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Figure 3: Default Ranges Are Superfluous — The proportion
of effective range size against the default range size.
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Intersection of Important Knobs across Workloads
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Figure 1: Important Knobs Are Workload-Specific - We
present the percentage of intersection among the top-10 im-
portant knobs from four different workloads.
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Figure 2: Well Selecting Important Knobs Takes Considerable
Observations — Tuning performance on top-10 knobs selected
based on different numbers of observations.
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Figure 5: Overview: Architecture and Workflow of OpAdyviser.
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Figure 6: A Toy Example, Showing Three Steps of Space Con-
struction: (1) Computing similarity S(i, t) based on the number of
concordant ranking pairs between the target performance (black
point) and the predicted performance (grey point) and filtering
tasks with S(i, t) < 0.5 (red cross). (2) Extracting effective regions
(red area) with performance better than a standard (red dashed
line) controlled by S(i, t). (3) Constructing target range (pale pink ——
shading in the first row) by a weighted combination of the red areas.
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Figure 10: Utility of Active Learning. In Figure (a), we present
the accuracy of the meta-ranker trained via active learning
and random sampling. Figure (b) displays the associated tun-
ing performance, with a horizontal line representing the
baseline performance with SMAC as the default optimizer.
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Figure 11: Generalization across Different Data Sizes.
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Figure 12: Generalization across Hardware Environments.
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advantage increases as completing more tuning tasks.
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