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Abstract :

In order to legally provide de-identified data, deprivation of personal information is

necessary. However, conventional de-identification methods have many problems in data

utilization. In this paper, we propose a de-identification method for personal information using

the SeqGAN model. By using the proposed design model to change the personal information of

the existing logistics data and the generated personal information, it becomes possible to utilize

the pseudonymized personal information data in the logistics data.
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13 1. SeqGAN 24 7fQ
Fig. 1. SeqGAN model overview

2. H|AlHSE olZX|s ZE MA

2 E=FolAE SeqGAN(Sequence Generative
Adversarial Network)& %3t EFA|2EloA
H783 Q1A oy BlAEstE gt 19
14 SeqGANY =9 oo o8] &3]

Algorithm 1 Sequence Generative Adversarial Nets
Require: generator policy Gy; roll-out policy G discriminato
r D, a sequence dataset §= X;.p
1: Initialize Gy, [, with random weights €, ¢.
2: Pre-train (; using MLE on S
3 —f
4! (enerate negative samples using (7 for training [,
5. Pre-train [J, via minimizing the cross entropy
6! Tepeat
7: for g-steps do
8 Generate a sequence Y. 5 = (i ooy ~ Gy
o for tin 1: T'do
10: Compute Qla = g8 = ¥ )
11: end for
12: Update generator parameters via policy gradient
130 end for
14: for d-steps do
15: Use current Gy to generate negative examples and
combine with given positive examples 5
16: Train discriminator L), for k& epochs
170 end for
18: 3t
1% until SeqGAN converges

% 2. SeqGAN algorithm 3E&%
Fig. 2. Algorithm of SeqGAN

SeqGAN  7]9] GAN[4]%} Fd3A A4~
(Generator)¢} ¥E7](Discriminator)® A & o]
Utk AA7IE AA HelEE EWste] AEE
olElE AAdsta, ¥dvi= A7 A diolE
7F duiyg A ZFeAE #waksith, SeqGANS 7]
£9] GANOIA  discreted wo] Ho]E{(text data)
of B3lel ez V& AV AsEEs HE
g mdg vho] AJA(text Generation)S 233}
Ao

9 2% SeqGAN9] &ag]Foltt[5] 7]
(G) < &4 B4& 93l LSTM(Long-Short
Term Memory)& AH&3tH, BE71(D,)E AA &
olel AAHE TdoE FE3}7] 93] Text-CNN &
A5 ARt AAVI(G)E A @ol(token)E
Aste dEg st EVI(D,)E AAE7IG)7
e dolE ddsta HY=E e TS 3
Al o,
SeqGAN E&S THA7]7] ¢ deold
TAI22' o] By QIR dHolE (o]
F4a, AFHE HE dHolgE &3
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E+3Htokenization)S 7133},
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