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NICT has been developing language processing applications including WEKDA, where deep
learning is intensively used to analyze a large-scale Web archive. Although it is common to use
GPGPUs to speed up deep learning, extremely huge modern neural networks contain billions of
parameters to learn and single GPGPU cannot store them in its memory. Our approach to learn
such huge neural networks is model parallelism, which divides a neural network into smaller parts
and distributes them onto multiple compute nodes. In this work, we analyzed an intermediate
representation of a neural network that an existing framework outputs and successfully learned

the network in a distributed manner.
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graph(%a : Tensor
%b : Tensor) {
%2 : int = prim::Constant[value=1]()
%3 : Tensor = aten::add(%a, %b, %?2)

return (%3);
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