Towards Practical Latency SLOs on Cloud Data Warehouses
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SLO-Aware Multi-Cluster Management Requires 3 Key Behaviors

 Modern data warehouses decouple compute and storage.

« They face diverse workloads with very different latency SLOs (e.g., dashboards vs. ETL)

« Naive approach: use dedicated cluster(s) per workload.

* Must keep scaling/sizing each of them; still no actual SLO-aware workload management.

« Each individual incoming query has an SLO; inherited from somewhere, but it doesn’'t matter.
« We also have a set of clusters, of possibly varying sizes.
* Three key behaviors to effectively maintain SLOs:
* Plan: Some workload patterns are predictable. Have clusters ready in anticipation.
« Adjust: No forecast is perfect, because of errors or drift. Retain online scaling ability.
* React: Per-cluster load varies. Keep SLOs and cost in mind when routing each query.
» In past work [1-7], no system offers all 3 key behaviors.

AutoSLO Operates Across Three Timescales

 Use an enhanced
version of lconq [8],
a concurrency-aware
latency predictor.

« Estimate how each
routing option

affects:

* Routed query
* Running queries

e Cost

* Pick the best option.

 Maintain an arrival and a completion window over recent queries.
« When SLO violations are high among recent completions, trigger scaling.
« Hypothesize a cluster request of a given size; simulate a short forecast

using copies of the arrival window and see how well it does. .
« Repeat for different possible sizes and pick the most promising size.
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Use per-day, per-hour workload reservoir to
generate multiple forecasted workload for the
period (e.g., day) ahead.
« Simulate them to identify earliest reliable load
peak, where enough workloads have a high
enough SLO violation rate.
« Schedule a cluster spinup shortly before the
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AutoSLO Maintains SLOs Effectively and Efficiently
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« Spinup Size Selector: Reduces SLO violation rate by a mean of 93.7% while
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 C(Cluster size decisions take no more than 7.1 s.
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« See full preprint for additional efficiency experiments.
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