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Abstract: As the size of pre—trained artificial intelligence models grows dramatically each year, training such models requires massive com-
puting and memory capabilities. To this end, an unprecedentedly large—scale pre—trained model with 174 trillion parameters on an entire su-

percomputer is proposed, which rivals the number of synapses in a human brain. The key challenges encountered in such large—scale
model training, including deciding efficient parallel strategy, performing efficient data storage, deciding appropriate data precision, and dy-

namic load balancing are proposed. Then the solutions to the above challenges are summarized.
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