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Abstract Deep learning platformplays an essential role in the development of the new generation of artificial intelligence. In re-
cent years,the domestic artificial intelligence high-performance software and hardware system of China represented by the Ascend
platform has developed rapidly,which opens up a new way for the deep learning platform in China. At the same time,in order to
explore and solve the potential loopholes in the Ascend system,the platform developers of Ascend actively carries out the migra-
tion of commonly used deep learning models with researchers. These efforts are further promoted from the perspective of natural
language processingaiming at how to refine the domestic deep learning platform. Four natural language processing tasks arehigh-
lighted , neural machine translation, machine reading comprehension, sequence labeling and text classification,along with four clas-
sical neural models. Albert, RNNSearch, BERT-CRF and TextING. They are migrated on the Ascend platform in details. Based on
the above model migration research, this paper integrates the deficiencies of the architecture design of the Ascend platform in the
research and business in natural language processing. In conclusion, these deficiencies are sorted out as four essential aspects:
1) the lack of the dynamic space allocation characteristics of computing graph nodes;2)incompatibility for the sinking of resource
operators on the acceleration-deviceside;3) the fusion of graphics and computing which is not flexible to handle unseen model
structures,and 4)the defects of the mixed-precision training strategy. To overcome these problems, this paper puts forward the
avoidance methods or solutions. Finally, constructive suggestions are provided for,including but not limited to,the deep-learning
platforms in China.
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Fig. 3 Operator fusion example in Ascend’s computation
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Table 5 Loss Scaling experiment results of TextING on MR
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Test Accuracy }
Accuracy 4 Y

UR= R

GPU - 79.8
NPU w/o LS 81.8 79.3
NPU w/LS 82.4(+0. 6) 80.0(+0,7)
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7 SST-2 IRAHKE S IL T
Table 7 Mixed precision training results on SST-2
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% E# 88. 24 89.93
& E & 92. 38 94.15
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