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A Study on Named Entity Recognition for Effective Dialogue
Information Prediction
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Abstract

Recognition of named entity such as proper nouns in conversation sentences is the most fundamental and important field of
study for efficient conversational information prediction. The most important part of a task-oriented dialogue system is to recognize
what attributes an object in a conversation has. The named entity recognition model carries out recognition of the named entity
through the preprocessing, word embedding, and prediction steps for the dialogue sentence. This study aims at using user - defined
dictionary in preprocessing stage and finding optimal parameters at word embedding stage for efficient dialogue information
prediction. In order to test the designed object name recognition model, we selected the field of daily chemical products and
constructed the named entity recognition model that can be applied in the task-oriented dialogue system in the related domain.
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Filter B
size 2,3,4,5

Filter C
size 2,4,6,8

Character dimension

100

150

100

150

95.536 / 80.249

95.541 / 80.350

95.718 / 80.880

95.528 / 80.297

95.548 / 80.541

95.397 1 79.747

95.761 / 80.317

95.504 / 80.528

95.387 / 80.341

95.268 / 80.214

95.509 / 80.050

95.251 / 80.192

95.476 / 80.744

95.31 / 80.019

95.667 / 80.763

95.395 / 80.400

92.383 / 61.300

92.61 / 61.518

92.346 / 63.154

92.995 / 61.124

92.888 / 60.797

92.616 / 61.130

92.955 / 63.169

92.655 / 62.648

92.598 / 63.566

92.675 / 62.827

92.282 / 60.491

92.437 / 61.862

92.999 / 63.331

92.608 / 61.964

92.599 / 63.071

91.844 / 59.497

Filter A
size 2,3
User Embedding Word
dictionary model dimension 100 150
100 95.961 / 81.864 | 95.132 / 78.762
Word2Vec
150 96.427 / 83.431 | 95.154 / 79.512
use
100 95.045 / 76.904 | 96.098 / 82.034
Glove
150 95.467 / 80.150 | 95.169 / 79.369
100 93.083 / 65.513 | 92.16 / 61.414
Word2Vec
150 93.051 / 63.358 | 91.782 / 58.732
not use
100 92.561 / 63.424 | 92.888 / 63.599
Glove
150 92.818 / 63.578 | 92.589 / 60.729
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Table 3. Summary of Experiment Result(user dictionary - embedding

model)

User Embedding Accuracy F1 score
dictionary model average average

Word2Vec 95.601 80.540

use Glove 95.420 80.098

total 95.510 80.319

Word2Vec 92.627 61.988

not use Glove 92.575 62.328

total 92.601 62.158

E 4. M8 27 2044z 2U-TE 29
Table 4. Summary of Experiment Result(embedding model - filter

shape)
Embedding Filter shape Accuracy F1 score
model average average
Filter A 94.094 71.573
Filter B 94.065 70.704
Word2Vec
Filter C 94.183 71.515
total 94.114 71.264
Filter A 94.079 71.223
Filter B 94.04 71.626
Glove
Filter C 93.873 70.791
total 93.998 71.213
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