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2. BEEMRE

2.1 Deep Neural Network, AlexNet

AlexNet & I3HE &, FEFRHEZ XA L LUEZRRTHD
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2.3 Batch Normalization

Batch Normalization & 1 Google @ Sergey loffe {Z & -
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CPU Intel(R) Xeon(R) CPU E5-2620 v2 x2
JA AR 2.1 GHz
WiEa 7 6
[ 12
L3F¥vyvyva 15 MB
AEY 64 GB
GPU NVIDIA Tesla K80 x4
HAEE FLOPS 5.6 TFLOPS
AEY il 24 GB, GDDR5

AEY NV RIE
AR =T z—R

2 480 GB/s
PCI Express Gen3 x 16, 16 GB/s

ECC B3]
Auto Boost B
AV —aAxI k 4X FDR InfiniBand

8 Kl (A7)
NIC 1 Y& =7 xz—2A

6.8 GB/s
PCI Express Gen3 x 8, 8 GB/s

FREY— two star-coupled network
Ay F Mellanox SX6036
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175.
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