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NICT has been developing language processing applications including WEKDA, which intensively
use deep learning to analyze a large-scale Web archive. Since some modern networks have
billion-scale parameters and do not fit to single GPU, we have been developing RaNNC, which is a
deep learning framework for model parallelism. RaNNC divides a neural network into smaller
parts and distributes them onto multiple GPUs. In this work, we extended RaNNC to learn more
complicated networks with the hybrid data/model parallelism. We trained a BERT network that
has five times more parameters than the original BERT using RaNNC. Our pre-training with 256

GPUs showed that the scaled-up BERT results in a better training loss than BERT-Large.
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