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Deep learning models are becoming large, but GPU memory size is not becoming large. Accordingly the
learning model will not fit into the GPU memory in the near future.

When the model does not fit in the GPU memory, complex programing is required to transfer the data
between CPU and GPU explicitly. We resolve this issue by introducing Unified Memory, but there are little
reports about the performance with Unified Memory.

This paper discuss the performance with Unified Memory. In this paper, we found (1) Unified Memory
supports 4-81 times larger memory than normal execution, (2) when the memory usage is enough less than
the GPU memory, the peformance depreciation is small (3) when the memory usage is larger than the GPU
memory, the performance becomes worse by 5-10 times, and (4) it is difficult to improve the performance
by inserting hint, according to the current implementation of CUDAS.
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import chainer

import chainer.functions as F
import chainer.links as L

class Alex(chainer.Chain):
insize = 224

def __init__(self, insize=224):

Alex.insize=insize

super (Alex, self).__init__(
convi=L.Convolution2D(3, 64, 11, stride=4, pad=2),
conv2=L.Convolution2D(64, 192, 5, pad=2),
conv3=L.Convolution2D(192, 384, 3, pad=1),
conv4=L.Convolution2D(384, 256, 3, pad=1),
convb=L.Convolution2D(256, 256, 3, pad=1),
fc6=L.Linear(256 * 6 * 6, 4096),
fc7=L.Linear (4096, 4096),
fc8=L.Linear (4096, 1000),

)

def forward(self, x):
h = F.max_pooling_2d(F.relu(self.convi(x)), 3, stride=2)
h = F.max_pooling_2d(F.relu(self.conv2(h)), 3, stride=2)
h = F.relu(self.conv3(h))
h = F.relu(self.conv4(h))

#h = F.max_pooling_2d(F.relu(self.conv6(h)), 3, stride=2) #orig
h = F.max_pooling_2d(F.relu(self.conv5(h)), 3 * Alex.insize//224, #fixed
stride=2 * Alex.insize//224, cover_all=False) #fixed

h = F.relu(self.fc6(h))
h = F.relu(self.fc7(h))
return self.fc8(h)
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