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Problem & Motivation Approach Evaluation Results

Volunteer Edge-Cloud (VEC) computing paradigm can offer decentralized compute power for ML/DL ol
scientific workflows, but faces three core challenges: X
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2 O ‘3  Testbed: OpenFaaS + MicroK8s + Docker on AWS; 50 VEC nodes across 4 clusters
 Workflows: G2P-Deep (bioinformatics), PAS-ML (health informatics)
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 VEC Node Search Latency: ~2x reduction vs. VELA (next best); large gap vs. VECFlex

« Volatility: VEC nodes have unpredictable, intermittent availability, leading to workflow execution : Availability -
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based Fail-over ook i ed  VECA delivers >20% improvement in productivity rate following execution failures
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Solution & Novel Salient Findings
Intelligent capacity-aware clustering beats both exhaustive sampling (VECFlex) and random
VECA — a three-fold framework: cluster selection (VELA) i.e., clustering granularity matters more than search exhaustiveness
1. Capacity-Based k-means Clustering RNN-based time-series forecasting is effective for predicting binary node availability from temporal
1. Groups VEC nodes by CPU, RAM, and storage similarity @ VEC Node patterns (weekday/hour/node D) | o | | |
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3. Redis-cache-based fail-over enables rapid recovery without User p Workflows a1 | Selection |\ G @ Extend VECA to workflows with unique performance/privacy/security needs (e.g., medical imaging)
re-running RNN inference VEC Users Policies VEC Node Explore open-source confidential computing paradigm for workflow security on edge devices

4. RabbitMQ for async inter-scheduler communication
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3. Confidential Computing Integration References

1. AWS Nitro Enclaves provide TEE-based execution

™ Prometheus radls 9@ coibitMa Sorfideniial FaaS Cluster n Evaluate VECA on real-world VEC node availability traces beyond synthetic datasets
Monitoring a Cache
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