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Background

e Edge applications require continuous, low-latency
inference while model updates depend on
remote HPC simulations

e High-fidelity CFD simulations take hours and
batch scheduling causes unpredictable delays

Outdated models degrade prediction accuracy
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Solution

Reverse Backfill (RBF), a hybrid edge-HPC learning and
inference architecture. RBF treats HPC resources not as
synchronous backends, but as asynchronous model
improvement engines. Edge nodes perform continuous
inference using surrogate models, while simulation and
training pipelines generate improved models as resources
become available.

Decay Time

Passive data collection (pdc), simulation (sim), and training (train) stages overlap
across multiple pipeline instances, while model updates are published
opportunistically upon completion. This design enables continuous inference
despite irregular and delayed HPC execution.
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