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@Next Generation of Serverless Benchmarking: SeBS-Flow
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Example: ExCamera benchmark

Evaluation: Performance, Cost & Scalability
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Critical path (opaque) and overhead (hatched). Function costs (opaque) and state transition costs (hatched). Number of distinct function containers for 30 invocations.

We use the lowest common memory configuration that successfully executes the workflow on AWS and Google Cloud, at least 256 MB for compute-intensive and 128 MB for web applications. We
invoke the application benchmarks in burst mode, triggering 30 executions at once, and we repeat the measurements until we obtain tight confidence intervals (within 5% of median).
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