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2.1 Apache Spark

Spark 1%, EELDONAKTH S Z L% HMIZHET I
I ARA Y aAa—T AV ITTIYNTF—LTHS.
AV T A NZT KEFEN—T L — K CHFEDBIBE 1, 2014
412 Apache Software Foundation IZ&F X /. v 1 2
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% MLIlib, 7' 73 % 5 GraphX & W o 72D a >
R—2 Y M THEINT WS [3]. Spark A7 ITIFX AT A
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Ay R HWTRHE 2508 % Z & THEINIZ 2 UL
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DM E, AV —3I VT, koY, ZLTAY
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oy 7 5F—=2DY =) OMALEHLEVARETH Y,
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I L FEHEETY =¥y PHBEEI NS, RLIb I Py-
Torch, TensorFlow, Teano & D7 L — L7 — 2 THE»
N-BFOBAEE 7LV ALZ2HANTED, ez b
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2.3 Chainer
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3.1 EREE
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% MNIST[5] % i\ 5.
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7o, SRS, BB T Spark Y Ray & 0 & i# 12 LE
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