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[Abstract]

In this paper, we propose a new structured entity recognition DeNERT model. Recently, the field of natural
language processing has been actively researched using pre-trained language representation models with a large
amount of corpus. In particular, the named entity recognition, which is one of the fields of natural language processing,
uses a supervised learing method, which requires a large amount of training dataset and computation. Reinforcement
learning is a method that learns through trial and error experience without initial data and is closer to the process
of human learning than other machine learning methodologies and is not much applied to the field of natural language
processing yet. It is often used in simulation environments such as Atari games and AlphaGo. BERT is a general-purpose
language model developed by Google that is pre-trained on large corpus and computational quantities. Recently,
it is a language model that shows high performance in the field of natural language processing research and shows
high accuracy in many downstream tasks of natural language processing. In this paper, we propose a new named
entity recognition DeNERT model using two deep learning models, DQN and BERT. The proposed model is trained
by creating a leamning environment of reinforcement learning model based on language expression which is the
advantage of the general language model. The DeNERT model trained in this way is a faster inference time and
higher performance model with a small amount of training dataset. Also, we validate the performance of our model's

named entity recognition performance through experiments.

» Key words: Natural language processing, Named entity recognition, Reinforcement learning, BERT,
DQN, Language model
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I. Introduction
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Fig. 1. Concept of Reinforcement Learning
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III. DeNERT Model
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Fig. 2. DeNERT Model Architecture
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Table 1. BERT Model Parameters
Parameter Base Large
Layer 12 24
Attention head 12 16
Vector size 768 1024
Max-sequence length 25
Batch size 256
Vocab size 28996
Dropout rate 0.1
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Table 2. DAON Model Parameters

Base Large

0.9 ~0.99

0.1 ~0.2
0.001

Parameter

Gamma
Epsilon
Learning rate
Input vector size 802 1058
Hidden unit 100 200
Ouput unit 9
Dropout rate 0.1

Optimizer Adam, RMSProp

IV. Experiments
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Table 3. CoNLL Dataset number of record of each class

Data LOC MISC ORG PER
Train 7140 3438 6321 6600
Dev 1837 922 1341 1842
Test 1668 702 1661 1617
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2. Environment
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3. Result
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Table 4. Experiment results by model
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