to associate each artifact version
with the sequence range over which it is stored. Workflow
stages may retrieve either a specific artifact version or the latest
available version through the WAM API. Consumers detect
newly published artifacts by monitoring or being triggered by
an append of the latest available version, enabling downstream
workflow stages to execute asynchronously as new workflow
state becomes available.

All RBF components that consume or produce persistent
workflow artifacts use the WAM interface. For example, edge
devices retrieve the latest surrogate models through the WAM,
simulation workflows publish their outputs for downstream train-
ing, and training stages publish updated models for deployment.
The same mechanism also supports software distribution: stat-
ically linked executables generated by the CI/CD system are
published as versioned workflow artifacts and automatically
deployed when newer versions become available. Secure com-
munication is provided across RBF using CSPOT capabilities
(called CAPIets [15]). RBF relies on this directly: a job can-
celed before it computes leaves the state it would have consumed
unchanged, so cancellation does not impede workflow progress.

3.3. Private 5G Network

In this study, we deploy RBF across two different Private 5G
networks. The first is a 5G private cell sited at an agricultural
facility that we use for empirical evaluation of RBF. It uses a

Celona 5G cell, model AP25-48 [16] of which is an off-the-
shelf commercial solution for 5G private cellular networking.
Because the site is located in a rural setting, the backhaul net-
work is implemented using satellite Internet service provided
by Starlink [[17]. This 5G network is an example of commer-
cially available 5G technologies that are designed for outdoor
deployment in remote areas and long-term unattended operation.

We also include experiments that use a laboratory-sited
private 5G network built with two open source components:
srsSRAN Project [18] for the Radio Access Network (RAN) and
Open5GS [[19] for the 5G core. Both are deployed as Docker
containers on a dedicated edge host, communicating over an
internal bridge network.

The 5G base station (gNB) is driven by an Ettus Research
USRP B210 software defined radio operating on 3GPP Band n78
with a 40 MHz channel bandwidth and 30 kHz subcarrier spac-
ing in TDD mode. The core network implements a full 5G
Standalone (SA) architecture, including the AMF, SMF, UPF,
NSSF, and supporting network functions.

Together, these devices provide a self-contained cellular net-
work with no dependency on external carrier infrastructure.
Thus, this srsSRAN cell (deployed in a controlled laboratory
setting) captures forward-looking technological improvements
that will eventually be available commercially in a weatherproof
package for unattended outdoor deployment.

Two Raspberry Pi 4 Model B single board computers serve as
user equipment (UEs). Each is fitted with a Quectel 5G modem
connected over USB. The modem exposes a QMI control inter-
face and AT command ports to the host operating system. Each
modem carries a programmable SIM provisioned with a unique
IMSI and authentication credentials registered in the Open5GS
subscriber database. On power up, the modem attaches to the
NR SA cell and establishes a PDU session, which surfaces as
a wwanO network interface on the Raspberry Pi with a statically
assigned IP address. The two Raspberry Pi nodes serve distinct
roles, each defining a separate data path across the RAN.

The model distribution path delivers surrogate model updates
from the WAM to the edge inference node, a flow that demands
low transfer latencies. The general data path carries all other
network data from other users or applications. As these two paths
share the same radio link, contention between them can degrade
model transfer latency. This motivates the use of network slicing
to isolate the two flows, which we evaluate in Section[4.5.2]

This instantiation demonstrates how RBF supports simulation-
driven applications and emerging edge technologies. Critically,
RBF transparently tolerates delayed and irregular timings of
model updates, while enabling continuous inference through
asynchronous and opportunistic model improvement.

4. Empirical Evaluation

We next use the Evaluation Facility and CUPS application
to empirically evaluate RBF end-to-end. The application sup-
plies concrete workloads and error measures, but the quantities
we report (cadence, staleness, decision quality, and dissemina-
tion cost) are properties of the workflow system rather than of



the application domain. We demonstrate the effectiveness of
RBF by presenting our results in four stages. First, we establish
the operational cadence of our dedicated-access computational
pipeline. Second, we show how model accuracy decays over
time, detailing the effects of “backfilling” the production of
inference models by the dedicated pipeline with opportunistic
computations run at different sites. Third, we examine the value
of a single opportunistic run and evaluate a decision-time heuris-
tic that predicts, at the head of the batch queue, whether each
one should proceed. Finally, we evaluate the deployment of the
inference models onto edge devices, showing that they can be
delivered and executed with minimal overhead.

4.1. Dedicated-Access Pipeline Performance

We refer to the dedicated cluster and GPUs in the Dedicated
Cluster Tier as the “dedicated-access pipeline.” In this study,
the cluster consists of 72 machines, each of which executes
a separate simulation in parallel. The results of this parallel
execution phase are gathered, spatially referenced, and used to
train three different surrogate models using two dedicated GPUs
within the dedicated cluster. The operational flow is as follows:
CFD simulations run in parallel, producing simulation data that
is transferred to GPU nodes via the WAM; training jobs (PINN
and FNO on separate GPUs, PCR on CPU) execute concurrently;
trained models are returned via the WAM and deployed at the
edge for use for inference.

On average across 15 runs, the dedicated-access pipeline com-
pletes in 134.8 + 32.9 minutes. Of this total, the sim stage ac-
counts for approximately 52 minutes for CFD computation (72
nodes) and 14 minutes for data transformation of simulation out-
puts (for use in model training). The train stage executes PINN,
FNO, and PCR training in parallel on CPU/GPU resources and
requires approximately 55 minutes in total. Individually, PINN
training requires 50.0 + 21.6 minutes, FNO requires 54.8 + 18.2
minutes, and PCR requires 15.9 + 3.4 minutes. The remaining
time is due to data fetching from the edge, model transfer to the
edge, logging, and other miscellaneous system overhead. Thus,
a new inference model is available at the edge, on average, every
134.8 minutes. This end-to-end cadence represents the fastest
achievable retraining cycle with dedicated resources, completely
independent of HPC use and queue contention.

The +32.9 minute standard deviation (24% of the mean) arises
from two sources: (i) synchronization overheads during data
staging and model transfer across the cluster, and (ii) variable
training iteration counts when the 72 simulation cases produce
different numbers of unique data points. Despite this inherent
variability, the dedicated-access pipeline remains operationally
predictable and quantifiable, enabling reliable operational plan-
ning.

4.2. Inference Model Accuracy Decay

This rate at which the dedicated-access pipeline can publish
models for use by edge inference forms the baseline cadence of
RBF. We next evaluate the value of these published models in
terms of accuracy and investigate the rate at which they become
stale.

Because the inference models are trained from simulations
using “live” data and data immediately preceding it from the
recent past, they are most accurate for the immediate future and
their accuracy decays with time. In this study, the dedicated
pipeline produces an inference model that is trained from data
that is (on average) at least 134.8 minutes old — the data that was
available when the simulations were initiated.

Given this 134.8-minute dedicated pipeline cadence, the criti-
cal questions are:

e What accuracy do the deployed inference models maintain
when produced at the maximal cadence?

e Does retraining more frequently improve accuracy and, if
s0, by how much?

Figure 4] shows the decay of model accuracy over time for all
three models (PINN, FNO, PCR). In the figure, the x-axis shows
the time, in hours, since the model became available at the edge,
and the y-axis shows the cumulative mean absolute error (MAE)
in meters per second.

We obtain a single error sample by parameterizing the infer-
ence model with the current data and comparing the inference it
makes to the next available measurement. The value plotted at
elapsed time 7 is the mean of every such sample recorded from
the origin through #, aggregated across the test points in the field.
Thus, the figure depicts the “decay” in accuracy (measured as
cumulative MAE) as a model is served over time. Because a
model is published only when its pipeline has completed, the
origin of the x-axis is the moment the model reaches the edge
and therefore already accounts for the pipeline compute latency
reported in Section 4.1} a model is never fresher than the one
in service. Each curve aggregates samples drawn from selected
operating periods between 2022 and 2026 rather than from a
single continuous deployment window, so the curves describe
typical behavior across seasons rather than one run.

Note that the CFD simulations all take the latest real-time
sensor data and a short “history” of measurements immediately
preceding it when they are initiated. In Figure 4| we show the
accuracy decay for each model using a different color, depend-
ing on history length. These results show the opportunity for
dynamic and automatic hyper-parameter tuning.

No single history length dominates. PINN is most accurate
in the first hours after generation when trained with 6 hours
(blue) or 24 hours (green) of history, but its curves cross near
the 6-hour mark, after which 48 hours (red) is most accurate;
FNO and PCR favor the 12- and 24-hour windows. We therefore
select the history length for sufficiency over the window a model
actually serves rather than for lowest error overall.

At the model-update cadences reported in Section 4.1} a de-
ployed model is typically replaced within six hours. Over this
interval, the four evaluated history lengths exhibit similar predic-
tion accuracy, making longer histories unnecessary. We therefore
use a 6-hour history for all experiments, as it provides compa-
rable accuracy over the served lifetime of each model while
minimizing training time. History length affects model train-
ing time—and consequently the maximum achievable pipeline
cadence—but does not affect simulation time. Longer history
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Figure 4: Model accuracy decay over time using different history windows for all three models (PINN, FNO, PCR). The x-axis shows elapsed time, ranging from 30
minutes to 24 hours, after a model becomes available at the edge; because a model is published only once its pipeline completes, the origin already includes the
pipeline compute latency of Section[d.1] The y-axis shows cumulative MAE (m/s): the value plotted at elapsed time 7 aggregates every prediction error recorded from
the origin through 7, across the three sensor test locations in the field, into a single mean. Each subplot shows the decay curves for one model type.

windows become beneficial only when model updates are de-
layed well beyond the nominal cadence. Selecting the history
length dynamically based on expected model lifetime is an inter-
esting direction for future work.

4.3. Opportunistic Model Regeneration to Improve Delivery
Cadence

The goal of augmenting the dedicated execution pipeline with
additional simulation and training jobs submitted to one or more
batch-controlled HPC systems is to reduce the time between
successive model updates delivered to the edge. As illustrated
in Figure ] more frequent model publications reduce the pe-
riod over which model accuracy decays. Each newly deployed
model effectively resets the inference system to the point of
maximum accuracy on the decay curve, thereby maintaining
higher prediction accuracy over time.

Recall that, using dedicated resources, fresh models are avail-
able every 134.8 minutes (the sim+train time in Figure [3). Each
additional generation, regardless of source, shifts the operational
system’s current point leftward on the decay curve, reducing
model staleness. Because each additional model generation by
the HPC resource reduces staleness in some measure (unless it
coincides with a pipeline-generated model publication), submit-
ting and executing HPC jobs to generate new models improves
accuracy.

However, the magnitude of the benefit (i.e. the improvement
in MAE) is difficult to predict, and each HPC execution carries
a cost in time allocation apportioned to the user. The frequency
and duration of HPC executions also affect queuing delays, since
HPC administrators implement their own user priorities. The
NERSC system, for example, uses a fair-share scheduler that bal-
ances occupancy between competing users, so a user frequently
consuming a share of the resource has later jobs deprioritized.
Thus, a useful opportunistic scheduler must accurately predict
the cost-benefit tradeoft associated with each specific HPC sub-
mission. We investigate doing so in Section 4.4}

First though, we present an empirical analysis of the benefit
from adding HPC jobs opportunistically without consideration of
the scheduling costs associated with each job submission. Note

that without the ability to predict batch queue delays, model
generation events occur at times that are randomly distributed
between the maximal cadence generations.

In our Evaluation Facility, new observations become available
from the sensors every 5 minutes. Moreover, the measurement
error for wind speed, reported by the sensor manufacturer [20],
is between +0.44 and +0.88 meters per second. These physical
parameters bound RBF’s effectiveness: no improvement in ac-
curacy decay is possible when a model is generated faster than
every 5 minutes or the inference error is below 0.44 meters per
second.

We validate this analysis with a live multi-site experiment.
Figure E] shows model publish events for PCR, PINN, and FNO
on a shared time axis spanning the night of May 6-7, 2026.
Blue circles denote dedicated pipeline cluster publish events and
orange squares denote NERSC publish events. Dedicated cluster
events appear at regular intervals that average approximately
135 minutes each across all model types; PCR events are offset
from PINN and FNO because PCR is trained on CPUs (and not
GPUs) and converges more quickly.

NERSC events (orange squares in the figure) are less frequent.
In this experiment, RBF submits one batch job to the NERSC
queue at a time (i.e. it does not “flood” the queue with jobs
continuously). Once a job is selected from the queue, it runs
simulations until its time limit expires, after which RBF submits
a new job to the queue. This scheduling policy is intended to
minimize RBF’s impact on the NERSC queuing system. The fair-
share scheduler does not consider queue submission occupancy
so it is possible to submit jobs continuously, thereby occupying
queue resources with jobs that will wait a long time before their
fair-share is available. Instead, RBF assumes that once a job
is scheduled, it will use the resources as efficiently as possible
during its execution period. That is, without consideration of
the cost-benefit tradeoff, RBF will consolidate multiple model
productions into “back-to-back” model productions for as long
as a job executes (rather than using separate queue submissions
for each model).

During the test period, the average wait for a new allocation is
approximately 17 hours, creating gaps of at least 18 hours during
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Figure 5: Timeline of model publish events for all three model types (PINN, FNO, PCR) during a simultaneous live experiment on two resources: the dedicated-access

cluster and the NERSC batch-queue HPC.

Table 1: Minutes between FNO model publish events

Combination Min Avg Max Std
dedicated cluster 1134 1348 2004 329
NERSC 479 80.0 176.5 404
dedicated cluster + NERSC 3.3 50.0 135.8 343

which no NERSC publish events occur. For these experiments,
we observed queue wait times for the NERSC Perlmutter HPC
system to be 17-19 hours for the 72-machine 32-CPU jobs and
11-38 minutes for the 2-GPU jobs [21]]. However, as shown in
Figure E], when a NERSC job is scheduled, the back-to-back
model generations occur more frequently compared to the dedi-
cated pipeline cluster generations (orange squares between blue
circles in the figure).

Together, dual tier use by RBF reduces the average time be-
tween consecutive publish events, keeping the effective model
age below 2 hours. Doing so maintains a model accuracy for
all models that is below the 0.88 m/s sensor measurement error
bound. The longer cadence events for both resources (longer
gaps between blue circles and/or orange squares in the figure) are
due to wind condition differences, which lead to more variability
in wind speed and consequently longer training windows.

Table [I] summarizes the interval between successive FNO
model publications for the three execution configurations. The
dedicated cluster alone produces a new model every 134.8 min-
utes on average, consistent with its approximately two-hour exe-
cution cadence. NERSC alone reduces the average publication
interval to 80.0 minutes, although queue variability produces a
wider distribution of completion times (40.4-minute standard
deviation).

Combining the dedicated cluster with opportunistic NERSC
execution further reduces the average interval between model
publications to 50.0 minutes—a 2.7X improvement over the
dedicated pipeline alone. The minimum publication interval
falls to just 3.3 minutes, illustrating that independently execut-
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ing workflow stages can produce closely spaced model updates
whenever the two pipelines complete near one another. Much
of this improvement is attributable to iterations 4—11, during
which several NERSC jobs completed in rapid succession after
entering execution around 3:30 AM on May 7.

More importantly, these results demonstrate the benefit of
treating HPC as an asynchronous workflow stage rather than a
synchronized execution resource. Each completed model pub-
lication reduces the time that deployed models remain stale,
allowing edge inference to operate closer to peak accuracy by
shortening the interval over which model accuracy decays. As
shown in Figure ] increasing the publication rate therefore di-
rectly improves the expected accuracy of the deployed surrogate
models.

Because models may complete out of submission order across
independent execution tiers, the edge deploys a newly published
model only if its training cutoff time is newer than that of the
currently deployed model. This lightweight version check pre-
serves workflow correctness while allowing all execution tiers
to operate asynchronously.

4.4. Predicting the Benefit-Cost Tradeoff

Figure[5|and Table[T|from the previous subsection illustrate
the potential benefit of back-to-back executions on the faster
NERSC resource once it begins executing a RBF submission.
Each opportunistic run is, however, costly: it consumes a scarce
shared-HPC allocation and, on a fair-share batch system, de-
creases the scheduling priority of later jobs. Further, at the
granularity of a single input the benefit is no longer guaranteed—
an individual run does not always improve the accuracy of a
specific model already in service over the window it would serve
(although the average improvement over time is positive).

To determine whether an individual submission should incur
the cost of execution, we investigate two heuristics: one that
releases only jobs predicted to improve on the most recently
published model, and one that targets large improvements at



the expense of a few “false positive” predictions. For the exper-
iments reported here, each heuristic makes its decision at the
same point in a job’s lifecycle. Once the batch scheduler selects
an RBF submission and it begins executing, the job first contacts
the RBF orchestrator, which, using up-to-date data gathered
from the sensors in real time, determines whether the job should
proceed to produce a new model publication or exit immediately.
A job that exits at this point releases its allocation before any
simulation or training compute is expended, thereby avoiding
a “charge” against the user’s allocation and the concomitant
fair-share penalty.

More specifically, RBF predicts the value of each isolated
opportunistic run. Within the dedicated cluster’s constant pub-
lication cadence (Section [4.1)), each opportunistic HPC job is
treated as a single publication that could possibly improve the ac-
curacy of the edge model from that moment forward. Although
this study measures job utility using prediction accuracy, this
approach is agnostic to the specific utility metric. It requires only
that the workflow estimate the expected benefit of an updated
model using observations already available when the job reaches
the head of the queue. This assumption is satisfied by a broad
class of simulation-driven workflows.

Note that RBF does not attempt to predict queue wait times or
choose when to submit a job. Instead, it makes a decision when
a submitted job reaches the head of the queue. At that moment
the system either releases the job to proceed and complete its ex-
ecution which will result in a new model publication, or cancels
it, thereby leaving the last published model in place at the edge.
The time spent before the decision point (queue residency) is not
charged by the NERSC batch scheduler to the user allocation.

To empirically evaluate this approach and these heuristics
we perform back-testing. We replay a recorded window of the
deployment in which opportunistic HPC jobs executed at the
times chosen by the batch scheduler. Unlike the results shown
in Subsection [4.3] however, each HPC job executes a single iter-
ation of the model-production pipeline (rather than back-to-back
iterations) thereby incurring only the fair-share penalty for that
one iteration. A job was “profitable” if the model it published
improved on the model available when it began executing, and
unprofitable otherwise. We therefore generate the edge-model
error for both cases—proceeding with the execution and cancel-
ing it—so that the quality of each decision can be scored. Note
that without back-testing, the effects of a cancellation could not
be observed at all.

During the replay interval, the HPC batch scheduler selected
19 jobs for execution. We evaluate the decisions that the heuris-
tics would have made for these 19 jobs. We chose this window
because it is unusually dense in opportunistic publications—
the shared facility published at nearly the rate of the dedicated
cluster—and because most of its isolated runs turn out not to
have helped, making it a demanding test of whether the useful
runs can be distinguished.

As a baseline, allowing each of the HPC jobs to proceed
unconditionally (i.e. without a decision by the heuristic) aver-
ages —27.9% improvement per model published by each HPC
job when compared to the models produced by the dedicated
pipeline. Eight of the 19 models were more accurate and 11

11

were less accurate. We also observe severe losses for a small
number (two iterations account for nearly two-thirds of the total)
which overwhelm the many modest gains. This contrast is not a
contradiction: continuous back-to-back publication still lowers
staleness in aggregate, but it shows that the marginal value of
one additional, isolated run is not assured. This analysis shows
that per-run decision-making is a worthwhile study: avoiding
a small number of specific runs recovers most of the avoidable
loss.

4.4.1. RBF Conditional HPC Execution Decisions

To predict the value of an individual submission, RBF im-
plements an automatic model selection heuristic. Each pipeline
trains all three model types (PINN, FNO, PCR) every iteration,
and chooses a single winner model based on MAE computed
from the most recently available data from the edge. There is a
winner among the dedicated pipeline’s most recent models and
one among the HPC system’s. Because the input data has been
updated since the HPC submission, RBF computes the dedicated
winner at the decision point using the latest data available; the
HPC winner is the one that won the previous opportunistic iter-
ation. The winner, in each case, is taken to be the lowest-error
model type.

The RBF heuristic computes the benefit of an opportunistic
model generation on the HPC resource as the percentage im-
provement of its winner over the dedicated winner across the
interval it would serve, [fopp, fded, next):

MAEgeq — MAE,,
MAEjeq

Yoimprove = 100 x 1)
Positive means the opportunistic model outperformed the
dedicated-pipeline winner; negative means the run made the
model published to the edge worse.

This prediction assumes that the error observed just before
the decision is a good estimate of what each winner will produce
over the window in question, justified by the model’s decay curve
(Section @I) Its error as a function of staleness which, over a
window this short, is typically flat. Comparing the two winners
in terms of recent error yields a predicted %improvement.

4.4.2. Heuristics

We evaluated many candidate rules over the study window;
two fit this system best and bracket the operating range. Both
act only on decision-time information.

The No-Regret heuristic, given in Algorithm|T] allows a job
that is ready for execution on the HPC resource to continue
only when the predicted %improvement is positive and the
predicted opportunistic winner is a different model type than
the current dedicated winner. The intuition behind the success
of this heuristic is that it is predicting a model improvement
based on a change in model type which indicates that the current
conditions (at the decision point) have changed since the HPC
job was submitted.

In the example period under study, this heuristic resulted
in no HPC executions that caused a negative improvement.
That is, when RBF decided to allow a submission to continue



Algorithm 1 The No-Regret heuristic, computing the head-of-
queue decision for opportunistic iteration n. Both error vectors
are measured over elapsed windows—u since the last dedicated
publication, p over the window iteration n—1 was served—no
quantity depends on the candidate model.

Require: 7~ = {FNo, PINN, PcR}: model types

Require: ded,[7]: published dedicated model of type T

Require: W: sensor data observed between the last dedicated publication and
the decision point

Require: p[7]: error the type-7 model of the last completed opportunistic
iteration achieved over the window it served; already measured, since the
candidate opp,, does not exist yet

Ensure: ReLEASE or CANCEL

: forte7 do

u[7t] « MAE(ded,[7], W)

end for

§ Wied < argmingey u[7]

. U « u[wgeq] {incumbent error}

Wopp ¢ arg minges p[7] {winner of iteration n—1’s own outcome }

1 & < 100 (U - plwopp]) / U {predicted %improve }

o shift « (Wopp # Wded)

9: if shift and ¢ > O then

return RELEASE

: else

return CANCEL

: end if

PR UE Wy

Algorithm 2 The High-Yield heuristic, which reuses the
decision-time quantities of Algorithm [T} the shift branch is
No-Regret’s own condition, whereas the no-shift branch tests
only inter-type disagreement.

Require: lines 1-8 of Algorithm([T} yielding p, U, g, and shift

Require: 6 = 125: spread threshold, in percentage points

Ensure: RELEASE or CANCEL

1: if shift then

2 return REeLEASE if § > 0, otherwise CanceL (No-Regret release)

3: else

4: spread <« maxeq- 100 (U — p[7])/U — min.eq 100 (U — p[7])/U

5

6

return RELEASE if spread > 0, otherwise CANCEL
. end if

execution, it always yielded an improvement in accuracy (not
just in aggregate). In this study, the No-Regret heuristic decided
to continue 3 of the 19 total submissions which generated an
average improvement of +18.2% and an overall improvement
of +54.6% in terms of MAE. From the user’s perspective, No-
Regret ensures that every submission charged to an allocation
yields an improvement, and that avoiding a false positive keeps
a model that would lower accuracy from ever reaching the edge.

The High-Yield heuristic relaxes this guarantee in exchange
for capturing more total improvement. Because No-Regret
avoids individual false positives, it may be overly conserva-
tive in aggregate: accepting a few degrading releases can also
admit runs that raise overall accuracy.

The High-Yield heuristic, given in Algorithm 2] uses the
No-Regret heuristic to determine whether a job should proceed
or cancel at the decision point. If No-Regret indicates cancel,
and there is not a change in model type between the winners
evaluated by No-Regret, High-Yield then computes the degree
of disagreement between the three model types in terms of their
predicted %improvement. Disagreement is measured as the
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Table 2: Performance of No-Regret and High-Yield heuristics over the 19 iso-
lated opportunistic publications—each inserted at a randomized position within
the dedicated cluster’s constant cadence—against an unconditional-execution
baseline. Totals are taken over all 19 isolated runs, whereas averages are per in-
dividual execution; for the unconditional executions all 19 HPC jobs are allowed
to proceed. “Compute avoided” is the savings in terms of HPC core-hours by
each heuristic and “degrading releases” counts HPC executions that ultimately
resulted in negative improvements.

Uncond. No-Regret High-Yield
Released / 19 19 3 8
Total %improve -529% +54.6 % +71.1%
Avg %improve / released run = —27.9% +18.2% +8.9%
Degrading releases 11 0 2
Compute avoided (core-h) — ~83,000 ~57,000

spread between the highest and lowest of the three estimates,
and the HPC job is allowed to proceed when that spread exceeds
a configuration-time threshold (set to 125 percentage points in
this study).

The rationale for this heuristic is that a single strongly positive
model-type estimate standing far apart from negative peers is
more likely to reflect a real gain than a consensus clustered near
zero. This captures more total improvement—+71.1% in total
allowing 8 of the 19 HPC submissions to proceed. However, the
average individual improvement is +8.9% due to two models
that were allowed to proceed despite an unfavorable aggregate
prediction and, ultimately, generated negative improvements (i.e.
two false-positive releases).

RBF exposes the heuristic algorithm to use and the disagree-
ment threshold for the High-Yield algorithm as configuration
options to the user. Table 2] summarizes these results.

Each canceled submission avoids the cost of an entire oppor-
tunistic HPC pipeline execution. An individual run reserves
72 compute nodes (2,304 cores) for approximately one dedi-
cated pipeline iteration (134.8 minutes; Section [.T]), consum-
ing roughly 5,180 core-hours. Launching all 19 opportunistic
submissions unconditionally therefore requires nearly 98,400
core-hours.

The No-Regret heuristic launches only 3 of the 19 candidate
jobs, canceling 16 and avoiding approximately 83,000 core-
hours of HPC computation while never degrading the accuracy
of the deployed model. The High-Yield heuristic launches 8 jobs
and cancels 11, reducing HPC consumption by approximately
57,000 core-hours. Because the dedicated execution pipeline
continues to produce models throughout, these canceled HPC
executions do not reduce served accuracy. Instead, the heuristics
preferentially eliminate simulations that, by construction, would
have provided little or no improvement to the deployed model.

Beyond the measured core-hour savings, these results have
two broader implications. First, the reported savings are conser-
vative. On a fair-share HPC system, every canceled job also pre-
serves the project’s scheduling priority, increasing the likelihood
that subsequent submissions begin execution sooner. Second,
because this analysis evaluates the value of an individual job
independent of any particular queuing behavior, the approach
is not tied to a specific HPC facility or scheduler and should
generalize to other batch-managed systems.



4.5. Edge Tier Performance

The benefits of increasing model publication cadence are re-
alized only if updated surrogate models can be disseminated to
edge devices and deployed with sufficiently low latency. Artifact
dissemination and edge inference therefore form the final stage
of the end-to-end workflow, bounding how quickly improve-
ments generated by upstream simulation and training become
available for operational inference.

This section evaluates these final workflow stages. First, we
measure model publication latency to Raspberry Pi edge devices
deployed at the CUPS facility using commercial off-the-shelf
private 5G infrastructure and the satellite backhaul available
during Spring 2026. Second, to evaluate the potential of next-
generation edge networking, we measure model dissemination
latency using a laboratory private 5G deployment based on the
srsRAN Project [18]] radio access network and Open5GS [19].
Finally, we evaluate surrogate-model inference performance on
the edge devices, demonstrating that the deployed models pro-
vide sufficiently low-latency inference for continuous operation
on resource-constrained hardware.

4.5.1. Satellite Long-Haul and Cellular 5G at CUPS

When a new model is published via the WAN, edge-inference
devices fetch it and update the locally available model. Each
surrogate model traverses a Starlink [17]] satellite Internet long-
haul network connecting to a 5G cellular link at the CUPS
facility. The facility is equipped with a Celona 5G cell, model
AP25-48 [16], which is an off-the-shelf commercial solution
for 5G private cellular networking. Cellular 5G provides wide
network coverage and high throughput ideal for the large scale
agricultural sensor network present at the CUPS facility.

Two Raspberry Pi 4’s sit at the CUPS facility. The first
Raspberry Pi (termed henceforth cellular-RPi) is connected
to a Celona Cradlepoint (a mobile hotspot), which has a pro-
grammable SIM provisioned to connect to the Celona AP. This
Raspberry Pi provides continual predictions of the airflow across
the screenhouse and fetches models using the WAM. The sec-
ond Raspberry Pi is connected directly to the CUPS backhaul
of Starlink, avoiding cellular networking entirely. This second
Raspberry Pi serves as the control (termed henceforth control-
RPi) allowing for the effects of cellular to be isolated from
Starlink.

To test network performance of model transport to the edge,
we consider two conditions: an empty versus a loaded network
(load introduced with iperf3), and a path with and without
the Starlink backhaul. The Starlink-cellular path is the stan-
dard HPC-to-edge delivery route. To enable this, we run four
experiments. All model transport is initiated and targets the
cellular-RPi, the site for inference.

e Cellular Only - Model retrieval from a WAM host running
on the control-RPi

e Cellular w Contention - The above plus iperf3 network
saturation on cellular link.

e Starlink + Cellular - Model retrieval from the remote WAM
host to get model updates from HPC

13

mmm Cellular Only
B Cellular w Contention

64.86

mmm Starlink + Cellular
55 Starlink + Cellular w Contention

20.0

17.46

12.11

Transfer Time in Seconds

Figure 6: P-95 Model Transfer Time of 100 runs. Transfer time is in seconds.
Each bar represents a different network path (cell only or Starlink and cellular)
for model delivery. Note the gap between 20 and 50 seconds only contains the
FNO bar.

o Starlink + Cellular w Contention - The above plus iperf3
network saturation from cellular-RPi to dedicated cloud
VM with 10 Gbps network capacity.

Figure 6] compares the model transport times across the four
experiments. All numbers represent P-95 values for worst-case
tail latency. Model transfer times correspond to model size.
PINN models are the fastest due to their small size (290 KiB).
FNO is the largest model (9.1 MiB) and takes the most time to
transfer. PCR sits in between, being only 1.07 MiB. Without
contention, using the Starlink path introduces a penalty for all
models, requiring 2-3X more time. With network contention,
the backhaul connection via Starlink becomes the bottleneck
rather than the cellular network. For the cellular-only transfer,
contention increases download time for all models by a factor of
about 2.7—-4.5x. However, with Starlink, contention results in
an increase of approximately 6-8x compared to Starlink without
contention.

Despite the large increase in model transport latency when
the network is under stress, all three models transfer within 65
seconds (P-95), well within the required time for the CUPS ap-
plication. Thus, polling for a new model every 60 seconds results
in a model update (when a new model has been published) no
more than 65 seconds later, with confidence 0.95. As described
in Section [4.3] sensor data updates every 5 minutes so model
delivery of a “fresher” model falls well within the data sampling
interval. Therefore, with an optimal model publishing cadence
of five minutes and the asynchrony of model retrieval, model
transfer has a budget of 150 seconds to ensure the retrieval is of
the latest model. As all three models transfer to the edge RPi at
the CUPS facility with worst-case latency of under 65 seconds,
satellite and standard 5G cellular networking are sufficient to
ensure up to date models. The binding quantity is artifact size
against link capacity, so this bound carries over to any workflow
disseminating comparable artifacts over similar long-haul links.



Table 3: Model download throughput (MB/s) with and without slicing. Values
are means over 100 runs. Degradation is the percentage change under contention.

No Slicing Slicing
Model Iso. Cont. Deg. Iso. Cont. Deg.
PCR 2.68  2.15 -20% 2.67 250 -6%
PINN 1.37 .06  -23% 1.28 1.31 +2%
FNO 492 388 -21% 472 462 2%

4.5.2. Laboratory 5G Network Slicing Evaluation

To investigate the potential of network slicing, we evaluate the
use of a private 5G cell in the laboratory. The cell implements the
OpenRAN [22]] standard. To test whether slicing shields model
transfer during network load, we configure two slices. The first is
an enhanced mobile broadband (eMBB) slice spanning the entire
physical radio spectrum, which is broken down into Physical
Resource Blocks (PRBs). The second slice uses between 0 and
10% of available PRBs.

In our experiment, a Raspberry Pi 4 repeatedly fetches the
PCR, PINN, and FNO models from a remote WAM host. This
Raspberry Pi is attached to the large eMBB slice. A second
Raspberry Pi 4 serves as the network load generator. This Rasp-
berry Pi is attached to the capped slice and generates contention
on the radio link by saturating the RAN with UDP traffic solely
between the 5G cell host and itself.

Similar to the CUPS experiment, we measure throughput
with and without contention and with and without slicing to
determine the benefit of network slicing. Table [3] shows the
mean throughput measured over 100 runs. As in the previous
results, throughput follows model sizes. Without slicing, con-
tention results in a throughput cut by 20-23%. With slicing, this
throughput cut is reduced to 6% for PCR, and 2% for PINN and
FNO. We believe that the 6% for PCR is negligible and can be
attributed to noise factors outside the control of network slicing,
as both a larger model (FNO) and a smaller model (PINN) were
within the 2% difference.

One possibility for this could be external interference or
slight radio propagation changes that are outside the control
of radio slicing. The contending Raspberry Pi’s slice cap pre-
vents it from consuming resources beyond its allocation. Also,
because PRBs are not permanently attached to an associated
eMBB, slicing does not incur a significant penalty in the iso-
lated case. Comparing isolated throughput with and without
slicing, isolated throughput is only observed to drop between
0.4—6.6% with slicing active, with PINN having the highest gap
of 6.6%). Overall, we find that although current commercial off-
the-shelf 5G network infrastructure is sufficient for edge model
retrieval due to their small size, promising open-source private
5G networks provide additional network isolation capabilities
that lower maximum-bound transfer latencies for surrogate mod-
els.

4.5.3. Cost of Inference on Edge

To ensure near real-time inference on the edge, the surrogate
models selected must perform in near real-time on constrained
hardware. We next evaluate the inference performance of these
three models on the edge (a Raspberry Pi 4).
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Table 4: Execution time (in seconds) for a inference on all points within CUPS
using a Raspberry Pi 4. We report the P95 across 100 trials.

Model RPi 4 Wall Clock (s)
PCR Model

Initialization 25.554
Inference 0.003
PINN Model

Initialization 0.698
Inference 0.408
FNO Model

Initialization 3.779
Inference 1.100

We isolate edge inference into initialization and model exe-
cution. Initialization time captures the model cold-start costs,
including disk I/O and software library initialization. Between
each trial the caches are cleared to minimize effects between
trials. To profile model execution, we capture the wall clock
time required to evaluate a specific query. Running multiple
queries on the same model does not require reinitialization. For
our inference query, we run a prediction of airflow at all points
enclosed by the CUPS structure. This consists of 9690 points in
three-dimensional space.

The P-95 wall-clock times (in seconds) per model are pre-
sented in Table @l We show that initialization for all models
takes longer than a single inference, sometimes orders of mag-
nitude longer (8518% for PCR). In PCR’s case, each data point
is loaded from a separate CSV file from disk, resulting in 9690
CSV file loads to memory. However, once loaded, its infer-
ence time is 135 times faster than PINN, and 365 times faster
than FNO. FNO and PINN’s initialization step involves loading
the TensorFlow model object and initializing software libraries.
FNO’s model involves more parameters, resulting in a larger
initialization and inference time than PINN.

Each surrogate model allows for fast airflow prediction at the
edge across the entirety of the CUPS structure, with inferences
requiring between 3 ms (PCR) to 1.1 seconds (FNO). This cost
is set by surrogate complexity rather than by the application, so
these figures characterize any workflow serving a comparably
sized surrogate. As for initialization costs, model initialization
occurs only on each model update. Combining with the results
from the network transfer experiments, even with the worst case
25 seconds for P-95 PCR initialization, RBF inference time is
still well below our target 5 minute threshold.

Overall, these results indicate that system performance is dom-
inated by simulation and training latency, and that networking
and edge inference do not limit end-to-end performance. This
reinforces the design focus of RBF on asynchronous, simulation-
driven model improvement, where reducing model staleness
through opportunistic HPC execution provides the primary gains.
The results also demonstrate that RBF facilitates the integra-
tion and evaluation of diverse surrogate models and networking
configurations, enabling flexible experimentation across model
types and communication environments without impacting sys-
tem operation.

Several limitations bound these findings. They characterize
a single deployment—one screenhouse, one dedicated cluster,



one shared HPC facility—so absolute magnitudes should not be
read as general. The RBF heuristic study rests on 19 scorable
iterations from one window, with captured totals concentrated
in a few runs and its threshold fitted on that same window; it
is evidence that an actionable decision-time signal exists, not
a validated production policy. Finally, model error over the
operating region is comparable to the sensor measurement error
bound above, so small differences between model types and
history lengths should be read with that floor in mind.

5. Related Work and Positioning

Early versions of the RBF concept, including the online—
offline learning and inference loop, were explored in prior work-
shop work [23]. This paper substantially extends that effort
by formalizing the workflow architecture, introducing Reverse
Backfill for asynchronous HPC integration, and providing a
complete implementation and experimental evaluation.

Scientific workflow systems are the established means of com-
posing and executing multi-stage computations on shared infras-
tructure. Pegasus [24], Parsl [25]], Swift/T [26], FireWorks [27],
Balsam [28], and RADICAL-Pilot [12] provide abstractions
for workflow specification, task scheduling, resource manage-
ment, and fault recovery across clusters, clouds, and HPC sys-
tems. RBF addresses a complementary challenge: continuously
executing simulation-driven workflows whose inputs arrive as
streaming sensor observations and whose outputs must provide
continuous low-latency inference while surrogate models evolve
asynchronously through simulation and training. Rather than re-
placing these systems, RBF provides workflow semantics for per-
sistent workflow state, evolving workflow artifacts, and decision-
time execution control that could be implemented on top of many
existing workflow engines.

A parallel line of work studies applications spanning the
computing continuum, including edge, cloud, and HPC re-
sources [29, 30]. Related systems such as Ray [31], Infer-
Line [32]], Jellyfish [33], EC5 [34], Neurosurgeon [35], Ed-
gent [36]], JointDNN [37], and Loconte et al. [38] study dis-
tributed inference, resource allocation, execution placement,
and model serving across heterogeneous resources. These sys-
tems primarily optimize where computation executes or how
inference pipelines are provisioned, whereas RBF focuses on
when simulation-driven workflow stages should execute and
how asynchronously generated models are incorporated into a
continuously executing workflow.

Simulation-driven learning combines high-fidelity numerical
simulation with surrogate modeling techniques including PINNs,
Fourier Neural Operators, and DeepONets [7} 19, 39], and has
been applied extensively to computational fluid dynamics and
related scientific domains [40l141]]. Recent work in scientific ma-
chine learning and HPC-integrated training [42} 43] has signifi-
cantly improved surrogate accuracy and expressiveness, while
continual and streaming learning methods assume that models
can be updated directly from incoming data [44, 45]]. In con-
trast, RBF addresses simulation-driven workflows whose model
evolution depends on expensive, batch-scheduled computation,
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requiring explicit management of delayed, asynchronous model
updates across the computing continuum.

Recent systems have begun integrating Al workflows with
HPC execution. Balin et al. [46] demonstrate asynchronous
in-situ surrogate training coupled to CFD simulations, while
VESTEC [47] submits urgent HPC simulations in response to
live observations. Brewer et al. [48] classify AI-HPC execu-
tion motifs, and ROSE [49] explores efficient surrogate training
through active learning. RBF complements these efforts by
treating HPC as an asynchronous model-improvement engine
within a continuously executing scientific workflow. Persistent
workflow state enables simulation, training, deployment, and in-
ference to proceed independently while incorporating improved
surrogate models as they become available. The system addition-
ally leverages private 5G networking for QoS-isolated sensor
telemetry and model dissemination [S0} 514152} 53} 54].

6. Conclusions

We presented RBF, a hybrid edge-HPC architecture for
simulation-driven training of fast surrogate AI models that ex-
ecute at the edge based on real-time streaming data. By de-
coupling inference from simulation and training, RBF enables
continuous, low-latency inference while incorporating improved
models asynchronously as they become available.

Although simulation latencies are large, our results show that
these latencies can be masked and that networking and edge
inference contributing negligible delays so that high-quality in-
ferences are continuously available from edge devices. Further,
the RBF prototype demonstrates that HPC resources can be ef-
fectively integrated into operational systems as asynchronous
model-improvement engines, enabling practical deployment of
simulation-driven learning, with an average of 2.7Xx improve-
ment of surrogate model accuracy. We further show that this
aggregate benefit does not extend to every individual HPC execu-
tion, and that an execution-time heuristic (applied when a job is
selected for execution in a batch queue) can predict whether the
subsequent execution on the HPC resource will improve model
accuracy.

RBF also provides a flexible platform for evaluating diverse
models Evaluated using a digital agriculture deployment, RBF
is general with respect to other application domains. It demon-
strates a reusable workflow architecture for continuously exe-
cuting, simulation-driven scientific workflows spanning edge
devices, dedicated clusters, and shared HPC resources. Persis-
tent workflow state enables loosely coupled workflow stages
to exchange evolving workflow artifacts asynchronously, while
Reverse Backfill provides an efficient mechanism for incorporat-
ing opportunistically available HPC resources into long-running
workflows without requiring changes to existing batch sched-
ulers. We believe these architectural principles are applicable
to a broad class of computing-continuum applications in which
high-fidelity simulation continuously improves operational in-
ference.

Upon publication, we plan to make our code and data available
as open source and data. This research is supported in part by
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