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C1. Multi-Resource Contention

. How to predict NF performance under resource contention? . On-NIC NFs contend over multiple
heterogeneous onboard resources
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Contention-Aware Scheduling:
Placing NFs based on contention-aware performance predictions
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. Our contribution: accurate performance prediction of on-NIC
NFs under multi-resource contention and varying traffic
attributes
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. 3.77% prediction error & 78.8% accuracy
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. Resource-efficient scheduling of on-NIC NFs,
SLA violations reduced by 92.2%
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