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scan vs secondary index selection
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P. Selinger et. all, 1979
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DO WE STILL NEED INDEXING? (AND IF YES HOW DO WE CHOOGSE)
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scan vs secondary index selection @SIGMOD 2017
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Access Path Selection in Main-Memory Optimized Data

Systems: Should | Scan or Should | Probe? Michael Kester,
Manos Athanassoulis, Stratos Idreos. In Proceedings of the ACM
SIGMOD Interational Conference on Management of Data, 2017
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S. BING YAO STEFAN MANEGOLD

models/advisors model synthesis




We need something else: Something more scalable & robust!
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SYNTHESIS FROM LEARNED MODELS

coding, modeling, generalized models, and a touch of ML

(data|middle| < search_val) {

low = middle + 1;
C++ Il

high = middle;
j
middle = (low + high)/2;

1 [11]17[37]51[66]80[94

@ Harvard SEAS
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coding, modeling, generalized models, and a touch of ML

(data|middle| < search_val) {
low = middle + 1;

C++ Bl
high = middle;

j
middle = (low + high)/2;
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coding, modeling, generalized models, and a touch of ML

(data[middle] < search_val) {
low = middle + 1;

C++ Il
high = middle;

j
middle = (low + high)/2;
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SYNTHESIS FROM LEARNED MODELS

coding, modeling, generalized models, and a touch of ML

1. MINIMAL CODE 2. BENCHMARK

e.g., binary search

if (data[middle] < search_val) {

low = middle + 1;

C‘H' } else {
high = middle;
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FOLDING ALGORITHMIC, ENGINEERING, AND H/W, PROPERTIES INTO THE COEFFICIENTS
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