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learned indexes
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learned indexes

use a model that predicts the position of the tuple given a key

v’ trading off increased computation to reduced memory accesses
v" reduced index size

benefits shown by prior work using high level metrics:
°* throughput, latency, index size ...

SOSD: A Benchmark for Learned Indexes
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how about lower-level metrics?
where does time go at a micro-architectural level?
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delays in fetching, decoding, etc. an instruction
cause frontend stalls, rest cause backend stalls


https://www.dropbox.com/s/mk3ffmsdv85u86s/damon17_presentation.pdf?dl=0

micro-architectural analysis

what is the time-breakdown across micro-architectural components?

* helps us understand how a processor’s resources are utilized
* hints what can be improved both from the hardware or software side

DBMSs On A Modern Processor: Where Does Time Go?
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micro-architectural analysis
back in the old days

e # cache misses from Ln X
expected latency for cache misses from Ln

=>» gives a good estimate
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experimental setup
ALEX: An Updatable Adaptive Learned Index
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* hardware: Intel Xeon Platinum 8256
Intel DevCloud

* workload:

°* point queries
® read-only = 100% reads

*  read-heavy = 80% reads — 20% updates/inserts does micro-architectural

®* write-heavy = 40% reads — 60% updates/inserts/deletes behavior of learned

° insert-only = 100% inserts . .
indexes differ from more

* dataset: uniform random 8byte key-value pairs ..
traditional ones?

®* insert patterns: random & consecutive
° fikeys at start: 1.6 million, 1.6 billion

* runs: (1) data population, (2) warm-up, (3) actual run
* TMAM with VTune


https://www.intel.com/content/www/us/en/developer/tools/devcloud/overview.html
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ALEX outperforms others in general
except for heavy consecutive inserts



instruction footprint

instructions retired per request
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consecutive inserts drastically increase the instruction

footprint per request for ALEX



instruction-level parallelism (ILP)

cycles per instruction
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theoretical minimum on our hardware = 0.25
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consecutive inserts increase ILP, especially for ALEX
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breakdown of execution time
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backend stalls dominate the execution cycles
frontend isn’t bottlenecked
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breakdown of backend stalls
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memory stalls dominate the backend cycles
expected behavior for most data-intensive applications



breakdown of memory stalls
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long-latency data misses dominate the memory stalls
expected behavior for most data-intensive applications
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conclusion

tools for micro-architectural analysis have evolved tremendously
=» for work that deals with data structures,
consider adding results with lower-level metrics

highlights of results:

=>» all indexes are bound by long-latency cache misses

=» learned indexes may exhibit high instruction footprint (e.g. insert-heavy)
but also high instruction-level parallelism

future directions:

e analysis with SOSD benchmark (non-uniform cases)

* impact of multi-threading

e per request analysis

* analysis within a database / data management system

thank you!
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