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Convolutional neural networks (CNNs) are accelerated by using memory (called workspace) in which in-
termediate data of convolution are stored. This article proposes a workspace management technique for
accelerating CNNs automatically in deep learning frameworks that support dynamic construction of neural
networks (NNs). Support for dynamic NN construction makes it difficult to estimate the amount of the
memory needed by a NN, and, as a result, how much memory we can use as workspace becomes unclear.
Our approach allocates memory needed by NN construction from not only free available memory but also
workspace, which enables ones to both construct NNs dynamically and allocate workspace automatically.
We implemented our workspace management method in Chainer and confirmed that major CNNs such as
VGGNet are accelerated 1.60 times.
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class MLP(chainer.Chain): 1
2

def __init__(self, n_units, n_out): 3
super (MLP, self).__init__() 4
with self.init_scope(): 5
self.11 = L.Linear (None, n_units) 6
self.12 = L.Linear (None, n_units) 7
self.13 = L.Linear (None, n_out) 8

9

def __call__(self, x): 10
h1 = F.relu(self.11(x)) 11
h2 = F.relu(self.12(h1)) 12
return self.13(h2) 13
14

model = MLP (1000, 10) 15
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def run(epoch, train_data, val_data):
train_model = MLP(1000, 10)
val_model = copy_from(train_model)

for _ in range(epoch):

train_one_epoch(train_model,
train_data)

validate(val_model, val_data)
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# P: Dictl[int, List[GPU memory]]
def alloc(self, size):

if len(P[sizel) > 0:

mem = P[size].pop()

else:

mem = cudaMalloc(size)

return Memory (mem)
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# P: Dictl[int, List[GPU memory]] 1
# WS: GPU memory 2
def alloc(self, size): 3
if len(P[sizel]) > 0: 4
mem = P[sizel.pop() 5
else: 6
try: 7
mem = cudaMalloc(size) 8
except CUDARuntimeError: 9
cudaFree (WS) 10

WS = None 11
mem = cudaMalloc(size) 12
return Memory (mem) 13
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def conv_forward(inputs, WS_size):
WS = cupy.alloc(WS_size)
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def conv_forward(inputs):
WS = cupy.WS

if WS is None:
register_WS_size(inputs)
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# WS_size_list: register_WS_size T 1
# I A0KIEY A b 2
def train_one_epoch(model, train_data): 3
optimizer = model.optimizer () 4
for data in split_batch(train_data): 5
loss = model (data) 6
loss.backward() 7
optimizer.update () 8
for size in WS_size_list: 9
if cupy.WS is not None or 10
free_GPU_memory_size < size: 11

break 12
cupy.alloc_WS(size) 13
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F OGN 32 THHILEZRLTVWS, Ny F
A ARKEL RBIFENBEEEHR ELTED, 2
NIXEMEED CUDA 12 & > THiHIziThn 57280

16 https://github.com/chainer/chainer/tree/v3.0.0b1
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