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Optimizing Yinyang K-means algorithm on many-core CPUs
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Abstract ; Traditional Yinyang K-means algorithm is computationally expensive when dealing with large-scale clustering problems. An efficient

parallel acceleration implementation of Yinyang K-means algorithm was proposed on the basis of the architectural characteristics of typical many-core

CPUs. This implementation was based on a new memory data layout, used vector units in many-core CPUs to accelerate distance calculation in

Yinyang K-means, and targeted memory access optimization for NUMA ( non-uniform memory access) characteristics. Compared with the open

source multi-threaded version of Yinyang K-means algorithm, this implementation can achieve the speedup of up to 5.6 and 8.7 approximately on

ARMv8 and x86 many-core CPUs, respectively. Experiments show that the optimization successfully accelerate Yinyang K-means algorithm in

many-core CPUs.
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Fig.1 Execution process of Yinyang K-means algorithm
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YYG(G)-VVIE T RE L. L3 45 R Bon, Y
NUMA 5 580/t 4l Intel B4 Marvell 24,
DA A AE FH W5 NUMA 95 55 4 Phytium 75,
NUMA SEAPED AR RCR H . (R, B NUMA
BRI IN, NUMA 25 FIrEA Ak v e e & 48 .

3 N 4 IR R T TR B A 1) AL
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%3 Phytium FT-2000 + & _EEA NUMA EMERHRIZENL
YYG(G) B3 FrEH YYC(G)AuniEtt (8 T9%)
Tab.3 Speedup of NUMA-aware vectorized version of YYG(G)

over vectorized version on Phytium FT-2000 + (8 nodes)

k Bk YP BAD WWP OP
YYG-NUMA/
1.51  1.42 1.44 1.29
YYG-VV
64
YYGG-NUMA/
1.38  1.44 1.47 1.24
YYGG-VV
YYG-NUMA/
1.51 1.28 1.38 1.20
YYG-VV
128
YYGG-NUMA/
1.34  1.30 1.36 1.24
YYGG-VV
YYG-NUMA/
1.32 1.20 1.29 1.11
YYG-VV
256
YYGG-NUMA/
1.34  1.20 1.29 1.14
YYGG-VV
YYG-NUMA/
1.27 1.21 1.22 1.13
YYG-VV
512
YYGG-NUMA/
.12 1.19 1.22 1.12
YYGG-VV

4.4 BRI IERE

gh4 1) Ak 1 4k A NUMA S5 fin ik 48 1k,
YYG(G)-NUMA B :7E Phytium F & | Marvell -
B LA Intel - _FAEXS T 5 5300 0 R 40 i 3k
Fearolinge 5.3 6 FR 7T s, AR LN
AR A i, R4 T N # B B K-means 5875 4H LE
RSB K-means B35GB SC I K I PERESR T,
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F 4  Phytium FT-2000 + & _EEH NUMA EfEHEEL
YYG(G) fAxfFrREd YYG(G)ByfELL (4 T5)
Tab.4 Speedup of NUMA-aware vectorized version of YYG(G)

over vectorized version on Phytium FT-2000 + (4 nodes)

& 6 Marvell ThunderX & _FEH NUMA EFHER
EEL YYG(G) X FHRE YYG(G)BymmiELL
Tab.6 Speedup of NUMA-aware vectorized version of

YYG(G) over scalar version on Marvell ThunderX

k ik YP BAD WWP OP k Ak YP BAD WWP OP
i YYG-NUMA/
YYCNUMAS L o0 121 L35 114 1.20 1.88 1.50 1.33
YYG-VV YYG-SV
64 64
YYGG-NUMA/
YYGG-NUMA/ L3 121 127 L1 .00 1.79 1.45 1.24
YYCCVV ~ YYGG-SV
YYG-NUMA/
YGNUMA/ 0 1.08 1.94 1.52 1.20
YTV : YYG-SV
128 128 YYGG-NUMA/
YYGG-NUMA/ L3 L9 L9 L1l .00 1.86 1.50 1.14
YYGG-VV 19 YYCG-SY
YYG-NUMA/
YYG-NUMA/ 120 114 1.16 1.09 1.19 1.97 1.55 1.36
YYG-VV ' YYG-SY
256 256
. YYGG-NUMA/
WOONMAT o s L 110 0.96 1.88 1.50 1.20
YYGG-VV YYGG-SV
YYG-NUMA/ YYG-NUMA/
1.14 1.10 1.12 1.05 1.17 2.00 1.54 1.18
YYG-VV YYG-SV
512 512
YYGG-NUMA/ YYGG-NUMA/
1.15 1.08 1.12 1.06 0.95 1.87 1.51 1.14
YYGG-VV YYGG-SV

%5 Phytium FT-2000 + £ & EE#E NUMA EMHER
EEN YYC(C) X THRE YYG(G) KymmE L
Tab.5 Speedup of NUMA-aware vectorized version of
YYG(G) over scalar version on Phytium FT-2000 +

&7 Intel Xeon & LEAF NUMA ENERHRENL
YYG(G)#8xtF#rE YYG(G) ByhniE Lk
Tab.7 Speedup of NUMA-aware vectorized version of

YYG(G) over scalar version on Intel Xeon

k (=RFS YP BAD WWP OP k (=R YP BAD WWP OP
YYG-NUMA/ YYG-NUMA/
3.99  5.23  4.24 4.78 4,27 6.90 4.47 4.60
YYG-SV YYG-SV
64 64
YYGG-NUMA/ YYGG-NUMA/
0.82 1.50 1.53 1.24 0.87 2.96 2.46 1.65
YYGG-SV YYGG-SV
YYG-NUMA/ YYG-NUMA/
4.02 5.38 4.49 4.4] 3.94  7.77 5.15 4.95
YYG-SV YYG-SV
128 128
YYGG-NUMA/ YYGG-NUMA/
0.76 1.56 1.63 1.11 0.82 3.40 3.08 1.58
YYGG-SV YYGG-SV
YYG-NUMA/ YYG-NUMA/
4.42 543 4.72  5.00 5.81 7.95 5.65 6.66
YYG-SV YYG-SV
256 256
YYGG-NUMA/ YYGG-NUMA/
0.81 1.58 1.62 1.17 0.99 3.41 3.16 1.92
YYGG-SV YYGG-SV
YYG-NUMA/ YYG-NUMA/
4.38 5.59 4.75 4.46 5.43 8.68 5.85 4.87
YYG-SV YYG-SV
512 512
YYGG-NUMA/ YYGG-NUMA/
0.71 1.58 1.64 1.11 1.01  3.39 3.26 1.73
YYGG-SV YYGG-SV
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Fig.6  Strong scaling of YYG algorithm
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