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R OREEEE TR 385 | AT HERE R
FREEEE - 987 YUR

A

EBECH  BESIHAEEARERACEREIY BB EXETRN &
NEEMEESAGR - MAERMBEPEIFRELRETREREZE LA 5%
BMEZ PR E S| BB BANEIE X v EE » AHNRRAARS » &
ERERS|IREHEECSIAREESE - AHERXERERIKIEERRNSE
BEBSENGEHC| AR A —EEZNFREMNREFEE » AmXENSHHHHSIA
AHEEME  BEENRREHZIE (Long Short-Term Memory, LSTM ) E2E R ig it
EEVEE AR 2SR =T ( Bidirectional Encoder Representations from Transformers,
BERT ) ME@REZ B EHACIROERBRS - AIBEENEANRETONE
BaEmN#EHsI A - ?ﬂFﬁL%%%@Wﬁ@ﬁﬂ% #LHIMAEZEEREL B
BAERBTARCHEBEREN E 09148 » HEASCETRIER ZHHEI AR
HERE -

s« b3S (R - FERE RS ~ REERE ~ RAGIIECHE - BERT

R HEE : 2022 29 H 28 H 5 sEEHEH : 2022 F 11 H 14 H -
VB EE  A .

? FE U ER G B A -

PSS B R -

T OEHEE - £E49 > Email: yewang@dila.edu.tw
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—= _‘L.E.
SIS

FEEIEZH  EES A FEAREHZEREY - bR T RERESCR
b JReEEECERR ST - FAIEZ XCEE TSRS AER - WEAE &
f] - BB AN ZEERE > DURGET ST B R SR B 2 A
B N E A SR AR ER ARG Ay o AR - EHEESEZHEE S
TR E B BRI AKRILIE D BEZE - BRFREERIE
IR BRI HA S A - BN —E & T EIRERE 68 FAERA &y
EAIIEERNIE - A5 EAZHERE - ERlml A AE S R
HUE R ELER S [HRURFRIE N A 5 - L - 5 eE R —sF S IEZ 5 [ AU
BRI - OGN B HERE GERY5 [ A - A rT AR R LSS 1 2 SR8 -

7ERIEE (IR - R T MBS A A2 BB 20 KE R R

FEAZS M EE L (BEE) FoORT 22 AR 25 [
Z o AR - SEERAULFE 25 ) ZHHREE WA = LR - FRIEE

FRILRE R FU AR BL 3R 1o 902 - BE RS | FH LS [ A — iR A KGR
SN EE -

RIS T Az R REE E R R fh B hL R R nn SO RIS R B
EHERBZVE - BREGBGIGE AT DK - G BRrE
A 0 518 T TEREIIEREZ TR - RENSEEIERRES - RS H
Y BORRRS = 1T b R B B AR thFE 2 B R OB 2 - SRR 22
R R B SR - O R SULE Bk gy - (Y B R RERG A — TR
BEM > BB IERSUEER - se Ry ARUREHH S IE A - fhut
FEZPEIFE A EEEREE 2R HAGETESCARIBIE Z TR
5 I EGE s 2R A DR H S BT - ARG - BEAESTE
RF5 AN RS R Z b BB 25 [ A EIE A S - AL - RERSCER MERFK
BE AT BB E SEr s A AR —EREZHR > WREE Rk
— BB IRAIZHEE 7% - BT REMIRE(E B 28R 25N - BERERHER
FH ATt E ZhEtE - 248 156G - EPRIRZLEN—HER
HZC - EFREAE S RS i o B h 3 5 2 ARE R (EH] -

A G SCEI St 35 0k 25 | FH 6 HE 78 Fl R - B2 — {8 5 B 1 U N Ao
TT T HE S S A B 3505 | F AU T iR BER AR « IRMIPRARERF I B ARG S IR
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MO ERE A ZEEEE % HHEAEECE (Long Short-Term
Memory, LSTM ) Bl ELfREg i gs i E [m)fR s 2 2228 ir ( Bidirectional Encoder
Representations from Transformers, BERT ) 738 5 F< R DS 205 | FH &)

Al > Sk =l

B ORES F A HERS R RE - 3R i SEAH R o1 0 b B 2 B Bh 5 | H
FERE T > ZOETERIT | HEE BN AN E 2B L E A 2 TR
R HELE RS [ A HERE Frak Btk & B IR R HAHRE - DU 70 B EEAH B
ZHTFE ©

SIFHEBE EEA B R Ry — R SCANE ZHEE 75 - Efl o A
WA HEE 0] £ B R E e - HARB L Z Fil SR 2
DR A58 F & W R I B FERR AT 8% - @I 53 At DLEH E B e 58 & Y4 1 18
H (Pazzani & Billsus, 2007) ° XA 7 ZHE (L85 Th B2 5 [ A A HE 7 A
FHRA W FE R Ry R SCAR N A5 [ 2 ZHEE (content-based citation
recommendation; Strohman, Croft, & Jensen, 2007 ) - FH R & SC AN &
P 7 S iR 9l A SR 2 22 1la B S22 F SCBIE H © He » Pei ~ Kifer ~ Mitra B
Giles (2010) $2HIFIHIE2 2 B=RIEA ] DLEHE SR 2 85 | FH SR
W Z MR LAEA S [FSURHER - Huang A (2012) KSUARMN A ELZ:
H RS | TR R — TR PR RO B2 R RE - EORF A 1T 5 [ R SR A B
SEVRZ NETBWERES - M IBM Model a8 #1E BT T 71|k
5 | SCRRHEE 247 - Huang » Wu ~ Liang * Mitra i Giles (2015) HIJF]
FH A R A R DU R AGEETT 5 [ B SR N B B 25 2 WA B A &
Fl » FE T B SOREL 225 SR VL EC R DU FE HE B A AR o USEER RS
ANERIHERE 7% - BZ AN ZREEER - W OEE - MRS
G 25 RRE - HESXCRRE—RE R o A AR5
A HEE R - 51 A — i B R - HBR 75 A RTR SCF N A S Il
EEM - HOE BB -

S — T 2 B2 R R B R EE S P AJHERE (idiom recommendation )
Liu » Liu » Shan £ Wang (2018 ) ELFI| F i #% i £ E2 2 SCA A 25 B B RE
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DAREC AT R EADBIESEIT PR AR paE - Li5ER (2019) DAFRSCRL
R B A)FE R EE AR Word2 Vec &l ik AT DU S G A) & - 238 LArp
SCCANA IR LSTM Bl 1m) LSTM fRAETT /348 - DUl Hsd & FH RS
AZHISTRREE o Liu ~ Pang B Liu (2019 ) /RFECEEHE S (L7550 Ry b 28 A2 R
o PRAEER IS iRt as - ARRSER 28NS - Bk — R A ORI
BWME Ry RRE < BRI -

Tan » Wan il Xiao (2015) fxou/E FEHe NI (F_ L5 [ FHHERE (£75 -
H$2 t — &R Learning-to-Rank HEZ8 2 5| FIHEEE /7% - H AL 7L 16 FE LA
NLEat 2 BB —RES - HEHEEETE (Project
Gutenberg ) H I £ 3,158 4] 5[ F ) f¢ 64,323 & S E iRy & FLHEE © Tan
Wan B2 Xiao (2016) i Tan  Wan ~ Liu 8 Xiao (2018) HI3E A ISR
ARG | FHHEE RS - H 6 LSTM i ifd g DLER 2 HH 5 | F A) B SCAR
KZAESMEE - DILEE N Z &3 E S [ A B AE R SCAR Z UL -
Ahn ~ Lee ~ Jeon ~ Ha Bd Lee (2016) HIf 5 & VY A& A~ [ 1 52 AU » 045 B
A ET Z &% (granularity adjustment ) ~ FEBEARAR 3 FE T AEH 1%

( convolutional neural network, CNN ) E LSTM - ¢ [t 7 7. hybrid J& & 15
RIDGESTRYS [HHEE - HRE e e EE FE 0 EEE R IEET 400
A S G A B SOR DIV E R -

bR T HREEZS [HHEB SIS - 22 9e /8B R H G A5 [
HEPE © Lee » Ahn ~ Lee » Ha Bil Lee (2016) #2 M LSTM-CNN %2 & f& 11
& Twitter S5 48 ¥ 55 G H HEEE 5[ - Wang » Li » Zeng ~ Zhang 54 Wong
(2020) f ARG &s — RIS as fE2E B W EE R B H pi & sy 22 A s |
AN A DAME R[] & - Wang ~ Zeng B Wong (2021) HIER A RE F w5 7
7 BEEEFEFE LA Transformer ( Vaswani et al., 2018 ) Eii GRU (Cho et al.,
2014) ETHREG - WAF5 N AL Transformer HE 1T Hm A5 - FAS H R 05 55
SAETTH (AL Z BT -
ITEAAHR 2 5 [HHEE ST - 2680 FH B AT RS HE B B SO 2 =L
T B HEE - (PR AR - TEF S EERE FEEHEFZ
BR o TR | AR (175 b - FRTINE SRR [ HEE B Rl GEHE S 2 (F
% BRHEEEE AR R ETT /0 - 108 ATEAIREE S 1R AU DU
DUETEHEE FE R SRR R N R
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2%~ i3 | ATHER ik

s [ A HERAIA S EHHEER I LENE - HGEE
BIHERE GRS (R A - PIANE —RETZ SCENE R « T AEEENE
FEMERIL - 25 RRIEFFE - FIREMtZRINB R T - Aarlegs it - —H—k
ZEBEEHE > MR REZ I - BB AE—S - - HE—Y)
KB phGEES kil HEE - POREAMRIVERER - STErE% - 9
AR,  EXEZHRZ T ZEIRREMAGEG I HAZAL
& o fEpih o EHE T YRR - SR ) RS [ AR Rl
G AR AERZA B2 " —UERE,  I#REMEREE - 68
BIRE—Y) "INELER ) o LEEEER L HAE o J7ERAYE AR A A
SIFAIZEE - o BURTSCELER ST - T HERS 5 AR i AL RITSZERR S
Ribs I aSES 2 PEREEEG IR IE. 25 A -

HATs s AR EE R T

c= arg maxq,. S QPrOb(T;)reviousa Tz’z/ierward, qz) (1)

He 0 B #G IFHAZRE > ¢, AR O TRISE i (B85 A Tevions R8T |
PR Z FSL 2 Toperara o805 TIBE Z 2L > Prob() BRI IR AL AT A+ 550 H
LR M e QR R Firiiey HH 2 ol & P05 [ A2 585 1HE -

ST OB A5 | I A9 7 R > M 23 5 6 ) LSTM 8 BERT R 7 ¢
FEER R DA REHE B A - LA DUE AR N B G R =
('support vector machine, SVM ) TRAI{E Lo L J7 A DIGETT ELER 7R THE
PP ERAETTS [ AHEE 20T » I A2 ERIFRARCEATRE - DU ET
AL R 2 7 B A HE P A AR

— ~ BRATE

W5 [ AHERS B DGR Z AT S E Rl A - HEAR B R 3 RS
ZERE o IR EIRVRBE Y AP SCE R Z i AR G AN SR SCE
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BT PR A 5 =E TR » #52 LSTM B2 SVM B AR T H P&
FhEr e ETTHR SO ER - B BERT 5% AR e A 5 8 kb S F et TRl ik
{t. (tokenization) °

FER Sy Ak b BAMERFT Jieba th 0435 T B (https://github.com/
fxsjy/jieba) {5 A Jieba GitHub A it 0 & %8 150 RAUGA = (https:/
github.com/fxsjy/jieba/blob/master/extra_dict/dict.txt.big) {F Fy = 5 43 5 5
B < Jieba 4358 5 Ry A\ 2 W SCRE B SR R B — (T B AR 2 5E
B FILZ AR E I BT S - A G BRI IR 2 MG -
)z nlReRAH A ST se R - BT RS A MR ER R (directed acyclic
graph) - MR FLABIRERE T B BGARER RS IES 1Y - B ERARZ7
SRS © Jieba (EBLRAH S35 FEREHZ TR - Haf EMRI EGHE
ZRR - HEGREEEREAGE S HYEES - T laHRAHEE S
EZHEA T » Him A FSOCERNBAR -

HARTREEKT AT FUBCERRRERERE =R
tToHaRhERE AR c RER ML T HEREEX
hEENRE  AABTERETHT -

RE3H Jieba 71EA R > AISEIAT T FER -

HARTHRAEBKTHT > FULHAC ERBAR EEEF
R T R M TR o o ME B MR AT
REBBEX h ERE O EHE > AARTERKRTHT -

#1152 BERT R4 - HEHAA SO g B 5 AT 05 - R E R
B —FICHCR i AZ AL - MBI - BERT $2{H.2 BERT Tokenizer i
T ArhSOCE R A 2 > R AN A #EHE BERT Tokenizer i B
o HEHIERAT

[CLS] Al AR TR A BEELME T > AT E T ZEE KA
FREHEZR T _HRFHEERLIRN - R E
BOEHET  REBHEEIHERENANE - G AR
T & 8% 1M T o [SEP]
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H B UE B 45 2 2 [CLS] B [SEP] B BERT 1 FlT £ %8 2 B 7 token »
BERT Tokenizer B TR/ » BHTE.Z [CLS] F LAME R BERT {788 A) 43 48 1
*E AR 0 1 [SEP) R A Y] RAE DAY A) 7 A -

o~ BB R L HERS Tk
(—) LSTM

LSTM EEERH &R (recurrent neural network, RNN) . —f& » H
ZEMSE A B P Y1 B - (AR TR AR - R A &R
B HEFSEEILAIREEE A - AR RIE R B RS HE S 1
HERAEMTZE - AMAHRES 2R EREEABEEFARZEFE S
FEC BRI - T8 B e A A % E 2 B B DU B I e 4 o R - H 480 |
RNN AT LURHIRREAE B B HYHEBE SPGB (00 » R AT — KA s B IR RE {5k
AR BIMHASHE RS - 1€ 1 RS M s o] DL B R112 Bl S, - A&
LAY RNN £EREE 17 [ e 5 AN BT 0 el - A AU IR S 0 e T R Y
R+ BT GERE S BTRIAS SR A& NP 2 - ERVEH RNN
R EE SR 20 JG2 DLRTHYE G B & i HH AIBAGR - 355 RNN i g vk = 1
HERTRE © 1 LSTM BE% T FH AR TR L RTRE - 3 E E S A s A
TEZ2f - WA ERE R DO E B 5 G bR A ez & - m
EBE RN R E A2 ECR T Ep R - (e E R R e —[H]
Weall#R - LSTM fEall#fid o) & 5T E FEE 0 A - WPLE 75 2
ECIE - WPLLAR BN E B ERL EE S » (€I RNN M5 R B R IR T 2
Gl

FEMES T AHEE 2 5k B FATERAERY LSTM BTSSR S e 5
RHREEANE 1 AR -

5 A\ — 1 token Ak AJE (embedding layer ) IR A= £ H
AR F A ARE » &5 HIER LSTM 1EERMAEHEI g 2@ A - 1&
5IHAHERE 2R BUERET - ARSI - FAM o BIER R e & -
H—R# 8 — LSTM EER A i - 55— 22 MR LSTM 18
B ACHE S - S LSTM  ( Bidirectional LSTM, BiLSTM ) » Hrfi—
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BB (18 units) Gy GV G L)

&%/ (64 units)

1 LSTM ## 5| BB AERLE
BRI - (FEEH -

ERAEHT ERERE - S — AR RRERIELE - 35 W & DU A (Rl
58 A - BiIlE).Z LSTM i R £2 38 B Hif ST A AYEHE. - R A2
LSTM J& HIIFT 2B B 4% SORBYEHE. » Al AR B Em pIRE B AHE - 20
LSTM [& 4 B .Z i s SR E 1T B B2 (concatenation ) By — {1 i Hi Al & -
LSTM & Z i i FHE 2 2 — B 64 (Hifi8 T & - Rk FE R8s
AR EHEME ZMTHE 2R - (FREN RS -

(=) BERT

TR EEHRGE S FE M (Natural Language Processing, NLP) 2 £
b BERAREFBHEIIRZES RHEEENBRIEZ ZEMN  E&HE
NLP R FE A TR G B 2 - iz Ry et B 52
B2 FEFIHY > BIRy Google FiT#E Hi.Z BERT ° BERT £ Google fA 2018 £-ff
TR Z 58S £ EE A (Devlin, Chang, Lee, & Toutanova, 2018) - HE R
Transformer 8 7 SRIGER 80 - L — RN IR EHGE S R
Jii% - BERT £2 2 HHY Fsia € —LFam e T » SR T —{[
ARG BESRS3AH o HR BERT BYFIBRIG AT 2R EGER - Al DIE MR &2



ENREBRR E2HHCIROEERS 113

REEF R R R S R A B RO E - N L2 B R IR R R B
BIZRETT - BE1S BERT bR T BEAERYGA=R R 24N - HREH 2 H(GE AR
—EZBERME  TFHFZ NLP ZME L - WFESHE - BENEE - &
HERICRITTEZ R -

BERT 5525 % Transformer 2 P2 8 )55 5 R ER A - HEA FEH
F Transformer Z2 1% 2 1% H 26 g B [a] 09 i 5 2% i A8 A 1% > Transformer £
Google A 2017 FH2 I Z B B IEE JJBEH] (self-attention ) Y ZE [ 1 AU

( Vaswani et al., 2018 ) ~ HEAIZUEANE 2 Fiox -

Add & Norm

Feed
Forward
AT
Nx | —{Add & Norm )
] Multi-Head
Attention
ATH AT
L
Positional D
Encoding
Input
Embedding

Inputs /

B 2 BERT f&HI4248
HRIACE ¢ EEBGER (2020) -

BERT H i A Ky token FiTff k.2 58 7] » IR EF e ¥ .2 38 5 N FH T
[Al.Z Tokenization HRl& » DAHRSORER » — B ZLLE —RFREA - H
i ABR T token #h » JRAL S H AT B 5 Bl I EL AR A5 < FUEL - FHDAERREX
token JRAJHHEIAIE - DAURH BRI A) . M o i A L5578 & RE 2% g 1Y
Transformer &% » 45 —1{[# Transformer BT PAZ & £ 08 H 1 & I8l
[T R » HLREA OB 22 B (HEE A YRR I 58 L B A AR E H
fagH -
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£ BERT fRALZ FI#k b - H{ERAREEZ RESCR » HEZEDIWIEE
BRI RARERY : T EEEE S 188 | (Masked Language Model, MLM ) B2 " R
—]7E#l ;  (Next Sentence Prediction, NSP) » [/ HE (75 40 st 1] FH 55
SRR - TR R SR AR AT SOA - EEAE H AT (self-annotated )
SCARLGETTFIIRR - MLM 5 H R s A < 85 7] A Bl BORs iz 15% 1Y
token JEFE - BRI AU FHHIHERE 2 (7 B HY token EFE Ry - [t MLM FlI#K
ARG DI E T SRR MRl Z FTR - BRREE S IR — R i
2 FEEM & o NSPAEBHIEE AR {E a)+ - SR FRET —on - J8E
% AlETZMR AR S EE RS S A @RI RT R A A - NSP (£
15 ] DA GRS A B8 oy ) - Bl ) - TR BE EDEE 2 IRAE - BEAREE S NIRRT
k& FTHUREEEE © FEHA0_E MLM B NSP (L7 - (FREFIR 5 DETEE
B2 BERT 28 = A -

56HK BERT &8 5 R 81 2 THAI#R % - BERT BIRER RFE R~ A ZZiES
HRERIZAE - B BB L G587 2 BERT &5 B K
BI%EEE (Transfer Learning) Z /37 » 1§ BERT 58 5 A B K& = P Ak g
Rz M2 AHREGE R ETT G (fine-tuning ) AR - IS R G & Z B -
TEfR B | AHERE /7 b - BRI E 58 I #RZ 52 BERT 38 S 4 -
I s | AT EE RS T 0 JEE S L R - A HE RS DB R R i 5 |
FHAJHERE - [8 3 5 BERT (G2 224 -

DEREa L)
BERT
o | || . [ =]

[cLs] || Tok1 Tok 2 Tok N

I
[
Single Sentence

3 BERT 2 EEFEMERENIHR
ERAJE © Devlin A (2018) -
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(=) A SVM

TEEAR JTEAERE b PR A B e B2 HIUE R HL 43 U %
#£.2 SVM 1% (Vapnik, 1999) ° SVM &— R4 48 - (a7 F1 25 (E
Rl B BB 5 1% - SVM Y3 BH 7 R (R B B & R HE B R RO TR BR
B S —FIRE R ((x, v)} > HF x, e R BEAERL - My, € {-1,
+1}, 0= 1, ., VRS - 1 RilSREREZ R/ 1 SVM AIEHHY
—EE Ax) = (o * x) + b+ BIREEAN T 2 TR i A

1
min,, b,gE”C‘)HZ + CZi:]éi st yl((o-x)+Db)>1-E,&>0 (2)

R A ER - EAS IR I A e I maE R 22 - 1
ST TR LA Efe 22 R Sl R EETEE AR - IRETERE A
1 PR 8L (kernel function) /77% (Aizerman, 1964 ) - #ZPREA] 15 R S
ez R i E R A 2 MU Z BT - BRI R 22/ 2
SFEGH - R EHECEEE - SO SF AR - BRI ERETT
TEMIRE » Ble] ARSI AEE M E - (S E IR -

RSB SEA
Ei > Em;&!gﬁin‘ 1]

— Al RE R R E

R E MG HAHEE ZAIME RS - 525 TELIREZ (h
BYAER) —F 0 stEESEE Rl RS R RS [
a) o SRERTE 18 A1) 0 3R 1 % 18 HIMEE [HAZIIE -

SPAREE 2 18 Ay E S [ A) > DLE S ELARZ 305 | F A Rl ss:
BT (B RHE L T A A SR G A ZMEE - i
e B TE £ R AT N2 OCEE -~ 3R 2 Ty BRI AR IR Z g 3% K B HL e AT 2
XEHH -
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&1 BEEHBRHSIAAIIR

R4 5% HEEIHA B E
0 —UIE Rk WEELIE 590
1 NATEM > E2E%E 775
2 HHEEHEA > KRR 329
3 JESEFTE > o 923
4 WEOAAG - BRI OA 1S 325
5 OARRZ » EREM 600
6 NERR - RIEAF 445
7 FHUAAE > W40RE) 328
8 WARE -+ AT 164
9 A EZL > KA 163
10 A R > R R 2R 236
11 A ERE  TIRE 290
12 IS o AR A EE AR 518
13 — BN MBS 65
14 fIHAE Y - REET 182
15 NEEE > ZELE) 25
16 WREEEE - Beb 'l 164
17 BEE - AT 243
WEAEET 6,365

ORISR © (EHEH -

®2 BEHIFEILTIR

Ry Hguk FHEH

Google &7& https://www.google.com.tw 2,719
R ER http://ccdd.omtf.pl/pc.htm 237
e https://book.bfnn.org/ 1,325

ISy i https://ctworld.org.tw/index.htm 481
a4 https://udndata.com/ndapp/Index?cp=udn 332
LG A=l https://www.fgs.org.tw/ 206
EFHERE http://www.gaya.org.tw/query/index.html 127
BB A http://big5.xuefo.net/ 257
R 5,684

FORACH * (E 5 -

P FE AN A S EE g fh 05 | AL (LB RS - 05 | TR
AT 100 {E5 - BT STREARKT 200 H5 - AEAMhHG [FHAJELE R
ZECEHE Rl a2 HE -
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SN v

RoatAdi 3505 | A HEE 5 S AR - FeFER A Top-k YERE=R (Top-k
Accuracy ) UREEE /7% » Top-k Accuracy Z EFLIT -

|correct classifications in the first & outputs|
|all first & outputs|

Top-k Accuracy = 3)

Hrh R T E st S A FTEA 2R k EHBEHEZHE » 71
AR HEE AG SR AYRT K EHEE A IEME R - SR HEE R EER
B A LEHEE RN B —(EE E AR S IR M A R E S
AR Top-1 Accuracy Fir{fi & HiHERER - (HIVEREMH - HiFA— ﬁ%ﬁ
A BE G RTHIREHAIRSYE - iR B H 2 FRTBEE R S E 5 E
EEIN R BOADEEOR k EBEDGGHE TR EREAAE R E - R
A5 BIERF Top-1 ~ Top-3 EH Top-5 Accuracy U5 RF (i IEHE

ﬁﬁrl \tﬂi

%f

= B

R B REHEHEB SR - TR E0S [ HEE E B BR T T X ssg
(10-fold cross-validation ) J77% » KFEEA f#f 05 [ A) &R SRR BEFETT BLIE
Fetk » Ul k%5 P INEF—FFRERZHEER - HErL5%
SEttERERZIRER - DI 2 E 2 hEs | A HEE R - #
DU A& R 53 Z R FTATRE&E R Z A SR R 7= -

JREE R SVM AU A+ P M BR A R 43 28 T R H 3R 3R 8% 2 Gaussian
Radial Basis Function (RBF) RE#I{E R/ dHes < FZHEL - jA LSTM AL
Ehs DFETHCE EHHR 2228 (hyperparameter ) » JAARGH S E g -H ATk
TE 8 E 2B 3 FR -

FEAR » A LSTM Bl BiLSTM I » AR A JE Z Gl M EAHEE EL LSTM
B 2R CMESEHRERSEEREAR KIS B
ETERELNHRTRZ2EEa 2R DEEREZSEE - R4 5
LSTM AR FAAN[E] 2 Gl ) A FE B LSTM iy HH P 8 B 2 IE W SR A5
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7 5 HI% BiLSTM fRAAS AN F] 2 5[ A B LSTM iy HHAERE B B 2 1E
FEESRAT R

T B o i R R i = e ) G L L R TR = - PR I e SR B
Z BT TR G [ B A R E ] 512 Bl HHHE R E 512 B 0 fY LSTM B4
BiLSTM 15 B 5 322 1] i 1y Z ISR+ 5 P A A6 098 O e 1) R R ol fE

B AURRALZ TERER BB G Nt - BN RA! m] e AR 22 B inm E 2o fie

=3 LSTM EBIEELE

i E 28 SO (E
Optimizer Adam
Loss Function Categorical cross-entropy
Vocabulary Size 4600
Max Input Length 200
Batch Size 32
Epoch 20

BRI - fEEEH -

F4 LSTM ERIZHEEHER (Top-1 Accuracy )

iy 4P
sl A HERE 32 64 128 256 512 768
32 0.7055 0.7126 0.7365 0.7316 0.7588 0.7286
64 0.7200 0.7557 0.7605 0.7717 0.7818 0.7852
128 0.7379 0.7494 0.7624 0.7786 0.7925 0.8031
256 0.7278 0.7712 0.7822 0.7786 0.7898 0.7970
512 0.7629 0.7884 0.7892 0.7906 0.8187 0.8175

BRI - fEEEH -

#F 5 BILSTM #EEIZHEERAER (Top-1 Accuracy )

i
AR A HEFE 32 64 128 256 512 768
32 0.7063 0.7344 0.7351 0.7338 0.7426 0.7347
64 0.7167 0.7530 0.7555 0.7596 0.7624 0.7671
128 0.7071 0.7519 0.7608 0.7588 0.7764 0.7958
256 0.7115 0.7440 0.7723 0.7838 0.8016 0.8124
512 0.6723 0.7519 0.7868 0.7844 0.8168 0.8097

BRCR  fEEEH -
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& (overfitting) + BERERERZ KBS « ] LSTM fE41EL BILSTM
PR RS » HIRIIRSEE - B0 LSTM S GR35 | A e 2 R RE L3t
RAEBZEHZFE - A LSTM / BiLSTM 1A » f7#&4E F R LSTM
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Abstract

In writing, citing famous sayings is a common writing technique, which can enhance
the persuasiveness of the article and make the article more convincing. Buddhist quotes
are one the vital sources of maxims. These Buddhist quotes are full of wisdom and
often enlighten people. However, for modern people, knowing how to cite a suitable
inspiring Buddhist quote are not an easy job. Therefore, a recommendation system
which is able to automatically recommend suitable Buddhist quotes according to the
content while writing becomes an urgent demand. This paper proposes a Buddhist quote
recommendation system based on two deep learning approaches, such as LSTM and
BERT. We compile a data set for Buddhist quote recommendations and then train a deep
learning model. The experimental results show that the accuracy of our system achieves
0.9148, which demonstrates our system effectively recommends suitable Buddhist quotes
when writing.
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Extended Abstract

In writing, moderately quoting famous quotes is a common writing
technique. It can not only embellish the literary talent but also enhance the
persuasiveness of the article. It can make the created article more beautiful and
convincing. Such famous quotes are mostly taken from traditional proverbs,
quotations from famous people, or from many philosophical thoughts and
religious classics. They are the crystallization of human thought and life
experience for thousands of years. However, it is not very easy for ordinary
people to properly quote appropriate famous sentences when writing articles. If
there is a quote recommendation, which can recommend suitable quotes based
on the content of the article, it will solve this writing problem.

In addition to traditional proverbs and famous sayings, meaningful sayings
from religious texts such as Buddhist canons or the Christian Bible are often
used in the selection of quotes. However, most of the quotes from such religious
texts are strongly related to their religious connotations. Unless they are very
familiar with such religious texts and their teachings, it is more difficult for
ordinary people to use such quotes properly. This paper aims at recommending
Buddhist quotes and proposes a method that automatically analyzes and
recommends appropriate Buddhist quotes from the content of an article. We
adopt the deep learning approaches that have been widely introduced in natural
language processing, using the language of Long Short-Term Memory (LSTM)
and the Bidirectional Encoder Representations from Transformers (BERT)
model to construct the Buddhist quote recommendation system.

The recommendation of Buddhist quotes is based on the texts of the article,
which are basically written in modern Chinese. For the LSTM-based model,
we use the Jieba word segmentation tool with a large-scale lexicon as the word
segmentation dictionary. Then, each input token will be converted into a vector
representation in the embedding layer, filled up to the maximum input length,
and then to LSTM recurrent neural network layer. In the design of the model for
quote recommendation, we adopt two designs for the recurrent neural network
layer, one is composed of only a single LSTM recurrent neural network, and
the other is superimposed with two layers of LSTM to construct a Bidirectional
LSTM (BiLSTM), one layer is passed from front to back, and the other layer is
passed from back to front. Both layers use the embedded layer as the input. The
forward LSTM layer can learn the information from the previous text, while
the backward LSTM layer can learn the information from the subsequent text,
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which can effectively learn the two-way semantic dependence, and the output
results of the two LSTM layers will be concatenated is an output vector. The
output of the LSTM layer is then connected to a fully connected layer with 64
neurons and finally connected to a fully connected layer with the number of
neurons equivalent to the number of reference sentences set as the final output
of the model.

For the BERT model, Chinese texts are not performed word segmentation
but directly use a single character as the input unit. BERT is a deep language
model based on Transformer architecture which constructs a multi-layer
bidirectional encoder neural network. The input sentences will pass through the
multi-layer Transformer network constructed from the attention mechanism, it
can effectively observe the information of all words in the entire sentence to
determine its representation as output. Based on the pre-training from the large-
scale training corpora, BERT can effectively represent the information of the
input sentence of the language. In the construction of the actual Buddhist quote
recommendation model, we fine-tune the pre-trained Chinese BERT language
model to the classification task using the Buddhist quotes dataset and transfer it
to apply to the recommendation of Buddhist quotes.

In order to build a training data set for Buddhist quote recommendation,
we first select a total of 18 quotes that are widely known in writing and general
public cognition. Then, using the Buddhist quote as the search keyword, query
the webpage articles containing the Buddhist quote from various well-known
websites, and then use the web crawler to collect the article. From the article,
the texts about 100 characters before and after the quote, about 200 characters
in length, are extracted, and the pairing of Buddhist quotes and their context are
generated as items of the training data set.

From the experiment results, the LSTM model and the BERT model are
on average better than the baseline SVM model on average. The top-1 accuracy
of the LSTM model is 81.87%, while the top-3 accuracy has reached 90.13%.
Compared with the other two models, the BERT model achieves the best
results. Its top-1 accuracy has reached 91.48%, and its top-5 accuracy is as high
as 97.97%. The results show the effectiveness of our proposed approach for
recommending appropriate Chinese Buddhist quotes.

Although the accuracy of our proposed method is very high, there is still
some kind of error. The errors can be divided into two main types. One is that
many Buddhist quotes are very similar in meaning, which makes it difficult for
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the models to discriminate. Of the 18 quotes in our dataset, five quotes tend
to be more error-prone than others. These include some famous quotes from
the Diamond Sutra related to the school of Zen Buddhism, such as “All things
contrived are like dream, illusion, bubble, and shadow” ( —VJH Fo 2 » 128 4]
Y852 ), “Everything with form is unreal” ( \LFTAHH » B /2 % ), and “They
should develop a mind which does not abide in anything” ( J& & F7{E > 1fj 4E
FHh ). The main topic of these quotes is about not clinging to unreal material
forms. A deeper study of Buddhist doctrine reveals that the concepts discussed
in these five quotations are interrelated, making it difficult to distinguish the
models from the surrounding contexts.

The second case is that some quotes in our data set have a small amount of
training data because there are not enough contexts crawled from the web. Two
of the 18 quotes in our dataset have only 65 and 25 instances, respectively. Due
to the insufficient amount of training data for the two quotes, the deep learning
approaches, especially the LSTM-based models, cannot effectively learn a
suitable classifier. The BERT-based approach, which relies on pre-training from
large-scale corpora, can effectively overcome this shortage problem of less
training data.

Chinese Buddhist scriptures are very precious and rich corpora that
contain the essence of human wisdom. Our proposed Chinese Buddhist quote
recommendation method can effectively recommend appropriate Buddhist
quotes based on the context during writing. Although the size of the current
data set is limited, the experiment results have proven the effectiveness of our
proposed methods. In the future, we will increase the number of quotes and
add more Buddhist and other religious quotes to broaden the application of
our recommendation method. The quote recommendation approach can also
be extended to the writing support system and has advantages for the study of
intertextuality. Digital techniques can support the research of Buddhist studies
and promote the application of religious scriptures to create more practical
value in the current era.



