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[Abstract] .

In this study, we propose a Dual Approach methodology to enhance the accuracy of document classifiers
by utilizing both contextual and keyword information. Firstly, contextual information is extracted using
Google's BERT, a pre-trained language model known for its outstanding performance in various natural
language understanding tasks. Specifically, we employ KoBERT, a pre-trained model on the Korean corpus,
to extract contextual information in the form of the CLS token. Secondly, keyword information is generated
for each document by encoding the set of keywords into a single vector using an Autoencoder. We applied
the proposed approach to 40,130 documents related to healthcare and medicine from the National R&D
Projects database of the National Science and Technology Information Service (NTIS). The experimental
results demonstrate that the proposed methodology outperforms existing methods that rely solely on

document or word information in terms of accuracy for document classification.

» Key words: Deep Learning, Document Classification, Keyword Embedding, Document Embedding,
Pre-Trained Language Model
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II. Preliminaries

1. Document Classification
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2. Word Embedding
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III. Proposed Method

1. Research Process

}\
¥ Ol 240} Al 82 RS B4 MEle £ HO18 200 Jl9ls
ofe}, e Fojdl 719E Aue Wl Bl 2x A thal, 19
H T

n=o] Qg s

wrH20] MA| g2 <Fig. 4>9F 2t} WA| Phase 12
TAE AASHL(EA 1), APTSlE

£o 2418 el SETDA
2 BAM 719)E 2% AR
-3t #lE|(Multi-hot Vector)2 ZEHSICHEA 3). T

F

%ﬁ;mlm

SPAAZ 4 ol

7o) otet

O
Ol
P (e}

|=0 l‘-lD

0

%:L;(J]i —.—/\‘] E'_
up o glokst At st

202 o|xY WE]-3 WEl2 1Y 7|YE WEIS OF
o]:”:‘]E EoH K]’?{H J—7}—i oFx 0}02] 34;03]3}' 1]:_‘]‘ ?:;_%—?_%
IR ¥ (Latent Vector)s 7|¥E #WEH=Z

¥lEo} Phase 2014 £53 719/ ¥El2 5 2g5iol
22712 S5 5). 2 o] gt FAIR
2 2 7o) ol 2t Aol Mojsto, Aok WiEel

W7k Ak oA aohRc
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3. Document Embedding
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4. Keywords Embedding
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IV. Experiment
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Fig. 10. Document Vector Generation Using KoBERT

5. Generating Keyword Latent Vectors Using
Autoencoder
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Fig. 11. Keyword Latent Vector Extraction

6. Performance Evaluation
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Fig. 12. Performance Evaluation Experiment Overview
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steol AHgd HolEet stoln metolE 42
<Table 2>9 Zt}. 241 AA]| Ho]HE st5-8 25,6834,
728 802671, 12]1 7ML 802608 Baslo] L

< RIsistoict. sto|m mletu|El= ofZ(Epoch) 30, B
F7|(Batch Size) 1282 XAAsI91, A3 Sk

(Activate Function)?} 2E]0to]&{(Optimizer)= Z+zk
‘Relu’, ‘Adam’S ARRSIFCE.

Table 2. Data Partition and Hyperparameters

Data Partition

Train 24,078
Validation 8,026

Test 8,026

Hyperparameters
Epoch 30
Batch 64/128/256/512
Activate Function Relu

Optimizer Adam

R&D Data CLS Token Vector
Classifier Train & Validation Loss

R&D Data CLS Token Latent Vector
Classifier Train & Validation Loss

@+®

R&D Keyword Latent Vector
Classifier Train & Validation Loss
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Fig. 13. Classifier Model Per Experiment
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Table 3. Classification Accuracy Results by Model

Batch Size
Model Type Dim.
64 | 128 | 256 | 512
BasAe:'”e CLS(Full) | 768 | 62.50 | 60.93 | 60.59 | 60.42
Bai\ez“”e CLS(Latent) | 16 | 4032 | 40.03| 39.75 | 39.68
Bas:?"'”e Keywords(Latent) | 16 | 46.08 | 45.09 | 45.09 | 44.68
Baseline CLS(Full
It + 784 | 62.38 | 61.35| 61.43 | 59.67
CLS(Latent)
Proposed CLS(Full
51 + 784 | 63.69 | 61.60| 63.59 | 62.17
Keywords(Latent)
Pr q CLS(Latent)
0535‘* + 32 | 4951 | 48.69 | 49.41 | 4859
Keywords(Latent)




44  Journal of The Korea Society of Computer and Information
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Fig. 14. Document Classification Accuracy by Experiment
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V. Conclusions
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