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Abstract Ancient Yi literatures are increasingly lost and damaged seriously. Due to the lack of ancient Yi re-
searchers, the inpainting of ancient books is progressing very slowly. The application of artificial intelligence is suc-
cessful in the field of image and texts, so it is possible for automatic inpainting of ancient books. In this paper, a
generative adversarial networks with dual discriminator (D2GAN) is designed to restore missing part in ancient Yi
characters. The D2GAN is based on the deep convolution generating adversarial network, and adds a selection dis-
criminator. The generation networks of ancient Yi character is optimized iteratively through three-stage training,
and the character generator of ancient Yi is established. The loss of selection discriminator is used to optimize the
model D2GAN iteratively. So, generated characters based D2GAN can restore the missing stroke in the ancient Yi
characters. The experimental results show that the method proposed has an inpainting rate of 77.3% for incomplete
characters that the incomplete part does not exceed one third. Therefore, our method is effectively for the inpaint-
ing of ancient book, it can accelerate the protection progress of ancient Yi literature.
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The incomplete literature of the ancient Yi
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Fig.2  Generative adversarial networks with double discriminator in the paper
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Table 1  Parameter table of the discriminator model
B BRI ERE gk PR spy
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Table 2  Parameter table of the generator model
R B BRE wr BIE sy
Cljz (B2 1654784
C2)z (BWE) 512 5x5 2 8x8 13107712
C3)z (BHE) 256 5x5 2 16x16 3277056
C4Z (BHR) 128 5x5 2 32x32 819328
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Fig.8 The original sample

Ko frEE ST
Fig.9 Ancient Yi character need to be restored

2) F AT 78 5 AR (FRETRT) AR s AR
W Z R E NN, F 14T ) 248 ) ol i 228 4]
S BIRRE RIS, FE oy 85 SO gk 4 ) 2 1 A 2,
VBN 35 50 AR s OB N, 8 1 ) A mT DLAS 3
i G(z), Wl 10 Ao,

3) MIE 8 ~ 10 AT LA i, Uy B S0 75 4R Ak
SR G(2) SR EER SRS (K 9) 2 18]
HIKEK. B G(z) G FHAT X, RIEX (6) 15
KA loss.,.

4) H loss, Xk 20 5 28 24T itk



3 3 MR MESE: — R & GAN Bl S0 FHE =7k 859

K10 s AR AR A A R G(=)
Fig.10  Output images G(z) from the generator model

3 &5

3.1 HEESRENIL

SEIOREASKIR T 37 T3 (7 R A )k HL
(1) 2 142 AN oSS0 R IS Bk A
SAEMATIRSS, KILT 1200 {ﬁ CAER (W 11 By
7N, HA B S IEARCR AR SR 800 17 FEE NS KR
2 200 fr BEZE KRS R AR 200 3, W 12 iR,
AR T 151200 NFREEA. [FRS, 2 78T 5
ARSI M, Bt T AR AR (A ke 13 FroR) Al
LE: & DN

EIfE] SAXHRFSFIRER e 24
Elg;g

| E=E ﬂ‘ﬁ!:;z;?' LEFRHE () RiTE s -\Pjﬁmi ﬁe’i]/g—;)

Bl

T | s B R | o it e s o = e
BRmwa8TPWu T o
FioE O# B W @& & & # & D F

=

ttﬁ gy P g 1B

&
Lo iFH-oYomePpoBoR-o B I
i

R R | ek s 2
L ERW RS HS EE

B JRaakeA
Fig.11  The original sample

Wl F ORI AR B 64 x 64 ME
BRI E A, MR R A 0 ~ 255 IKEEE K
N, XPREBIREA, AT 723 L5 Al
grtE A MIAASE B, # #EA WKl 14 s,

LEIAEE: CPU Intel(R) core(7M)i7-7700,
3.6 GHz; W17 DDR4, 8.00 GB; GPU NVIDA Ge-
Force RTX 2080 SUPER, #Al#iZ 1650 MHz,
AR 1815 MHz, &47: GDDR6, 8 GB, A7
BLHE 256 bit, AT 15.5 GHz, WAFH % 496 GB/s.
32 BYFFERSBSNEXFHFHASNEGTIE

LI I 2R A SRERLEEAT I ZR, B IRIIZR
DL 32 AMFEACN AT, B THER IS, A

1) MUIZREE A il 32 AN 8 SC 8, ¥ HAE
N SR ER RN 38 8 SO B 1 IF e A 4

e g ™ a6y a2

Ewb e C Ry b
&)
¢

A ?_JLL

il

B
® D

12 dECEZE (B) IERE (F)
Fig.12  Ancient Yi hard pen (upper) and
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Fig.15  The loss variation of the learning rate involving
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