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Abstract

In recent years, various methods for acquiring word vectors have emerged
in the natural language processing. And, BERT is a pre-trained model that
achieves high accuracy for various NLP tasks by fine-tuning the weights of
the pre-trained network. However, BERT has a problem that it takes a long
time to train and infer because many parameters need to be adjusted. In this
paper, we propose the use of a simplified miniaturized BERT for Japanese
syntactic analysis by dropping some of the layers of BERT. Japanese syntactic
parsing refers to the task of clarifying clause-to-clause relations. From previous
studies, the results of using BERT for Japanese syntactic parsing were more
accurate than those of other parsers such as KNP and BiLSTM.

In this experiment, we compared the parsing accuracy and processing time of
the Kyoto University version of BERT and a simplified miniaturized BERTs.
The proposed simplified and miniaturized BERT reduces the training time
by 83% and the inference time by 64% for the web corpus and 84% for the
text corpus while keeping the accuracy degradation from the Kyoto University
version of BERT to 0.84% for the web corpus and 0.91% for the text corpus.

The test accuracy showed that the model with the middle layer of BERT
dropped maintained high accuracy regardless of the number of dropped layers,
suggesting that using both the top and bottom layers of BERT is effective for
Japanese syntactic parsing. The results of analysis using KNP, showed that
there was no significant difference between the models, so we can assume that
BERT does not take the case into account. On the other hand, the percentage
of unknown words in the pairs considered correct by the models with the BERT
layers dropped was higher in the models with the higher layers dropped than
in the models with the bottom layers dropped, suggesting that the higher

layers of BERT capture and parse more of the vocabulary.
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from transformers import BertConfig, BertModel

import torch.nn as nn

B~ W N

config = BertConfig.from_json_file(’/path/bert/Japanese_L-12_H-768_A-12
_E-30_BPE_WWM_transformers/config.json’)

ut

model = BertModel.from_pretrained(’/path/bert/Japanese_L-12_H-768_A-12
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_E-30_BPE_WWM_transformers/pytorch_model.bin’, config=config)
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7 model.encoder.layer = model.encoder.layer[:8]
8
9

model.config.num_hidden_layers = 4

10 model.save_pretrained("/path/remove_layers/")
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