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A Global Semantic Awareness Hybrid Restoration Model for Damaged
Ancient Texts

WANG Huifang, ZHONG Zhifeng, WANG Junyi, PENG Zhaikun, SONG Yufan, HUANG Peipei
(School of Artificial Intelligence , Hubei University , Wuhan 430062, China)

Abstract: As an important part of Chinese cultural heritage, some ancient books in Chinese have been damaged and missing to varying de-
grees due to restrictions on preservation conditions, erosion over time, and even man—made damage. In order to solve this problem, this paper
proposes a semantic perception hybrid restoration model for damaged and missing ancient books. The model first processes the input text se-
quence with Transformer to capture rich feature representations. Then, the Bi—LSTM network is used to extract the sequence information and
two—way context information from the sequence feature representation to further enhance the model’s ability to understand the context. Finally,
global attention is introduced to calculate the correlation between the context of the missing position of the text and the position of the missing
word, and the information weight of different positions is dynamically adjusted. Through the above processing of the repair model, the repair of
missing text can be better realized. Comparative experiments show that the accuracy of the repair model on the public dataset "Water Margin"
is significantly better than that of a single language model, and the accuracy of the training set increases from 90.95% to 95.97%, and the ac-
curacy of the test set increases from 54.62% to 71.58%. At the same time, the model is directly used to restore the ancient medical book "Shen-
nong's Materia Medica", and the performance is still excellent, indicating that the model has good generalization ability.
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Fig. 2 The self-attention mechanism structure
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Fig. 6 The hybrid repair model structure
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§ ' R/% R/% /% R/%
128 60.44 69.61 73.46 77.82
4 256 62.12 71.87 75.91 79.13
512 65.07 76.51 80.86 85.98
128 69.22 78.03 83.24 87.56
8 256 71.58 81.35 85.15 90.29
512 70.06 79.89 83.92 88.76
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Table 2 Prediction results of training sets under different language

models
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LSTM-Attention 90.18 94.34 95.43 96.58
Bi-LSTM-Attention 90.29 94.58 95.72 96.93
Transformer 90.95 95.14 96.19 97.32
GPT-2 93.26 96.53 97.14 98.61
Bert—base—Chinese 95.02 97.81 98.34 98.91
Ours 95.97 98.26 98.74 99.18

Table 3 Prediction results of test sets under different language models
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N-Gram 33.42 44.98 51.32 60.44
LSTM 46.53 57.87 62.98 70.58
Bi-LSTM 50.72 63.19 68.66 76.21
LSTM-Attention 50.62 61.84 66.79 73.90
Bi—-LSTM-Attention 52.00 64.12 69.50 77.03
Transformer 54.62 66.68 72.13 79.27
GPT-2 63.97 74.62 79.06 83.8
Bert—base—Chinese 67.75 77.24 81.02 86.51
Ours 71.58 81.35 85.15 90.29

A4 25 BEIUFE Y A8 NI A 1) 45 R 47 % L AT DLk
I, A SCIR A AT SCA TINS5 ROR o 30 T HoAlE =
PR, X B LAl Transformer #5280 1, I 2R 45 HEff R 48 T
T 5% Ay MRS MER AR T T 17% 7 . 5 Tl 2R
7 Bert-base—Chinese AH Lt , I3 42 fE A % 55t 4% , HIl 2%
AR R 2y T H BT SRR
43 HRASCIG

R T B UE A R HRT o SC 3E SCARB S SR TR S
PR AT TIHRLSC R . o, Ours J2 A SCHE Y TR G 18
SRR ZE RNk 4 RSN

" LLE W, 7E Transformer Encode BLJH 73 11 Global At-
tention 5% & | I 45 £ Top-1 HE B R M 90.95% & T &=

Table 4 Results of ablation experiment on the training set

x4 HEZWIIGEER (%)
Top-1 Top-3 Top-5 Top-10
A ) ) .
RES iRES iR iRES
Transformer Encode 90.95 95.14 96.19 97.32
Transformer Encoder—
92.89 96.10 96.92 97.77
Global Attention
Transformer Encoder—
95.21 97.72 98.30 98.88
Bi-LSTM
Ours 95.97 98.26 98.74 99.18
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Table 5 Results of ablation experiment on the test set Table 6 Generalization experiments
x5 HEZENKELER (%) F6 ZHMIWHER (%)
pom Top=l — Top=3 - Top=> - Top-10 B Top-1ifEE Top-3MEA Top-3MERRA Top-3 kR
M % M % HE A e A Transformer 37.41 49.38 51.15 53.87
Transformer Encode 54.62 66.68 72.13 79.27 Ours 39.9] 5371 55.63 5756
Transformer Encoder— 61.08 1175 26,38 74
Global Attention ’ ’ ’ ' E*ﬁﬂﬂiﬁﬁ?'ff{ﬂiﬁjg E,‘J‘I\%ﬁ—l:‘ s ﬁiﬂﬁ_@*‘ﬁi‘ﬁ
Transformer Bncoder= 23) 1 5 P A AR AR B A £ 5, B 1 1 L A R I
B ZALAE ST, AR B HER K Top-1 Ik T 37.82%,
Ours 71.58 81.35 85.15 90.29

92.98% , M i £E Top—1 #E i % M\ 54.62% 42 T} 2 61.08%.
KR T 2R TE R IR B TR 5 i 2 R RO &R
Peim 7 OCHERRIE R FRINBE T o BN Bi-LSTM B /5
Yl 25 4 Top—1 #E 5 2 K 90.95% $2 T+ = 95.21%, M i 4
Top—1 HEH R M 54.62% $EF+ 2 67.40% , P T 76 44 3 S04
&5 v, Bi-LSTM RSl 42 7 51 9 Jmy A i P 48 =X, 0 2
FE ALK P9 B A B TR AT 55 b o PR B — R
JnE , I ZR4E Top—1 HERA 2 90.95% $E T+ = 95.97%, i
£E Top—1 HERA R M 54.62% T+ 2 71.58% . {4 AhSL 5045
W], 7E Transformer [ JEAl 45 G X PIBEHS | BEAYVERE AL
PRI TN
44 iz

Sy 6 VIF THT ) 4 453 v 68 10 4 Je 1k o SCIBRNIR A 18 A
RIZACRE ) A SO T RS BR AR S . MM — AR AL
PR JRURS 25 S 35 K 1 2 5 oy 5 KRl AR AR B 2 ) Ry iz Ak
LKA IR AN 6 TR .

HAZITEAE SO R TP RO AF S U . SR 2R
R AR SCT7 i AU Rl B OK 18 ) 1 2 B 5t L, o JX
A% A 2R AT R 25 S ) il R SOR R AR R 2 ) B AL A
BRIz ALRE ), 2 — PRI IR R A B R AT
%5 HP S RS S
4.5 AL

TERE Y e ZAE AL B B, I [ mask JARiC iR BIr
KRBT, R A — 28 & — A B A [mask TR 12 H I
AR TR, I 25 e A A B AR B R SO B xS
[mask IBRIC 8907 B HEAT B . BRI REAL Y e R 5 4 OK
WRAL DI TR A 1 285 SR QN2 7 s R ASE 28 o) 4 )
A5 SRR AT REAT L R LA I AR SO YA BE RS A 280 R
Z A B SO E AR R IR A B AT S XA, A 3 T
HH BRI G SO B A e B R T (e
PRATLLZE ) PyT He i) 5 2R R 4 Hh 45 R A0 3% 8 i .
SRR AERRUR AEATAE AR B R D0, i IR AE S
AMB R BCR A ARCRAT G T, 2 L RE ) 8568

Table 7 Example of text prediction in Water Margin
RT KA TM RS

N R FIIN ] JEiE A
TFEf [ mask JA ST I 19 25 T3 AR 18 SCH e i 25 T3 DR 128 SCH e 4 25
RYTHES I [mask [T FAET RVCHER [T 13T AR T RITHFI[E T AT

MM U mask | ZHEMRILEZ N
HUOL [ mask JE 378 3 — N[ mask 125 — 5 HEAR
Je RV AAE 2 [ mask |, FLHAZE 5 [ mask B K

[ mask J g RIRTHAR

PSRN 122 B A 2 A
RO 1 — A7 [Pk 1% — 144
Ja A AE Z LA T, BG4 v [ bR 1SR BB I s

BRI A ] B AL A 2 A

FUGL D 1 s — A7 [P 1% — 1A

Ja A4 Z 1R B4R 2 o LR ] Ak 20 B i Oy oKk
[ 1

Table 8 Text prediction example of Shennong’s Materia Medica

K8 (MRAE)ATANTE

ik

R B 5 )

J A

FIR TN [ mask ], B #kiA
AE B A [ mask ], ZEAFHf [ mask ]
P [ mask 1A, LAAEZY
S TE [ mask JIE DL R SE IR 5 [ mask |
FA O ZGE AT [ mask ], #MAR [ mask |, & F KIELET
[mask ], 7 mask J4F-TC 1

FIR TR, B ki

il [ 1, A2y

Ul 422+ 1EET

ATIREAR[ ], EAE ]

e I LU T 3, el 5 & ]
EWR OB AR, & T KIELE T

TR TR, Bk

AR G AR A AL

FAR DA I LI 2y

e LD DL 2, e fE (& ]
FROCEAA K] AR, &7 WIELET
[(B] 42 HErT

&g

ASCHRE M T — i 1) B AR Ay R Y 4 R R TR SRR
B AR ZEAE A 454 T Transformer Encoder
Bi-LSTM #l Global Attention Bk (4 5, K 52 o £ SO

JEA PR B USRS T SCAEAT 55 SR 3t T — i (4 igp ke 5
o WITEAEAE S HET TR T8 SC— B AR DR B O 1k
BOLSE o AE R TN ZREEE BRI R SOR XA AN 4255
JELEAL, DRI T — B 5 Oy 52 2 f) ) B 45 ), 00 1 oF 14
A HER R AR AN

RAMETE R, AT A5G AL AR AT B, I 45
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