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3-2  RaNNC: Automatic Parallelization Middleware for Deep Learning
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In deep learning, scaling up of neural networks improves the quality of learning results. Training
of a large-scale neural network needs to be parallelized using many GPUs. Existing software frame-
works for training large-scale neural networks require users to rewrite the definition of a neural
network significantly for parallelization. The rewriting is hard for even experts in parallel processing
and often takes several months. In addition, some well-known frameworks can train only a specific
type of neural networks called Transformer. To solve the issues, the Data-driven Intelligent System
Research Center (DIRECT), NICT, has been developing an automatic parallelization middleware,
RaNNC. RaNNC automatically partitions a neural network by analyzing the computation time and
memory usage and computes it on multiple GPUs in parallel. Unlike the existing frameworks,
RaNNC can also train any type of neural networks.
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class BERTNet(Module):

self.query = Linear(hidden, head)
self.key = Linear(hidden, head)
self.value = Linear(hidden, head)
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