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Abstract:  Graph analysis database such as MapD employs the emerging manycore architecture GPU and Phi processors to support high
performance analytical processing, where the join operation is still the performance bottleneck when facing complex data schemas. In
recent years, as heterogeneous processors come to be main-stream high performance computing platforms, the researches of in-memory
join performance extend the focuses from multicore to the emerging manycore platforms. However those efforts have not uncover the
inner relationships among join algorithm performance, join dataset size and hardware architectures, and cannot provide sufficient join
selection strategies for databases under the future heterogeneous processor platforms. This paper targets in-memory join optimization
techniques on multicore, Xeon Phi and GPU processor platforms. By optimizing hash table design, this work uses vector mapping instead
of hash mapping to eliminate the hashing overhead effects for performance, so that the in-memory join performance characteristics
influenced can be measured by hardware factors such as multicore cache size, Xeon Phi cache size, Xeon Phi simultaneous
multi-threading mechanism, and GPU SIMT (single instruction multiple threads) mechanism. The experimental results show that caching
and simultaneous massive-threading mechanism are key factors to improve in-memory join algorithm performance. Caching mechanism
performs well for cache fit join operations, the simultaneous massive-threading mechanism of GPU does well for big table joins, and
Xeon Phi achieves the highest performance for L2 cache fit joins. The experimental results also exploit the relationship between
in-memory join performance and heterogeneous processor hardware features, and provide optimization policy for in-memory database
query optimizer on future heterogeneous processor platforms.

Key words: in-memory join operation; Hash join; vector mapping; heterogeneous processor platform
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Table 1 Vector sizes in database Benchmarks (MB)
= 1 i Benchmark H i) [r] 2 K/ (MB)
Benchmark Table 100GB 300GB 1TB 3TB 10TB
CUSTOMER 1431 42.92 143.05 429.15 1430.51
PART 19.07 57.22 190.73 572.20 1907.35
TPC-H SUPPLIER 0.95 2.86 9.54 28.61 95.37
NATION 0.000 02 0.000 02 0.000 02 0.000 02 0.000 02
REGION 0.000 005 0.000005 0.000005 0.000005 0.000 005
CUSTOMER 2.86 8.58 28.61 85.83 286.10
SSB PART 1.46 1.76 2.09 2.39 2.73
SUPPLIER 0.19 0.57 191 5.72 19.07
DATE 0.002 0.002 0.002 0.002 0.002
call_center 0.000 03 0.000 03 0.000 04 0.000 05 0.000 05
catalog_page 0.02 0.02 0.03 0.03 0.04
customer 191 4.77 11.44 28.61 61.99
customer_address 0.95 2.38 5.72 14.31 30.99
customer_demographics 1.83 1.83 1.83 1.83 1.83
date_dim 0.07 0.07 0.07 0.07 0.07
household_demographics 0.01 0.01 0.01 0.01 0.01
income_band 0.000 02 0.000 02 0.000 02 0.000 02 0.000 02
TPC-DS item 0.19 0.25 0.29 0.34 0.38
promotion 0.001 0.001 0.001 0.002 0.002
reason 0.000 05 0.000 06 0.000 06 0.000 06 0.000 07
ship_mode 0.000 02 0.000 02 0.000 02 0.000 02 0.000 02
store 0.000 4 0.000 8 0.0010 0.001 3 0.001 4
time_dim 0.08 0.08 0.08 0.08 0.08
warehouse 0.000 01 0.000 02 0.000 02 0.000 02 0.000 02
web_page 0.002 0.002 0.003 0.003 0.004
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Fig.3 Breakdown time of join operations
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Fig.6 Join performance of AIR with SSB, TPC-H and TPC-DS on multicore, Phi and GPU
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