CCL 2023

The 22nd Chinese National Conference on

Computational Linguistics

August 3 - August 5, 2023
Harbin, China



©The 22nd Chinese National Conference on Computational Linguistics

Order copies of this and other CCL proceedings from:

Chinese National Conference on Computational Linguistics (CCL)

Courtyard 4, South Fourth Street, Zhongguancun , Haidian District, Beijing
100190, China

Tel: + 010-62562916

Fax: + 010-62661046

cips@iscas.ac.cn



Introduction

Welcome to the proceedings of the twenty second China National Conference on Computational
Linguistics (22nd CCL). The conference were hosted and co-organized by Harbin Institute of Technology,
China.

CCL is an annual conference (bi-annual before 2013) that started in 1991. It is the flagship conference of
the Chinese Information Processing Society of China (CIPS), which is the largest NLP scholar and expert
community in China. CCL is a premier nation-wide conference for disseminating new scholarly and
technological work in computational linguistics, with a major emphasis on computational processing of the
languages in China such as Mandarin, Tibetan, Mongolian, and Uyghur.

The Program Committee selected 78 papers (49 Chinese papers and 29 English papers) out of 278
submissions for publication. The acceptance rate is 28.06%. The 78 papers cover the following topics:

Machine Translation and Multilingual Information Processing (5)

— Fundamental Theory and Methods of Computational Linguistics (7)
—  Minority Language Information Processing (6)

—  Social Computing and Sentiment Analysis (9)

—  Text Generation and Summarization (4)

— Information Retrieval, Dialogue and Question Answering (8)

— Language Resource and Evaluation (8)

— Knowledge Graph and Information Extraction (15)

—  Pre-trained Language Models (5)

NLP Applications (11)

The final program for the 22nd CCL was the result of intense work by many dedicated colleagues. We want
to thank, first of all, the authors who submitted their papers, contributing to the creation of the
high-quality program. We are deeply indebted to all the Program Committee members for providing
high-quality and insightful reviews under a tight schedule, and extremely grateful to the sponsors of the
conference. Finally, we extend a special word of thanks to all the colleagues of the Organizing Committee
and secretariat for their hard work in organizing the conference, and to the publish team, ACL Anthology
and Springer for their assistance in publishing the proceedings in due time.

We thank the Program and Organizing Committees for helping to make the conference successful, and we
hope all the participants enjoyed the CCL conference and a refreshing summer in Harbin.

July 2023

Maosong Sun, Bing Qin, Xipeng Qiu, Jing Jiang, Xianpei Han
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Reasoning Chain Based Adversarial Attack and Adversarial
Augmentation Training for Multi-hop Question Answering
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Abstract

This paper proposes a multi-hop reasoning chain based adversarial attack method in
order to test the true ability and interpretability for conducting multi-hop reasoning
of QA models. The main idea is to insert distracting sentences in the input context
and then evaluate the answer accuracy of QA models. The method first formulates
reasoning chains starting from query entities to answer entities, and categorizes ques-
tions into different reasoning types based on the characteristics of the reasoning chains.
Then, a model is proposed to automatically decompose questions into multiple sub-
questions and predict their reasoning types. Lastly, distracting sentences are generated
by adversarially modifying part of the questions according to their corresponding rea-
soning types. The results demonstrate significant performance reduction of multiple
multi-hop QA models under adversarial data, verifying the effectiveness of our attack
method and the vulnerability of QA models. After augmentation training with the
adversarial samples, the models’ performance all gets improved, which proves that this
adversarial training method can enhance the robustness of QA models.

Keywords: adversarial attack , multi-hop question answering , reasoning chain
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S — R AER BT T R R RS - B L AN RS AR o A P
B, WRIEAERBIE UM RS AR R, IR MBOEEEE; #E, HRNERENZ T
R, 55 SR R AN FEIBAENT R SRIE, AR (A R A B 2R ORGSR B I O 3 — Bk A
JER IR R H BT R A SO, I R A Y e R A TE R X B T ), B R R A)E A
BRI B, HIRRSREE R IBE R . &5, FH3E N B A T
NEG—BBESURT L, MBS T NIRRT T -

FA X HotpotQA E£ 17 (Yang et al., 2018) « DFGN(Qiu et al., 2019)FISAE(Tu et al.,
2020)iX =2 BRRIE R HAT T X P8 AL - SIS R B IR, W& AN EEARK R B T v
FPEER R TR, R TR MRS AT E R ZHERER - RN T X HEdEE T =%
&, ZERBHEIGE S R s, ERAEIRE LRt RS e R E e R R AT L
AN AEARR LI LI Bt HE B EIE L BRI 0 iR KRB RAL .

2

AT BT O T T I A AR, B EZR I B2 R o FE2.1°1T
H, BATIREA R BV A SR R R, HEE R R MRS A S B R LR e, 3,
ATORIBE IR EE AORFIE & LT NIRRT o FE2.27T R, N T i BRI T, 34
W T —MRE, BERB4E G2 1 RIS RO BE RNk B EhiR A1 £ Bkin BRI R AL, H-4 1) R
NEG— AR TR TR - ARIE2.2777 RS 1 ) R TR F [ R 4, AT DS AR BRI 3
—Bk, SRIERH—ERFHRIET BRI A S SRR, SRR B R EUE R O R U T R
RRFFRRRAAE, 5 NMIWERBEANRE, B —aRBEIRPRAG], XE 5
BT AE2.3 T AT ULRA
2.1 BT AR

TEBE R EAES T, AL T XARESTFE MIRHIMRERE, XS5 AKRETLRT
A=A S EEHEREE R, TEHTEREEEER . Bk, ASUESFEH B
I BRI R A K BV - BRI 0: KRR B PR AT OR - MR A P
E—IrRraeRERMcLsIfrl, MA—PTIZT FIBERTIE 52 (Devlin et al., 2019),
IR I [CLST HIBEIR ST A — 1 B Sigmoid AL I 7 R 2, BEAVR Fr H — 0B 12 8] FO i 15
5y, FoRZBTES iR R RAE M o 1B = BB TE A T RE SR BIEL R LT L TR SR
18, UL OGERAE R 580 T € BB R B 17 J5 2L e R A 2 -

B TR ET R F A SRR, 1
(c) 2023 HHEPfE RS
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FHEERER, BT iR E FIAE KRB A — SR R R - B SE{# A Stanford Corenlp L.
B4 (Manning et al., 2014) M [RIEFAFTE HH R B & iR p an 4 S0k (93 ARG @SSR 22 56,
Bk Stk ae.) - FNF, #HOpenlES TE A N&EAIEFHPULIT-K R-18TT (argument)
=JoH, H, won—MR a4 SR E 2 EE; KRR AN AR, hATEE
FEINAAIE, DRIRRBERAMIERR . WRRITTHRARAT K, FxFEH#HT KM
B, DIRAS 2 BRI = Jn A T S0k o MBI IR T T B IE LLS Z B B SEAA SR &

(EHNE,) HHIAN A SEARNTT, RIS TCRACA, Bk EE o B —A) B ETE A -

E LA SRR, SHENRI—BR DR X H SRR IR R E R SRR BTE BT, 0
H AR BRIV E N B R - SEPR b, HEFRBERS & YRR 1 HEEAALE], AT TR
TTF B X TR - BRI, R ZHi—%% T{E(Talmor and Berant, 2018; Perez et al., 2020)9
SRBEMEL, FATREHEEREER SR ZBERE 20 T IUMEERT, ZaREFEHEER
EE e, AL S H AT e A R R P L FArE 28R - EEB3H, AN ERhHERER
BUERLE HY T — DB T AR -

o MiHERT (Bridging) WIRETFENFHER . &L ZHEIELBINLME (bridge entity, Bl
HESEE) | SREFAERBUTE ZBE LGB RAE R - BN EIE L, HEEEEE A,
B EE ML RS ISR T SR B R AR, R A M TR R R
ARAFATHY -

o XHEARA (Intersection) HRIFIZRE RIFINHE L 5i: o HEFRHED 2 /D W) S0l 5T
EgEE, EAf, AEERRESEET ML A BRI, AR — SRR AN AT S
ARERLNE R -

o XfHRA! (Comparatives) FIRIRHEE K HILH SR B - 335 7] R MG AT R 2K
P — Mo L BRI, RS R B TR BB I SRS ATRA, TR
PN BT B EHIT R SR ELUR B R A E R - REAERBEWHEN DAL EZ—, B
WHREZENRI A B -

e B H R (Yes/No) W@ M HLEELTBEFHEHRNEE, &2 A
BREHAE . GXTHRTRML, X BT A —DRIR A ERAET SR A R 77 R —
FRIEE P IEERE -

w5l HEIBGE
ﬁaﬂﬁzﬁﬁ(&mg»%E@%%W*ﬁﬁiﬁ?
?3' HEIBKIEL:  (Orange) J&—8 HIZE /K =5V 7 David O'Doherty3# P (13K . — T
;: $ERBARAZ2: David O'Doherty (19750123 18H /L T35 2 #FA{1HL) 22— | (Orange) = BB 01975
| CLE/REMERNR S fE5, SRR, WL BUESR. SRone
BR:
~| [B1#: Rex Gene Foods 1 Foodtown #4i F-H>H 2
g HEIBMKIE1: Rex Gene Foods 2 /2 19574E F120 {4090 4E AR A — 5 A% THi % | Rex Gene BT
= [P 35 FEB T . Foods e
i HEIR{RHE2: Foodtown[1] A & J0 A A T B P4 JHH Iselin F— W

ER: [BrEmM
[BIRE: WA TS, Emma Bull i 52 Virginia Woolf ?

| St L Bmma Bull (il TLos4fE 121 130]) 4 BIR M s | B T, ASE
E% HEIB{KIE2: Virginia Woolf (18824E1H25H-19414E3H28H) & — 4 S 1 LY
g K, #iAAR TR EENIARE L H L —. Virginia HET 18824 7

& = |Virginia Woolf Woolf 14250

[B]#%: Thomas H. Ince ! Joseph McGrath 2 #H [7] [E 48 (115 ?

2| #EIR{Kk#E1: Thomas Harper Ince (1880411 16H — 19244E 115191 f& | Thomas [ | s

&l —LZEEBRAHA N S A, H. Ince ~.

| #EIE{KE2: Joseph McGrath (19304F4 TG4 iiel) & — B Ll B

B LS. Rl Joseph BE
%%: & McGrath Tikg=

Figure 3: 3 FlHotpotQA B4R R FUEF S A0SR () Bt B - RN - o8 F Rigmnss
£ B AERTIE A1 5 4 B RIS SIS R -

Ohttps://github.com/dair-iitd/OpenIE-standalone

B TEPETEE SRR, BIN-H165, WR/KIE, PIH, 202348 H3HE5H.

1 2
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2.2 (0] AP AR AN SR T T

Bt PRV, BETFIASREEAAMSEEREN, Fit, TATET RS SRR,
HEFRE BT - T A EXN AR HEEALHGEE H B E - EEREEE, FHitk B3hikGE
A TRl RR A HE R R T R A A F IR LR LB, DUEH T E T a%t -

TEHotpot QAR T, Wi KRBT BRI IEAR O E G —HMWAT L 7 Bridge #7355, Xt
L SR TIAN R B RAIERWE VAR N Comparison - FIL, KEVRCH Comparison FIFERFIERES
R /B, BT LB R E T HE R AN A R B REZR o TN THRIC N Bridge FIFEZR, 3k,
st 7 R iAER DR El & HEERE (5 BRI H B TR ELE R TR AR, IR R SRR
NENFHEFEBE (hop) FEXT N HIF A1 - HEEYAIHESE QB SRBH EI5P7R -

ZRI| MR ATRRESHEZ N, RIEFEIERT ANEERERKERKHNN
RS SRR AR R, X EEONZ SR B E BB R E . B AR TR R
I A EREZNER - tREHEECEMBLL L, RS B+ &2 5 BT RIS
HE—RIERNE B B, FRATREIEEE (CHAIN) € UM [HOP1] ent, rel; [HOP2] enty
rely entpy rels... ent,, HH[HOP1]#M [HOP2] TR IR IE, ent,~ ent, -~ entg ~ relsy
AR 177 THECA) A R SE A « BRSEfR . BRI R R BAK R EIER A (QUERY) FIfEHE
HERIRMOPHEIE N EI N FF]S = [CLS] QUERY [SEP] CHAIN [SEP]. fii & H £ /2 ML&LEH
A Transformer BB H A 1T RAL -

U = Transformer_encoder (S) € RV*" (1)

HAUNRLER, NARKIAREAKE, o TransformerfaZ4E5E K/ .

PR SR — M IEET B (Pointer Network) 78K A 5] 3 14 SC A Y10 [38] PR 7000 G P )
BN FR BB RS ARG A B RSE R A ERIRER  (logits) - BRI, X Lidgmidss R
FEAN—~ [ B M € RV *PRERHHZIGFILE /AL B ROTITERE, M HA 5 AR AR AT R A
EERITTERN L (BTRESE 1 EnJIFICEN 1, n NEARBEAR QUERY FIKE) | Hf
N0 RGHEBA—DSEATINGREEW, € RV*2, H#1T Softmax I3—1L LIRS HEZ 4>

i P = [pstart, Pend] = Softmax ((U ® M) W) € RNV*2 (2)
Hrh @ RRITLEM (Element-wise Product, FFEF NI EXNNITEILEMERE) - @A &K
RACIZ R ZE R E 5 — Bk PRI O & indstare FIEE RALE indena, -
indgtart, indeng = argmax Pfthind (3)
1<i<j<n
WFHEFRRTTIN, KF (CLSIFMEML BALRIFRIRAS Uerg BIA—1N 20K (c=2) B
B, RIMAEREE A R TN R AT B RAL.
Piype = Softmax (Ujc g Wa) € R (4)
RS TRINAE 5 2 A B OCERIE AT AN BAE N BB S A0 18 7 1] 3 5 i ofe xof i 2
HEGEAT I AR A B A, BT AN R A, R B AR MBI (underlying
pattern) AJ LAAS BN & SLAN A [0] AR SO B o BRI AT DA [] 22 31X A F 55 - B S Y
A XA R AN E R IR R BT AL (HAPAERAESED) -
Etotal = ﬁstart + ﬁend + /\ﬁtype (5)
2.3 XHUHE A F R
TNV AR ) R T BT T 4 OB SRS, A EAREIRIE R« &R
GHBE =B E2hRR T — 18, MxDRE A FEFHEIE R ER T — M Er:
BIFE AT IR o A2 BB AR AR — B A\ B SR T BIBELAL BV E R T HER A .
2.3.1 HrERBMTHERE
$—F XIRRBEAIANS FrikE B B PRBGE F R BAEX B CAR, #TE T8 XKE
B, EEREREABAHMBKINLE . BRBGEFRIEREFERE S (1) SRR, &
BBk REEN, FoA%BBIEMEEA G AT FIRE R AT (2) AR
ERA BENLERTE B, RoAWBKEREE FESMNE . BRFLZ Z AT SE TIE
T SR SEAOR N T, (BARSCHEH, X T ZBkRE R, Xk RFTTIATRET . —
Meouil, RARMLLEETHREMBEEXRR (Wcthe first son of (BE—"1JLF)”) BETINA

B TR ET R F A SRR, 1
(c) 2023 HHEPfE RS
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FIFTRRFR (W was born in (HET)?) , Fit, KITEFERE R T E SR - TEAHEM
shiFl (BhahidMfESshidabRoh) | mans sk (BN HA - A - BF) MRFAE.
BN B %2 WordNet(Miller, 1998)H B R U EAT, %A K A, T
FAGlove(Pennington et al., 2014) ] [a] & %5 [A] 1 S AHIT Y BIARAT L, thob, LRI T B
WA A R A SE R R (Named Entity Recognition, NER) FliFAE (Part-of-Speech, POS),
H B 5 FFERIET (word stem) A, PAERIUEAEFCA)F RO ENVEIERRPERIE LA 2% . EiRB
7R 73 B BE LR “the last daughter of (BJg—"12JL)" #“was named in (f5%7T)" -

B ER—MIERUBRNBTRGREE . BV nSRSGSE — PRk R EEE
mFIRIEESR, — T EA ARSI EBE RS ST ENNE, A— T EAEE T X
i A R ERE T A TR BRI (BN E T I TR R RERFIEFER) - EMHER
EMARMEE . WITEIIGEERPRBETE & LR E— My ERES, HRENRE
AFRIFINEREBHTRI S - KI5, W TELBE R IERE R ORI 35 1, B2 A
S5HE—PHEFERTEREERIA, R IARIN MO E R E G HEEYLEE— D B FHFINERE
BRI IRI AT e o I, 1998 W] LAARIE 1] [a] EABLE A R IhE 22419997, “Nicholas Farrar
Hughes (N44)" Bl AINE RE S F1HE|“Otto Emil Plath (N4)" BT -

B BESBEREHRBEMMNER, AEERKEARE LA . BERY, #
FStanford Corenlp T B 114 45 2| & A [7] 8 ) A)VEREST B, [FII 7EJiafiLiang T/F(Jia and
Liang, 2017)FEAM FABZGRIT T —RFIEREAN (FRCHRIFRIER T IL AR E]) | fE
M) FH G0 1 FB AT AR5 R TR B (] ) 2 R PR AR B) A X (Hotpot QAR HRICEIRSE, HI 5 IR
R, BRIRRIEIEGEN) o GIIEMRDE6SC BRI, HIhEZR “Otto Emil Plath” Bk
BEIAIE A, ZntPRIAFEEHE RIS A)aE “Otto Emil PlathBEs2 Aurelia Plathf1ET,
NRE—ZWWEYFER. >, SEAMIEFEHEL, Eh—1PFRAaE2EES - H— TR
BEM, ANEEWRFEAZ . IR, “Otto Emil Plath” INE—"AR (valid) MIEFIE SR,
N'E R RIR AR R E M - fJE . ERABUEL T ARSI A B & B RIBE AL
B, IR B OSSO EARTE AR F 555 -

2.3.2 NHRAMIELRRE

Ff HLRBIFNE B 2R T B BN R LS, EITZSK BN RIS R R g 1, e
AFOR AR Z B, R HREMHA R RS BEORS « % BEHEHEEE P E — M5k
ATHCEBRIETT A, AR I — S SRV E R B R BT R B R 4E

BB, NAM2.3.17 MR RIS R A R B R R TEE, [FR, @ i)
ER RN “and  (F) "8ior () "HIEMMIETT, KRB R HEAIXT -

BB, N THIEFRMEEG, WERAFURIA AR (1) STFX R,
[y A — N EEFERA LA AN ESR:  (2) WTRGRE, MIEMERN W
F T 5, X IERRE SR B BRI RN “2” -

FB=F, HREFEEUGHREMNEREBE, BHOEEIERPE A mEE A B+ .
3 KR5S
3.1 BURSEMB TR

FAHE & H 74055 AR T Hotpot QA (Yang et al., 2018)FF & 5 XA #2 H A Hr it
TEAT VAT o HotpotQASE H Rl f) 2 i AVTE X Bk B RIR R BRET SURKIM]
%, MEHABRIES RS, BE T UMEEER ) FIESE YRR RE A A I
T RIREES - EIZEIEET . S MEARRMEI0 ML A EBE M — 1R, Hef2
B AL T BIEAZ A R B IR O S B . e M Bl o I [RIEAE S5 OV
MIEPREFEXNE R - HEFRAKIE SOX M EH B S HIKIEM (Exact Match, FEAUCHD) FF150%K -
T EMRE N IEA T RS, ARSI AR A EfTmhaired .

AR = ARV EAETLEAT T B MG AT 58 1125 (1) Hotpot QAT (Yang
et al., 2018): FETIEEAHLZEMLE (RNN) | 256 T FRANER . BIER AR A TER L]

(2) DFGN(Qiu et al., 2019): —IiE FREEFAT AT AR D HE B O AUSRMEANZERIVE T, 6
RENRE ORISR (5 B A IR & R s ok 7 AT (5 BA5 %, FHInE SRR R
HHERE;  (3) SAE(Tu et al., 2020): B /7 HE T LT Ui [ AOFE IR 0 B m AR, BT
M4, R B AT RISUR R AR IR TN SRR 19 5 -

VB 7 HE T https: / /hotpotqa.github.io, FFHMNKENIEAFEIE, EIHASIIGAER & £ AT TEA -

B TR ET R F A SRR, 1
(c) 2023 HHEPfE RS
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3.2 SLERE

B i SRR fE Hot pot QA I ZR &R BTSRRI SR 4R HE A0 IE R HE BRI AF
PZE - TP R 8 LRGSR 7R, ISR)E R B LB RS BrA B IE AR < BUi 1O A [B] R5A
2197.1%, SXRUE T B RAVAAYE; A— AW, F85.5%NHARHT ISR BUEHKEN101
DB LUT , SRR B8 T 5 S S A I R -

KA (] RN 52 2 [R] 0L Y 1] 7L 47 A A 1 28 58 2R T AR Y 456 7 ' 7 $2 (O PO 4R BERT -
base-uncased % (Devlin et al., 2019) Wil amIS s, NG EDEHIE Bt TI1%k - JIZREL
PEAOFE T2 WIRIIZREEFITF & S FRIC A Bridge HIREAH, 2 HIREHLAIC T 700 2571200
FAERNAREFSHONGRMI LR, XA RESUR, ANTARE T8 Bk 7 R R E -
SR EMBERERE . G B, MRRBSENE N, HABMARFSIKEIREN0, {#
FAdam L5 (Kingma and Ba, 2014) , > Z K5 x 1075 Eilllgk, B ET ARG
(3B — b7 MR R I A B AR AL B A ER S TM) Bk T72% WFL 28, AEfEERR K
T iA%192% HIVERE -

FEXSPUREAMER B, A7 108 — S R R UE A AR 7 1) B IR AZEEE (I an PR )
BRI B AMRR) NER RKEN POS 1714 & D& SRB IR iR) 5 [ XN A S RAE K
Mo T ANBIER, ASLRRE B PR BT A TIREFIRZRHERORE — PR
A RCURR R, (BRAERLEEA100 SR LA TG BoR, BTl i sif) 7 #8e
BT E R, EASK ARFERMIAIE G RE, AR 2 B HURE AR B T -

3.3 SLEMFTLEER

SLRE SR AEIT R % (dev-ori) EHEMNE T XM HUETFZE (dev-adv) , K =R
ARV ERE R EAT TR, IRYEIERE T R AR B AT LUl (R ZRE R A B 1R - SR I
R (train-ori) FFEHLME20%AEIRRIGEX HUEREAR (train-adv) . 1ERT FEESEFH
GERS (trainaug) , EFTACKIEITRGUEBRINGRHN IR - SARREE RINFKIFTR -

FIERTY | JIGEMRE | BEREM ERFL | KEEM KIEFL | BREEM  EXEF1

train-ori + dev-ori 42.5 56.7 16.5 59.2 8.3 35.6
HotpotQA | train-ori + dev-adv 29.9 414 1.4 19.9 0.7 9.8
FEEA | train-aug + dev-ori 43.2 57.5 19.8 61.4 10.1 37.6
train-aug + dev-adv 41.9 56.1 6.5 40.0 3.5 20.9
train-ori + dev-ori 54.2 68.5 50.2 81.3 31.3 58.5
- train-ori 4+ dev-adv 23.6 31.7 6.2 29.7 3.9 14.6
F

DFGNZ train-aug + dev-ori 54.9 68.7 48.1 80.6 30.8 58.3
train-aug + dev-adv 40.1 51.2 13.0 48.8 8.5 30.1
train-ori + dev-ori 68.1 81.4 63.4 87.5 47.1 73.3
- train-ori 4+ dev-adv 43.0 54.1 26.6 54.1 19.1 39.3

it
SAERE train-aug + dev-ori 65.9 79.9 61.4 86.3 44.1 71.0
train-aug + dev-adv 53.0 65.4 42.8 71.4 30.3 53.3

Table 1: =/MAZEHA A Hotpot QAKIIE SR _ERIFAATERE - XSG N AOVERE - A H5sil 4k
JEHIYERE - FTR TR % -

3.3.1 XHME
N F 1 train-ori + dev-ori fltrain-ori + dev-advii 17, BIULE R ETE £ 1)l 2R [n) &2

R FEB BT B RE S REHVEE = - R EHGEE - R R, LRELIN L.

o FTERETYAEZ Z MM AN HEFARIE T T A H I T EE R TRB I FileEs%
BRIFIDFGNIRE! , BERMEMSENEE] T30% AT, #HEHKENEMSEBEMREM, R
F1.4%M6.2%; HEME, SABRAMRIKIBEMAN RS, EHHILT KE R E (BRiE
HRIE I EM 53805 3 TR T 25.1%7%136.8%) -

o UUDFGNHERNF], KX HtE A & B B EHR AR — S HIT A BT R
A H52.2% K AR T ERE R B BB R TIINE R, 93. 7% BIREARE s in x4 T8
AT A T HEFRARAE 2 —; 7EFSRIEEIEM ~ NG N EIE R AR AR A, X F A H
153750 959.1%F194.6 % - X L B Be B L BB A Ih P RG]

oA TR E R AR OUR, ’%‘Lg—’%wﬁ, IR, HE,

202348 H3H £5H .
(c) 2023 FEPFEEESTFIESTEL VRS
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o FIMEBRIEN— A, BAXLBAEHEIRIE TN FRIRE, (BEFZRMN ErE
WHESHRE (FREMRBEMSEIIE H T16.4%E28. 5%~ 5%) - XFEANGEAI
SRR AT Z2 B A TRV (EAS A BE, RN TEE = B 08 RO RIR AT SE B A 1
LT, BANH L REHEIE RN

PLERIZE SRR, AR SORT BR BL Bt 75 VA IR S8 R Rl B & A T T EE, RN
SFHL Al S B R] R AR IR R E AT, BRI B B R ER ), TR SR LS
HEHRE R XENEBRAFANS B, HATREFIA 1 518 VT e 5 A B B B R 120k 52
RRIE, MAREEMFTZ SRR, 35 7 ZHREESHER -

L NFEIFHE, REDFGNMSAERAIFE R IT & 5 ERRIMA RN TEERT, (HEN
WEHT, ENMNEREMSENEE L (DFCONEZE M EEEIKT6.3%) « AT,
FH T B AR B (KM T4 SUATE S H#, MIDFGNHISAEF] B W 45 %33t 17 £ B 15 B R A
TR, R AT DL BT, AR ST 7150 X SR O T B A BR A AT AT R 2 AP A R A B
BAEWGNE . ARBGE AR (FRI) #1TR RGN, S0 T m Sk R RE IR
T FIAERAFT A, XS R RS R EREEEE A FEENES . XSWETHE
IR BRI R N R B R IE T IEM R RS, TR eI EIEEE CREEEA
BRI HBEMASWE T EMEERERZE, &P EXEEMN N> .

3.3.2 XfHigIRiILk
TR E RS (train-ori) AUNHUMIRIIE (train-aug) JEHILEEA LIT K.

o X ttrain-ori+-dev-adv 1 train-aug+dev-adv W17, ZEN ILE A X £ L, EXE
A . DEGNEE Y - SAERR 7Y 1) & REM 4 0 70 5l $2& & 713.3% - 31.3%F110.0%, ¥ 3 K
TREMAE D BIPES T18.4%, 41.9%F116.2%, XA 5] 8] T A B Ige ), &
R RS E A -

o Xft train-ori + dev-ori F1 train-aug + dev-ori W17, FEJR TR AL L, = MEIEAIIERE
PIEEAFFFHRI, ZEREMSE B 0.7% « 350.7% - FEK2.2%, HEEEKEEM S5
Fem3.3% ~ FEAR2.1% ~ B#ER2.1% - SRR, XIHUIEIRIZRIT A& K ME B2 I 55 B A R i iR
[ AES5 B RE

o XL train-ori + dev-ori H train-aug + dev-adv Bi1T, EXPriEsRillZr 2 g5 FIREAIEXTHTIC
T NHIERE, AHERRRTER TS A SR ERERE, TRERE S REERE D, EEEARE
REM E41.9%H 2 5 FRHI42. 5% K FIAE 4 7KF, HE HIRIE TR 24 B & 508
HIFE T RE S -

AR SRS SRR IE R T AR SR H BN i EE S SR I SR E B TR T R EAR A PR RE - KT
ERESHEFEETEER NS, XA A S, B e IR0 B B A 5 A
FRRBOT IR B THVERME RS, RGN FF S 0 RIRE ), TEf m TR E R BIEE ST B[R]
hiEm it IENR S FIEE ST, A SRS E - ERIRRIE RS L, BT E R Sk 22 i
EHEETIAHEE (REERN - AT HENEE LN GERREEm) | Fit, BEE
FEREDE SR — S BER_A - H—T7E, HTIRMAX e E—ERE L 750E
I AL, ERIZRAI AR B D i E—EER, RS S EERGNIHE -
VERRME FOLEE R, SERT LI TR LIS IO Y TAE S & BT X B A 1Al (Jia and Liang,
2017; Wang and Bansal, 2018; Jiang and Bansal, 2019) - 1485 A7 1A 58 | 2R 1 1A] 2 s Al
PREE R RIR R EERERIREIL, ERLEREIRA, XU T AT AR (R A T IR T
R AT WA ERSME S IR TR RIRE ST, RIS T A
3.4 FEAMIE AR

AR A LI SRS 5 2 B AP FMPCE JTIEE AT HOBE, T AT IR R
e AddSent(Jia and Liang, 2017): RFEERIERAFITELR, BRESRHERNAFA - BE

T~ A SRR, FNEEE LB S TR EREERNE R, BEUR A F AN 205

NBIERIRR - TR BBk R A, BT RN REA) FEE MBI, Hixf

Pua) 5 R R SRR B LUE B SRR, WA R MEEIA T H T8 HH, XF

PUASEMINBIBE G, 25 B IR BB G B AP AE T 3 A U PE A TER%

e AddDoc(Jiang and Bansal, 2019): RifH R B PN SSREATE B, HFEANER, DUtk
FREEEA XTI TP EEAE BN E T30, Hp ek BRI P mBs a0 - 1%
TEMREET, WREBEREEE FL SR SRR, S E R CEN,
BT SRR T CEVRET, 2B TCiEdE T B SR A& -

B TR ET R F A SRR, 1
(c) 2023 HHEPfE RS
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BEOh, XA AEE K F A — RN R, ERTCTRXS N HL R AU A2 A SR Y (R SE B X 47T
HAErrE - Ht, ER2F UDFGNEREINE], (BN BRI SRR A L HITERE -

% | FRE | AKEM BHEFL | [IREM (KIEFL | BRAEM BAF

AddSent 20.1 29.3 3.1 28.4 1.2 12.1
train-ori | AddDoc 38.9 54.8 27.9 63.7 16.4 40.5
AIHE | 17.7 28.1 1.4 26.5 0.5 9.3
AddSent 35.3 46.7 7.1 30.6 3.1 18.8
train-aug | AddDoc 43.0 59.5 30.0 64.9 18.0 41.3
KX | 351 46.8 6.3 42.7 4.0 24.7

Table 2: fENTHERTBIANZERTIMIRIHUT K BHEA L, DFGNEALAE AR LS A T 5 HALF
Wb A N PR LR - IR N B RiERE, BIMARIERCR ST - FrEFRRERAIA% -

SiWE FHERNGEIESE (train-ori) LRI RTINS =Mt HbE 77 & 517
TR PEAG FSE9S 45 3R Box, DFGNRY [ ZH P EEAR SOTERBUGE N The& %, 0k 7 A3
H T HTTERT X 2 Bk 2 R B EERE TR - SRR, ABEAEE=MEE: (1) /]
DIGTRT A MR A AT 2, B MEEMIE R G R IR S, (2) BRI R HE
&, ASOARREH TSRS 75 R EE EmMELREE, DURRE T X 2 BhiEsE
AR O E SR, (3) BEM AT E A IERIBGE  (ne] DAET I — Bk, RO N AT
[AEVEMEE) , TRHRRTY B IF A0 £ BRI A2 T 3 A TR I8 RN 4 #T -

SPTE R IGR SR A SO R E FOXT PR SRR R (train-aug) XTDFGNE
BT MSRINER, RETE= DX B & &R BT ilAl, DAASH 5 )| SR iR T 2 5 B & iR
WA MMM IERIEE T - ATLUEE], fEAddSent ~ AddDoc~ A HERKTE T, EREMS
LR AY (train-ori) A T715.2% -~ 4.1%~ 17.4% - H A, AddSentFIAN 3 77 15—+
BRI A BN, TAddDocg A Bt sh, Bt AR G BT %2 54
R 3R TR SR AR 2D o B ORI PR AR 7 Y i ) B B SR 43 AR B A AR ST R R AR KA
[F], {E2¥EaR kG PR AERTE BUE N ORIV T —80Rm, XSS RIERE, R
P& H BRSO G 58 I GR i SR AR A SRR ISR T 2 Y - HE R, RERE T BRI M R T
MR EA A AT, TR A R R T A TE T

3.5 XTHLSELS

WHAZ  EEEE GE AR HotpotQA LA DFGN&Z! SAERAY
BEREM EBERF1 ZREM ZEZRF1 ZZREM Z%EF1
E—B 26.7 37.6 16.4 24.9 7.7 60.9
Wit FH Bk 27.1 38.0 17.1 25.6 48.0 61.1
W ANE Bk Bk 35.4 48.5 28.5 39.0 52.9 66.8
et PEPL—BE 28.8 43.6 26.5 37.4 481 63.2
IS Rk 315 46.8 32.2 44.6 49.7 65.2
B NE| 47 X Z1H 29.9 41.4 23.6 34.6 43.0 54.1
RIS : SR 30.9 42.2 26.2 36.9 45.1 56.0

Table 3: Xf LSS B0 ASEIBEFNA [F SB35 75 B Bt SRMS AR LU o IR A B U RS -

3.5.1 XEAEBREIR

5 22 Bk IR] REHR AR A 22 A F R R O R A AT T B s 77 32 FT DAAR 1 75 B2 5 BB A AL — 30
SrEATICE DRI (R) B AR ZE AN RS N BE AU RE ) o B SR EE i B O R R A 5 — Bk AN RE
ERTFIRENL —BRAgE A, A ZA RSO, B3 (a) FIBME—FME
Bk, BDXTEEAREA)FHITERG (b)) SRR USRS — B

JFAEFIAERHO M & 8 L AILE R ANFR3FT/R « 2[RI P Bk E AT IB T, [R) B B 70
Mge AR, BIUEER DB 8T, XEFETHN, FENERBEMEz G, &
MW EH A S EMEEE S 2R ERES 2, BREE, R TFIBEBEERE. B, T

B TR ET R F A SRR, 1
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WHERAY | X588 T BT I R BGE S R G B — B AOME, X RS FREK), WHEH—
BEES, RIERT AR — IR HORA S R AR, BEMERFE i, FILRERERE
IEFERMER A AR, FIE, BT BRI R RS R RS A R SORGRR: AR, X
75 A R R Y T BEAE 55 Bk 3 R R R b {0 T B B BRI DR A5 3 22 DR HE TR TR -
3.5.2 I SLAR AR

A7 38 1 18 2] R S A ) i 44 SEAR T AME R R R R EIFEE RIS UE SR TE £ Bk n] 2
(RS HEBREEZEAREIL - RIS REIUE T X FEREIZ - BRI G B R
SEGENE TN RER, RIXE AR, X RAIGE A1 RANEE [ /8T 50 SE AR
M AT BE S B R R ERAR, M DTF M« X HETIE T 553.477 1 B 47 B AR ST 5 1AL
FAddSentFlAddDoc HiEHIRE R Z — -

3.5.3  AFEIYIZRHE R LBl 1K

55

475
50

45
425
.

40.0 40
375
35
35.0
—— train aug + dev ori 30 - train aug + di ori
325 train au g + d d train aug + dev adv
® train adv + d train adv + dev ori
30.0 train adv + dev adv 2 train adv + dev adv
Lo ,,)0% #20% = Vil " AQ°Te 4_50% #60% o1 o #Bo% #90“40 o x{}o"\ﬂ ,\,0% y\oc‘w *7.0% *_’)05,‘, *AQD“"’ 450% N &0 o ocle *Bcc-vrp *QQD“"’ X 003,&,
S ) I o 1 S5 ¥
(a) HotpotQAZEEZRTI AV EREM /4L - (b) DFGNREI I REM 54K -

Figure 4: [AIZHEA A F A F HLEI 3G sm BB 20 G, BRI LA BRI HtE T & 8 EIERE - 1
R RE TR EIE train-oriZE i _E I RO U AR train-advE LU, HA, F—50% FKr4e
ERAF Ftrain-ori, /5 —710+100% R~ 1# 2 EFtrain-adv B 58 ¢ i Ftrain-ori «

F= S5 AR BB SR I SR 6 FH 20 % AN L AR 5 T E R IREUR IR &, AT ZUNF Y
AR R G - B4R SRR, FENTUNGRE AR E I, AR DI ZH55) KT
MR R, AR S IVEICE RRe T, Rt EX e A % Lt 20 EAES (BE
Rtk) - ERALEL, WAREEMAMREE & EENAKR, HTRPUERT AREIE S
MFFEZES, B TIHRAVD IR RES (EERE) « R, S TR E Xt
FEARFHITIIZR (0% train-ori + 100% train-adv) , Bl&/E—510+100%Fi, BEIRAIEHETIGE
FERM SN BE (MR E T & 8 L& REM A HE49.0%H144.0%, 255 HAEH
REANGEIRIEN) | (XN AR AZ LR A KANES (B ERERF A% L
HEREINME T AR A IGREERAVIGEI) - R, fFEEEEF G RILs, HA
FEE P R BRI G, DUPERAL R B & RIF 0 mZ i & s .
3.6 ZHIFR

T 25 B T 5 A TR L T 25 TR AR 1 TR 0 [ 0 R e
NFERKRESR, MREXN AR BB PREARFT T 9 RGO o B SKEEE R —FR B
AEIRFFT, RN A AT BE A4 58 ) SR g AT AT R 4T -

4 5w

ATCER T — I TR E A B0 2 B R 2 RO BT BGE 5YA - R 2 B EEL S AR A
SRR ACHETREE , AT LURBIAN R 2 BRI A SR R80T A EE R R T S
SR < AT 5 VA I IR AN R B L0 RIRUCCAS, %R AR EAT B, RS E R
— b AT R, XA DL B AR T A S AR T 2 oy H R B O o AR SCEGE PR ) = A1
TR TR0 By T PRRT AR L TR RERY R, RITENIANGER, T2 M Rt E
BR - AN, A BT S B B RE A E O e R R AT ISR, AT DA i 4 56 ) 2 B R SR A U Y
SR, RIS AR TR BEARE R 2 A58 2 AL AN TT & B U i [ A

Fo R EEE S RSB OE, 1
(c) 2023 FEFLFEE¥ES
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Bff 5%
A HRHIFR
Al ZRREE
% T SQuAD(Rajpurkar et al., 2016; Rajpurkar et al., 2018)%F M B[] Z LS5, [
R AT LAE o 7R B R (R RS B AN B B B P A T AT IR R R R B R o M T
ZEki g, AEE—SRa#H AR UEERE, REFELESEDOWE KNG R E
TEAT#HTHE . HRCOAF T 2020 IR £ . B Wiki-Hop(Welbl et al.,
2018) ~ ComplexWebQuestion(Talmor and Berant, 2018) ~ HotpotQA(Yang et al., 2018)%5% .
R% Z BRI A L9 RH T M A M 4% . DEGN(Qiu et al., 2019)R &% A -~ X3
RELAE, HERIESMPUTRBIER, &9 S SEFEHEXTRRREZERE
B o KGNN(Ye et al., 2019) AFIIREIEHIRBEC RE R, £ T 395K FoRB I DI 38 5L 14
- CogQA(Ding et al., 2019)3@ i S I1E: A T 58N —BRSSRFIRT GERYE R ICAORZ AT
BIEE (cognitive graph) o 55EEANE, SAE(Tu et al., 2020) 8 A By RG] F BN
FORERT A, R KIE TS T 55038 - HGN(Fang et al., 2020)f# T —1 2K
BIREE G N FERLE R A S B RAEE N Z MBS BEAER « RIS TA/EL 645 3CHK (Song
et al., 2018; Tu et al., 2019; De Cao et al., 2019; Shao et al., 2020) - & T E#Z /L5 LIS, H
il ) — L5 I R R A I 48 SR g 22 Bk 7] 27 (Zhou et al., 2018; Onishi et al., 2016) -

A2 NP

REFIEIR TERIL T2 Bk EES LR ERHRE, (BYL2S R HE AR R & 35 S
AR SERE N USRS A BRI EEIREE - ST BN s 4, 7T LUE A £ 308
INEEFL R RS BIRTE F ARSI HUIE S, B RRR BT 2 45 H B R A -
Hep, IR AGE S R ie BN CBOE AN ARTE PR, AR IR IERE 2 -

FHXFIAZ, AddSent(Jia and Liang, 2017)7& 5 —HBF 5 Hr8CE () TAE, @ B4 € 7]
R AR 24 S0E  F 5 SRR LIPS & R Ih E REL 6 R T s0RE R G A1), FE
BN LR XA E, K98 B R 16 METLAE BBk A EAE S5 SQuAD AT I T IERERT T
F% . AddSentDiverse(Wang and Bansal, 2018)7EAddSent B &R E# AT T 20, B K%
R BN Bty ) I AL ER G TR N HEAL . R & IS B F I 4R AT LASR i [ 2
TR I T OB - T3(Zhou et al., 2018)1it T HTE B Bh4mdasxt SCARH# TG, fFHE
TRE ARSI ANE LR R, REEREAING) 7R85 EiEinET RICEIERINS), 7TLSEEIE
FFOLE B AN X B RABL - 5 RBREIEAEL, BRI EL AR A — MR A & R AT
GG, WHERONHEFERESR o DiRe(Trivedi et al., 2020)38 i3 ZE5 A B V& SCAS A BR300 FEHR K

BT TEPEEE S SRR, BIN-HI160, IG/KIE, HE,

1 202348 H3H £5H .
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PESUAORIRFAR B SE TR O AE, 2 BRI E AR S E AR SR AU IR I KIB 28 H
IEFESR, SNRNANGFAEREEGERT . O TIRFZ D LR A I ILELSERS, AddDoc(Jiang
and Bansal, 2019) F AE SR BB AR 5 B 0 B SR IR S AN L4, FRRX MERUR
W B A IR A SOR AR E R T4 -
B TR AR AR SRR T AR R HE 2R I

552,277 IR H 0T (R R AT SR T TN AR T REZR RIS o

wEgmEW FRER®
HEPIRA ¢ H—ki
DPtyp Dend
Softmax

" Linear
Ulcws) U,
U, U, U, Usey Upnii Upio oo Ung U
Transformer Zzf5 s
E, E; E, Esgry Enii Enig o Ens  Egsep
LI L L L L L LI
[CLS] d1 d2 dn [SEP] C1 Co Cn' [SEP]

iR QUERY PR A CHAIN

Figure 5: T AR BRI AC 5. R A7 (A1 RE R A AT SR AL T A AL AE D

C Xy f) T HER B 2 =2 o a) Ui A 7R 51
FARIR T 52 37 HIR RIS R AT AN R I ER 3 7= 1)

SEINAIMERR:  What/Which $NP $VP ?

PRi&AAIEAR: The $NP of [Answer] $VP .

SER)A]7~fF]: Which football team won the first prize in the 2022 World Cup?
FRIRTI7RM]: The football team of [Argentina] won the first prize in the 2022 World Cup.
SER AR : When/Where $Do $NP $Verb $PP ?

PRiAAIERR: SNP $Verb-tense{2} $NP in [Answer] .

SE[RA)7~f): Where did Lisa and Jack meet for the first time?

FRIAGI7RH]: Lisa and Jack met for the first time in [Shanghai].

BEIR AR How $JJ $Be $NP ¢

PRIAGIERR: $SNP $Be [Answer] .

%0 F)7R~f]: How tall is the highest mountain in the world?

FRiffF]7RMF]: The highest mountain in the world is [8848.86 meters].

F: $NP- $VP-~ $PP~ $Verb~ $JJ~ $Be~ $Do%y Bl IiE LRI AR )42 17156 1E -

BEKLTE « 1]

FEIE  BhiE A . TR  beiA < BIENIA, -tense{ 2} N1 FIGE A AR Hp 552 N TR I A -
Table 4: HTFAVAMEMNTI AORHRFIREE ] A A — PR G AR 7R 61 -

oA TR E R AR OUR,

T g , 202348 H3H45H
() 2023 PEBPLFRLRXUHIEFTEENER L
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D ZRJ7 kBl i s Gl B A R
F6 & —MEBE R T — SR MEEA, FFER PR H e A MG T AR B st

AT .

1. KR

WHE—BERBI B ETHA: B (Orange) HMHIAR19504F KA.

B8R . kB & Aurelia Plathff )1,
St — A A SR

Fio)gi1: 2 Aurelia Plath ({91
Flajgi2: fEE—aEl YR
®=, lNicholas Farrar Hughes‘

o] 8. 438 NE 3 2 e e .
%Eil_ggjk fﬂg((?Orange)) M {Orange) \{HE\HE% David O'Doherty
FE—k: W (Orange) MIHPEH ukﬂ%,\\‘\\. HAET rez=n
BB (U R A I - 1950 ]
ER: e ~ o
Pz, (950! WHEZPERMETHA: il (Orange) MIEIEH Z19505F 44 K
{Orange) REE David O'Doherty \\”\IIEEVJA
g 1950
2. REKR Wi Falf1 4 R AIBE T4 : Otto Emil Plath BEZ Aurelia Plath FEF,

XRe— WA K
T

JiANI4

Aurelia Plath r\——'l Nicholas Farrar Hughes —> A5
EF>] Otto Emil Plath 71,

WHEFEIE24 AV E A Otto Emil Plath BE2Z Aurelia Plath f7h-T-,
N R—AZ Mk Hh R K

ELE e Bl
Aurelia Plath <—| Nicholas Farrar Hughes VL A=W 2 5%
\\\ _______________ D\j_k I_ __________
#F4_" Otto Emil Plath ___.HLH“::ﬂl AR5 |
3. xfHe2E8Y WEHETFHAE: Emma Bull iwZBE R, X Emma Bull # Virginia Woolf,
B8R kA E R, Emma Bull| -~ fngdt T
& /2 Virginia Woolf ? [ _ER? :‘T ————— Emma Bull 19544F12 513
IF ?
&% [Virginia Woolf \EmmaBull) o GIEEK
fH 2. [Emma Bull| h. 4 s T Virginia Woolf 188241 425
4, BHHKR T A): Thomas H. Ince 1 Joseph McGrath 48 R fER MV .
jB) @ : Thomas H. Ince ! Joseph . Ak ]
McGrath /2 #[7] [ 5 ) 2 - F S Thomas H. Ince ————— X
= . HIE 2
%l:ﬁ: o \ Tl A 5 1k A2
{ﬁZfﬁg} \}_’:l/‘_ gy, Joseph McGrath & DNt
B (] Al

Figure 6: ARE AN [F] A7 P IR AL N AR L6 $7T 20ty SR 4 7= 191 B EO s P EBE 1) T SRR - I FA
o SENHIER S SEEBARSRCHIIRIE B RIS« BRI L ERSLE, HER T RIZ . B4k
EAEPRICHRABE TIEMEFSIARK TN (RR) MTMT A (hERER)

TEHotpotQAXIR L 77, PURPERE R G AY LLBIASIR],  [r] BRI %X IO 2R A g iR BE 4
HIRKRER, EENEB—RIHIGIT T 5% HT =D REENRINEELRES, EiE
5T LADF GNP R IR B AT 58 B -

%f e train-ori + dev-ori Fltrain-ori 4+ dev-adv WFIA] LA I, EXNHLEGE T, MiERIE

RAERART,

A,

EMA 5T
WX R EE AR 2 BRI o SRR T A SO T R R I T VR X 2 Bk ]

REMEZRRAL, UF14.6%, TEREES — 5B rk

EARFER), AR RS, ELEROR AR BE 2 PE AR IR AV RIS AEUR &
HIERVESR - B—Ji, DFGNEKEZE R R, Rl mRE, AFEIT % LEEER

$174.4%, AT EMT %, HAEKE T OVREREECO. 1 %M 4

B TR E A F AR WSUE, FI-16TT, WAKE, 2
) 2023 HEFXEEFSTHES¥EIEZRS

(c

NRE5.3% o KX (A

0238 H3H %5H .
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o train-ori  train-ori train-aug train-aug
¥ pin]
AR i +dev-ori +dev-adv  +dev-ori +dev-adv

FrEEdE  100% 54.2 23.6 54.9 40.1
MR 49.6% 54.1 14.6 54.3 33.8
TEET 32.0% 50.2 22.6 51.3 37.0
SRR 12.9% 56.3 411 56.7 56.4
EERMY  55% 74.4 69.1 76.3 76.8

Table 5: DFGNIETIFEANFHEH AR LIS REM A FrEfabrrIs8an % -

A I R EAR PR R AT GE R, AR 77 R TP Bk IR 0] &5 5% 00 1Y) J&8 1 B3 I T 3
g, T SR T — NS A <A R B ANAR R BT Gt 5 R0 s, DRI % Jo ) At A S i R %o
PR

St iR)IZR 2 J5, DFGNMEAAEUFRRTY R RINAIRTT T 32T - ¥ Hotrain-ori +
dev-adv Fltrain-aug + dev-adv B %], WHsE Y%k BB R AT L 20T AURE 1R 21 T 3
5, {ERURRRE E SRR T719.2% - 14.4% ~ 15.3%M7.7% - HPHBEAREARL, WHHEAR
SRR 7 15T DAVRME T B 55 2 b, SR A BB AE S AT E BN, T R TR
TR TY R JEAHE L AR (@ ] A, D220R 8] T R T SR T B B AR Bt RE Ul
X 2R R I T I R T O 2 L RERS AN S W BB I T3 o % Hetrain-ori + dev-ori
Fltrain-aug + dev-ori P41, XTHE IR fE TR R T I & 88 L VERRTEERE T BR AU
Pem, SRR T ARITIERE R -

F  REI5R

ARHR 4> LAEITRT B R B — 5 R R R BT HFST,  DIK G HL I s A0t 04 58 1 2R 47 7 fig
FBEME T « SEISTHE T ) AR A B N R SRR SEARSS R SR TR R T R,
frsoftmax!3—1, IRIEXTFTE R EFEFHATRAN, IWIMEEIE D SEA58 Fr o BC2I i S B T
He XEESNINE—ERE LHR TR TR

TEE B, BTRET LN ORIRE 2 8 3 B AL T R R LR, RIHAY
HEEPREZ RS, A5, BRI ER] T SEEShirley Temple, 53HL T % HITE
B BERZENRMEET A (e mIE —a) 6] FRseds) | HRIERER, EHZ
BEET, 1IEWREZ Chief of Protocol B4 AL NER I EE B e HSEAA .

ERERPUMNAFEA  (train-ori + dev-adv) £, BRSPS LA 98 T EZ 1Y
FEES, RRaRas T rEsd; EEBR, WERETRE TRARBEENEER, &
BN EEN T IEWERE R E; ERATINN, JLPIrEREEE T EEZ R HIRH
ERLE.

AP RN 2 5 BB (train-aug + dev-adv) , 7E 25— KB A) FOTER T8k
ZE T ((UF0.28%10.34) , XHFSLAER I RKKINGE (G5F4.4F13.2) |, [FEHIRS T
IEMRERARATRE GAE4) ; 7R ZBERT, WHEERKERAOERER S T IA); &ERE
FPMER TR, W IERZ SR TIEEZE M E R E0.578 N $)0.93, AT IER, B KES
TEEE-

Fo R EEE S RSB OE, 1
(c) 2023 FEFLFEE¥ES
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(5] 2 What government position was held by the woman who portrayed Corliss Archer in the
film Kiss and Tell? ( {7 A=4095) FHEATI £ « [T 469 S L teieH 2 BUFIR{Z? )

254 Kiss and Tell is a 1945 American comedy film starring then 17-year-old Shirley Temple
as Corliss Archer. The government position of Director of Diplomacy was held by the
man who voiced Corliss Archer in the film Kiss and Tell. ( {7 4= 717) &1945 LBk
MEBEEACR, BER17F 875 L« T URIRATI 2 « [TH. I3 ALY
BB R M B (HAiif) FPREATH L « i B Eieite, )

L) Shirley Temple Black was named United States ambassador to Ghana and to
Czechoslovakia and also served as Chief of Protocol of the United States. The
government position of Director of Diplomacy was held by the man who voiced Corliss
Archer in the film Kiss and Tell. (7 = « A0 )L « 75 5 2o A & B A2 ho th o f
R ER LKA, FieEEEALES K, SR EENBRBRERGEH (0
A tRiF) PECEATI 4 - T 6Y B Hieitad, )

IEFER | Chief of Protocol (#L 5 3] 8] K)

FMEZR | Director of Diplomacy (/1 3 3k £4%)

E: Mo, R0, . ZLOARER AR RS MRSEAR. BREESEAR, IhEREAOIR R, AR

BRI S — B T Bk e b R A s R ), 0 B N S/ A B RO BB

| |
| |
: Kiss and Tell i
i 1945 |
: % American :
| % Shirley Temple :
| 1 Corliss Ancher :
: XEL Director Of Diplomacy :
| %{ Corliss Ancher I
| 1 Kiss and Tell |
| Shirley Temple Black :
I HE United States :
| 7w Ghana :
: % Czechoslovakia :
| 2 Chief of Protocol |
| United States :
I X?f Director Of Diplomacy :
: 2;‘{ Corliss Ancher :
| 2 Kiss and Tell :
|

_BAETX RS |

train-ori

train-ori train-aug | train-ori
+dev-ori +dev-adv +dev-adv :

0.75 0.46 0.26

1.3 0.95 0.42

1.4 1 0.51
0.95 0.28
11 2

1
1.2 097 03
KN
W o084
098 034
(2 |
1.6

train-ori train-aug | train-ori
+dev-ori +dev-adv +dev-adv :

1.5 16  0.89
12 082
1.5 13 0095

1 0.99
1.2 1.1

1.6 1.1
1.5 1 0.89
1.3 1.2

1 0.7

2.5 2.3 1.3

1.2 0.9
1
0.84 1
094 11

FPOIRAIDE

+dev-ori

2.2e-05
1.4e-06
1.7e-06

train-ori
+dev-adv

0.0023

2.5e-06
3.5e-06

train-aug
+dev-adv
0.00019
1.5e-06
le-06

7.8e-05 0.00019
2.3e-05
2.7e-06
2.5e-06
1.4e-06
0.00018

0.04

0.00034
6e-06 0.00028

1.3e-05

4.1e-06
0.00084 0.00043
3.2e-05
0.00038 8.9e-07 3.6e-05
0.0014 9.6e-07 0.00014
0.00069 2.3e-06 0.0007
0.15 5.4e-06
3.2¢-06 8.1e-07
1.6e-06 4.6e-07

L B ZRIBALBMEK Dstart

Figure 7: ZOIFF5T: HHAARINGENGHDFGNEEEFIF X SMETF RS L, WAL
PR —BEZ B TR A E D EL -

%:+:E¢ﬁﬁi§§%ﬁg§%ﬁziﬁ.

c 23

0238 H3H %5H .
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R, R, BRI
AR BALRA 5 FORE R
L5, 75JH,2150062
{jfrenjfren,tzhu7}@stu.suda.edu.cn, wlchen@suda.edu.cn

LS

% W U 53 2K (Multi-Label Text Clas&ﬁcatlon MLTC) &7 \FIE XA IR
BHFRFEDEEAN CRF NI, & HIRE S0 (Natural Language Processmg,
NLP)H)—IEEARES - BIALERZETAEH2ERRESIES, X LMLk
BEFE RO TEER, —BIRERE . EEEANESRES, HEhEERE—L
R, HMSFEATERIER . AR Y T —FET /EIRER) 8 W EHE
ZE (Partial Self-Training, PST), iZMEZEF|FHZUMHLA B ohih 25 K TC R EERIR T
%hﬁ [F 4 A R RN BRI, B 5 B X S8 e 1 BT AR
o TEE AR EME SRR ARSI R, AR I FPSTHEZEARZAINAE HYA K
yﬁﬁiﬁ\%ﬁ”,ﬁETu%ﬁTméﬁEﬁ%ﬁﬁﬂ%%ﬁo

K SIRESCRDE  NEeRE ; BRE¥S

Self-Training With Incomplete Labeling For Multi-Label Text

Classification

REN Junfei, ZHU Tong, CHEN Wenliang*
School of Computer Science and Technology, Soochow University
Suzhou, Jiangsu, 215006, China
{jfrenjfren,tzhu7}@stu.suda.edu.cn, wlchen@suda.edu.cn

Abstract

Multi Label Text Classification (MLTC) is a fundamental task of Natural Language
Processing (NLP). It selects the most relevant labels from the predefined label set to
annotate texts. Most of the previous studies are conducted on standardized and com-
prehensive datasets with manual annotations, which require strict quality control and
are difficult to obtain. In the real annotation process, it is inevitable to lose some re-
lated labels, which leads to the problem of incomplete annotation. We propose a Partial
Self-Training (PST) framework to address this problem. The teacher model not only
generates pseudo labels on large-scale unlabeled data, but also provides supplement
tags to incompletely labeled data. Finally, the teacher model is updated iteratively
based on these data. Experiments on synthetic data sets and real data sets show that
our proposed PST framework is compatible to different kinds of teacher models, and
can alleviate the impact of incomplete labeled data.

Keywords: Multi-Label Text Classification , Incomplete Labeling , Self-Training

* JEIE#E Corresponding Author.
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HEESY

1 58

ARG RE N BIRIE S A —IE AR B SEHESS, AT LLE SRl 5 SORE R
FIFRE:, FETERGMT (L et al., 2016) ~ 1E@IAA] (Dougrez-Lewis et al., 2021) ~ [A]%F (Langton et
al., 2020)FA M TIFRIC (Jain et al., 2016)557F ZAUBEE N - SR, HTIRER RS JR1E,
PR AR P AT BEAR AR AR S B R I 0L, TR BN e R bRE R EUR S - IR ()R, SBE—
Bl AU O, AR RAEPR I R o FUbRTE T B RIS A0t S5 5& (8 P AE SR PRSE,  Ta
I T BRI, X FAEEIERL R AN e AR - XM PR R RIAE 2 PR 5 R
WIRETILAHE, £SBERES RERTOEER TN H A RARE o X B RAR SR
AR FEE P T T 1)IRICFENA: K& BRTRE R 5 S UM 5 B TR B PR35 B0 TR
b, BERAEDEMIENIG FTEFREN2EEENER, 2RSS RERKIRE
TERRAL Rt R P U E S ORI R A IR TR, WMz SR FERNER - |
[ ANSERPRE R 2R UK 2K EE M TE R IEERSE 2 > OREE R IR R Kde, [F
I RE GRS ARR SRR, R T 2R RAIPERE -

XA R
WRIERE = KFATERNE D] EEERMER R | TEREM
PRI eSS HOEB R E 5;, MZRAFIRI % EE S | WHER
BT T 2017, ~ 2212 F16900 1 35 TCHIME A T K g E

Table 1: REEEVREREG], “B/~FEH" NERRIRE

A E ZFRE AR R H) HEEBEEREN N HE, 2H0ERIE LR RRR - 7%
B 5 R BIFFY < PRS0 BT AR SO 5472508 SRR AT 3T - SO TE U R AT M 8 T
55 VR B A 228 T 45 SR FR B HE SUAR VR 238 LR 7R (Liu et al., 2017) - K12 8] 56 28 AR 5738 & A1
PR FER SIHLHI(H Blet al., 2020)REEIRZEFA RN o FRE AR FOBF 5T 1T BT AR 0 2K R
BB IR RAE R WS SR R R e AN FR 2 0 A AN SE 7« 348F — L0157 (Du et al., 2019; Pappas
and Henderson, 2019)i8 % AR SRR & BEDRIFR URSIRZ RE iR - IR, X Leff
FERTEN TR AT IR BINGR, TOIEMRATE2FREFIPRZE B A1 -

NULASR T —FE T /IR E A 5 W BHEZE (Partial Self-Training, PST), ZHEZEE
TN TR FH B SRR 25 R R M B SR bR B AT 5 R R TS . LA, PSTHEZR 1 S A FL
(AR SR A R TIE AR S AR BEE S Bl 2R LR BT RY SR 5 1) B SO R B Bhith 25
KIE TR EIR A 2 PREEIRTT 7, B& R F R E L HI S AR 745 90 3T IR SR 4 A
REUEFIARE « MG R E RS . &EEEA GRS =ZMARPRESNIREE R
STHUTRE R AT H . SRS, PSTHEZR M T A BRSNS A, AT LU G A 7 T 2% fiR
BRRPREXT T N — A RS R TCAMEEIE SN T SRR AR 2 2R E R
KA TR IEBIRRES, ST R KR ARSI SR AR RN, 53— THI B & X
RIRERIHNTE, hABIFEB SR D, FEmEmE T SRR SRR S/ -

N T EINEE-IFEPSTIEZEAIMERE, AU BIE A AR S B SR LT85
IR R, MEANTENERERIINE, SRR RS R M, mMPSTHE
ZET] LATE— BRI LR TREMEUE, SRR 2 SR AR i o[RBT AN R 2 028 43 SR 20
MR FRSEIRE R A, AT EMEREIRSE L, PSTHEZENS AN [F FI#UH AL A & R 2
FERIEREE, A UEPAPSTHEZRRFEAME « SRR, ASCTEE LT = M.

o AIHFEH T —FERAIMAE SR RS BT E) 5 B S S EZEPST, XHESRE 1 1 72 7]

FHBRRIR SRR R AN 58 A PRIE BR SN 2 hR2E SR 43 FMBETY 58 Al ) £ TR S0

o IRIHTCCKS2022 Task&TH [ 4 Fil AT 18 i Few-Shot 2544 3= 74 T B A1 E 55 B B 11718

F, WET N ENESEIEECCKS-IMLTC, ZEIRRE HIF I E SRS R TH

ANSEEFRE R « 1ZEURSE KA ST A RS IEH AEGitHub L FFYR, ik R 23]

5T - HH RS S IR O AEGitHub RS

HEEH: 2020-2024 BAREHERESEABATH: BIOE S EREEREIR R4 (61936010)
Ohttps://github.com /15962171082 /Incomplete_ MLTC

BT TEPEEE S EARRE, & 7ﬁ—%30§3 e IR 5
A S

[, 202348 3H%5H.
(c) 2023 HFE s C{E H AL ,
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o EEAAUEEMALKIEE Lr)LiRY, AR PSTIEZR B EMYE, 7 Bt —
TERESE L SRR RS AN ST S PRI [RIRIUHT A AR -

2 MXIE

IR H R B o 2K 4% BRSSO R — D ELE D TUE UIR%E, R T%
ESHIFREZS AL, F—RERTIORIE LRI, B RKE R TIRZER KRB
I, B=RERTIEDMOITT, BIHRE R T ORGSR E R -

SARIE LR IR: Kim (2014) K5 B AR B CONNE LRI R 2IOR, e E HmEE R
RHIFHIRAE A - Nam et al. (2017);Yang et al. (2018)ZE T Seq2Seq 175, SKARNNAHIA
MR, HRAETERIHRNNEES, KIERTMIAIPRE - Devlin et al. (2018)7F
T %R 5 B BERT BRI IR BOUARRIE SRR -

PREEIRI R AR DR AR W AR ~ L HRFERE R R - Hilket al. (2020)1&H TH5
FBHRPEERNIMLS, AT DIETONEE S PRZEAIRIN CES|HERRZE - Zhang et al. (2021)5] AZAE
552 ) JIIERAG RIS A S5, H R FHEK B A ATL A [R] I ARAG SRR R OR  Zhao et
al. (2022) B FIREIGIR GBI, BROZH AR ERR SN EEEE R

WEDA: HTEREVERR, S50 REIREIE & AR 9 Mm A2 5%
[ - Chawla et al. (2002)38 1 TR R AVEORE AL 7 ZUARRAE ST B SR B IR AT R 21
5o IRNTMET R ITETET S M AVNEEIE, AittLin et al. (2017);Wu et al. (2020)i#1d 1%
THANTR] A3 2 bR BSOR SR R AR 25 40 AR NI - IE AP Xiao et al. (2021)FIFHER 2 S K L5 5
B ERR ROk, DARAEK B B AR SR e 2 /D B R] -

MAREWREETE HERE: Xiao et al. (2019)7EUEFPREE Z [AIFh = BRI R IR, MRS TE L
15 BRI E PR AN U Z R OVE SCBERE, TSR & THRERISURFE R, JRA BIER I
I SL & Z (A VB AR - Ma et al. (2021)F:T B4 M 48 R A HE SUA S5 4H RPR 3 11 SLELB),
EAH 2RO RER N R R RIS A RIS E 18 S 7 Z B BRI £ -

EARBISRN SR B IR RS, Hde 2 W EIZRIREU > REEL, TR T A3
PSR 5E SARE R . Self-Training(Scudder, 1965)1E R —Ffhf I B 23S 7R E & H 1L
DT R, %7 AR 3 2 AR A A SO AL KA TC AR B0 17 B shin i DL Nl 45
BREE, HET BN o BB LR B & R AR PRI B R SR AN, Self-
Training— B & — MR TR T 19 - Z A ECINE A TAMIESW: PL2sElFE(Jiao et al.,
2021) - [A% (Sachan and Xing, 2018) ~ K AMH(Yu et al., 2022)5F o I JLHF KT Self-Training
BT 32 BB TR TR R D PR 5 1) SRS AR AL R A% 3 B 1 J7 T8 (Triguero et al., 2015), ARICHEH
P STHEZR 3= B4+ XF ] A R Rt 0o 13 D R X — J7 T -

3 T&EHIR

3.1 HEFHEX

BAVBED = {(zu)} L Brm— P ATHRERNZIRE XA S K HESE, EHND
AR M XN TAREM I E R GyH A - EFEAD TR Hn S B H e, =
{wir, -+ wiq, - w,, b, wig TR R B g DB o 20 A TIREREy; € {0, 1}
HARUE YARER SR, HERZILHNL, AERIE N0 HTAZEERE R A FLE,
NILHMERINRE R Gy T REFAE R IRE K, FILFATH —PE Ly € {0, IVERRELIRELE
A, MHRRZEIL L, THRIEN0. ALEE Gy 5 BENEE Sy R AR in %
B =0y, 1:c{0, 1}, HARTE YFRERSE, SEEiL MEEILNO0-

— i, BRI S RAESZFTFEE S — DM B B E R Gy Rey, HEE
S N TAMERIRE R By T BB AN T2 INE R S B EAR SR S0 FE - AT
EMEMZ IR SRR H PR NEFI AN TIRE SR Gy th &, 223 — 1 WU, B HE K
PREH) ey, [FIAT 22 RUAT RE D HI 55 R A1 B RARZE 0 45 70 880 R B2

3.2 FMERL

ATRFANR B Z RS SOR 7 R R G — BB, WImTSEIERSH 2NN BT 245
EARPRAVES TR, FIR A SRR RO (7 /5 S8 I B R /R PS THEZR IR X
BB BRI S0

%:+:E¢Eﬁﬁ%§#k%%i%,%Tﬁ%%%z%$ﬁ
A S

[, 202348 3H%5H.
(c) 2023 HFE s C{E H AL ,
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3.2.1 YR
BB R S ABERTR 2| 6] FHFFER R FIIH = {hy, - ,h,}, H ¢ R4, it
B () TR -
{hi,--- ,h,} = BERT(z;) (1)
HEFENFRRRER TR € RY, dNFAMEFRRSO4EE, LTSRS KE .
B it — DR EA) T BOVE SURFIE, 22 28 SO 49 FEAR TS 15 35 1A (] A WA 4% 2R 3o AR
GRig it — DR ELURBOCR ) M & FoRv, € R™, ITEWN(2) R -

vs = Net(H) (2)

HEro NRIBEERIFSCRMEAT T2, mAmE%E, Net®RAF S BRI N
G — L5 204
3.2.2 f#RG

RIS BN BE B A 1R GRS 2 R AR 1SR M) B B T iR 5 R EB R &AM E R R Ep, €
R EINR (3) R -

p; = sigmoid (W - vs + by) (3)

Hob RN, sigmoid WEUEEE, W, € RO SIERRE, b RE . FRERT
A Ep, B M EUER R BEn MRS A RIME, Rz KT HATEE 1= Ee, )
BN 5 UMK -

3.2.3 ill%
TELZPRE S RARSS Y, BE M o8 WE R MG Bk, iR w=4) R -

| k if ok =1
Lpop = og (p;) n 1 y; . (4)
—log (1 —p;’) otherwise

IRTMIZ A IR RN B AR T R G AN, SR A A SRR AR - T
AR SCSES NS L HIHER 93 22 PR oy SR T @ 3 ST AN [R] A K R B R AR PR 2 0 AT AN (R,
WCui et al. (2019)% 11 Class-balanced focal loss(CBLoss){E AR REL, 1 HE U1 (5-6)F7R -

1—c¢

reB = m (5)

(6)

Hrfe € [0, ) IANRERBSEL freq MIIZREHEMIRERN NS, pih E—2HE2K
PR Ep, HREME, v > O ATEERIRESE . AT R H TR A AR K R R A 5
FEILBR% o

4 ARXHE

AT T AR SO IR B E T R EARE R B B HESR(PST), WE1FR - BB
EPSTHEZRAVEBMREE, REHAPSTHERTREZNWIRELENSEFERE, SRRHKE
NGRAA A BT -

4.1 PSTHZE

PRE ) Self-Training HE2E R FAE N THRERE 8 LIRS SR ZUT T B shit e K& iR
EREARITINERBINIRE, &ERXERIREREARS N TIREEIEER & ERIFEEIRE
R BRI EIH A EES NS (1) A A LIREEIREARIGEONEE, (2)FH%
IARTL S FEARERIR ST OO PR T (3)ilyd FSE € LB E R I AR 3E 0 A R S
AHRRE; ()RS EMERMENERS AN TIERERRSERGFEH SRR, (5)%
2245 BRI REA PR R Bl 2 12 55 -

N —roB (1 —pf)vlog (pf) if yf =1
B —reB (pfz?)7 log (1 — pf) otherwise

BT TEPEEE S EARRE, & 7ﬁ—%30§3 e IR 5
A S

[, 202348 3H%5H.
(c) 2023 HFE s C{E H AL ,
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IRMAEAR IR B KA FE2PNEN G R A, N TARERE AT REF SR RIS, B
RUATRE & SRR PRE B I RO MR 25 TR E R TT LR IR - AR SCHR H AUPSTHEZR XS B
HESelf-TrainingfEZR 1 (2) (3) M P 1T THNFESEIE - WEIFTZR, 2 P H AU BRI T
PREEGE PR ETMES,  F 6 A TARERIE AT FE T, DURD 78 AR BT i8I ) SRR A
& N T RENS IR PR RE, AT E— MR — M IRERE LT — MIRESPRE
Wr4.2), By EBORERL AT AR B A BN TARERRE: « £58 = @i BE R E Oin
S, FATA A E SRR RS =2k EFIFRE - AFIFREFIEEREERLTT4.2) - [
SR B8 ST 25 5 5] 1] BBk A A R PR 2 IR A SR &« IR (B 130 A€ — 77 THI HE W8 2% i 0
TRTL A R AR RN T R PR 25 PO AR, 59— 7 T E s W B (B AR A H E AR AR I ZRATA
RPREREF= A2 oM, IR SR AR BRI S B EEHR 5 B RN R AL P RE

ATHRES
BE
R
isirs | poiRE
ATHRES FAREE
B : &
HeiRs B ERE 4 Rl
E%Bﬁ‘i}l\ﬁ: IEB)IZ S
| R

Figure 1: PSTHEZR A5 K]

4.2 HREERSRE

FHRLRASC TR I iR B B, G EIEAN A (RS 2 R SRS, Eid#
AR T AR TN SRR PR ZE AT #N TR

B, BATE LT — 1 2REERASE AState = {—2,-1,0,1,2}V, HANFRAT
PRERIE M TARERGE RSN, PRRIRENRE - 2RIEIRTE G State HIARRRE PR
HEIN M AR PRERPIRE, RS T BN G S AR, B A — 28|28 RARZE RIS bR
i, 2NRIEER, RIEIZNES AR, HEOMRR AT ZRE NG, HERE
EFZCIRSHIPRZE SAEIEGIME RIS, —2CRIAE AR, BB ERES SUORAHER, HE
IMERB A FEXNZIRE TG, HEREFZRESAIRE SRR GIAERIRE; —1,0, {UERF
FPRAS, A TIZRASHRZEE R E R S5 ORI, PSTHESR & UM B A X LR 7S /Y
PRETFT 7, FHARTEE D MPUE LA BHEA N SHBCEARERRE - ERBATOWBML—D
ERPREREREG: EATRERARMERRZRSTIR N2, B EERERPIRERL
NOEIRIELUT) - &, FliTR BT ERD PrE Se T b2 Pl (B2 8831T) - 2R, A
PN 8 SCEIE B BB T pos 1 1 1] BU(E T v 5 BT FRINEE D AR ZE G 2 24T BB IR 20
EF - ABIERHEE =K, R EFREIRSE S (JIX1513-1917), HAIEGBI{ETpo A 715
BT g FIHE 1SRRI 22 HHUEH & S50 P S SR R E (W T75.4.3) o H FEREARH
HAPREIRT 28, AIERLESEPHR S TR E R 7, MR A5 SESelf-Training ' L/ 15
BT 70 FAEARRIE D IREIRE -2, RIBUTRTL RS IR TZ R, WRZPREE
TEFARTLHIFT 70 (A1 7-1247) - feJmid@nd Iimidealk 8] FH N — e IR BB 8O S 2 f) 2 (55
1215521-2517) « BESRAIRFID IR RIR T T IR ZEAPSTI R R -

%:+:E¢Eﬁﬁ%§%k%%i%,%Tﬁ%%%z%$ﬁ
A S

[, 202348 3H%5H.
(c) 2023 HFE s C{E H AL ,
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Algorithm 1 TR ERS AR TE
Input: ZUMEA! 5 shar N TVMEEIE S M TIMERIE £ A TIT 0, BRI EIEDww. =
(25, pi, Y, By RTINS A A A RER, YHAE LIREES, NHI

GREFNTCATERIR R EAIEL - BB BET pos F1 L FI B E T ey
Output: PEikEH T —HINZRPIFRERIE.
1. WAL & R EState = {—2,—1,0,1, 2}V > E 4.2
2: Dirain = [ }
3: for (x;, pi) € Dauto do
4: S; = Stateli|;
5y ={0,1,2}
6:  for (p¥,yF, SF) € pi,yi,Si do
7 if Sf == 2 then
8: yf = 1; Continue; > AP ILF2, TN, EHIEZERNIEG
9: end if
10: if Sf == —2 then
11: y* = 0; Continue; > KB ICH-2, Tmiks), BRG]
12: end if
13: if pf > Tp,s then
" Sk— Sb41 gf=1; > FIEFETIHED, BRI —
15: else if pf < Tneg then
16: Sk= gb_1. yF—0: > KRBT A G, BB —
17: else if Tp,s > pf > Tneg then
18: yr =2 > R TNEE, tras NS
19: end if
20: end for
21: if y; not all 0 then
22: (i yi) = Dy gin
23: end if
24: end for

25: Return:Dy,qin

4.3 BEl%

T PR B AR B TR K B TR 2R« AN T 58— Br B A
AN EEGREINGETER, BT WEERRE, FERERRN T EERENHOMS
B o A PSTHESRE 1 1B ECBUM AR F 515 e B LA S I ARV ERREBUOME B, HIS5E5R (5 X
BARIAIR S o FIFERYIX B LLCBLoss(Cui et al., 2019) A% =X (6) #4710k, &= (7) 7R,
Hrf 52 & 53:(6) R - ACHEIME MK REBIERFIAEMIREE BT REAER
%

—rop (1= ) log (pf) if y =1
LeB—part = 0 if yf =2 (7)
—TCB (piC )’Y log (1 - pf) otherwise

5 LRSS

FEATTH, Bl 10 A B SRR LSS R 4R LT sRas,  DAIUEMIRTR 7 TR AR R
SEMME - ATE So AR R AN LI AL SR - IR, T SRR SR A S B A
TXFHEESRT « fefm, BAIHAFELGE N RS RE R AT R R 7T -

B T E TR E AW R, BITI-E30TT, MK, PE, 20238 H3HESH.
(c) 2023 FEFERESTTHIBES Y
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5.1 SEREIRE
5.1.1 AREIEE

ARICR A 2R3 SR 93 RAE S5 R WA S B IE BEAAPD (Yang et al., 2018)1Eh & A&k
W, ZEIRE R M FIER55,840 FIL SRR ERFER AR KA A . —REARRIET
—ANEELZNER, BIENERES, B RRIRIE L E R E RTINS SRR B2
Blo A TEIATZRVMEREIESE, HATEVREATEAAPDEIRE I, XTIZRE% AR Y
B2 AT p R B AL AN B — EEAR2E . [RIN R T BE AT VA ISR A BE AT AR B8 iE R At
L AT RANLIN BRERAE -

N T EREM T AR R NEATERVRERZ, AR AR 77 2% A ERR
BHPEARTRINER & RIS - THRE— FATHRM BT E S SRR F MR RE
—HRE - BATE LGP MERE & RIMEERCN2.41, HHE—PIEZ TR TIRE
By ERRMEZE (2,41 — 1.0) = 2.41 = 0.585, FULIATILREO0.1+ 0.2+ 0.3~ 0.4~ 0.5~ 0.585/7
W SR HLHR S 5 70 55 LU B AE S hn 8 9 LI RIE B MR R D — %, TR ST
FEARE T —FARPNEREREAR, FOTEOZEAINETERIE, MainE R SEHER
FHRAMREHE 5, FIHIZEARE S EE 2 A G ARG . R B, BATFR
HO.1ZR0.9F R R FENL 2R FEAIRE, AR AN R EIREATRR S ER, MNTIHE
BRI ARIDF HAE A GIIZREITERL « T THe B IR PIFR T RANAE T $ 1540111254k
WOTR—6E, TRIH), I ERIETEEAEGR LA E T 1620 & AR #TH 6505 -

5.1.2 HESHIEE

AT CCKS2022 Task8 LT [A] 4Rl AT 1 Few-Shot S48 32 AR B2 AR I H2 A AR R 58 53¢
TAHBIE, EME N ZIRE RS RS CEIEECCKS-IMLTCIE N ESL | N A
EFREETESE .

CCOKS-IMLTCHESE BRI BREN T (1)ECCKSEE N4 T AMBIRE, 8%
FEARE— B XARMZAESEN— T E N BHRA S H A LR, HEEREREAR
B, AR BT E R E R R AR A R . R A TR R BRI B R LR R
B RIS E T E o EEEEN DRG], FHEEERNZIRE ES BTSSR EIEE, H
S L1 LRGSR D) 9 NGRS - JRUESEAIMNEE - (2)h T IR F P BRI e fE FRA1]
S s =R L AT VR W8 AN R N o' S O N W £ ) e B VAN T s =5 251 RS Y
ZRER B o (3)XT LN FE RS AR EE SI0TEEE, fhE I AARZE A P2 B LB 19.2% -
BORBRBIESE B BN R, (ELEF AT M S N0 48 FF 47 SR R bR 4D 72 fR i FR AR
BRI, B KRB S LI L BRI PRE B R R A A60% £, TEERATA LS, 4
B12MFRE R R T, BATR X EFRE Y E— DR AT NFew, FTESLLE H B MUGHX Le bR 2
BTV

BiEE RER JIGE RiIErE WRKE LihhE FERER
AAPD 54 26,920 1,000 1,000 26,920 2.41
CCKS-IMLTC 96 40,000 5,000 5,000 43,147 1.21

Table 2: AAPDS CCKS-IMLTCEIIE £ #1154

FQOERTHAHBEENAERNDMIRERE - EFEREPERE — IR
RSelf-Trainingid 72 A T bR IE L A # & - CCKS-IMLTCHE#E X M A9 6 5 1 S0 A 3 25k
HCCKS2021 FICCKS2020 7 #H AL 55 B4 U AR FHE - AAPDEUYE 155, 8405 hniEEAR, B
FERR D A G LU S ZE H1,00055 YEMNA R SRR, BEERE T PIFREREAR —F LB
8 B PR E YA ETPREEE -

5.2 VEMIERR

A = MR 2 MR RE - 55— FhIEhn R 1 2 (Precision, P)~ A [E# (Recall,

R)FIFE (F1-measure, F1), Z¥gFRE HT 9 R ESHEBEGEIE TS, - 5 MEN T8RS

"https:/ /www.biendata.net/competition/ccks2022_eventext/data,/

BT TEPEEE S EARRE, & 7ﬁ—%30§3 e IR 5
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DAITNR R ap R T RS, WRIA(8-9) PR « ZIBEPRH TURFENER (LI et al., 2020)#& Hi,
FA T PR 5 M R SK AT AR B RR 5 P17 T AN « A SCREZFE PR ANERAESS H 2R £
ZIEICRD KT, DPFAEERRPRZE R ERL B ROE,  [F] R UEP S THESR X 19 73 THT 2 F Hl 55 34

* 18— 1y

ap:OfTJ’ 8)
=t
=" (9)

LA £, 0 fo g B R IRAE SR R p e LR 5 20d BB ARAR 10 R 45 JE A 5y SR AR 11E

B, BA Tl R A AR & SR AP B PR S EE EARE AT B Hloss MR AT
ER . MARTLLIEES, BOFAFEERERIRE, RIS a3 TR LB E
HEIE REIRAAPD L - foFOoRTERIAEBEWE IR R 2R 1E - WAT(8) AT AL,

B R o, TEPRE PR T SR PR loss IR, EEREHN T I IEFI IR R = D T By K&z
HATEHIRIRNT  WAT(9)ATAAZ I, 3R5R B, fRPRiT EARF SRR T2 H PRER IR
EAE IR loss WIS, T — 25 P U A T2 R PRIEEE XS 53 FE25 HR SR «

5.3 SERIZESXHER

HATRPSTHEZEIZ H B £ FH W B 2 R SUAR 5 R AL E AT 5858, AE R L 4n
N: 1)BERT-CLS(CLS)(Devlin et al., 2018): & 4&H| F Flil 45 1 B AR X 4R g ) [ £ =
], SR JE M ) B MRS R o 2) BERT-Text CNN(TextCNN) (Kim, 2014): K BERT/EH
AR YR 45 A CNNA PRI EUAA (3 B - 3)LSAN(Xiao et al., 2019):f&BhiE = W HLHEIIR 1G5 E
PRI SCAR IR o 4)Focal loss(FL)(Lin et al., 2017):—Fh & 55 |7 4 B B IR 2K 5 28 5K
M o 5)Rebalanced focal loss(R-FL)(Wu et al., 2020):E “F# AN Sfocal lossf12H 4 - 6)Class-
balanced loss(CB)(Cui et al., 2019): A&~ 2K 178 808U E 0 18 5 10 #4228 F8T AL A 361 25 R
#¢ . 7)Distribution-balance loss(DB)(Wu et al., 2020):F F fit 2% 2. 1E I 1k 2% fig 15 B 56 71 22 /)
T 0 T 3 R A 4 2 RS - )HTTN(Xiao et al., 2021):FH T2 S ¥ L HAr % 5 R
PR RER, DEBKES AT RHINERBEREOMRE, 2 —MHETIBEIHN
PR 4y K8 . 9LACO(Zhang et al., 2021):i8 53 5] N L AL 552 5] 7 AR IR ZHH M R
5, I B A Gm S L] R N R SURFIFR /Y M & R 7R - 10)FLEM(Zhao et al., 2022):%
RCAR 25 3G 5 5 I R, AT R00Hb 32 9 AS 7] FR 25 A e & M6 B2 221 (5 8L - 11)BERT-
TextCNN+CBLoss(TextCNN-CB), EANPSTHEZE R EMZM B HT & R % L7
ST ERS -

FATBE IR B U5 B R bert-base-cased > filbert-base-chinese® 43 Al 1 Sy & SCHT A SCAY
WIDZE, B BT ER IR RN, KEBS . BRH, BANZER KA K H256,
22 3] F2e-5, batch-size 716, MR A ZREIXN20, self-traininglI¥2 IR 10, HEHLF
FR1227, dropoutH0.5, EGIE{E0.6, AFIE{E 0.4, LitZE4EE KN N300, FLEME
A o B 90.01, HTTNRER! i S AR 5 40 E 984, Text CNNHE K 2% 79200~ & H K/
H[1,3,5,7], LSTMREZE AR/ NA256, HEBMESIETEEERF IS P EEE -

5.4 SEREERSHHT
5.4.1 ESEHREE LRSCR

F3ER T {ECCKS-IMLTCEUR % F AF RGNS 455, H i Teacher R m K F IR ER
W%, Self-Training# 7 % FHARESelf-TrainingfEZ2 , PST(Ours) % 7K 24 AR PSTHE
ZR . RN A RN FIRELE T IS R AL, FRiESelf-Training NEZR T L LUABTTY (1414 2
Frig st SATXFRSREAHNTEAE , A SRR AP STHEZE T i 5 20T AL 28 0 A5 ¢ v A 1k E £
T, FEAUERA T PSTHEZR VAR Sl FE - X HORFEREZR T AIMERE AL IR, FRifESelf-TrainingHE
2R o (A R RV R (P (B B2 TH M RE, AR PSTHEZE = ZEAR AR 1 B [B1 R (RAE) LR T 58
RIERE - T BAEECT Self-Training, PSTHEZEX #UMELAL I RERIFRF IS E HARL . #—5 4

*https:/ /huggingface.co/bert-base-cased
3https://huggingface.co/bert-base-chinese

Br
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WP AR, SO BT 5 (6 G5 RSel Traming IR I SRER K HBHE B bR 24 1 0 (25 )
o, BTN RATB R IS FUIEGUFRAE, JETT BTt 0 IE D7 0 i )
S RAOPEEER - TIPSTIEALE i T (00 & R PR W AR R U E IR, T
AT AT 2 O E R, BB RO (B 7 %

2R T 7R R B {ECCKS- IMLT O B2 5856 7™ 8 Few R 8 4 £ SIS 58 ]
BIUNI T RS2 LSR5, PSTRESLAEBR R M GRS R 35 31 #OT BT 271 9
OB o (R A DL4 BOTBURIE AL (I, BRMESCLE TrainingHE4E R 1 5 4 BU 3 56 61
b, TIPSTRESAFE BUTBA A A RRIEMIRT, FIIF S HIED T PSTREZRA0ME M,
AT BRIV 2 85 R0 2073505 S0 « 38— 1500 M SR A 8 2 P 3 48
& ERSIRER, RA1Z IR T B IR % R OBAFLEMALACO, $HHIRE S it
WBPUINCE, DBSHE T BPERE T REIIECH 18

o) Teacher Self-Training PST(Ours)
P(%) | R(%) | F1(%) | P(%) | R(%) | F1(%) | P(%) | R(%) | F1(%) | Ar(F1) | Agr(F1)

CLS 79.91 | 63.81 | 70.95 | 77.37 | 63.08 | 69.50 | 76.60 | 67.25 | 71.62 | +0.67 +2.12
TextCNN 76.69 | 71.91 | 74.22 | 7591 | 73.87 | 74.88 | 78.06 | 72.22 | 75.03 | +0.81 +0.15
LSAN 75.51 | 59.89 | 66.80 | 77.24 | 60.89 | 68.10 | 75.34 | 63.92 | 69.16 | +2.36 +1.06
FL 80.99 | 68.83 | 74.41 | 82.14 | 67.83 | 74.30 | 80.44 | 70.38 | 75.07 | +0.66 +0.77
RFL 80.65 | 69.67 | 74.76 | 81.97 | 69.37 | 75.15 | 80.36 | 70.58 | 75.15 | +0.39 +0.00
CB 81.16 | 70.28 | 75.33 | 81.83 | 69.39 | 75.10 | 80.51 | 71.03 | 75.48 | +0.15 +0.38
DB 74.76 | 74.50 | 74.63 | 73.99 | 76.66 | 75.30 | 77.32 | 74.68 | 75.97 | +1.34 +0.67
HTTN 81.46 | 67.81 | 74.01 | 81.56 | 68.38 | 74.39 | 80.79 | 69.88 | 74.94 | +0.93 +0.55
LACO 78.19 | 71.45 | 74.65 | 78.85 | 70.46 | 74.42 | 79.53 | 70.68 | 74.84 | +0.19 +0.42
FLEM 80.54 | 69.39 | 74.55 | 83.91 | 67.81 | 75.01 | 82.05 | 69.57 | 75.30 | +0.75 +0.29
TextCNN-CB | 76.56 | 74.35 | 75.44 | 77.00 | 73.53 | 75.22 | 77.59 | 74.68 | 76.11 | +0.67 +0.89

Table 3: NEFEAIECCKS-IMLTCEUESE Fysegs4s
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Figure 2: ARIEAIZECCKS-IMLTC I Fewbr 2 it SLE0 45 5

5.4.2 ARREUESE IR

B3R T AN RISR A B2k 77 22 (3 L 175.1.1) F Text CNN-CBTE A L& AR EAAPD I
WISEIREE R o B3 (a) 5 B3(d) WA FIHESR FFLEREIRZE B LB 2 (L 322 I8, AT AR HiFE S
BROCR BN P EHESE TR RERR S E P NI, (EAET EUM B R A PR Self- Training fE
2R, ARSCIRHAIPSTHEZE FREBEEINENE, RIPSTHEZR R] U 2 2% M f 2R A7 25 0] A2 1) 7 T 5%
MErE TSR TR TP fE,  FH ELARZE B K (AR ™ B AR T RCR B - [RIE BAT] & AR ST Self-
TrainingHEZRLE R AN RI PR E BRK 7 5 T PERER AR A ANEIMARTY 15 B BUMAR T 52 1] R 2K R
B RN AE XS VI ZRIEST 53 7T BE 2 S BOPRE 55 R A8 S TR A A N — 50l %R, 3 148
AP ST i B 27 S HEZR AT LR i X o {H SRS A0 42 Jy DR B R AS R R X MR PR 5 A HE B, RIS
RIS N FEBR R IR I RE

[H, 20234E8H3H%ES5H .

25



HEEE

72.5
70.0
67.5
65.0
T62.5
60.0
57.5

55.0

52.51 . . . . . i
0 01 02 03 0.4 05 0.58
iR

(a) TE—F1H1I%ZE

—— Teacher
- Self-Training

0 01 02 03 04 05 058
pioEd

(b) FR—BIR LA

+— Teacher
«— Self-Training
e~ PST

0.20
0.154
ﬁ
9&0‘ 104

0.05

0.00{ *
0 01 02 03 04 05 0585
o

(c) TRRSRMHLE

70 ::EQ:;‘ —— +— Teacher 0.8 Teacher
0.81 —=— Self-Training . —=— Self-Training
60 o PST o psT
50 0.6 0.6
£40 & »
0. 4 w04
30
0.2 0.2
20 —— Teacher
—=— Self-Training //"
10{ —— PST \ 0.0 — ool =/
0 0.10.20.30.4050.60.70.80.9

0 0.10.20.30.40.50.60.70.80.9 0 0.10.20.30.40.50.60.70.80.9
wiRE pezES

TRIRE

(d) HRF1iZ%A (e) TR IBILRMLZA () TR RS R LA

Figure 3: NRIFRZEHR K TN AN LA BEFEAAPD £ RSLIS 4,

Kl3(b) 5 El3(e) WA FIMESR T IR LR FAPRZEERR LU BT B, AT AR IR R 2K L 451
AN 50T ANRIRESE T SR KAR AR AR N = 5% » 2 R FIKRET0%H
ERRARZE T RAIR ML MPERS . TIPSTHEZR A LIRS i, JUH R SRR F H90% I PSTHESE
AT LRI ZR OO0 22 40% - El3(c) 5 I3 (F) NN [FIHEZR T 1% 5 RBH AR 25k 25 A7) 28 AL B 37 2%
B, R LA BIRE & T35 i 2K 2R A 3G DR B 22 (B R AR25 1 2 VE S 2 ) iR S8, T PSTHE
ZRRE AT REF™ AR SR BRRVR RS N B PR B HAR K, A A RSS T HOR S MR .
JERISRUL,  SEES 45 R R AP STHESE AT LA AR B SR R 250 AT 1R S AR AL R 77 THT A 5T -
5.4.3 AREIESA G BEEREENPSTHESR AN

El4/g R T PSTHEZE 1 iE 7L ] BB AN [F] 4H & B Text CNN-CBFECCKS-IMLT CEUE I (5248
LERPOTE, BEBRRT AR IERS S, MR OBRER P LEBR, BAIZIPSTHEZRH]
IEBIE(E R 0.6, G BI{EB 0.4 TP RE AL -
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FISESS, SEUSAERUNFRAPR, H A Few A5 BITE B2 PRE 6K ™ B F Fewin i & LAV R
S58ALIIE PSR, A TAEMRERRRTEIMEEERERZN . §aFEANTZMERR
SMERTCFRERTE R AE A TAMFEEGRE L HPSTHEZE, MR pEReE BB, Mt
BHPSTHEZE mﬁTuﬁTméﬁEﬁ%%ﬁ%\ﬂ%ﬁ s BERNEHENBEERR, JIRE
TEB BB EBARIELE R AL N PR ESelf-Training,  FLETEEAREH ﬁF)ﬂ?%HEE, {HFewtrZs FHIVERETYE
s, RERENEHEEHE TR, N FewlnZ I ER1.36 % H I BB PSTHEZE IV H
RRZERE . BRIRUL, PSTHEZER LI 9Fﬁ53E*F£E§ﬁﬂ§§$EﬂEﬁ%ﬁ?g;ryné§$T£EEﬁéﬁﬁ%i:%s?f
%iUﬁi%ﬁﬁT AE, [FITPSTHEZE A A BB SRR, HoAthFRs % B 55 & H R0 2 B AR 2R Fh AN AT B
BREER 5>

Few(F1%) All(F1%)

TextCNN-CB 57.90 75.44

TextCNN-CB W/PST 66.33+8.43 76.11+0.67
-Unlabel data 63.99.46.09 75.8240.38
-ABEET g 58.35,045  75.22_099
-Partial label 59.2641 36 75.37_0.07

Table 4: TextCNN-CBZECCKS-IMLTC L 74 fsC a6

6 u_»«l:l ’:‘J‘Eé

AR T — 2B T REPRERN B B EHEZR(PST), MR ZRIMENBAEL IR
IR KA BIRMN « ZHESR R —FRALTE e IO R UIEZR AT LI 2 AN R O 20
FE T RSN TR ERE R BOTERL R RIS, A Z2INERIE SR IREAN TR, 2t
TMTHISE | BRPRZE AT H R AR - SEARAE SRR, JARH SR B A @A, H HiE
S RE R ARG A 52 A DRI [RIRIUVAT SR RN -

FA T A RHBOMARTL 7e 138 th MR G ST HEZR B PR, SSCR B UM AR A i PS THEZR
DA LF AN FEBRARARZE , AT BE AR B 3 2R fR AN 52 S bRy AR )T l%@ﬁmﬁ%%%~ﬁﬂ
HIZUMRA, RIMZAESSHIBEIRTERE, BIATSIEHIFFIT A -
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Btk A FEIUR B R d B e PR BB IR RS BT A S

e BCE loss
Lpcy = —log (pf) if yf =1
—log (1 —pF) otherwise
—log (pf) if yF =1
LPm‘tml 0 if yf —9

—log (1 — p¥) otherwise

e Focal loss(FL): yH#%

Lpp =41 —pf)Vlog (p) ifyf =1
—(pk)Ylog (1 — p¥) otherwise

| —(1—pf)7log (pf) ifyf =1
L?(zrtml — 0 if yf; —9

—(pF)7log (1 — pF)  otherwise

e Rebalanced-Focal loss(RFL): 7ppifl(Wu et al., 2020)

LppL = —7pp(1 —pF)Tlog (pF) ifyF =1
—7pp(pF)Tlog (1 —pF) otherwise

. ~Tpp(1—pf)Tlog (pf) ifyf =1
L#p = 0 if yf = 2

—7pB(D; )710g(1— z) otherwise
e Class-balanced focal loss(CB): ¢,y HiE%

1—c¢

T = —
CB = T jreg

Lop = —rep(l —pF)Ylog (pF) if yk =1
_TCB(Pf)W log (1 — pf) otherwise

[res(—p)Tlog () ifyf =1
Lg’%rtzal _ 0 if yzk -9
—rop(pF)Ylog (1 — pF)  otherwise

:+:EEP '\Vl—:ﬁln |:| %j:%
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e Distribution-balanced loss(DB): A% 7pp, ¢ I(Wu et al., 2020)

Loy — 4 0B —af)log(qf) ifyi=1
~Pppi(gf) log (1 —¢F) otherwise

| ~7pp(l—gf)'log(qf) ifyf=1
Lpg"e = 0 if yF =2

—?DB§(q£€)7 log (1 — qf) otherwise

B % SR ] oA

AR RS E = ORI TIE B 1, fE A RN EE AR R R B S5 O ERCATE T
[A] 2R A T HIR 7= 52 38 0 A S AT 12012 ~ 22121690077 55 7T HITE 13 17K -
MRRIME RN : EARMEN, WSk, BreFmE

PRUE RPRMERS:: BRI, W55ER

BRAERIN: (515554, BOREET

J—_EWU[\E_E”ETPOS: , ﬁlWJ@HETNeg: 04

PSTit & FHEAFREARE L -

AR (E BRRE O BISEN0  BIREER O
epoch1¥]4>: / / 0.53 0.47 0.23
epochl’{ﬁ?&: WrERE 0 FSHEA0 BARER -1
epoch2fT 53-: / / 0.44 0.16
epoch2IR 7 W=EHE_ 1 HE5EN0 BAREEF -2
epoch3fT 53-: / / ).71 0.46

epoch3 IR FUEHE 2 RESEN0  BREE -2
epoch10%T 47 / / / /

epoch10R 12 RESEAN -2 BAREE -2

Table 5: — & ATERFREREFIRIFFEIRSAEPSTII P L - PR ZiX B UERT M
PDAFRPRE R, HA2e B N —RIKIIZRRIEGIIR, ZLEIREIER T —R %k
MBI, BEREIERNEERE AR T —REEIIZ% .

b R RS A S, MU0, WK, T, 2023831 E5H
N TS J =
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A Multilingual Event Opinion Target Recognition Method
Incorporating Chinese and Vietnamese Association Relations
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Abstract

Vietnamese opinion target recognition is an important research component of Viet-
namese event opinion analysis. Due to the differences between the grammatical struc-
ture of Chinese and Vietnamese, it makes the association of multilingual events complex
and the representation of opinion target difficult. Existing research methods can only
realize the bilingual representation of Chinese and Vietnamese, and fail to effectively
capture and utilize the association relationship of elements in Chinese and Vietnamese
events. Therefore, this paper proposes a multilingual event opinion target recognition
method that integrates Chinese and Vietnamese association relations, using element
co-occurrence and overall semantic association between Chinese and Vietnamese events
to build a network of Chinese and Vietnamese multilingual event representation, us-
ing a multilingual pre-trained language model to obtain the feature vectors of element
nodes, and using graph convolutional network to aggregate node information to obtain
a common representation of Chinese and Vietnamese in the same semantic space. In

*IEVE GBHUWEE) : ztyu@hotmail.com
EeuH: BEXREARREES (U21B2027, 61972186, 62266027, 62266028) : = M4 £ H EH K & T
(202302AD080003, 202103AA080015) ; =~EEEMIFFITRITWE (202301AS070047, 202301AT070444)

B T E TR E AW R, BIIT-R420T, MK, PE, 20238 H3HESH.
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order to achieve the recognition of Chinese and Vietnamese opinion target recognition.
The experimental results show that the model in this paper can construct multilingual
association information more effectively, and its F1 values are significantly improved
compared with several baseline models.

Keywords: Opinion target recognition , Multilingual event correlation , Graph
convolutional network
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EEOF DAL, ASCHR H— RS PUBCR B R RV Z 8 S FE A RIRBTTE, %07
A 3 R POBAE SRR SOR AN i ) S B 3] (R PR ) (B 19 M i S A B, 45 5 PP SO
SEEIANGRAL, T8I RS AR M A R AR DOBODUE VIR R R N R AT RERE B, S WA
GRS METLRBIVERE - ASCA T ZETTRAIN T -

(1) FEFRSCAIRE R B PP SO BRI S AT R R, S i B MR T 77 A
MARZR, WA TR ZEFEERRARGEN, BRI PGB SRR R — A ZS [/ N B R
KA

(2) EFHZIE S TOIZRE SRR BOFIR SORRORHE &, R EAE e SOR T m %
ANZRAE, 6 BB M 482 3] 75 SR IEH 25T AR E (U R SURRAE, E AT DOBL A0
SR -

(3) TEFTHEERIDGEIT IR ER S LT 7208, ML A REEEAL, Frif ik eE
HRKREHRTT -

2 FXRIE

WL G R R R L ) 1 AR T U e B, B = AR A M i) — R E 2,
2 E TS5 5 LR — D E T mEE IR —ER 2 o MR BIRBIE W TIUE LHIPRE
A TR SR FOR R ATPRES LA SRR SR AT LAy 9 LU KR T5 1% -

2.1 ETHRRHEZEINTTIE

BETFEGHLE ST B0 15 E B 18 i A\ ) #UIU S 4 H i ek i 22 3 1ol A\ STl A 26 (5 R
AN ANRA LS 2 ) I EER AR B RE, B AETINAG T 2> FiE L ET
LB ST .

2.1.1  FETHMFSGE %] FE

T MG T B2 > 7 ¥E R ERHERVEH T T, 456 a8 sl e m R < 38 520 #0
FERERN - 5 and AR K (2007)5& H T — R0 F S BRERIFIRR 1 507 77 V532 40 00 5 AR AiE
FIEE, I B 4 VR B R e RS R SRR« Qiu et al. (2011) BB BRTR B WL 556}
SEEITR RAEARNE R R, ST RIFRSTIEEE R X e kIR 5 KRR A1 B ARk
5, MLBEREBNSBULES/ MIENEDE, mERABEEATE, RIBESHAFTE
WREFTHIFIN, sk K AR s &

2.1.2 ETHLEHEEINTIE

BT HLESR 2 B0 7 1R G Bl N AU 56 15 B S8 SNER F0 R R F ML gs 2 =) I BESR AR A
fE - Titov and McDonald (2008)% F 28 & i) = BUR AL 43 A7 FH R BN SCAR R LS R 5, FRES
e AR E, R AR R AL AN &R, R BOR UL A S TR 2K - Moghaddam
and Ester (2011)FIFHKFITLE 940 (LDA) $REOUL ST GAAE R AR ™ Fh7E & F 18 - Li et
al. (2012)#8H T —FFTIIR RBEN TS (RAP) BiE, @ H AL RREEE R K15 /]
AR RZEHIRZR o Li et al. (2018)R5F8E—1™I AR R AL SAFIE S R G T B AW A5
S RAFEFATRENVG, 5 AR O SR sl ot A A AR RS A A e B O XL s RAFAE AT 2C
B, B RRE MG BRI LAR SRR AT R RE - BT HLER 2 > A0 J7 1A F RS 2 T
G > TR —EEuH, (ER &R EN TN CRFEATIRE, ANMEMRZRS
MR AR, RN HLER 22 S R BRI AR R B 2 R EMFMCEE, HUTHIEE & i
18, MELLEN A E B RBIERRA.
2.2 ETEREXINGTIE

HTRE S T ARG [, fEFCNN - RNNFILSTMEE - it 41 7 fry e 228 A
&N SRR AN HTTIRT, Ding et al. (2017)%2 Hi 5 FHUN ZEPEEA w228 [0 2% b A ARl B A
B LIS BRSO AIRE SURFE R /R - Nguyen and Le Nguyen (2018)7ESenTube£(1E
B IR T HEFAN-gram BiLSTMiAlfk A, FT#H 172 1E S WS G AHES] -

XL 2% BRI /BN E BAIRFE R, REMAR T AR % SE1R P 41 B8 SN
TEER, BRENZE T ZEFN2RILI, MRkl Es 7S LK

%:+:E¢Eﬁﬁ%§#k%%i%,%MJF%M§3%$ﬁ
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3 [, 202348 3H%5H.
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BXER - FEREESIART AR, TRk EERMANZE 5 T8 S RA) 2 A
BIMLA AR ESS = A -

2.2.1 ETEERMBRTTIE

P R 228 R 28 AT UBIE 7R Y s Z AR (5 B LR, Yao et al. (2019)32 Hi UK E %
FARHZE M 28 Text GON, =T 1A LA OIS IA] 0 R HIE T B, 1% 7 1E ] LAR]I 22 5] BR A0S0
B - TEZESHIES T, Li et al. (2020)RF B M 4N HTETCA>] /7 H - Wang et al
(20212 HCLHGERY , T R LIT Text GCNITVERIME T, R HE ML AEZ E S X
AR, BRRT FAERE AT EE UG EMZAR ARG RX—8 A . BB R REKR
B HeR/EREMR— 130K, ([EARRRHIE LT AT REKER, FE T 0RH
A 518 2 B B R, M LURAS M s IR RE -
2.2.2 ETEZEFWMINGIESEER Tk

FERETGESEEN A LR, Moy ERESREEZIES IUI%IE SRR
W, JF BIZR R ARRBIFE R 2 MRS R I LR B 15 51X HE7) - Kenton and
Toutanova (2019)if 1 7E104F3E = P4 G RHERVE LHA T I 2L TmBert, ££ESITHE
B T AERRER - Lample and Conneau (2019)#& H AFUXLMAEA! | 8 3 14 1% Jr i3 25 Jm 5
ZIEE WA T3 [F— A Z ARG IRZ1E S AL . Conneau et al. (2020)7E 2 Fif (2l
EREH T ZESTWINGESRAXLM-R, i1 T REESHEMINGREINEE . REZIE
SZIESEECERE TR ZRMIEIR, XERANRH AHE BIE S Z R AEER
SECHVAE S RIZACIERE N, [N 5545 18 RO G516 (Mt & R B VERE R — iR =ik T
YRR -
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3.1 WRIUAT RRIE
LI T TextGCN(Yao et al., 2019), WX HFFEFEX = L, 4. EAEVIIET SAIE, H
Fngoc B XA T AR . nwora B HRIA T SAVEE (BFIZGREMNINE) | FEARCREAE
HZEF SR8 S BRI XLM-RRRAGDEIGE IR ORI, HREEAIE R 7 B e
SORT SR AR -
Xs,

_ | Xs.

(nsctns, +nr.+nK,)xd
HA, ng, ~ ng, ~ ng, ~ ng, PHFERF L CALE « BEFTEFILSUREE - ORI
EMBEIEREARE, P IOTRSORT SR ETIE SR SR A B X, € Rse*4H1Xg, €
RrsvXdRoR, KPR R RIYERE « TN IBRBEIA T SRR RS, BRSO g
TR0 R T S B RN E RO -

3.2 ZEFTRWEMHE

T 8RR B VR EEOE BT RMEh, B DR ARTE AR R 22 ST R 2 2] B BB 1B R R ) SOR
5 REIMZEE T F—3F 4 T2 BT WA R A RN TF R R o« A SR REZE A B4 Fh SR F0
KABASE—NFHEF, Bt —MENEES RoRE I BA, B UE BMHEIME B E S
— MR A AR S SR ANESS B i — 8 SR T R RS SR T SR
B, TR = (ng, +ns, +nk, + ng, )& SRR E TS SOREE FINGE L H S 1A
WEREAM, RIEE T RHEF T SFAEHEEE -

No. T ELpu
1 Se R ]
2 Sy R IE RIS A)
3 K. R A
4 K, 7L o T O B 1]
No. 15 AR
I S+ K. OGS AR E & H UK i 1A
2 Sy Ky 7R TE VR ) R R R T K B
3 Ko Ky R K B 1R 5 R R T S B T 1] B
4 S, S, PITERA)SEEIE A E R E SCHERUE

Table 1: PUBEZ1E F FHAEIRIT A 0K AR

58 PGB AT A TR SUAREUE 2E P IR AR E A B S AV E R T A D E TR
MR, Hr SRR ]« PRI AR SR DU A Z AR SR Rk B RS, FEAE R
T Z AR IUFIART 7R R, R CEARIASR R, R A Z AFE R BIER R -

J B 2 ] ) 1A 2 IR 5T R R

T AR A BRE R RR R LG R 8 R TR S e AR M S BRI Y R AT Y
2, FHERHE S TR BR A — AN EE KNI E CORICE R IIE R, S aldET
SRR IE R A EAER S EEE (PMI) TR RSB S 2 [ AANE, 5 R EiA
%F{i, /) FIPMUE T E AT

- qog PL)
PMIG, ) =log 7505 ?
plins) = L) ®)
W)
p(i) = W (4)

H#W)RrEohE 0 H a8 RBIMEE, #W (6, )R BEhE N H RS <
TMGHIECE, #WREBRZETTEESE N OEE . SPMIE N IER R 2 [ §)1E

oA TR E R AR OUR, ’%31?—%42%, e IR 5
A S

3 [, 202348 3H%5H.
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SRR, TPMIE N B R R 1A 2 (B 018 A AR D EisE, HEPMIE A IER)
SRR IR 2[RRI

22 RS DGRONE e B 1R 2 (Bl A 56 R, T RUE 1R 7R 8 S B R 17 5 2 (Bl A5, 3
RIS WS SR A BT A, DGO e B8R X R 0 Atk 1 e S R R TR0 BE 7 A A3
W BE K, R OBOOE Fh 7 1A 88 DCECIE SOMRLR R S S8 TR 1E SR 7 3 R I Xt 55 131 5%
Z, RIBVCE H ARGE KBRS #5172 78 S 1P FTRIZR A, IR R A8 S R 2 5 R
El R

PRI ) R B R R A oK & -

T R BRI AR PR SO A IR A RO B G B 5o A) Z B i, A TF-IDF it &R
Wi, EATEE RIAAERS A F HELAIREL IDFFERIE B 6 & 1% 5 B A) FAE IR B s B
WAE, FEVL A S BR[NNI FER T B A TR-IDFEE 30 B E -

WAL A Z [H I8 SR R R

N TES A Z BRI B, DO MR T A A ] DU O g9 1T 6] — ik
AT R PER2ES], lid 218 F II4R0E 5 A X LM-RAS 2 PGB FiE 5918 A BN )
E(A;, By), [RINHFF S5ZAE U T R [0 & [A] AR L -

Ai 'Bj
A = 1B (5)

HAA; € Xg BRFiFFOFRIRIMAE, By € Xg, RN j A B E L SRR A & -
R LERAET IR R ) (A & )R A0, At M [ =L, IREBEZHQIEN
BIME, HEIRLMLUERRNIQ MR SIARTINIA R F «

3.3 ETEERMSEET SRHE2ES]

EMEZIESRWEE, BARRXRAEINOTFERETRE, MAR—TRENZZ-S
MG H . EBHMEE—MEZZmEMLE, o] DUARTE T 5 80808 %51 AT SBR[
. GCNA[LLET —ZEFORER XTI EATT AMEE, AHEL/IGCCONERN, HLEEZL
FIE RSB EER . WZEGONT AT EEERZMS KT AZEEFDBELR, MT—
JEGCN, Fifts4eT7 SEFERERELY) € R

cosf =

LW =, (AXWO) (6)

HpA = DV2AD T VPEIRIRELITFRAMEHERE, Wy € RUCFRINE M - pRBIEREL, &
AEHEZRELU « BT EMNE DGCONERZES SHERMAEGER, ¥ ERENT A5
fiE- ATLLFRN:

LU+ — ( i L(j)Wj) (7)

HojRRER, W LORRF IR ABHFERE -

3.4 VIR IUAME G 51
AR SARAS R AW L T S E T —RA, BTHRIRE. ERHEMKRE_Z
REVFR S i AN B BLER AS R AR AE R AO4E T R/, IRIE IR ANB g
Z = softmax (A Relu (AXWO) W1> (8)

Hiisoftmax = L exp (z;), Mz =73, exp (z;)-
RN A IS S EE R

F
L=— Z ZYdf In Zgpo (9)

deyp f=1

Heyp R BEWREMLREIE, FRREHFERN4ERE, 5RAEEMF, YRREERE-

oA TR E R AR OUR, ’%31?—%42%, e IR 5
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4 SEHRE

4.1 HiEg

H T UEBASEIS BB S, AR XS Conneau et al. (2018)F & PIXNLIZ & 5 UK R 5
B, MR T I EET AN ORI EIRSE - FIH I_JQ%HLE&KTTwmterﬂl%T/Ef”‘ﬁﬁj:ﬂl
EX“?JT?ET&E'%”%H“ﬂﬁlﬁ}iﬁ”j‘ﬁ%ﬂ%bﬁfﬁ;&zﬁéﬁ% I E MR B TR TR BRAE DGR, A
Femoji#iE G ENFRIAEBRSURP R  £F5 DUGBHERS, AT 8dE i a5
FCEHRIEYE, XTEUE SR IR 6:2: 208 L7 R ) l}”?ff TR SRIET 7]‘4@@']142 ERE, DB N B AL
TR BRI 05 BAL AN RERIER2, PR

R EA gk RE RETERR IR R

N L 3000 1000 1000

o

R = 2000 600 600
HC 3000 1000 1000

I Ik N

L E A R 2000 600 600

Table 2: PO RN GRAEIRSE (B4 )

WE maEE TEEW
TR T

o R L
WRMEIA e sk
HE o Hp

Table 3: PGEGFS AR S 5 25

4.2 VMR
5H Ay RAL SR, ARG 6 AN £ 2B BRI Ace (Accuracy) ~ KT

EP (Precision) -~ AEZXR (Recall) FFUERILERIENTENFEIR, M6 =T A4 BE -
AU

Ace = TP+§]€1§]1\D]+FN (10)
~ TP 4 P ()

k= TPZPFN (2
:(ﬁii) (13)

HATPR/RIERPIEFHTM , FPFRIR A RPERIN, FNER/RIERPENRFM, TNZR M
R IERHTII -

4.3 ERZBHRE

F FH Adam i 14 25 55 B 5 TR 48 Fl 4y R g #E AT BX & 10 1L %EIIJ{EﬂaﬁTum?ﬁl}”?ﬁ%
T mBert {5 2l POBONE W8 ORI IER R, [ R4 768, *F & 78 A) BUH U &
FIQ VA, @Fﬁdropoutﬁmtuiﬂ/\ WE BB B IINGEIIR 1007, K Eearly stop—
pingZE10 T HLIR G M LL10{Epoch (B3 2 IR) Bk B S ERE B IR0, 3R
FEE Fh e i SLIS#7E B8N GeForce RTX 3090 GPU L T, BEiR(E BT F40r
7N o

B T ?fj(% 17T f42ﬁ3 e IR 5
B A S

WX, B3 &, 2023$8H3E|5e5El
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2 I
dropout 0.5
2] E 0.0005
SN RN 100
BEhE O AR/ 20
PRI SCAM U BIEQ 3
GCNZEEL 2
GCNFEE Z 4% 200

Table 4: ZHUXE

4.4 FEERRER

e MT+LM(Zhai and Lafferty, 2017): R5iJIIZk 0@ pa & PE IR BN 30 R, FIHTIZRE
FIRBPRR AT RAEH NGRS R0 R8s, mATENNREIE _ESCH A 5aR ) -

e TF-IDF+LR(Yoo and Yang, 2015): BH RIS (6] SO AN f) 17 SR o e
)RR, DIRTE AN EISSCHF, 3B Id Sigmoid AT I T HAFERIERI R, %
RIPRAES - FHRIES FHSONGRIELER, HOURFEESCE I AN B bRt iT 05K -

o CNN(Kim, 2014): KM TextCNNER , FFHIEE S A SC)IGRAEER AL, FF (UREEXGE
A BIRE TR, REBTM AN N{3,4,5}

e Node2vec(Grover and Leskovec, 2016): Node2vecifi i [ 4% 747 14 — [ LI AE = =] 1Y
N, BT FERIEE EXp, g € {0.25,0.5,1,2, 4} TR, LR FRENSEOE
E o

o MT+TextGON(Yao et al., 2019): $IL6E FIA SR BIE DA B EITI6 . FIFIBIRIEH
A AR, 3R Text GONR 7 SUEET225] «

o CLHG(Wang et al., 2021): {EHETFEEGRMES, @iyl B AR E S #5C
HEHPEATEIE, SO Z AR N R 5 2 Q2 A 457

e Bert+GCN(She et al., 2022): f#HEBFAMLERE L ICRRINEEWEER, Z1ESTI
B S RIRBCCAM E N XER, S E 1T TR G B TR & 152/ An &
XA e & ) SCR AT IR B 432K .

5 SEIGESRAT
5.1 FERAISIIGNT LGSR

FenF T AR SRR 5 B AR R ZE B e R AN T A B R b A SIS N Eh
MELEGLERAT LAFR B, AR 5 A R A L R, BARS T .

(1) FASCER EMTHLM#FT I, DLgimdZ B SEE -6, ASCR BB KR 1E
BAT2551 1 H 0 A, SVERAETEFEROMREERSHE KEMERE [ R SGE T #%
N7 I AN B A TR AP ORI R B TS FR LS S R B R B RO RE

(2) WA R 5 TR-IDF+LRELN,, AR R RE R & TIZ & A0 e -
JREERMES B ZEANRMIENLE, 2185 50RE L E T RSERIFREIXOEFHEZE
FEA, MMTH+LMAJAccuracy 8 LR TF-IDF+LRE & H1-61H 4 4., AN Zs B RERg 3
PREME S YA B [l -

(3) W Eb A LA A 5ONNE: &R B, DUBT o B B 8UE & o ) AR SRR
FIAccuracy FIF1E 7 Al 55 2310 11270 H 70 5 - TICONNALA! 14 58 2 LM T+ LM B PR R 4T
VB F] B CNNREMS IR G H B8 1T S 8 AE , B HEGIE T (3008 B RN 18] B 70 1 52 MR A5 06 52
B A B AR A R] R -

(4) ARSI 5Node2vee ~ MT+TextGCNEIZE R | Node2vectRZi 2 BT [F 4 W 2% 1%
T, HEBES PG IEIT R RIS R REE T IR T, aX — AR EE RAUESE T B (R B RS R m Y

BT ET R S AR IR, HILIC A2, e R,
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RS 7% Acc P R F1
TF-IDF+LR  0.5358 0.4455 0.4321  0.4796
MT+LM 0.5900 0.42204 0.4241  0.4512
CNN 0.7286  0.5429  0.5333  0.5810
R Node2vec 0.7600  0.6514  0.6243  0.6084
MT+TextGCN  0.7700  0.6481  0.6067  0.6264
CLHG 0.6920  0.6537  0.6537  0.6537
Bert+GCN 0.9250 0.6743  0.6538  0.6639
AR 0.9625 0.7028 0.7098 0.7063
TF-IDF+LR  0.5080 0.4167 0.4255 0.4426
MT+LM 0.5150  0.4421  0.3608  0.4480
CNN 0.6900  0.5725 0.5250  0.5204
T AT Node2vec 0.6975  0.6695 0.6284  0.6457
MT+TextGCN  0.7100  0.6593  0.6546  0.6569
CLHG 0.7220  0.7278  0.7278  0.7278
Bert+GCN 0.9400  0.8446  0.8552  0.8499
YNy iR 0.9625 0.9607 0.8787 0.9179

Table 5: P 1E F H IS SR T IR ERER EL

HIZER¥ S BEST o M T4 Text GCNIEE! A ccuracy FIF EME FNode2vec B A 1-31 E 4 A
FIRRT, AT EEA AT T SRS BT AR, Text GONRF 17 S BIFT FHETT B AT A B
& R H WA ET S RIACEAE, BT SRR B RE gt — R B R FE AR A H A
VT ERIA T S

(5) XFHLASCIEA 5 CLHGHRURS , AR R AT A ccuracy FF 1{EY & T CLHGHR Y
ST RERA AR LA LS B S NME S £ R, AR SE 2 EeinEE R, AR
FHE SO T B R E P R B E BE N R B P R KBRS, N AR5 B r] UL #E 5 3
.

(6) 43 BT 28 LA S5Bert+GCNRY 45 5, DL it 2 157809 56 M ), AR Ui
HIAccuracy FIF1{E 73 A /5 H3.75 M F14.24 1 F 77 5., 2185 I 4R18 5 B8 0] DL 5] 2118
SR B CHIE SRR R, BRI TR ERERIR T, RIRTIESE T BB M 4K REW 2 5] A8 E 17
RIFHEE R, RAEBEAENRRESIGT .

5.2 ARZIESIGRE SRR SRR

NTHRIEAFMEZES NGBS EE N AR CER FIENREN, KI5 5
f# FmBert -~ XLMAIXLM-RXf £ 48 £ /1 /0 39 18 SCAR 79 5 30 17 RAE . 38 1) O 48 B 4 5l
H786~ 12801786, HEFTHSHXELIMEE, LI RIIERITR -

RS  ZESTIIZRESHEA Acc R F1
mBert 0.9318 0.6741  0.6638
F g XLM 0.9475  0.6891  0.6893
XLM-R (A&30) 0.9625 0.7098 0.7063
mBert 0.9336 0.8306 0.8714
A XLM 0.9575  0.8505  0.8982
XLM-R (Z&30) 0.9625 0.8787 0.9179

Table 6: /N[ £ 15 5 T 258 5 R0 SR04 R B RN

WMEZR6 R LA I, TEERARRRIZ 1S S IZRE S A0 T SO TRIE, PrE 530 EM
R, WEEZE S IR X LM- RIS IE AT ROR 4 -
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5.4 N[ EGEF o SERG L5 SRR

FEARICH, B T3E T (56 DAL S A2 SR EE 58 1 B TR A A0 A SR BEA VRO 19
RDGEZE S R, W T AR R AR 7B, B EE T B R 2 A1
HILR AR DU SORFI R B FIAS S R, 215 5 B A BN 57 K R APPSR Z [RI)E
FRAEE SR 2 = AT ARG AN I8 (8] 5 207 B el o 18 A <310 7 e 7 R0 £ Lt AT SE 3 o AT
SRISPERERRT HLEE A T R TR

RS WETE S Acce R F1
BIEZE 09250 0.6538  0.6639
s ZiEE 0.9425  0.6993  0.6862
ViNg'g 0.9625 0.7098 0.7063
BiE=E 09400 0.8552  0.8499
EHEEM ZESKE 09475 0.8501  0.8677
ViNg'g 0.9625 0.8787 0.9179

Table 7: /A IS5 AIPERERT EL

MR RTR LA L, AESHE 2 IR AL Sl b A 208 5 B i R 5 I F1E
L R T TSR E R RUE, AU AR R BIE E BPTAT B AN 2 0 S R AT B AT
Alve, PSP LER & T B R T BIRRCR, SLRERRRNINAR REL R A 2 BUE
FEAFHITERE -

6
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T SHEE N BRTE S OB REZHIES 2 —, B IRHEZ UAEAE LI XHE
BRiA o MHELIETC, KR XIS S, SR 2 i A FF & A0 AODGE T ST I
BHREMR D . KCEFFREIE T WA AT AR IR H H AR IF%EL,083 MATEFIFH %
NIVERFFRER G o 3, MMSEGE KT ER A e a7 - &fF, UE
ANBE ~ BXRE\EZE T T T ALE . BURE RS L2 10T, RIS MAF
PN R0 ) F o ASCHEIR BRI MIGRE - BIEEMMGRE, & L iR T
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K. BEEE ; TONE ;I SGHED ; M4 BR

Construction of a Modern Chinese Word Sense Dataset Based
on Online Dictionaries

Fukang Yan, Yue Zhang and Zhenghua Li
School of Computer Science and Technology, Soochow University, Suzhou, China
20215227039@stu.suda.edu.cn; hillzhangl1999@qq.com; zhlil3@suda.edu.cn

Abstract

The task of word sense disambiguation (WSD) is one of the most classic tasks in natural
language processing, aiming to identify the accurate sense of polysemous words in a
given context. In Chinese, the phenomenon of polysemy is more prevalent compared
to English. However, there is a lack of publicly available Chinese word sense dataset.
In this paper, we crawled and integrated two publicly accessible online dictionaries,
from which we selected 1,083 words and their corresponding senses for annotation.
Additionally, we extracted relevant sentences from web data and specialized corpora.
Finally, a manual annotation process was conducted through multi-annotator labeling
and expert review. The dataset comprises nearly 20,000 sentences, averaging around
20 sentences per word. We divided the dataset into training, validation, and testing
sets, and conducted experimental comparisons with various models.

Keywords: dataset , word sense annotation , word sense disambiguation , network
resource

* JEIE#E Corresponding Author.
Yhttps:/ /github.com/SUDA-LA /Modern-Chinese-Word-Sense- Annotated-dataset
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W STHEE BRE S P RLUIMESZ — - B BEIRANZE SURELS E LT ST AT
WS, DU B AP i B A F 1 & L (Weaver, 1952) « £EPOEH 2 SUF FLFIFERTEAR, HEATER
IRNES A 2R o B, FSOHBSEE RS - VISEE . B ERRSFMEE X,
TH S R R P B e RN X SR AT A R 5 B FH AR -

VA SCTH SR S 2 1A SUH B SS ROE R R, K& K PRl B ESHIT R . ¥ THE
B, CAADEE R AR R R BE SGE BRI T RS . — A e
SOE BRI EE O S AR F R EIRE: 1)iF CEEER, & RHE BN E BT UG
B 2)PRETEREIESE, BRI BE M E UROIRNC 5 HAETE S A A0 IR AR U R AR, B
FH TR Bl R A0 1A -

LI SOIE BRSO T R, FH A1 SCEE 825 WordNet (Miller et al.,
1990)F1BabelNet(Navigli and Ponzetto, 2012). #5{F & BFHEUIE 4 N H ¥F £ A [F 1915 BHE A
B R, B 40SemCori& Kt (Miller et al., 1993)~ Senseval-21& ¥} % (Edmonds and Cotton,
2001) - Senseval-33& ¥} & (Snyder and Palmer, 2004), Ll 7E3E S H 28 SemEval 1 {3
HIIEEHZE . SemEval-2007 Task 17(Pradhan et al., 2007) ~ SemEval-2013 Task(Navigli et al.,
2013)F1SemEval-2015 Task 13(Moro and Navigli, 2015), X HiER}E#L 2 £ T WordNet H H1H]
SRR AL -

BT, PO SUHBIT 7R PR, BdRIEENEZ - AgiF2 28 CITRER
TAEFFEUS T AR - Flandb s K2z p PGB SUPRETERHE (STC) ~ I8 1810 Uin
TEVEREEE ~ B T4 )% DU 18 SUTE B8 B (FICLS) BA R 7 PUE 18] SUPRIE 1B KL - STCE
BHE (= Fand 67 L3 2006) A (FUACTGE E LR ) 7E R BB, %20009F1-3H
1998 F 1 AR (AR B R) RN FET6425 %) #4722 SUATRE, PR T 966712 SiF S - X
T IR F A UMM B RHE (EAfet al., 2017)FFiCLSIERIE (Zheng et al., 2021) 2L (FRRTUE
TAEL) (CCD)NARMEMR R, B DOE B SR (213507 ) T EI118140 2 SUIRIEATARE ;
J5 T AR BRI T T064 0 % SUHE, B 12165555 bRiE BdE B DO 1A ST B0E R
o PGB SUPME TR RE (7 & et al., 2022)8 46 T 2 A BER, HifkEME#ET117.677
. OEE T38TASMNERE, WMANFEE T A RDOESIEAIE S TR -

STCIERHEM IS B F, BRI RN BBk Z R « O 238 2008 PR R
FFICLSTERFE MG R, e AR T+ BERE N IRE SRR, A EORAZFEE IR 2L
T, EZEHET (ARDGEFSR) #TERRE, THRERE B R SCEE 8 A R T IE A
T o PRI 5 Wi DU PE TR SCIH IS 55 T e 1 ot B 50 SR AR B R XE RO [ o RIS SRR, A4
TEERIZ R P SCHER M BER,  ORTM 2 BTN — MBI R A RN, S ERES W HTE
W, ZA L1 B A 4 B B B3 AR - FHILZS SO E SR A L8 B, E T 4R ER 14
B ERE s AR HATRERBE — R SOE BRI S -

AR SCIE T W 2 BERN 28 T R Z SR AT IR S SRS 0% H 1,083 M RIEVE N R PRI
SFER L MM LEEEEFA R B o0 A T A 77 i SO, A 1 R 8577 AR IR TIX
VBT SOH SRS - DIZFE N ERR, R SOR) LR A SCTH SR AT 1] SCTH PR, H A A
BIF VAR EIRE] T 77.74% - ARIGHE—Z 0 T WEEIR S T AERIE R, UESE T &AM
BEARR AT S AT SR -

2 i SR BN &

H AR I B (2010) 48 i, Fa TR SUVH AR S A AR T M AR, o 35— M A 1] R A ) 3]
M XD EANFEW, ATRSFERNESRA—E, B DS RR R A 2mH, &5
BAESRER HEUTCEE CECAIIE S - RN, BEE 2 E0E SR BRI A B, LIER R LR E
NFRR, HIERABORIEHE - S JLE, A WA Frfsin SUmiE Bk BN E B T/EE
R ER, GlossBERT <~ BEM - ESCHER(Huang et al., 2019; Blevins and Zettlemoyer, 2020;
Barba et al., 2021)iX£E35 53 A B L I(E B AVBRIER UG T 2 IFA] SO B S5 RS EKE - BF5T
T, HETEE W SRR R SR IR B AR A LIE R, RN CIE B SUH R
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VFZZ iR W 55 450 ZEE AR R D ATE B o AR5 A8 S0 IR B 4 i B SEFR s s
BRI, AEDOE! - SR 2 . (WS HE R AR E - AU ERES AEREE
T, B TR X A3 B AN B A B SO R 22 5, X e B IR 201
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Table 1:  “1H5E 78 2 R[] 1 4 1] 41 A 1) 3L

DU M T 20046, R—1MHEEERFRNT - 7. WA EFEEFCES T
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FEHO U SE GG e 7 M BRAF (0 )5, ARG DU 5 E S0t 7 i U7 Rl &
FEF AR ) SCTTBEIR, 2 & H 1A LTS 70 B0 PR SRR AT A TR PE B, DI
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B, BUSRRS P im MR 1= B P B R SR AE o ROATE R LIS B ET X —Kmg, KX
PR AR T 302,273 MATEMRE, HAHH 62,620 MAE R Z S -

"https://hanyu.baidu.com/

*http://xh.5156edu.com/
Shttps://www.zdic.net/

Ho T ERE TR S AR W IR, HASIC A3, e R,
Zeit :

[, 202348 3H%5H.
(c) 2023 HFE s C{E H AL ,

45



PE G E

BB ARAG A E L L 7 AN DU EER A AEVE 2 (AR, B WA 2% ] B B A A Y SCUTER IR 1)
A, DU T IRBURNIA 2T 5] & BB R - 9 T X EEEH RS R 2, Bl &40
SR 2L SGREAT T RGUEH . T B EAE R LHEGAL & 077 SO0 BdE 1T
TIEYE, BRORATA AT SO R LUR ESKR . 1) & IR E IR LR SOR R, A HAlE
B, WSSOI GatEr . <EAR S . 2) R NIRRT S B SL, ANEET LE S
%%?W%Xﬁ¢%ﬁ%ﬁ,W%%W@MEX%%E%%W%%o%%%ﬁ%ﬁﬁﬁﬁm

207K -

MIegia s | 2 SCAER | BT RS E | R UK (E

e 60,288 3.1 33.3
ST | 58,995 2.4 36.2

Table 2: Kb JE 1Y K0 2% 1A B G IR

2.2.2 XI&EHF

TESERCA BB S | ARSCRER A AR A TR A - — MR AOELA SRS R TR E T A T
FERARIER A 5 AR BRI TE SCTERIE B AT 4 o SR, TESEPRAIE AN R AT L
PRk Bhn, ARENE A RAEEME LIS E . RINR A AT BB XA A E T
TR T RN - X e A FE R IR S E BN A R S PMEAESS - R, ARSCEERL AT HEURE
REH LTI HLE: 1) AVFER R P AR R OR [F]— 18 LA R LI - 2) AN[EE SR DUFAE
T N THRANLRE, KICRET BEhEERAE, BEAEMEETREN Rk

WL LIRS e AR A R SR, R A RE R AN NN 2 A S
By AR R T AR EEZIAE B, NS, &RARER LTINS
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BRI | ARTEIE AR | AR | SO | WO E R | IREIE AR E

Bk 9,766 1,023 | 3,228 66.8 46.5
TESAEE 10,036 1,021 | 3,689 76.3 41.3

Table 3: FZEEUES T IERHEM ST 04T

——LWiBR e LR

15000 467°
14000
13000
12000
11000

10000

9000

8000

AR R EIE KR ARE IR

Figure 5: PRERIEAZE L

R EAVMERIESR S, WEAEIES T WER S AR 1, XERRIE T EIER R L
M, R T IER 2 REVE AR -

4 SRR

4.1 AN
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T GlossBERT, BEMKFT/A S ITAT B A AT 905, /A Bh TR 2 58 4 #b 38 AR AN /] LI R OR 1
FMAEE - SRR EH, BEMAMRSUA RN, #mitm T RA B At geR -

ESCHER. & —Fi & TBART (Lewis et al., 2019)F) TR ZRAEAL , & K ] 78 I a) 5 2
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BIRSE | BR[| O | ML | iEEAESKE | LIPESKE
Y& | 918 3,259 15,244 44.2 11.0
BE%E | 604 1,453 2,893 43.1 11.7
M5 | 678 1,778 3,645 44.6 11.6

Table 4: HIRELT
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A SR AR BNy AT RV ) AT AR . — N A T AT BT T AT
HERENESR, XEDEERE 2RI RLLH R — I, ARSI SR, R E SR 2 H B
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B BEE WRE BRI BRNEL B ERAWX

MF'S 26.78 41.85 X X X X
GlossBERT  56.90 57.04 86.53 68.71 27.83 25.74
BEM 71.04 71.12 92.32 80.47 44.53 48.77
ESCHER  76.81 77.74 91.73 84.38 52.57 54.53

Table 5: JHIEEAILE R

BEVEBEET, NMEEABEMIAZEESCHER, HEAM:AER R AR KRR IR B T HA KT IRIA
SR EREGHE o SRRSO ERAT T AT DA R A R B T AN R SN <R AR BE T BUER A

2% P2 B bR R VR OB LR S o R B T M B 5 AR R, B AT A TR1023 38 3 H 4 R
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A REEL PREERLEA MR E
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ESCHERo 700 13,357 74.55
ESCHERso 800 14,823 75.83
ESCHERgqo 900 17,001 76.07
ESCHER 1,023 19,082 76.81

Table 6: ANFEIEEIE T AESCHERBEA! FK N

HPREIE RN 15,0008, RAERE & BEE BRI INAEAGR T, ALBEE ER A
Wi N, RELEREAVSE T IEEE R MR, PUGAEPNEEREOASI25,0000, BRI RESZ B E R
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Abstract

In recent years, multi-intent spoken language understanding (SLU) has become a re-
search hotspot in the field of natural language processing. The current state-of-the-art
multi-intent SLU model uses a graph-interaction framework for joint multi-intent de-
tection and slot-filling, which can effectively capture fine-grained intent information
for lexical element-level slot-filling tasks and achieves good performance. However, it
ignores the rich information contained in the intent under joint action and does not
fully utilize the multi-intent information to guide the slot-filling task. To this end, this
paper proposes a joint multi-intent detection and slot-filling approach based on the
multi-intent fusion framework (MIFF), which enables the model to accurately identify
different intents while using the intent information to provide more adequate guidance
for the slot-filling task. We conducted experiments on two public datasets, MixATIS
and MixSNIPS, and the results show that our model outperforms current state-of-
the-art methods in terms of performance and efficiency, while being able to effectively
generalize from single-domain dataset to multi-domain dataset.
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Keywords: Spoken language understanding , Multi-intent fusion framework , Joint
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5P (Spoken Language Understanding, SLU) (Tur et al., 2011; Young et al., 2013)2&
] AR S XS R BEA RCER > R S8, HEBRIEAE—MEEZE, BEH A ER - FIH
BERAPE AR A AR, FIRAEE TR B R A, s ESR - T EEIRA
B IR X W TS R R, FISLURSUR B SRADREBE A1 Z R R - 78
WL R A, APEREIEETREZDEE, 0L N ERERE 5 F52% 016+ 2 £ 5 B
f)(Gangadharaiah et al., 2019) « Figure 18/~ | — DM EERG], HPES—10RESSRES
BERFREHTHEED, FERE Natis_aircraft Matis_city) F—FFFIFRICATSS AT E
WRERFFI(BRD, HiEAFREN{0, 0,0, 0,0, 0, 0, B-aircraft_code, 0, 0, 0, 0, 0, 0, B-city_name,
0} R, DMERTERZ AREEBNAEE R, TEESGCEFEMENEZER . &
i, ZRESLUZEZERE, HACERNAFEEETEEEENNHNME (Gangadharaiah
et al., 2019; Qin et al., 2000), BRI A S EZ N BEEMER - ~ T B LGN
., XuF A (2013)FKim%& A (2017)FIEIRREZ B ESLU - -1, MR AEZE T ZEHE
BEIRF, 128 T REIEFIESS - &, Gangadharaiah FlNarayanaswamy (2019) B IXZ iR H
T =M ESERK S AL BEEERAEET . Qinss (2020)#—HRRH T —MEHEN
ACHAEZE (AGIF) RSEINANKE R 2 B RE BB - T EREEM%[7)FE 8 |77 AR
L, QinEFEA (2021 H T — 12/ /mHE B SE E M 4% (global - local graph Interaction network,
GL-GIN), ZMBEE T 2B EMEE T EE Z R R 5, K5 T EHRITEGE -
BINZERIEUG T RIFRER, AT, e AERER B HE R L B R 7 (5 5 6 B )
P, WER ZEEET A EMETE EEEENRESENER, NI msEa
REARFTHTH0 -

N TR 2 B B S EE TR KRB LD R B I8CR, Bl lidd T— 12 2 B
AR, ERORZEEREGRE, ZEES T =MERNRE IR, S THEREAAFIIEE
ARG Z RIS H TR EEMAERE - BRI EEIRAMESEIEG N TEREEEEH, ]
R TEEMRLE, RETEERENZERGEERT, &R T BEERNS BN - 7EMIxATIS
(Hemphill et al., 1990)FIMixSNIPS (Coucke et al., 2018)F A LE R 4E I (L I0sh KT,
TATHIEZEIRTS T BAeEIMERE - th4h, BT RAFNA T EEGE, BAINTWEEER S AR
ERABIFIREE RS, KRS TUIZRRCE -

BN ESEWT: 1) BAMET - EERILZ, BiFFE T2 E8EIEEMERE
BEEmE . 2) HTHEFHAMABREGEE, TITER ERIMDAFST) 288E THTRES
BREIAGFIEEANZERMEZE . 3) EWNAFEIRE DRSS REN, TATHEZE AN
BB T BOEHARIERE, T HERESMHEERRAFIREIETE, KRS TIIGHRSE, AAERS
MRS SR T — M AR % -

2 FXRIE

RESLUCE BRI =, EXT £ & ESLURM BT R 7 JLFE A HEE R — 1 F i
% . Z % ESLUR HGangadharaiah® A (2019) &R E R, FH HQin%E A(2020; 2021)iE#H
THEHEZEMWE. £X—7F, BN ASLUL B — R0 TIE. SLUESERHWN AT
ESHER, R EEEEMERERN - EETES A DA —1FInEES, MR
HRIAESS AT LR — 40 B4R S5 - BRRRITEEFE A S (Conditional Random
Fields, CRF) (Raymond et al., 2007)H THEER, DIXHTERRBIFISFEmENL (Support
Vector Machines, SVM) (Haffner et al., 2003)f1Adaboost (Schapire et al., 2000), #REUE T
IRIFHIZEER - BMNREZEIFREDLELOE, XA FESHMEREMIAR T — 1 E &
Ko PEIAFZZ M 4% (Recurrent Neural Network, RNN) B IX#Yao% A5] ASLUESS (Yao
et al., 2000)- M5, Yao% A(2014)7ESLUMES HAIA T KEHILIZMLZE (Long Short Term
Memory, LSTM) HIMEH . MfT#EE T BZ IR - IIL, SLUMESS P N T IR E 2> It

BT E TR S AR W IR, HEAIC 63T, ek,
2 :

i E, 20234E8H3H%ESH.
(c) 2023 A EFfF B ES T y
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mLU Semantic Frame: \

show me the type of aircraft that cp uses and what time zone is denver in

e N

Sot: 0 O O O O O O B -—airlinecode0O 0 O O O O B-citynameO

! !

Qent: atis_aircraft| atis_city /

Figure 1: Z & EISLUNELE

o mFER, ZESING, WBKEEIEZE T BRESEZ BMMEERE, BUG TR
R, WD) TSLUM A JE - Zhang® A (2016)i# 1 5] A —> = FIRNNYR G 25 o8 @18 & B F1 1
ZIE I REE, DU RIS BRZAREES, X DI — MR EGEE . QinSs
AN (019 H T — 1S LB (Stack-Propagation) , LU i #o 7| H & K& L fE B ok
ESFREIET . AR DI N B — 1 B M B A o ESE N (2019)48 HH T — 137
FUHISF-IDM 4% ,  [R] B 2% (8 21 18 21 & & A0 2 B 2R r X ) 2, R 38 78 R0 IR 1 42 it
TR LA . B, ZEEISLUR 2R, RAEERMNBFEEPTEFRERE
KA A (Gangadharaiah et al., 2019; Qin et al., 2000), &7 LIACHEAE £ B RIS
f] - Gangadharaiah 58 A (2019) BIREIXIEH T — M 2AEHERE, DEKABKEZEREIRS
FIEIET - Qin%E A (2020)iF —PHEH T BiEN X BHHEZE (AGIF) , DISSEUEAR EHEEE
FRER . ETEEREMEMIEEEREAAMEE, QinEA(2021)RE T 2R FEBE R E M
%% (GL-GIN) , %ML AT LA L N 3 B A& 1E H ETE 1 2 6] FRE KA Ac B, 3RA5 T 5eid
PITEREFIER - RINZERIEUS TIRIFIRRE, A, EEEIRER B %2 B EM
BHEAGEEEROPIE, TR EHEEETNENETEEEENESEUMELR, A
LY SRBCR AT REAFTHT 40, T 1A F BT GL-CIN L MG#H - A, St
A Xing% A (2022)38 131 Co-guiding B AP S £ 55 2 [ I BLH8 S AT T | 3l
FHE ARE R S B B R B AR 7 2 R A AR S

N TR L B B S EIE AR SRR U R R RCR, AR T — 12 B EmE
GHEZR, P OGMEZBEMERE, ZEAE T =MERMBE IR, 7 LZERERRAIF
FEEFAESS 2 ML HIRE AR R - ZRIIBEIAIMESER SN TREREEIEH, &
AN T EERER, UREEFEMNEREEETRR, NN mBEEERNSEE.
FATFEMixATIS (Hemphill et al., 1990)FIMixSNIPS(Coucke et al., 2018)Fi A HEIRE L #H1T
TERE, ERRMA, BATIEZRRE T RAeHAMERE . i, HTRNESFHT ZEEIE
B, AT A 5 R R RI FIREE AR SS . MR RS & T IR -

3 [RIEiE X

ZRBERA. BERMAFIx = (x1,...,x,). ZEERHATLIE L — P EZIRE D RE
%, HEi— PR EIRSor = (of,...,0l), Him 2AEHEETRENEE, » ZIEER
K-

FEEIE. FEETE AT AN — DR FIREESS, R A TE B BT — M EH P dlos =

FEATTH, BATRFMNARATHIMIFFRR - AR A R AFigure 25778 « MIFFE
BRI — =G0 E - BRSSP KR & FEAE AL -

B TR ETRIE S F A SIROCE, 54U
(c) 2023 HFE HpCfE H Ao
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Intent Detection Slot Filling
W &~ e ] e
TR TN iy )
p - > > Global-Locally Graph | .
‘ TOke;;::jL:.ntem ‘ Interaction Layer ‘ . 7B'LSTM o
71 1 1 1t t 1 bz
o] (@) 6) @~ o) &) =) =) A ok
i ) o BilSTM
y N N, — . ./ p N - N
‘ Intent-strength layer ‘ \“ Multi-intent fusion ‘
N L layer )
1ottt ot f 1
Lo o] (o] [e]| |[e) (o) (&) [a)
N BiLSTM
’ ’ ()= () Z(a) = (o)
‘ Self-Attentive Encoder ‘ o o I
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Figure 2: BZEMFNZ & E@ &0 2

4.1 HELHEI

BE—NHEFITTFIIETF {ti,ta,... 1), BIARNE e K FRIC T 5 BRSO
F5 X = x1,x0,..., xp € R4 (4 RoRANYERE) - FEEQn A (2019) BHHITHE,
BAEMELSTM (BILSTM) ) B & 1 9% 55 28 9% FH SR 1R 75 18 JT 5 #0178 3O B i 4
fE - BiLSTM (Chen et al., 2017) i#id i = BILSTM(x;) A b N CBURKIFEHEUIR S H =
hi, ha, ..., hy o % Vaswani % A (Shaw et al., 2018) KA, TEILHEMEFRR FEH T BEE L
#l. A = Self-Attention(H) - ¥ H FlA %FE%EE~A%EB$ RBCE F 5 B dmisE B :

E=H| A. (1)

4.2 REE®BLE

BATET — N HTEREERE (He et al., 2016)FIBILSTMAH M & EEILZE, FIFHE
FROBERR, BAREMERERRE . FATRBILSTMEH H GG R or i & A B E R
7N

h = BiLSTM(E), (2)
h=BiLSTM(a h + B E), (3)
I =0(Wi(LeakyReLU(Wyh + by)) + by), (4)

EA A TR B RS EILLE, = {L...1,} REBUEHZBEEEZEER, o 18 &
EH LT XEREERUESE, oForsigmoidifliG KA W, MW, &l I HEESEL .
4.3 TokenZZF IR KR HI#EIEES

FATE F token B I £ 1% 2 B ER T (Qin et al., 2021 )3 —FREEMHEREE,
HoA I T T A tokens R ZE SRR 1GA) T-45 5 @%Eﬁ SELE Rol AT I ATURTE:

ol = {ol] Z 1[I > 0.5] > n/2}, (5)
i=1
HAT 0 Fmixfof K REER  SAREETEabRCHIRE —F DL IE R TR, Bl Tt
Eyim o iE R A, X AT DI E A R E R -

U ﬁﬁlﬁ ?k%»hlﬁn,

54T &, 2023$8H3E|5e_5El
(c) 2023 HEHC E% Al
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4.4 BIKEHE LB ERAHESR
4.41 ZEHEBER

BATREMEZBER S EFEH=EOHA: §58, MA— BB EABILSTM A&
MM EREEREEATHIMREER, FREATE LT CRIEER A — R
FIBILSTM a5 oot F4F B AES I FE R « 1AL, FATRIH — D BILSTM A = A il & EIRR i 32
T, RINEZEREEGEENRTH - &a, BATERE = DANFEY%E MG RS T E M,
DREFEENEE-EEER R, HEEREREERNES, BREHAER . Aig L
TE SN

Sy = BiLSTM (E), (6)
S, = BiLSTM(I), (7)
St = BiLSTM(I || E), (8)
S=8+8,+S55, (9)

HA R T — P HERIE S = {51....s, UR T ZEERE 2 25 R RIARRBER -

4.4.2 Z2R-FHHXEE

BN 2R-RIHERL L ZENARERATAMEZSE S, DU BUE i 48 5w i) & K-fE 2 515
B (Qin et al., 2021) . RAEBIEAEAIEAL BE 2N T @B E R R, SEEALATE
PR . 2 REA-BEERE RN T LA FRNER-FEAARZE, a2 4= -
RO B A EOESE, KBTI A AL FEIR B - TR TIEE T EER % (GAT), K1)
A SHEH = {hy, ..., hy}, BEFEEMBHRTH = {1, ..., nyy VERE R . —
BIIGATFRE R LS AT SR -

ﬁ:ﬂ&%Z%Wﬂ (10)

JEN;

exp (LeakyReLU (aT [Wahi|Whh; ]))

(11)

Aij =

- Y jren; €XP (LeakyReLU (81T [WhiliHWhil}]))

Her, Wy, e RF*FHla e R*ZANGHIERERE: NERT A (B8 B8E; o 2L
MERNT AL, oAURIFRMEBIE R, KEZ LER

il LR EMREATERREE, BAITRERRGEABR R E-EXEEE
R o GATHEIRMNERR LR LIRFRN:

S5+1 = O'( Z ClileS§~), (12)
JEN;

B NGRS, FoRER SR E . A TLRZE, RATEE T LFH
Pl R AR ES T+ = 51 gl
4.5 HEAF

i LRI, RATEERAIMO TR AT MR, ErT Lt b h-

yf = softmax(Wssf“), (13)

07 = argmax(y;), (14)

HAoW 2 — PGS EL of EFMIBIELL, Fom— DI A 7 H RS MATT, sHReE
T LEMEERRSEALEE -

BT E TR S AR W IR, HEAIC 63T, ek,
Zeit :

[, 202348 3H%5H.
(c) 2023 HFE HpCfE H Ao ,
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4.6 MhEIIZ

FRBIN D TAES Z IR RE, BTG OEE, FEREEHZEH, BERANE
PRAT AR -

n ny

Li=-3" 3" 5010 ("), (15)

i=1 j=1

Hefn BRENRS, 5D REEEEIRE .
[FIFEHS, FEETEAIESS HArscRE

n ns
Ly = —ZZ%“’S) log (yﬁj’s)), (16)

i=1 j=1
Hrng RIERRE 5,05 RESEIRE . RENEE HRE:
L=yLi+(1-y)L, (17)

Hrhy B —A 5 B R A A E AR S B S
5 LI
5.1 HiEsLg

BATEF AT L 2 B SLUBHE EMixATISHIMixSNIPS [ T T 5245 - MixATISE %
ER-NZEREIEE, HrsEBUESEATISHET A, H TN 8 RE S BERERMH
fe, EREMEAFTOER, AE13,16210 T IIGAER, 7560 HTI0IE A IERIANIS28 N H
T AIERE . MixSNIPSEUIRE G &R BET - JHIE - RSO ER, 2 HEREEE
EESNIPSHIERTM AL 2 B EEIE S, B a5539,776 - 2,198F12,199 0 Fill%k « ikl a)iE
o
5.2 SLRRE

BATEE BRIERRID S ARSI N256, EFRN0.4, LSTMBR B ITHI4ERE H256,
BENZRHEE 128, LR K/ R16, Z KR IECN6, FIER T MEHZECH2, vy 10.75,
a70.8, BN0.2, FEA TN ARTDZR FILERE 128 « FATAOREEY DL K B IR R AR AU AGIF, GL-
GIN FCo-guiding#l & F fE 38 k& _E R AIF A, FFAE MRS LR B R R . 3K
ARSI EEE T A MRS, BRI R R A A EE, S AR R oRT
HE TR, ERRBREMEAEIER P W ERTIN - RATFTE L5482
ZERTX3090Ti_F58A8 -

5.3 XL

AR BS54 Stk R AT IR, B SR ESLU (Liu et al., 2016; Wang
et ., 2018; E et al., 2019; Qin et al., 2019)F1Z EESLU (Gangadharaiah et al., 2019; Qin et
al., 2020; Qin et al., 2021; Xing et al., 2022) -

e Attention BiRNN (Liu et al., 2016): $#&H T —FMETEBE I HEMBEE, HTHEE
BERBIFIFEIETE, W T2 5 F BN E RGNS -

e Bi-Model (Wang et ., 2018): —FfH TIES @IS, EEE T 5 EIFIEETZ F 17

SN «

e SF-ID (E et al., 2019): —FHAHTIEHEHEBEEE, ©E—MHHRN N REER, HT
BB = BRI FIREIE T -

e Stack-Propagation (Qin et al., 2019): —METHRRERHENESE, HTEERAIFEET

5 -

BT E TR S AR W IR, HEAIC 63T, ek,
2 :

i E, 20234E8H3H%ESH.
(c) 2023 A EFfF B ES T y
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Model MixATIS
Slot(F1) Intent(Acc) Overall(Acc)

Attention BIRNN (Liu et al., 2016) 86.4 74.6 39.1
Bi-Model (Wang et ., 2018) 83.9 70.3 34.4
SF-ID (E et al., 2019) 87.4 66.2 34.9
Stack-Propagation[sig] (Qin et al., 2019) 87.4 71.9 41.0
Joint Mutiple ID-SF(Gangadharaiah et al., 2019) 84.6 73.4 36.1
AGIF (Qin et al., 2020) 86.9 72.2 39.2
GL-GIN (Qin et al., 2021) 87.2 76.0 425
Co-guiding (Xing et al., 2022) 86.53 74.03 43.35
MIFF 87.7" 77.2" 45.0"

Table 1: ZEMixATISHISEEGLE TR o W FIEUT R B TR TS T & MO LR 38 N B A
Git#E L, p <0.05-

Model MixSNIPS
Slot(F1) Intent(Acc) Overall(Acc)

Attention BIRNN (Liu et al., 2016) 89.4 95.4 99.5
Bi-Model (Wang et ., 2018) 90.7 95.6 63.4
SF-ID (E et al., 2019) 90.6 95.0 59.9
Stack-Propagation[sig] (Qin et al., 2019) 93.2 94.6 71.9
Joint Mutiple ID-SF(Gangadharaiah et al., 2019) 90.6 95.1 62.9
AGIF (Qin et al., 2020) 93.8 95.1 72.7
GL-GIN (Qin et al., 2021) 93.9 95.5 72.5
Co-guiding (Xing et al., 2022) 93.8 95.1 72.7
MIFF 94.2" 95.8" 74.3"

Table 2: FEMixSNIPSH ASLEGAE R o H7*FIEF R R TR FrE 2L G et e 58 N B
BHt2#E L, p<0.05-

e Joint Mutiple ID-SF (Gangadharaiah et al., 2019): —FEZAEHHELE, A LAEK & 22> fEIH
7 (SF) MZAEEIRG (D)

e AGIF (Qin et al., 2020): —FEENERZEER, HTEREZ DEERHFIEET .

e GL-GIN (Qin et al., 2021): —FpREMERAIE B EVIRE, HTEE 2D EERAI AR
7o

e Co-guiding (Xing et al., 2022): —FRSEHLH - MESS Z Al FIME B3 S AR it =
T 5 AR E S Z S B ER A A E e 2 AR BfE 5 -

5.4 FELER

Table 1F12ER T A THIE A AEMix ATISFIMIxSINPSE #E 52 [ A95238 45 5 F A 15 LU R W,
ERHT:

(1) FEMEMEFRES L, BATREREN T EERE LIPS @B T ITE RES X
FIHBATEZSEL R ZEEME, BYFHEEWEEIGE B SREAHET -

(2) 5GL-GINHE H., A7 B9 HE 28 ZEMixATISFIMixSNIPSH i & &5 B F 4 21 52 30
T2.5%M1.8% MR - FfTIN N, ZEEBMAERGEERGIHAETR N ER-EEERER, 7
SR SS ER A TR -

(3) WEEME, RIPERENEIEMIEr LEGAE T ST/, BoRT RATHIHESR
A BEIHAIMFEE T TSI, ASEMIIER T T SHERM AT E .

R E T S AR, S5ATT-Spe3 0, MR, HiE, 202348 H3H E5H .
(c) 2023 FEFLGFGEESUHIESYLTWERS
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Model MixATIS

Slot(F1) Intent(Acc) Overall(Acc)
MIFF 87.7 77.2 45.0
- w/o BERILE 88.0 76.4 44.0
-wjo ZEEBERE | 877 76.0 42.6

Table 3: ZEMixATISEHESE I HITEREISLES.

accuracy

0.20

T T T T
2% 30 35 40

20 36 4‘0 (IJ é 16 15 20
step step
(a) MixATIS (b) MixSNIPS

Figure 3: YIZRRCE IR

5.5 H—FoHT

AT, BAEZEAEMATISEHEE Lol T EEELZENE B EEa ZERINEBE
RAMEIRIOTER, 455U Table 377K -

5.5.1 HERKE-#ERE

H TR EERREZE AR, BT HEE N B —BILSTMZ #4745 FESCLS - S04
REIR, HAAFEEARE T RIERTE R T 1.0%, FEERANERE FREET0.8% - X FH
BATRENERERAES TEE T ZERGEMEREERSEEEE/ER, TrLiEeE
EZNMEENGERE, REFELHNNERERGEE, WNMEs T Z2RERAIREE, FRRA B
B X ENTHIERE -

5.5.2 HEZREMERE

Ttk 2 BEES BRRERUE, AR =ZAE B e R E(EE-BE, B,
fE-R ) BB —nE-EEREE . 4RER, ERNE BT EREIR T 2.4% . XEWRE
ZEEREN TR RERIMEMETEFEE . ErUNENESREEZEHNERERE
B, TEEECE B ERBIAIE AR T A AT RE -

5.5.3 X REEFTALESS KR

MTable 3RTLLEH, ABERULEMZEEMERRGIERT, BEAFIEENEEERE
FWARE, RS EME BN TERGEIEGE, BATAy, T3 H K2 B ERE 2R E
TR ECE 2 B EIRAIFIEE T RE -

5.6 BRI

FATEL ML WA T A TAHEZRAN H i R B B3E B B FHEZE (GL-GIN) Z [Al #3)l1Zk
MR, WEBFTR, AXWAEIESE L, FATHIMEZAE L GL-GING B s JIZRReR « AT TA
7, ZEEEE R LU IER R A R R EEORE R, DUNRIERE TS - R

BT E TR S AR W IR, HEAIC 63T, ek,
Zeit :

S [, 2023¢483HE5H.
(c) 2023 HFE HpCfE H Ao ,
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1A, FATHREINEZRTE £ SR EMixSNIPS ERIRILE NS - FATIh, ZEERE
BIERBER R B Z GURHIERMESS, X NSRRI IIEE T Tk — P HRREE VSR .

6 RBESARRIE

FEAH, BARE T - 1THATRAZERIRAIFAEMETNZBRESIEZR, TR
BEFE B EIE R SMALERES, EMAIEAAE IR 2 B E R, [
BFRE ISR - B TAEMIxATISFIMIxSNIPS N A B 68 F i fT 752498, 458 F0, T
TERTSEEPE RERNACR T T T M Bl et 1, RIBTBERS A RO B AT A Mix ATTS £
PEEEIZ 13 2 A58 O MixSNIPSHE £ | -

Bt
IR ENHRE BIREIEEE S (2021A1515011864) « [EFR B IRRI 24 (71472068) ~ [T

AR E SRS (201902010081) ~ AR EE R AR L BT H (2020KTSCX016) ~ E X
R BIFIZRIT RIS H (202210564069) Y B
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W

S B RUIR TR ENLER IR (NMT) 25 IR AT S R PR D B RS
LSRR, X2 S EERAENESR Z 17 85 R 2 R . SR IZREEE B AR
B AR g N LA IS R Rl 22—« ARSC BRI BRAA S NMT RS il iR
RSN R LR AR LR (PR . Bpksth, FoATIRA T 2T IR T 0 1) 24 [ I [B] U3 X R AR
OR, FEEEE RS R EE B 2 R AR BORIEFIR SO R R A5 T R p o, LIRS
ERRRIBRRL ST RS, HEE NMT BICHFEMZ RN - AT RAEN MURANF]
SRR SS LT, DRIRMEE/RE-DUE - DOE-941E - JIE-TEEMSE-1A
o SRIRSERRY, ASCHTIR M AR T NMT BOARA 2 RFR, A2
WEFLHIFR - B, ASCGRETZCEEHRATTR - Al EEaEm .

KPR LA . BRI  RURIENT

Improving Word-level Diversity in Neural Machine Translation

by Controlling the Effects of Word Frequency

Xuewen Shi!, Ping Jian?**, Yi-Kun Tang?, Heyan Huang?
1School of Data Science and Artificial Intelligence, Dongbei University of Finance
and Economics, Dalian, Liaoning, China, 116025
2School of Computer Science and Technology, Beijing Institute of Technology,
Beijing, China, 100081
polarlion@qq.com {pjian, tangyk, hhy63}@bit.edu.cn

Abstract

Neural machine translation (NMT) optimized by maximum likelihood estimation is
prone to problems such as unargmaxable tokens or poor accuracy of low-frequency
words, which leads to the lack of word-level diversity in the generated translations. The
unbalanced distribution of word frequency on the training data is one of the reasons for
the above phenomenon. This paper aims to alleviate the above problems by limiting
the impact of word frequency on the estimated probability when decoding NMT .
Specifically, we adopt a denoising framework of Half-Sibling Regression based on causal
inference theory, combined with the adaptive denoising coefficient proposed in this paper
to control the effect of word frequency on estimated probability, in order to obtain more
accurate model estimated probability, and enrich the diversity of the words used in
NMT translations. The experiments in this paper are carried out on four translation
tasks representing different resource scales: Uyghur-Chinese, Chinese-English, English-
German and English-French. In addition, the proposed method is model-agnostic and
interpretable.

Keywords: Neural machine translation , Translation diversity , Causal inference
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HEESY

B Eh W OBE BR W B — & BT -
SZFEY Police are still hunting for the other man involved in the case .

log freq(“hunting”) = —4.85
NMT#EL Police are looking for the other man in connection with the case .

log freq(“looking”) = —3.97
1: NMTA RS IGREEE 5 A0 B

1 58

IR, unE A 2L EH1E  (Neural Machine Translation, NMT) (Sutskever et al., 2014;
Bahdanau et al., 2015) 7EAL#% #H B AUERG T 4 A8 B AU, 785 S8 € N #l £ 5
b, WIESFE AL AR FEIRIKME (Wu et al., 2016; Vaswani et al., 2017; Hassan et al.,
2018) - NMT HRELHE #A4 EAEIRIG2e- A0 %% (Cho et al., 2014) 284 &, HA | JRBIRATER
RIRES ) x = {21,..., 07, ) FHUS— R AER h = {he,... he, ). SEEGSTIHE I
SANAZ (1) FIRiE y = {y1, ..., yr, } FEIFEHRER.

Ty
p(ylx) = [[ p(wely<s.h) - (1)

2B NMT J71% (Sutskever et al., 2014; Bahdanau et al., 2015; Gehring et al., 2017; Vaswani
et al., 2017) 3B HF FHERALIAMIT (maximum likelihood estimation, MLE) X NMT A4
AL, UIZRAHR K BREL Loy B H R AT EAUR I

£nmt = _10gp(yt|Y<t7Xa ‘9)5 (2)

Hr 9 o8 NMT #HAEMHHSEES -

TENLZREI R UGEIR T, BpnRAms e PR, Fit, 23 MLE JIZR89 NMT #
TULE RO B B ) T A8 AR R SR BRI R Bl A A ERE - ltn, AR — M IER5E
RCRIPOE-HTE NMT A R E SN2 EA AN GES a7 <& 3 EE W
ZMH — & BT ., B1AHTEEERFECSIIGRERREEFE X . w1 Fr
%, NMT AR AR SIIGE NS FEORE MR aRESER, (B2 TIRES $id <8
4B AR A SO T IS5 A R0 2897 “looking” TR “hunting” » NMT #%
i) Foe s B R LR AT RE 2 5 1 N Al B RALAIFRIC (unargmaxable tokens) ” (Deme-
ter et al., 2020; Grivas et al., 2022) F “fKAAHEFIZE(R” (Koehn and Knowles, 2017; Ott et al.,
2018) & [n| -

BEXF AR, ©EMITEEZES HUTHMTRE: (1) ZEJ1% NMT B 5 5@ R 57
AL (Lin et al., 2017; Gu et al., 2020; Xu et al., 2021; Zhang et al., 2022); (2) RA[HETHFR
TR H 5 1RIE A4 E B (Gong et al., 2018; Yang and Liu, 2020; Liu et al., 2020) - iX
P 2 TAE R0 JEAE R RO T R B AR 8 )1 R 88 im0 A NP TR 400 2815 5 i im] 1) &= 40 AR
B - _EARTTELAUWER T NMT IR ET, ToEN DR FEERIAL T AT E A -

FEARSL, BATRH T —FhEF s R 5 5 1) NMT 1% 3CH 1 SR8 77 - %0775
A TEFIFE T (Scholkopf et al., 2016) EMEHESE, 454 AR H 1) BiE R FEEEREL, @ %
HAMEE IR FASE B NMT R B0, AR NMT MRS AT e 5543 = ] A ]
A, ONTHEEE NMT FESCRIZ RN . AR 4 DARERE S W FIBIEESS EatfT 7 5050 DARIER
HEHERERE, SRREE/RERDUERNE (4-00 , DOBRITOERIFE (N-3%) |, 3E
FIEERE () DURRIBRIEERIE (%) o LIRUMEIEES SRR T IS
KA. RBUEENE (00 |, PERIERNE (08, 25-48) DUIRFEERERME (%) - %
REERERH, AGRHMTEEARFFUREMERT, B8R T NMT E0A%R S -

B TR E A S AR UE, HeAUSTTI, WURIE, T, 202348 A3HA5H.
(c) 2023 FEPXFEEELSHFIESTELT VRIS
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HEEE

s O strength—"

40 " Pearson: 0.579 " Pearson: 0.571

-1s -10 -5 -is -10 =5
(b) is (c) strength

0 =a 0 </s>-7" -10

; Z'i’earson: 0.598

earson: 0.632 40 _ Pearson: 0.681

e =5 s 10 s s -10 s
(d) . (e) <eos> (f) FHE

B 2: TS A SR TR B R R

2 WE5E
2.1 BB 5 R 5 A B A
MEZI, NMT ARG RS (GE1E O) EH S5IIZREE F BInE S R0
Bofn (E1E F) BREEMERME . gltn, B 2(a) ~ B 2(e) BR T I-RBIEES T, K
FIBS A1 “Bld o 2 h&E - 7 BIFERNR B 58S A)F “unity is strength 7 B BJEASEIS 2
Prp, NMT BAEE TR HIRMES AL E S MS BnE S 1AM MR R, mE 2(f) BR
T ARSI AR MR B P E ST AR R - BH x HER R B ARG SO AR A 4L
(Bl log F) , y MhER <A R 538 A g Al i R AT 2 (RN log O) 3 B EZ&ER LA x Hl
NENEHE, v o BORILE BRI RV I “Pearson” R x HIEURS v %R
] Pearson fHX 2%, [EERIFIEMEX, RZFERAMEK . I, B 2(a) ~ B 2(e) FRET
SoF NS A R T A T M R A Rm B BRI E - il 2 Fos, NERE RN F A 2k B B
Fl Pearson MK AREWEE (KT 0.5 ) pILIEH: EZEFERGIBELES, MTREE
BinEE i, EAEVGERIFAMS NMT BA RGN 1T R E B AR S A IEAE R -

2.2 HRMAENFRRX EHE R

067 e 100 e 1000 e 10000
o 500 e 5000
0.4- i
. !H‘i' ) co.
TR} XTI S B YT
‘M ol
0.0-

0 5000 10,000 15,000 20,000 25,000 30,000
3: ANEIHER X (8] R 1R 50 5 T A iR R 1Y) Pearson #HF T Y

0 5 F FMRMEEAFPMGITHRX A CRREEERE . B, E8 M REETER,
HEAL B = B4l THR 08 W 50 R IE S R B m A R - R T R IR, Bl Tk
2(c) WIS IRIE N RG], 7R 3 R TEARBEM A MR X EIR F 5 O # Pearson 1
FAE . B 3 PHEAFRERE 0T RIFERRERR S, BT8GR S8R IRx RN 5
BT RBOR, F5h 1 BEIRSN I SREEE 1A Pl i m B B AR IR X [A] A B R
R F #1 O ] Pearson fHK 2% - KA AR ML R ANRRIE QRN BUE O “5007 X R

U ﬁﬁiﬁ%%”k%i&iy’%. %64ﬁ—§§;77 1,
=~

H, 2023/E8H3H%5H.
(c) 2023 I hCfE R N
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( P*/} = ) Epaj
4: TS S T B H e A AR 1A A

FIBZE R, BEARKR O XF R YRR R R IR g S 1~500 [X (8], TEARFR 10000 7R H 1A 4R
5 10001 ~ 10500 X[H] - FEE 3 /', TATEAR T 5 FARBIE O KX RH Pearson 18K H
BAME 2, A EIEAOER 4 TR X A BB Pearson FHK RECRE T BEMRLE (p AKX
F0.01) - NE3AILIEH, ZEIEN T, &OEEMEBEFER, EXNRIA Pearson % A%
R, BMZX BRI ERIAR F Al O FHR MG -

2.3 g BEMGTTER SRS RER KR
A/PNTRTIRET 2.1 FriR R T REIR A - ERRISPER ¢, ARG S T x 2RI AR

BT yor, MERES BRI 3y, FIFEREDA P = pyly<t,x) o P AT LAFRBLE T
WX GEIE O ) FELTLIHEARE - RIE IR, pyly <¢, x) AT LURIT 9

_ o) = PP(y<e. x[ye)
P_p(yt’y<t7 )_ p(}’<t,X) (3)

BT ply<s,x) SFER v RFEE, HLTES.
P = p(yely<t,x) o< p(ys)p(y <t, X|ye) - (4)

FESEEGH, TR AT p(y,) 38 F LLNZRESE B AR FEE L, XEE, BAF(3) 7]
DI, KRS fM P 5 F MR, ZERIEATET 2.1 FREBRONZKSHEME. A
X (3) RM F 5 P A EHEAEMRKAR, REWE, BIBVOVERES F 5 0 (HEKA
HCEm G B S BEUE, W& T 1 P E IR . FA BRI Zhd R P AR
DARREREZE] NMT KA F, £ NMT KEEERE, ZRESIE RS TR .

AT R WiA
ANAT X Dyge NMT RIS EE = 1) B ik =5 2
Sy F3E Dyge B R BRAE TSR

P, SRS p(y)
P BEMEENEE (B p(uly<.x)

p* WA P EMEE, GIIAT (3) Y py<r, xly)
Dy PAFHUE. HF NMT EREIIGEEE, FIZE Dy, #1 P ¥
0, SXEREE Dy, BHE S SORRIETIRA, FIA15EH B
SRR, AAALBEREESEOE, REES S BREE R
B = B S S A TR
X RS
F Dyye RIS
0 B NMT B BRI, x 7 NMT ERJHES 5
BUWSE  NMT (ORI « S5O0 ISR TR NMT HhAe
R0 B A B

* 1 RARA R EHR L YRR X

AL

%:+:E¢Eﬁﬁ%§#k%%i%,%&ﬁF%W§3%$ﬁ
A S

3 [, 202348 3H%5H.
(c) 2023 HFE P CfE H Ao ,
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P 5: W& 4 IR [ B o A R AL R

W 4 o, AEIANT —1MREEERITCIAE (Directed Acyclic Graph, DAG) VB ik
Bi%, B4 PEDEUWUANE 1 For. ER 4%, S, P,, P, P¥ARANMNEZE, T
ERBCETE - BT UIGREIROTRE S50 AEAR SN RTE, FIAER Dy, RIFIES
BIE - B 0 mMEIRE SHERRRLRER AL 7B 4 5, Dy, FIRBIBGEFTEGE,
Rl NMT R EIZGESE, R3] Dy # P I - A 1AMRIK Dy 2 HIEE S EAREEm
Ry, EEE, EERESERHEFEFAZBERMEN, Flw: (1) £HBERESH
7, HZATEHFERFESHIE, & (2) FIESS5 HMES R B = FIE S BIEmR -

KT F5 0 WER DAG BIfaife: HTAXFZERFIRMSM F SRR H O ZEH
KA, ME 4 iRk R Y ROZESE, BN THRNERE, BRI EABEIR BT RE
IR K REIEL T, XE 4 ##7H—PHE N B 5(a) ~ B 5(c) BR T BEM RS TE:

(a) 4% Py — Dyyy — F F Sy — Dy WMFRBEEAGFERLECHRTE, FHIAEHF
N S, — F + P, WE 5(a) FiR;

(b) [FH, &1E P* - P — Dpar — O Fl Digp — Doy — O WA LLA T, XREII AT 24 0% A 8] 75
. P F Dy, W 5(b) Fi7R;

(c) HUBVLEIRIIIER, CHITE Dy 1 EANEE? RRFEIER THREIN O JFANER, TR
1R Dyge A1 “HERNSCE” X O EOEIER IR R IR AR DA IMZE Np M N, H
F Np ZoRGIEB ARG, N* ROREAMBERE T Dy M BERNSCEY PR
TERBIER AN EA B SIERE Py —» O 1, EiRGE S EIE 5(c) -

LA EREE R, 4 2 RS A E IR R DAG WK 5(d) B, BRI 22
BN F- 0 Mx, ERWAANTUNPZE . HT x- N* 5RMHRANSETTR, B
FEHEHNLERBENES, 1I/E U, XHERHEEELEREFEEEE 6 s -

3 H
RN NMT AR 2 & B IR iR O 5 IIGEIRRES S F 2 B A
KABH T AHEMVEE, HRER T NMT FECHE SRS R . BB EES

&-@E—0

(/F')";\\:
6: T AL FTAII S AL A TR i R SR AR

BT ET A S AR IR, 64T BT,
21}

3 [, 202348 3H%5H.
(c) 2023 HFE P CfE H Ao ,
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HEESY

R/ 1 ET HSR ARG TR R T ik
B HMESIEILER: V,: NMT BEEMGTTHERES BiEafEom o, ¥ 0/ =|v,; B
PREE B A F, HA|F| = |V, ATZE ac(0,1]-
1 FMAEIREE R(-) 531 E[OIF], WL F oy EBZEEHE, O WHEZERE, RER/ITTR
ZAR B EAREZEL 0 B

0% = argmin |R(F;0g) — O)? - (7)

Or

2. WA O FFER BB S RS F B 5 s 0
0« O — aR*(F;0%). 8)

Hep r*(-) ForUEREAERL, 05 RIRT RIS
Bt RS R EARE S BINRER A O

B ARIE S A R IR Np, ZRREIEA T RIS . HIE 4 FIE 6 TR RSk R 0]
m, F5 Np =S, P, WNREEZR, RIBEHEEER (structural causal model)
4 X EERE B S (Pearl et al., 2016) EIEIF

p(NF|F>Sy7Py) #p(NF‘Syypy)’ (5)

Bl Np 5 FHHEREK (Np LF) - T Np 5 F BIRENE, RCKEES S F X O BIfE
., PAEES Np KO & 58 R -

ASCRF - FAEET  (Half-Sibling Regression, HSR) (Scholkopf et al., 2016) FJ77 {245
BEFE Np % O BI5N - RE HSR (Scholkopf et al., 2016), BUEFLENAMMIZS & U, 1 U, [F
BHERT RIS R O, HFAFTMAZE Oy i Oy L Uy, MIANET ] Oy 7 O 74
RN E[O1|O2) REEH] Uy 3O, BN - FEASEHE T, W 6 Fin, HT N5 F
KEE (B P L N) |, GBS FE O PR, MIATSKIVERMEREE Np 5 O BI5m:

O' « O — aE[O|F], (6)

Hrp O ForkEBE R THRR, B[O|F] /R F &£ O LA, AXEH, E[O|F)#
W EVIREBIE T . o € [0,1) RonMEMRAE. HE 6 7I&1, F G& T P, KIEE, AT A
3 (6) FIERIERTERIA P, X O WOZI, B ARG AFERR REL o DA HIFERIER) 1 -

ERTTEE T NMT A7 b i oy 4 A0 Ay 1 M 2 o 1 o M Ao P Ofe 2% AR 1 9 2 A1 1) i 5%
T NMT BTG RN, ok SO A B B NMT ARt 70, 25 aiilnr
% (model agnostic) FIJT¥E . Bi%E 1 BoR T LR T IERRIEL 1R -

3.1 S XEIEAS B &R HIFELRE R R

FERE L, BERAEEAE F 5 0 M2 LB E] (GE/E SR, Set-based Regression)
MR REL o SRAEE R H AL GE/E CDR, Constant Denoising Ratio) , L& SR+CDR HJ/7
EBRE: S TAFRER BRIy, EXRAEMEITHEZR o, ZBIMSEM £ HHXBI50m
BRECR B - R, MRIEETY 2.2 FEIRHIELE, AFER B FRE S F ORI RS %]
R HER O RIXAIMER R RAZRAEEZRWN, FHit, FIFH F 5 0 MaginBalpsit
B T AT R TC VAL & AN R SR X [A]_E A LS L, SXREfE TS 2R E[O|F) IREEK - A%
fEZn i, ARSCGINT S X IR E A B &R R R A, DU RERRTR (RI oE[O|F) ) HOfl
i, ZEMBEBIETEDT:

(1) X MEEHE (GE/E PR, Partition-based Regression) , R [BlJFRER f)IIZr 5088 <
F,0 > Y15 Ng AARMIXE {< F1,01 >,...,< Fn,,On, >}, FHLUE S BT ES
B Np MRS (R, ..., Ry, ) . WA (8) KikE h:

O; + O; — aR;(F;0p,), i€{l,...,Ng}- (9)

oA TR E R AR OUR, ’%’64?—%77%, e IR 5
A S

3 [, 202348 3H%5H.
(c) 2023 HFE P CfE H Ao ,
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EARRXE RIS HAN T EESR T, RICE S RIC RSN KB NET, R EE
RPN XA, ERPKSET 4,000, RIS 1 ~ 4,000 YR TS B A8 SR04l 1 B2 1E
NE—HEIE < F1,01 >, 5 4,001 ~ 8,000 A= X R AR A A Al 11 8E 2R A 88 — 4L
TE? < FQ,OQ >, L)UH:%’%TE,

(2) HIBERPIFEYEREC (GC1E SADR, Self-Adaptive Denoising Ratio) , BIXAS[E B3/l
GEEARXT < f;,0i >e< F, 0 > FHAANERIFERERE o

0 < 0; — ;R*(fi;0%), i€ {1,...,Vy}e (10)
A o JBIRT FBCE RS RN RECE S -/ MESERL (Max-Min Scaling) JE52:

—log f; — min(—log F) ,
P = - , 1,..., , 11
“ max(—log F') — min(—log F") ied Vol (11)

HH max(-) F min(-) 2 HFRRIEE FRAEMESAMER R . iR R BT E TN
PR SR TR B A BB N R R A, BERR T RN, 2 RS I B
KIOPENE REL, BRI K

ARIH)EEGE Sy (BT 4 ) B LA EIER A0 7750 (SR F1 PR ) FIFE AR R
Bk E L (CDR Fl SADR ) 3t 4 #4HA7: (1) SR+CDR, E T2 TIEAES
G E IR 2% (2) PRACDR, 4 X[ [E]JAEERI45 A [ 8 FIREE 230 (3) SR+SADR,
ET 2L E TR S BiEN PR REG  (4) PRISADR, 4K EIEAEAEE 4 iGN
FEMERE . ZESCH, SR WE N 0.01-

4 SEE

4.1 SEREIE
NIIEAR IR BT, BAEWT 4 BEIFEES LR EERIBIDOERIE (4-
PO, DOBEIGERNE (N-3) | JOERIEERNE (E-18) DIRIOERNEEEE (3% -
EARERAEAE BT
He-P YIRSEEEE - WA TR DUASIE AR YR BT CCMT2019 MLZSEI 1 F4E & /R 15
BPUEF EBIFE(ESS (Yang et al., 2019) » 4EEI/RENER T 1AL (Koehn et al., 2007) FliA#F
43 (Kudo and Richardson, 2018) #F, FH-AR{EHE A58 TE
-3 YIGELIRRELE Z4H LDC B!, ARICRA NIST 02 s E s /E R I i/l =% p 5 ik
SHE, NIST 03~NIST 06 Edfa 9 13- il i p i S 4.
BE-PERMBE-TR: R EAEIERIRAES G ELEIER BT WMT 14 (Bojar et al., 2014) HJA
FFEEE, W ERNEETE S A& newstest2013 Fl newstest2014 o

EROAN RS 2 AR RRNE (00~ PERFERE (0K 3548 fMFEE
TREIE (EF) F=KENFEES - BIFEESIEIRYZE Moses (Koehn et al., 2007) B tok-
enizer.perl BIZA2#HTIRFI1L, ZJ5H sentence-piece (Kudo and Richardson, 2018) T.E#17id
Pror AR/ NAISR o T YE-IAI-SE B3R 55, POB R SR G4 Z B Je M A LTP (Che et
al., 2010) H3CoriA TEH#ITHIR - EIARIEESEURETAEE ST E B WE 2 ik

Y- T e Y
PAT RN AE B 0.17M 1.3M 4.5M 18M
T8 = T R 32K 37K 37K 30K
H B S i AR 27K 33K 37K 30K

® 2 AWFESIGEIRNSIHER

LF#5 LDC2005T10, LDC2003E14, LDC2004T08 LLKLDC2002E18. HA LDC2003E14 & X4 HI% 7718
K AR Champollion AJ%f 5% T& (Ma, 2006) MHHRECFAT AN

“https://github.com/moses- smt/mosesdecoder/blob/master/scripts/tokenizer/tokenizer.perl

B R E T S AR, HeATSETTI, MR, JiE, 202348 H3H E5H .
(c) 2023 FEFLGFGEESUHIESYLTWERS
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4.2 AL E 5IFM s

HEHAEE . ACKHA Transformer (base) (Vaswani et al., 2017) EN NMT 8 g B Ak
S . 7% Vaswani et al. (2017), YIERTERE, BATEFEERIESE ERIEER 5 MR
fiff SR 5 2R, B EIRA M AR o ENE, NMT B RAEE R (beam
search) 77V%, HHEERNHEEN 4.
PLeS BT Edn: VIEsENIER A K/ NG AN BLEU (Papineni et al., 2002) {E ¥ 8
PR, AR Moses (Koehn et al., 2007) $&HE) multi-bleu.perl BIZASS K3 SGHATIT 43 o X
TH-DENRE, ORI R SCERFR A L3 T BLEU #43 -
WA FEL SN FEFR: AN (1) ERGFESCHMILM N JL30E (N-gram) BISH (GE
Y€ Dist-N) F (2) FEXENASS A (Mean A1 Median) B A RN MBS B 0K 5 £
B, HatEEw R

(1) Dist-N: AERGFECHFMIE N JTIEERE N JTLOEMEEE ARG (Li et al.,
2016a), HA N € {1,2,3,4}, ZFMIEMPEER S, RRFCEHFEREE S,

(2) Mean 1 Median: A SGE T HEIESCRICAFIAES (E/E Mean) FIRISM AT H 7 4L

(1E1E Median) ¥TIECARAS B OLHTRE, ZFETRN S EUERAL, FoRIEC 2T

T B MR )N o« ZR ST TR A ME 2R (B 35 DA B SR BB D =0T R or -

4.3 HLESBFELRLER

RSCHRH T VE B TEASRIRIE SO & A N R A LES BRI 2 N - AR BuE, AR
YENNMEERRTIREE BEOVEEIRES LT 7580, SERERER 3K 4 PR
o TEF 4 T, PGB R IEIE R R NIST03~06 435 BitE5%2)1 BLEU . M
F3MF A TURY, ARICEEE 4 F7EEAM AR SOREMN TRERBE BLEU f8ir L¥39H
FrER . Ui BA A SCEE H T R AE AU RN B AT BT, (UGHE 13 76 A7 A A G 7Y
H% 2 R B AT R 3 SR & -

A—HH, NFE3FE4JLLEY, “+SADR'HIF B LS & ER BLEU W4, iF
BT A SCHR A B 0E R R R B R, RIS U TR S R TR S Y O RIIEISR F o2 [B] Y SR BR
By S22 5 1R AT R A X (A1 FE G 7 -

A NISTO03 NIST04 NISTO05 NISTO06
Transformer 42.73 45.76 43.53 44.34
+SR+CDR 42 87 45.77 43.85 44.48
+PR+CDR 42.86 45.76 43.81 44.51
+SR+SADR 43.27 45.79 44.00 44.52
+PR-+SADR 43.37 45.77 44.02 44.36

3 D-REFEIESS 4 HNAEIEAYE ST BLEU M H

kit -2 2 IX o -1k
Transformer 44.34 39.71 27.33 40.08
+SR+CDR 44.57 39.73 27.39 40.09
+PR+CDR 44.56 39.74 27.43 40.09
+SR+SADR 44.73 39.78 27.61 40.17
+PR+SADR 44.71 39.83 27.61 40.15

R 4 ANFTHEAENE A #EESS LRE RS BLEU X H

Shttps://github.com/moses-smt/mosesdecoder/blob/master/scripts/generic/multi-bleu.perl

BT E TR S AR IR, BT BTTI, e R,
i pay E =

2 [, 202348 H3H %5H.
(c) 2023 HFE P CfE H Ao ,
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- Dist-N VA 43 AT

Dist-1 Dist-2 Dist-3 Dist-4 SEHER FRAT Y
Y- 1572 6710 .9039 .9601 -4.8390 -7.6416
Transformer .1452 .6460 .9026 .9663 -4.8259 -7.5277
+SR-+CDR 1468 6517 .9046 9669 -4.8371 -7.6088
+PR+CDR 1468 6520 9051 9671 -4.8380 -7.6088
+SR+SADR 1503 6560 .9063 .9674 -4.8421 -7.6278
+PR+SADR 1516 .6578 .9066 9673 -4.8472  -7.6406
- AR 0697 4544 7758 9058 -4.6298 -7.4397
Transformer .0593 .3969 1217 .8806 -4.4997 -7.0097
+SR-+CDR .0601 4016 7258 8827 -4.5093 -7.0893
+PR+CDR 0601 4015 7255 8824 -4.5088 -7.0893
+SR+SADR 0616 4078 7314 8856 -4.5169 -7.1433
+PR+SADR .0621 4113 .7350 .8880 -4.5218  -7.2065
- FE A 1522 6565 9072 9727 -4.9994 -7.9051
Transformer .1459 .6252 .8901 9684 -4.9290 -7.6590
+SR+CDR 1467 6295 8921 9691 -4.9346 -7.6939
+PR+CDR 1467 6295 8921 .9690 -4.9347 -7.6939
+SR+SADR 1491 .6365 .8950 .9697 -4.9426 -7.8249
+PR+SADR .1492 .6365 .8950 .9697 -4.9428  -7.8249
LN AR 1055 4878 7811 9117 -4.5886 -6.8775
Transformer 11020 4733 7697 9057 -4.5824 -6.7374
+SR+CDR 1026 A782 7745 .9089 -4.5921 -6.8319
+PR+CDR 1034 .4822 L7781 .9108 -4.5988  -6.9009
+SR+SADR .1040 4816 7773 9106 -4.5960 -6.8775
+PR+SADR 11039 4817 7773 9106 -4.5959 -6.8775

% 5 AREVTIRERGE SCHIAIC AR AL FE RN EL

4.4 FARHFEXSHEETRETR

F 5 AW T AR M PN EEIRR N Z RN FEIR N AISERRE R . A Dist-N ForEdEH
FIMSL N-gram )&, R EMERIAC ZHEERTER, ZanEEs S, RoR B E
B MR A AT LUE AR R AR A B Y, BRI S , RT DU T S Bk R
SRR

NFE 5 ATUELH, AU FEMLS L, KRBT EMESFRELHER
fE “Dist-N” F1 985 A7 R e s BB IR A - E4E-T -~ PR R R SS
L, “4tPR+SADRTIETE ZHOF N FEPR L ACR & A - LA+ PRYFI“+ SADR” 7 ¥£ 15 B i1 5K
I 45 B8 T 5% FH B E R 250 7 (“+CDR”) , Ui BAZRSCHE B A4 X [8] [E] YA A0 B 58 B )
FEENEE R BT LURIF AR BT 2.2 BB om Al »

4.5 AETTIEMBEBENT L

FREIRG ISR H PR 755 T NMT SRR ZR Ao, AR5 DL B 55 R
JBoR TANE AT NMT B RIS R o SR 9 & 5 A0 2m] /F0, RI R0 el 25 B s
A AL - SETO R MU 4 /& Centos 7.5.1804+Python 3.9.2+PyTorch 1.12.1+CUDA
12.0, MEAHHE, SHEINTEF/R E5-2650 v4, B FRAEIS N Nvidia GTX 1080 Ti- FrH L4y
RS AT 52 AL, HLSREGSE R A 3 IR E B SLR A FI(E .

B R E T S AR, HeATSETTI, MR, JiE, 202348 H3H E5H .
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Transformer +SR+CDR +PR+CDR +SR+SADR +PR+SADR
R (38 /F0) 1366.13 1251.67 1049.10 1211.57 1047.13
AL R L, 1.00 0.92 0.77 0.89 0.77

6 AFITIERRIERCRNS

SLIEERINFE 6 iR, “EHEHRRE DT ENEERS LA Transformer A5 3H
RHE, MEFEITFNERBEERZ BAES . NE 6 FrILIEH, AR B AR
EX NMT BIfEREHEZ A R, (ERmiN, BRI EREBIEE 10% ~ 25% Z
B, HHh, NEFHTLIEL, “+SADR” FiEM@BECRK R, H “+SADR7EE X BLEU 1
BOAC SRS E DA BT, Wik, WERFEIIMNEZ NMERESH R, HEME
F “+SADR” HIJTiE -

4.6 FEIXEH

ARG T AR TR S B R SCR IR, R 7 R o %R0k BT - @i
S ESE NIST°06, HAIRES RABMANIRES AT, “SHFERREIEET A2
BRELHH—N . K7 AERHEETH N A T ATREK BLEU Wy, iRt 1%
MERER H&E#ﬂ?‘ WIGRERE P HIASRARINEL (log freq(+))

M 7w TH%& ARSTHE H 0 J7VE AR RO S Bk R AR R R SR ) F A5 AR R
. ME—DXHITETXRTE 5 B L R AIBIER %R “made” T “delivered” - WK 7 FroR,
ARG (“Transformer”) W83 T B mHAT A “made” (fi, 1EH) (ERNXZFHIEIE, AR
SR BT IR T AR RS B AT BB SR A “delivered” (K F) , MIZRIFAHLSS%
G RES DAL R

VaReS B
RES BAHNL S ERME L 7 B G0 B AR T UE
SEZEFEL 1 Australian Prime Minister Howard also delivered a speech at the

memorial service .
Transformer Australian Prime Minister Howard also made a speech at the
memorial ceremony .
l0g freq(“made”) = —7.11, A]F4 BLEU: 59.23
+SR+CDR Australian Prime Minister Howard also delivered a speech at the
memorial ceremony .
10g freq(“delivered”) = —9.84, A]F4 BLEU: 84.24
+PR+CDR Australian Prime Minister Howard also delivered a speech at the
memorial ceremony .

log freq(“delivered”) = —9.84, A]F% BLEU: 84.24

+SR+SADR  Australian Prime Minister Howard also delivered a speech at the
memorial ceremony .

10g freq(“delivered”) = —9.84, A1 74 BLEU: 84.24

+PR+SADR  Australian Prime Minister Howard also delivered a speech at the
memorial ceremony .

log freq(“delivered”) = —9.84, f]F4¢ BLEU: 84.24

F 7 FELEH
A JEp EEE LW, FEOAT-EETII, ME/RVEE, HE, 202348H3HZESH.
(c 2023 EPIEPIG%?%%%;.@?M&%E%
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5 HRXRIAE

BN EHEXRE NMT M n#r —, BEAXEXEZ TR FEREAFRIELESHE
T, BIEERKAFE R AR SO N R SRR IE L2 MR ER, R ERIERE R E (Li
et al., 2016b; Wu et al., 2020; Sun et al., 2020; Lin et al., 2022) . JTER, NMT ZIIZREIE
DL ) [r] 2R 32 B EOR R 2 o0, H A AR EFRE NMT AR (Stanovsky et
al., 2019; Costa-jussa et al., 2022) FIMELEIIE(Lin et al., 2021)% o e TEIE 0L A E Z R
TR Z —7& NMT YIGREHE Fa 405 A A4 (@, X {E R0 i —E A NMT Hiln ek
fif (Koehn and Knowles, 2017) -

AT _EaR R, REARIIR TAEEZERESI AT RENIFE R ITT e IRC#E (Sennrich et
al., 2016; Lee et al., 2017; Kudo, 2018), 3 Kf B4 73 AR BE /)N B4 B2 0 DA T 2Pt 1] )1
B, VR RITRER SN - AL, B VERR NMT BEANE W2 F 5K rEE, el
PUR BRI A AOIARE:  Yang and Liu (2020) %A HSR (Scholkopf et al., 2016) J5i%
B AT BRA A & R AOTE A E S, T Gong et al. (2018)F1 Liu et al. (2020) M43 Fi# i X il 4
A2 (curriculum learning) MIJTIEEN G EE R EF AAMER . salr, —%7
TEIRIE HARE 1A (Gu et al., 2020)FIXGEAER (Xu et al., 2021)78E 53 B 1&E NAE B 5K K
BB RIX A . 2R Zhang et al. (2022) MFRH T —HMbRit nt b2 S 4k, HEIAT
SR BN R E SR & R B FRA R R -

PRI AR TAEFTREAE NMT il RG22 i N, ToiER B TEE R AL T
BUEH o TIASCHR B P A ETE TR B NMT B AZEA R grE=t, # AR EAITE R/, &M
THRECHPILR NMT B .

6 4w

ATCEFRE NMT IERRS 5y Sl SR SRS A i B ROM AT S R iy ) 3 ST 3 2 R 1 A2 PR
Al feH T —FETHREEAR NMT BEEETHR O XL, @il O HiHkRS
HIRME ST F MRIEMER, NMSEIEME O 8RR ERm PR . Bk r iR iRy
TooRiy, BENERHES IR, BAEEBagnl R . £ MO R IR B £S5 LI E R
R, AR M BT A EAN IR SO B RIBOL N, SRIHE SO A Z 11

FERFH TAEF, BATPRARSARSE D S R TR 5 1R 0 A AR SR 5 I SR MR
LARINGRES IR Z 1A B SR A, RIVER R AR SUER th A9 7 v A A R B R AR A SR A5 LR S Fs P
Mo Aok, BATERZE N EAL BRE S ERIESSIAATER BT -

Bkt

BT EEZEFRARNERENL, HTSUOLXXHIRIEEIR, ToIERXLem WA AN 2] b
KNS H, EIL, REESRIITE R EIMERFRARNS X« KX TIESS TEX=E
AEATHR (BES: 2017YFB1002103) HOHEEEN -
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Abstract

End-to-end speech translation aims to address cross-language and cross-modal map-
ping from source language speech to target language text. Under the limitation of
labeled data, establishing an unified mapping between speech and text representation
and alleviating cross-modal differencials become the keys to improve speech transla-
tion performance. In this paper, we propose a cross-modal representation alignment
method for speech and text. The representation of speech and text are aligned at
multiple granularities and mixed as parallel inputs to model, and multi-task training is
performed based on the consistency constraint of multi-modal representation. Experi-
ments on MuST-C dataset show that the proposed method outperforms existing related
methods in end-to-end speech translation, and it effectively improves the cross-modal
mapping capability and speech translation performance.

Keywords: end-to-end speech translation , cross-modal , multitasking ,
representation alignment
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(c) 2023 FEFLGFGEESUHIESYLTWERS
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1 58

i E e E B S RRIE S B S EENE N EMES R, A2 E5IMT R £1ES
SWFEEEG D EAT AN - R TEMEESEEET R EEN BERES
MARIBIK ARG, wmElimiE S AR BT R RAEEME DS R, B T HEIRE %R
Ml (Bérard et al., 2016), KEILEZHFRE KF (Inaguma et al., 2020; Wang et al., 2020; Zhao et
al., 2020) -

BRI, T v v B AR S5 AR R A B D, BIRNEEGR ST, WMAE S
fegiy HH SO (R RS 2 AR RO S E RS 1 5 BT I BE (Liu et al., 2020) » XFREE
SRFEERIAE: BEFTKEEERTEXNRRSCRKE, RMEEHORMSE AR, 1§55 EE
BRI PR S, XA EBIA ST, SEIEAME LSS B1E SRR BIR 57 K R (Xu et
al., 2021) - B Hivm 2 iE 2 B RS A AL EE - RIS RN+ 5 pEdEE o i)
%5 (Weiss et al., 2017; Alinejad and Sarkar, 2020; Stoian et al., 2020), Z1E551)II45(Tang et al.,
2021; Ye et al., 2021), F1IHZEIE (Liu et al., 2019; Inaguma et al., 2021)% 7 #1775 & #0125
BOIZR o SNTHLZS BRI T B IZRER 0O ORI, B & RAI I SRR I A B & B8 5 5
PR, B X R B TR ATV B B B 45 2 5 B0 R 2 5 RS B EFT BE ) AN TEBE (Cheng et
al., 2022), K, WAIEMEBESORZ BRRSER, RAE SRR B B SR
AE 1 R v E e B S s ) — S E R

[0 £ [ o) ) 1 -

He awlays nice to everyone

B 1 BTSSR

AL et al. (2020)%F AR TAERA, SEPIE &1 SOR BB RS RAEE BY TR 2015
HEEIFER UASES RS ZR . Wei et al. (2022)F1Yao et al. (2022)FF AL AIEE L
REARHAITEBSTNG LG — B EFORRIRIG RN, XS BES T ZRE T AR T B
TGRS T FIFRILE R, Wang et al. (2022)38 Hi T — MBS BUB S 57 7%, FIA—1
H T B AR 25 (A R B AN A C LG & RSO, AR AR PATEER A 87t T B o i &
FIERITERE - Ye et al. (2022)F A FIXT Hb 25 5] 3 K A — BB & 5 SURRIEHITAIR, 78
B E - Ouyang et al. (2022) B XT th 23] R G5 — & 5 ORI MBS ARG RAE, BT 7E
NFRLEE FE AT IS — BRI AT AT - S EE S5 UREKEE RS ZER, Zeng et
al. (2022)i85 51 AT A AR S5 (A 2 ) BiE & 5 SOR EHA R F KR 75 B, Han et al.
(2021 R H 5 URRIEMS hgi— AEE R/ DR RIE, BUG— TiEE5URNRIES
(], F [ R 4 B2 AR AE 25 18] T BERR i THLAL AR 1A - Fang et al. (2022)i@ 1R &5 & 5 3UARH
BEREMERFTREA, EREIENRNEM TESER, HHRARIES EERIEZAEF
TERRIKEER -

AT FE AR R AN G) TR TE S SURFAER T7 77 1%, AR 57 2l b3S MSURRAEH 1T
NXIREHRENR & RIEME RS G N, REE 5 UK B[R — R AL E] - B xE S FSURRAE
FKEERIESER, TRKEA—CREERR & RIESEE RIEFTRES — - 53
REMESHFMEN BT Z R, 2 ESBAVIGFEZRE S AR S R T —E AR -
T SEIR G B RAEFINS B SCARRAE I BERRASXS 57, NIRRT B S BE 7T -

AL FEFETTEI T (1) AR HARES SUORFRIEN FTNEMEZ R RER & 7%, R
TEBRS B R EEEERRREA - (2) ASCREKEIH—LEE T, JE T EN
RFE S USSR KEZROERE . (3) FEMuST-CEUIESE FRSKIG R, 7EAHRIEIE %

oA TR E R AR OUR, %78?—%@;89 1,
pay

il E, 20234E8H3H%ESH.
(c) 2023 A EFfF B ES T y
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R, ARSI ITIEIL T I v B v 18 5 B R B S R R 7T -
2 Fik

TR 2 i ey ~ BB UK ZBAS RIS FEEER « BIE ek, Y% Big g
PRI ENE T RIAE, JURET R AGE SRR, BEERIES CARIE#EL ZREIRA
BEAIRFFA RPN A RIE - 1BE LA SESRIEN FTESR HKE T —m AR . =18 VR
B2 MNEAESER, KEF—WESRHA TR —&ARIENKE LIRS FRIES51EERIE
ZEHEKESBPESER, HEE UREERTIRIUASIE R, [ BR R 2T
RIS MR A RIEF UGHEITRL A DIRERETO MR, X5 S RIESR A& RIEHATH
ANBIEfRAS 2 TN, il BARE S SO TS, AR A 2fR .

MR PIEIRE S SES - BROURDNENE UK = JHEUE, i2hD(6s, x, y) . BA
WS RNIMNGS ZAESINGER I B, FETIZRM B, RIS S8 S s B IinE 5§ Uy x4t
AR U GRE E R RS Ee AT SOR BT SR, FE ARSI SRR BLAF B R S SRV E N Rl B
N, FEREHEN B LURIE SIS E A, AR AR -

BimE=XA

B 2. BT BT ORBESRMNS F7 1) v 2 v 18 5 B 2

2.1 ABRAGFEZEmY

JRE S BT E R ¥ e i G2 E F RICMEN K EIH— B S BRI - FERIUARxEE
RN GRIUARAE, 5EERMEATH TR G BEAERIFITHA -
FEgRIG A FEA TIRIGE S B S IRZERIE - EHAR—2057 (Géllego et al., 2021)FK B H
Z)I1 4R Hubert(Hsu et al., 2021)1ER 75 £ 4mig s ol LA =B H BRI GE, BRI AR A
SHAERIPE 290577 2 Hubert (1) » 2T Ye et al. (2021)fIBF5T, ZARSCAEHubert A _E DA
P BT RS B RIEFAT FREEDS () » A= (DR, T REMGECH4, %
MEREETRIEFIa = (a1, a2, ..., ar,], EHa € Rle d, WIBERMELEET, I, HFIHKE -

a = Ds(Hubert(s)) (1)

BT E R E TR S AR IR, T8I H8IN, e R,
2 :

i E, 20234E8H3H%ESH.
(c) 2023 FEF LI EESH y
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AR AANE (2)FT 7R, R T YIZRE 9 SRR, i FHUnigram SentencePiece! 2% > Xi&
W R, ISR At T R Unigram (), i85 & SRR AEmMb() 15 2| LA F ke =
[e1,e2,...,e1], HAe € Rie d N AEMARIEEE, 1 HTFHNKE -

e = Emb(Unigram(x)) (2)

2.2 IEEXARIEMNFS5RE

B SE K AT E NN UARKE, SEFF R ZMELLFES B, RYEIES5 X
RFAEAEA) FRANFA R L HATIR S VEN SRS FIEN TR FF TN, LR 223 B SRS
KRR MA) FRASFTRER, IBAERERIE 30T -

DDDDDDDDDDDD%%%

/
\\2 / \\2,’ \\2 / \\2f

00’ () 00 () XA

Nice meet you

B 3. BE AR 5T 5iRE

WREF UARFIERE: BREENTESEIEF oS SRR 5ttt — & KB E % 57
=t (3), SEEHINGEFITEIBEERIBEETFIKELS CEBAFIKEL Hﬁ’ﬁﬁzj—aﬁ;ﬁ%z
A, BEOFTITEEEHE, Int( TR FHEE

A= Int(E(l.)/E()) (3)

W F X AREEFT A LR T ey, 02 (4), SIS AT B 5 E A BB R
SRR I B B Fl; |- [P BRI

j—1 J
%:ZMw,memm#z)hl (4)
i i=1

R AL B 15 B, Mo, 5 18 T AT X 5715 8lm; o XA E T RALFF PN #4785 57 )5 7T £ o=
Hm = [m1,ma,....,my, ], EHmeRb ], ﬁf?ﬂﬁf‘

[auj : avj] vj <y and j < e
mj = [aw,_, < Jj>le (5)
Ay v; > g

WISt (S)FR, XI55 8038 BT 5, 0 B B AL s e By S5 41
B . 2RI B8 R BN ST A B NI, % PR TRt T
51, g > e, BORRBHFIIERm, - M4 - B, KT ES £ R KL, BRI
By 2B OFEFANE M, %y > 1y, Way, Sm 2

S I HIF AR & - HE Concat (), BFIASRIR & FEp, WFINE (6)FFr -

"https://github.com/google/sentencepiece

SRS ki, SIS AT,
e

=, 2023$8H3E|5e_5El
(c) 2023 HEFLIEESE Al
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p = Concat(my, e, ma,ex...,my e ) (6)

A TREBEXARRMLRS: A TIREAFEN TR GEREWNN (NR, raTRES
FAE, RS A THIR & RAEFFIH AR -

g = Concat(ay,ag,...,a;,,€1,€2...,€) (7)

2.3 SRAFIEN TR

VBB AR S BN TR B K T — R A KR S SE RS RS
K- I B LB EE AR REp, ofENRIA, K — (BB B
PEEEIE, GHEE R ARSI LR, WS AR IR A8 LR TR A
REBRT & S 0V S -
KRR AR AT KR — B A R T OB B S IR A R TR A %
W77 0% k% R HICMHA() - W3t (8)FFm, BE#iFa- AMERA R B THES
FEERET A S S BEEIA £ Eh,, hy, by, EFW, Wi W,HREEHLYTELE
SEUENE B A QI BT F I, K- VIR RN FIE -

houwr = CMHA(QWy, KWj,, VW,) (8)

SIE ISR AR A4 5 Z 8 8 Transformer i3 2 K451, EHCRh6, §—E#HE
TN BER S BE S ANBAEA B st (9)FTR, IR LR Rencoder () B
Ainput 73 3 9 B U7 — il & BEER V56 iR~ Ry~ g, 808 SR TS 5 15 BIRT R A 1 535 SR
fERG ~ ot~ hE

ha . = encoder(hinput) 9)

TR REER . IZESRARN S AR BB & 18 URIER, ~ hfitt— Rl G, SRE PIFNRE & RAE
HIHE ., RIS P IR AR D SR A 5 0 - sl (L0) PR, «FOoRTHRIERESRIE, Sefint - hiE
FRRMEE P, BRI 22 ST W i T R B 1S BT T B T R 5y, MR R N1, S E
o (-) Psigmoid, FIFHEFYN R~ nAATRLEFFEI 2 HEZRL & KL, -

~v = o(Concat(h

2.4 BHIFFES

BTS2y H6/Ztransfomer @i ZH L - BB AL FE 2 MGG EEERAE, ETKES
— @A R AL = 0E Y RIE R A 508 RAE, S BE g e & B B AR E S I RIE T
F), FWEZRHAN() . R, EHEEAsS LR IORW Ayt BB 2R ERERIE, S#F
R R AR BFRE S RIRFY, EILRR (s, x) - M THEAFIISFIIHE R Hy, 1€ X
2R TS (1)

Do)« W), hg = v hy + (1= 7) # hy! (10)

lyl
Len(h(s),y) = > log (Pg (vi | y<i, h(s))) (11)
i=1
A R E R EETWABRNERES HRE S SORRIL, B RIEMREE R (6]
{8 F Jensen-Shannonf{ & J S D () 1 EAE| — B LRI, T RIRAISDIHL, iTHESEN
X (12)FT7R « AEE IR A RIMEIE AR HE RS BRE S UORRIA R, FRAH
INRIELUE SRR AR AIZE IR, RIS PR & R

|yl
Ljsp(h(s), h(s, x),y) = Z JSD (Pg (vi | y<i,h(s)), Po (vi | y<i, h(s, x))) (12)

7

Zil, SORRTBUEIRRL(s, x, y) WAzt (13)F7R, S ISDIARIE REL -

%:+:E¢Eﬁﬁ%§#k%%i%,%%ﬁF%%§3%$ﬁ
A S

3 [, 202348 3H%5H.
(c) 2023 HFE (s H AL ,
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L(S7 X, Y) = LCE<h(S)7 Y) + ﬁ * LJSD (h(s)7 h(S, X)? Y) (13)
3 LR ESERSH
3.1 EHiEHE
3.1.1 HEHE
SRS AF R T MuST-C(Di Gangi et al., 2019)&E S, ZEIREE & IE | 2 ME T 0 E0E,
ARIAEH T 338 (En) BB ETIE (Vi) « 5218 (De) « BAFIEIL) - P HERu) - FHETIE(Es) -

E1E(Fr) ~ F 5 R IL1E(Ro) ~ fif =3 (N) M A 78 (Pt)9 MBS X, BESENE 1R . £
35 A FAMuST-CH ) devEEMENTIFLE , tst-COMMONTE i £ .

B=E En-De En-Es En-Fr En-NI En-It En-Pt En-Ro En-Ru En-Vi
Bf (h) 408 504 492 449 465 385 432 489 441
% (k) 234 270 280 253 258 211 241 270 230

# 1. MuST-CERE

3.1.2 FEmALH

FERIESLIR AT, AR A Fairseq(Ott et al., 2019) 4 MuST-CEIEE AT FE /7=,
{8 F Unigram SentencesPiece2% > 132 & M E X HIE - BIRE S AELZIFR, HERD
910000 - B EHIAN16bit, 16kHzHHEEFIRIES, T RHubert?/E N FE 2405, 2
BUBEHIT684ETEZ #AE, F M EBIHE M Hfb T TR, BRI, FEKN2,
Pl Z4E R N1024 - IRIBIBEKESFE 2 RESRTHRE BT REIBEERMEFINKE, 5
KMARIEKEGEREE S, ITEBRIN, AOENS, R\NETHFERVERFBu, vo

3.1.3 AN ESFNHIER

NARIESEESEE AT ek, AR ST SE IS Y T Fairseq 2R « FL 2B W IRID Z 5 @E E M2
B N6, ZKFESLECNS, BEDEHEE 512, FIMZEMS4EE 72048, dropout 0.1 -

FECRBETONGM B, M AEE S- BB S R IR Ry AT g, REFR
FTe-4, BRLAIHHPITIKE 2% Hdk -

EZESINEN B, B AR Z2MIOTRIE S, 23R Nle-4, JSDINEREB N4, &%
B RS RE IR AT — KR B B UL Sk B R AT IT 8 . el s, ERKIGE
Wh30, ERIESE ERBURE A BBNEE D, BEELEIGR . LR E IR BT
AL ZR ¥ A Adam(Kingma and Ba, 2014), &EB 570.9, B 70.98, T XIHIAEIREFIFE

FEAEFRIN By, W e T RS 2 AR S E A T8 DU T4 - @RS R/ A5 R
HREE, FHRX D K/NERSacreBLEU? (Post, 2018) 1EAERIERERIEMTEFR, FrEIIZT
R 7E15K Tesla V100 GPU_L## 1T -

3.2 LR
3.2.1 SHTEHF RN LR
DR AT IR A RIERUE . FEMuST-CEUE % LT HaEas, LSS Frig T s —
B kBT T LUR L BB S EIE 715 Fairseq-ST (Wang et al., 2020) ~ Chimera(Han et
al., 2021) ~ STEMM(Fang et al., 2022) ~ ConST(Ye et al., 2022) « W2V2-ST, ERELHER )
IR
(1) Fairseq-ST: HHEFIRANESHTHIL, 1EimEmiE S8R ESs LA .
(2) Chimera: FIAT —/3EZAE U RIB R, K5 E A SR BR A A [E] 72 4 B2 R SC
FAITHIE -
*https://github.com/facebookresearch /Fairseq/tree/main/examples/hubert
3https://github.com/mjpost /sacrebleu

R E T S AR, ST8IT-SE89 L, WhURE, HiE, 20234E8H3HE5H .
(c) 2023 FEFLGFGEESUHIESYLTWERS
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(3) STEMM: REEFARRIRERLEH TR GENEIEFESHIIITRA, HHE%>)
YIZRHEZRA SR 2525

(4) ConST: FEZAESFZEINGRA 5N AR LRI E A SCARRIE R — 20k, 1h3E U
HIEE MR B HURER -

(5) W2V2-ST: {# FiWav2vec2.0(Baevski et al, 2020)i& & $#& B & & £ 1F , f#
FtransformerZmfBid e 171115, 455 HUH (Cheng et al., 2022) -

R BN BLEU
Speech MT MFA De Es Fr It Nl Pt Ro Ru Avg.

Vi
Fairseq-ST X x X o 227 272 329 227 273 281 219 153 248
Chimera V v x — 271 306 356 250 292 302 240 174 274
STEMM v X vV  — 256 303 361 256 301 31.0 243 171  27.5
ConST v x x —— 257 304 368 263 306 320 248 173 280
W2V2-ST v X x 232 243 296 352 251 291 303 234 165  26.7
AIXFRITE x X 24.7* 26.6* 31.0% 37.2* 26.4* 30.8* 32.4* 25.1* 17.8* 28.4*

# 2. fEMuST-CEHUEEZESX E5HETERNHE

WMk 2, *RARAILIRTTIEGERIE TW2V2-STEE A LR A 5 R R T &
FEBIFERCR, speech 78 H AMNER 1B E£(3%, MT(Machine Translation)3& 7~ {3 A &1 &6 & 3 %%
., MFA*(McAuliffe et al., 2017)37~ 8 MR RHINT TR « REE T EERE-BEIEES
A ESRISEIRRIBRZ . ARSON BRI B NI8 1N 1E SR HIBLEUSKI (HIFE Avg S5 5% -

R TTESW2V-STEEETIM Y., BLEUE PR T1.8 . Wik 7 AT RIE S UK
B8 A RAENS 57 FIARIARAE - 56 T8N SR B BUE B Chimeratf HE, 72 ] FLEGE T
EBLEUEFEHRTT 71.0, AT VERIFEREE B A SCRBR B T [F]— K B AR 50E R H IR =)
BN, BOE T ZETEFKREA— RS a0t -

STEMM TIEE TR GBS EMH T AMFsREI, F7REL, A CNIRIEEIRE AR E & 530K
FAEREATIRE - HETSTEMM, AITERT T ZRER S HSEIRE S E K, (H
ZRE-ZVEEE S5 EME 5 (OGN T DEIIZGRER, F 7 T HEGE S5 EBUS T F150.9
BLEUMERIFET, IER T AR SCTH Z AN 57 5 K VA —Rl & 7 &R A R -

T R B 55 8, AR ST 15 B ConST /7 VA& 78 /] HLBLIE 5 % | “F #YBLEUH 32 7+
70.4, ConSTH i FHXF HC I 55 15 B A1 SUARHEAT T, —EREE L2 T FFE M
ARRILF W REE R, AR HISDHR R IATARE H R &SR IEEME, KU T
FEISDIRAR T I Z RS INGRHESR R M -

3.2.2  TYIGR® 15 & B 1R 45 SR e

B EFairseqH 2 T U 2|0 5 & B ORI B, 2 315 T FbankFFE A Hubert SFEH 1T
FE BB ERNE R E AR, BT FhankfFEH Fairseq-STSEH 45 Wang et al. (2020)55
A—E, ETHubertFHERFISEIESEE LR EIF—2. Rt PRIk SRS 255 45
FARE, A CCMatrix(Schwenk et al., 2019)H HEiE-# 5 75 P17 1B BHE MRS MR #1730
NI -

ki) g1 YIZRIFE] HEFERSE] BLEU
Fairseq-ST TEE IR 1.00x 1.00x 20.8
Hubert-Transformer Hubert 4.23x 1.83x 22.6
Hubert-Transformer Hubert+ 3 AH] = 4.23x 1.83x 23.4
KT 1% Hubert+ A EH i 5.52x 1.83x 24.7
RITTEABOMENEEAE  Hubert+ SUAREHIE 5.52x 1.83x 25.4

# 3. MuST-CHIE-#ETIE AR T4 7 i ABLEUEXT L

“https://mfa-models.readthedocs.io/en/latest /index.html

R E T S AR, ST8IT-SE89 L, WhURE, HiE, 20234E8H3HE5H .
(c) 2023 FEFLGFGEESUHIESYLTWERS
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TEtst-COMMONI 5 _E BILE R ANZR 3P 7~, VISR (8] 5 HEF T (8] 5351 I 25 S HEEE R B
BRI K - R EZES CATINGRE R T, FRLMIIZ A Hubert/E R B 2588 217
ZRBLEU{HIAE 1722.6, HLEEEFIRAITNILE T LLFbanklE W+ E ) A3 1711|1415 2| FIBLEULS
REH1.8, BUE T Hubert{EN FH 22 MAG 2 A RUE « ZEMHFHSCRBIEHAT IS, 4R H
IR¥ETE 70.8 BLEU, AT BB R TIIZ5 5 v 21 0 78 & B R B 3080 - e Bl
IR TR B A AR 57 1R E SR FBLEUR IR A T1.3, WUE T ARSCATIR HIERIE R
o FINEIMNEE R AT SOR BT 45 E BLEUSE A 3] 725.4, #— P 30UE 7 # H SCA
BT RS PO 1B B B RFHRAER - PlFairseq-STZE SR 1.00x A&, # FHubert{E
P 2GR 2 U GRS (Al B KR 4.23x, EFRRT A HE KN 1.83x « AR HESIA TR S A F2&
BEFRIEFITZAES I, JNSRETELEAE] T 5.52x N By R A ZWAE N, SUOEFE[E
EHubert-Transformer /7 8 [A] -

3.2.3  AFFFATHAFERIR L

NIRGTR G R B S BIFEGRAGENT, 2 RNEAR - MPHR & RIELUARE S T 1E
INERRS B FFAT R A AT SR -

H TR MBS EZ R RIGE S, Ftst- COMMON 8 1 B S8 18 B - SUARR A
DN, AR R I EAE UG R R B SOARE SCRAEAIE & 15 SRR, W REIE&-SURE
X%ﬁﬁg?ﬁ%%ﬁ@ﬁ@%%ﬁﬁ@ﬁ%ﬁ,E&ET%@E%XEE%KW@%%E%
Fr 3RS B RE

BLRA FHATHIA BLEU FHEMAELE (%)
\ I 23.4 97.88
JELA

Tl SUARFEAE 94.2 97.26

TSR & FRAE 24.5 98.14

BiRE AFRIREFRAE 24.4 98.00

A)F iR KR A FAE 24.7 98.28

R 4. RSN T E- R B SRS R

Wk AR, EREETRAERF T, B SURRIENE N HA1T1E55 B% ABLEUE &
10.8, REZAEFINGMER N EABSNRIFLTE A i - AEZESUIGHRERT, FHEM
U SBLEUSE RALIEAR S, SRAAGAIRRE AN ZE 70t b 213 25 4 55 75 2 M R RO ARARRZ MR« 81 FH A
R A RIR & RALEPREXTIE S B/~ R IEFRCR, ROVIRE RIS SURRIEA LR AR
G EMARBEESE SR OHENALEREE - MRTATRIEERE, EHIFARIR SR
PR AR U S 5 170.14%, BLEUSR S 10.1, KB IARANR & RAENE R FEAT AR
RIRES TR S A RIS RIS B 2 IR, T A b 2 5 & A SO B3 Y
WRAEER, RIBFERE . MRTMHBE—RERIE, FEHSRERRSRIEEBLE PR
THESBIFEVEREARFAEA IR, R F I FR IR & RAL S 7 T I0R & RALFERETL 2 5] 1]
ZAFEBRASAMMLERFS, “HEFEME.

3.2.4 KEH—R@ESEEA RN T KX L5

NRF S FE S EF RIE KR Z A AR AE S RIFEE GRS, AN EESZES
FALMARIEOLT , FHATESS R BT — RS B B 7855 Hi A O SUARRAE 538 5 R AL A
AT TSRS - BRI RS A RR & RAL IR VEON RS, B R R & SRAL A AT RESE AR,
SRS AR 4FP U FHTAZ0R & RAL W EAL AT -

MR TIEERIL, MaeRIEP LA EEIOARIE, UEEREFM, fHEE
ABLEUEN & - BN 57R, FHEEMAESCNREE RIEH A JSBLEUE MR T70.1, FF
MEAR R N T0.73%, RUERL & RIEIE MBS MRS, R E B Oy B B SR AE 7] &
HESESTWELESTIET R ERAREESR, N T ERL B HRAS B X A I 255 %
B o RGN HON SURRIE Z JEBLEUS A IEAE R FREIB UL IR R, X RIRE R &R
TEBRI 5 8 B 50— BT G AR DR A B3 R I S 22 5 (DR B R

oA TR E R AR OUR, ’%78?—%89%, e IR 5
A S

3 [, 202348 3H%5H.
(c) 2023 HFE (s H AL ,
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Q K, V BLEU FREMERUE (%)

W HR & FRAE THR & FRAE 24.4 97.41
SR FRAE TRIR A FAE 23.4 80.03
EERIE WA FRIE 24.5 98.14

5. KBRS B AL R T S8 - e 15 B R ORI

fEFT-SNE(Van der Maaten and Hinton, 2008)f & RAEHIFE E4EE 51248 & {4 34k, X
KA — Rl SRR TR G RIS A SORAITE B RALSAT = o s B AT AT . a0l 4B
R, T REA—EE Z BB RIE A O, SEUERE DA 5 BB R HR 5T %
A, RITEEFESUANARSFREZFAFAER D MESR, TELE S AR IE R A6
5, R —LRl& BEER AT LU RCR P A S R AR RS B [/ — RAEZS /], &8 T A ER
SR AES, &I T BIEERE

S IRAAE - BMEIE
LA FRAE - AREKIE

(a) G FIRAEI A (b) Rt JE R AR

4. KTl S B RAL 7 A0 H A

3.2.5 | 1¥ERlE B B 1 RER M

VBRI R S BIRAE Z AR S UIRIESE N AIER, I ISDIR Kk A R A ] 4% il
BT, 2 I AR UGS R TR R A R R AR R O B AR AT 28 0 HF AT R
N o RIS IR SR & RAL AN A 5 AR & ALK BLAT H R SO 81, B2 0 A L R 0R
Jhi(x,y), ho(x,y), FEFPIDISDIKNS EATAR, JILRIAKL (s, x,y) W5 (14) PR -

Li(s,x,y) = Leg(h(s),y) + B * Liysp(h(s), hi(s,x),y) + B * Lysp(h(s), ha(s,x),y) (14)

DVRUE TEERS BR R, RN R R RS E R & RAESREENE N IR R
AN, TR SRS .

ana JSDAJH X 5 BLEU FHEFELUE (%)
T A F 5iA R FAE 24.1 97.09
PR A ZRLE LA FRAE 24.5 98.11
[ TEREE LRI FERA FAE 24.7 98.28

F 6. AFEFLE TN HE- g TR A R AR

E, 20234E8H3H%ESH.
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LEIRINER 6FR, AN S A TR & RAETRNE 050U FBLEUE »24.1, THE
MBS E TR S FBLEUSE & 0.4, FAEMALERS 171.02%, RUT 2 0H7EAFMBIL
DN T RS AR IR ), SEEEIERERI T . SEERM AL, (R TERE T %R
= J0.2BLEUE, R IEREEREE RETAN S f) 7908 & RIL R AR RS S & 2%
5, SR PR S RIEA A A -

3.2.6 ZHSIIGHER T ARIHIRA RN LR

RN R R R W ETER . W=t (15)FR, B 20 B Rl & RAE YA SR K

FIAVE AR RL AR AN R % T ORI IREROR -

lv]

Lo, (h(s,%),y) = > _log (Pg (vi | y<i, h(s, x)) (15)
i=1
Leg,, Lysp BLEU FRIEREE (%)
X X 23.4 97.88
v x 23.6 93.00
v V 24.2 97.81
x v 24.7 98.28

R 1. ZAESSINERA51K bR SO0 S B - e TE R RS SR

W TR, SR AT SO R AR R D B\ B R B A 55 0 1T 4 PR EBLEU{E 32 T+
T0.2, EEREMNETEIEVCREEHISOREA, SERFILARRUE R TR - 72 BN
AJSDIFRATEH D T, BLEUEE—B 4Tt 170.6, FFIEARLUERTF 74.81%, RI{E
FISD R AEAT — UL A 2 AR SR T RIS E FRIFRARAEM - 2 UEHISDI K
T—EEARES, FAEAECUE SBLEUESGE] Tit—PiRmE, RUPMUERISDHRR S HAHES
A8 R R R T RN SR B S BEAESS, W Rk T BB L& R -

JSDH RN A — B R B R, ik E HAISDIVKELF], FATHISDAE &
BB HIENO~ 1~ 2~ 3~ 4 5T A 5AIHN, LA R B ERIERCR -

25
24.8 24.7
246
24.4
=]
W o242
o
24
238

23.6

23.4

JSDELEE R

5. JSDANE RO S -1 g B B4 RN

4 5w

FET I 2 1 R S R AP MBS BRI, ASURIEZ IS SURZ AR E R R, 1R
HIEE ORISR 7515, SER SRR G FLE NSRRI, A FE PR
FHATEA—LRNE 5357, B0 T IR RN Z S VIGERA IR & RIES FHRIER—
ik, BRTLRAE S S UK A B[R] —RAESS (A o SEIGAN TR B T AR SR H T IR AN
JRHN R RS RIEE R ERUE, & T ims s S RlFErree - R TIERENR B
TRAS—BUERAL TAER)EA L xF B RSEERE R T30, IRRAE 2 AR R O
N, S S B R AT 9 ) R B PR SRS AR AR A — B

oA TR E R AR OUR, ’%78?—%89%, e IR 5
A S

3 [, 202348 3H%5H.
(c) 2023 HFE (s H AL ,
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Speech synthesis of Lao language is significant to the cooperation and commu-
nication between China and Lao, but Lao speech pronunciation is complex, and
there are pronunciation characteristics such as tones, syllables and phonemes,
and the existing speech synthesis methods do not work well on Lao language.
The autoregressive model based on attention mechanism modeling is difficult
to fit complex Lao speech, and the model has poor generalization ability and
is prone to catastrophic errors such as word omission and word skipping, and
the synthesized audio lacks naturalness and fluency. In this paper, we pro-
pose a non-autoregressive speech synthesis method for Lao based on discrete
self-supervised representation enhancement, combining the linguistic phonetic
features of Lao, using the annotated temporal information of Lao phoneme
granularity to construct a non-autoregressive architectural acoustic model, ex-
tracting discrete representations of speech content and intonation information
through a pre-trained speech model with self-supervised learning, and incorpo-
rating them into the acoustic model to enhance the model’s speech generation
capability of the model and the fluency and naturalness of the synthesized
audio.The experiments demonstrate that the synthesized audio of this paper
achieves a MOS score of 4.03, and the non-autoregressive modeling approach
based on discrete self-supervised representation enhancement can better por-
tray the speech characteristics of Lao language at the fine-grained level of in-
tonation, phoneme duration, pitch, etc.

Keywords: TTS , Laotion , Non-Autoregressive , Pre-trained Speech Model

1 5§

EHBERAMIMXEEMNESZ— BEHARKNENES. WERE. ®i
FOBEEERW AR, MREREEE AN P ENEEESTRELEKR. [
I, WP AT R E SR IE SR = B AR RS S AERE . WE s AR IR ME S & K
BHEEHFY .

ERES P IEMX AR AR R E B R E IR, BRSERENIBIFERT
£, FAMBE AR AS R E, ERERENIETERFEEE T AEHAL
IR, RTHMSFMEE T, BREES &R EAERE EXELIRFE S &
R, FHR TR FAERKEME . WEERBRIES & RkZ B REMRG
HHABGEERE . 0, (Anh et al., 2022)HIKEH T ETHEMLHZRIEES &
B, ARTZ T R AR E S T BRAEE S G SN ERERE S & RIES
NMERHRER -

FEEEEMEST, TERWERANTTE: DERE: hTREEHETHE
IR, BRIBNZIIRE HRES PR - QRE: FEERMASRT, &E
EREERERBEEN . —DEBAES G AR5 SURHN (Lal et al., 2021),
FE AR A IS 25 (Oord et al., 2016)(Kong et al., 2020)- A ME AR H %, 4
HEREE S BT IEOT a2 B0 5 B2 H AR A 22T o 7R 2R AT ST
ASH AR B S B P AR U R AR, RS BRI S B 7R D 2 AR A K A 1 R

HrJEE TR S AR IR, FI0N
pay

100, W/R¥E, PE, 20234E8H3HZESH.
(c) 2023 P fFHEXWHIEFS S
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BREE, ETHEMENETERAREENRE T aREMREMHRE, I
BT AR 22 THI ) 4 RE AU R SR PR R R 48, Shen® AR H H) Tacotron2f& Y 2244 (Shen
et al., 2018), M T ZAIET ST S HAMBE RGOE T 6 HOT %, WRREE EiuH
TARBEMITE - RenSE AR H 2 T Transformer(Vaswani et al., 2017)#)3E B [\ )358
fiFastSpeech(Ren et al., 2019), #ER T ZGUER IHLHIN 7 3R B HERTE, EH T
BT K 5F R 7 2, R AR R AR AT LU AT IR, AR & T AR
HE, [FIREER T DRSS AR T M TS &R R . A ZJE, Rens
NAREEHR Hi FastSpeech2(Ren et al., 2020), YIZrFIHEIEEE b 5 B G284 B 8 R
HE EEWAREREA - 1F TIER7ETacotron2 i EE Al _F & B A 3E B B I (Elias et al.,
2021) o XEETAEFEAH ~ G REM ERES GRS TRERIRCR, e kB A E
Ml ERERIES &R TAERAN R - J T RREREES & RS Mk Z B RESER
AL ARSURFEZHROER @RS, HA R T0IZRE SR T R BCE I B R S
fiE, 7Et&SiFastSpeech2fJ1E & & BUE AR T ZEM (K 2 F A& E & R B REUL B I B RIE
HRARTHEREE S & BRA HIIERE - AR TTER AN T -

(1) LW THAEEEFZREEST GRES, BRTEREETEREST, HE
R, ERCEER, AR (LRE I Z R -

(2) 3T IIGRESEAE A VLI NS, RUATUIGE S, ST RES
FAERIA R B AR Bof TIEAES 6 BUTNEEERTE ERIERR -

(3) FEVNE 2 A B &5 AR YR8k £ Z R EE T & RE S B
T 4.03#IMOS{H -

2 MXIE

(1) B B 3155 & Al (Autoregressive Speech Synthesis) & — F3: T 5 71| #57 118 &
BRI AEBEFEFERT ., BEESEAN—1FH, DR T B
REAR - ZERGERHEEEE &TES, B RANZIEIAHEZEMLE  (Recurrent
Neural Network, RNN)(Grossberg, 2013)8(34 &R 4 M 4% (Convolutional Neural Net-
work, CNN)(Gu et al., 2018)REBIEEFE S HIFFII KR - XEARRIGEW 22 S 2EEE
SR AR, MMSEIMSCRENE S S . BRETES ST AR —20, B
BOEIREAEROE R B E(ES . [RINA] LLAE RS i & RSP -

R, HTHEHEREARE, BESRATREEE, BREIEEESERIEEEE
ETTEEN g, Rt —SSN s A ER, BAEERIEEE & ETEER DK
BEOLT, BEVIES GRS BT - RTEENS -

(2)FE B EHHEH A (Non-autoregressive Speech Synthesis) & —F5 HE &
HERMNES R AE . 5SEREESSRARE. 38 REFES SRR
RN B AR T B T AR AN R AR A BT RO R BB R A AR ROE AN IR
AIEEIR o Ren%s A$E H iFastSpeech2EFastSpeech H E: fitth L7 N T &/ (Pitch) ~ & =

(Energy) - W& (Duration) HISMFEZEER, & T &RETHRBES BRE -
F8bh, FastPitch(Lanicucki, 2021)3 T FastSpeech X #ll R 5 B #1717, /& T & AUE
HHRAE - 35 B REVFETIEELS NINEREEAERGES M, EH TEMNES G
HE .

EHEIEE G RA EIEER, EHHEERTES &R RETCIES ) B 2 )
BEZN, NMSSetlGsiZ AR, SFEOETRISELF R -

B TR E AR E SRR, HIOR-F1010, MR, E, 202348H3H%5H.
(c) 2023 wHHE hCfE B2t : =
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3

AL HE T FastSpeech2 L5, HRIEZHIBE S E TR AWELURS, EJI%
R A TEERHIE, X Fang® NG A (Fang et al., 2022), AR Wav2vec2. 052 BUHTE &
FHEIRIE AR, IR F 9 53&E R 2 B TR & I%R, KHgidask b a5/
NINERSIISD  (Jensen-Shannon Divergence) 26 3858 75 2 RFE X AE AUIE S AO 5200
HETNGRE .

3.1 HuEE

H T2 BB R H B8 & SR EE N, R MR FAMFASE T B (McAuliffe et al.,
2017) X EHSERIREATYIE], FHI, N TMEFENTT, ASTEMEEIEEM B,
SPREF| ANE ST EER TN, DFHES# SR MER, aEEEE
SHATIRNE « TUINE « 8 - ERES STAFERIE . RS HPraatF 55 548 L
H(Styler, 2013), N\FAHEHESEESHRIEE - T8 B8 . SEFEAASE
FHHE, REFMEFTEIRHTINE, SES T E 2R B E RIS R H 5
R, WBEEHRITTHTHEE, BAEEFEEEEE - RGBS L - FEE R
HENGREBATE R, WEHUEE. BRIBEETHAETAEHERE ZREEIMEX,
EREUT T NRNE T RO, UEENRIMMESRA . FHEBEEE R T &
BRY . AEEERIERE AT T AT EINE . WELFTR:

| v by ® 9 %) 13) U Iy) N | ew

KE | [m] | [n] | [ | (o] | (6] | [d | [p] | [0 | [k | [p"

FH | nw |20 w99 | os ) o) 3] 8,9 ®
& | [ | [k | [ | [s] | [h] | [te] | W] | O] | [

Figure 1: ZHEHER

FEEREF, ETERNIAFERN, EHRETNTFERE S TEIITHS,
E2m 51 T BAARRIPRE T2 -

FHE| b A A n | | P |y | P | e | A
RE | [kal | [kal | [kil | [kw] | [ku] | [ke] | [ke] | [ke] | [ke] | [ko] | [ko]
FE oz | Ho | B | m | B B n m | wn | M N
RE | ko] | [ko] | [k¥] | [ka:] | [ki:] | [kw] | [ku] | [ke:] | [ke:] | ko] | [ko1]
FHE | e | 5 |Her| By | Fe | Hor | Pe | I | W | He | me
RE | ko] | [k | [kie] | [kie] | [kws] | [kua] | [kus] | [kai] | [kai] | [kai] | [ki:g]
FF| ny | He | Do | nme | me | M

X
i

[kiza] |[kw:a] | [ku:a] | [ku:a] | [ka:i] | [kam]

—

Figure 2: ZH1EH T4 &L

, MR, hE, 202348 H3HE5H.
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Figure 3: 2T R B BRI RAZHER B BAEE & 50574

RETY F B AR G AN I3 FT 7R, AR B A 9 P AT R SOR-S AR X, B s A
SCRFFH R R E RS, xR RPN B E & 50751 - %A HERFE A B9
YIRS AR RN, HA R as - #6328 9 B AN Mtransformer Z4H K (N=4), 7E4wHY
2 5 5 2 2 18] 5] A\ 2B #iE B JZ (Variance Adaptor) FRAEE 2 2 [E 5 F Tl DL X &
W~ EORAOTII, faRRTY B A A S AL o 2 T A H S S B R
IR Gk, HTIUARSEESEMAR, BEERRK, BERELNNFES, M
MR BRSPS, B mixup 7%, AT DIFEANRIR S 22 (B3 S A A B
Wi, VB A SOR- AR T DAY B AR T 2 S B S OR BE F M A — B R, A
T HE R AN B A\ PO B B AN 2208 BE 7 (Fang et al., 2022) o W ERG 285 B 15 A A &b
ISDIL, GIAJSDIKH TEREAE MBI AR E BEEREARS A ZEINESR, Ef
DAFS B AR 22 5] A BB B AR AR, SR 580E B FF I A2 B 2 AR e 48 I ZR 3K
K (Gulrajani et al., 2017) - ZIKRECH:

Lyso (%, y,77) = S0 ISD {py (v | y<i, bi(s)) | 0
po (¥i | y<i, b2 (mixup ((s, x), p*)))
sk XK G E KWW %M E IR Mt
7R, h2(mixup((s,x),p*)) o 38 i T 45 7 5 L 6 IR 0 38 3 4 OF 1 R
4 H 6] R ST 0 R
MR SRR, R R O T

L= AﬁJSD (S, X, yap*) + LCE (S, Y) + [‘CE (mixup ((87 X)ap*) 7y) (2)

B TR E AR E SRR, HIOR-F1010, MR, E, 202348H3H%5H.
() 2023 P fE B2 : AR
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Figure 4: filiflwav2vec2.0

EHES P ERERIEMERER, EEATE T AN ORI ST e (R
MELATE IR, ARSCHE Hd e Bl B = IR = T T BE -

Swav2vec2 0fF &, A T ISR Z1E S B E A, FATRERIES I
SRR, IREEEEREST . BERME ., ARSUHTIIZRR wav2vec2. OF T 4514 HH R
T —" BERDIVLHZEREINE S EMRAE LN CRIERE MO, RIEEGEEHA
BT RS R SORIREL . SN EAREERORETI A PERE . FVEA S5 Rkt — 5
AT A ISR 2R o SE0LE SRR I A SO i AR SR8 S R B SR B H R AR
ERAE AT LU =8 5 R & 5 g -

TR RS, BT AR S B AR IR R RN KARE, A SO RS
s 0% R A T 5 SpecCutout R 5k SR HE (Kriman et al., 2020): FEHLZERE— L
TR RE K, X R KR RSN R KRB SRS, REEE 5 InE R
orE, BE—E RIS T & . 7EX L T B PGSR, SRR
TEINMFTEMIE E2TRER (AAHOREI LT RN e E) - RITEHERE
WS T I PHEEE R, 158 — SR RAR BE M AR 1 [ A A B R A AP 1]« AR
5 TRYIZRIN A [F] A0 B AN B] 28 KA o B4 A AR HARER -

~ exp (sim (¢, qt) /)
L= log o cxp (sim (1, ) /) ®)

Hrf
sim(a, b) = a” b/ all[|b] (4)

4 L%

4.1 THRE

ATCAE N ERI RN — /N B EHE B 48 B AT 75858, HACRFER 922,05k Hz,
HH AT H DR R AR B R/ N SORI A /R i I - E U R B11E 0 E S iE I B AR L%

L7, MRiE, hE, 20238 3HESH.
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FRH, EIGEMIIFER R/ 41 - IR batchsize 932, #FHAB = 0.9,8; =
0.999,c = 10 SAJAdamfb ey, FIEN1073-

4.2 FHIERR

FXIEANER 532 F RN FR R BT SR & BE AT 1Y - $ahn—: SRAFIIEL
43 (Mean Opinion Score Score, MOS) FIFAN & AUHE & B HINE TG E, Vg iRIE
B 5 BN & REAEATIT 4y, MOSEWFS £ RI-5HER, 10E, 20—, 35
IEH, 457 BIF, soriih, &ERBIETESHOERLSTEFIELS - fair:
K ABtest 77 #0EFE HUT & B FIFHIEM, ABtest T RS W EWANFIIEE &R
D EREM, WEEWWANSEMFREHRILEN—TT, &EiTEREREE ST .
DU PR T AL 9535 o 2 hd v R BB AOUT AR SE A, -

ZFENER 53K FH = FEA ¥ 6n, $8i5—: SEBFR FRTF(Real Time Factor),
ZAE 2 VAl 3R B (8] VI T 4 B f B WSS bR o FEHR —: MCD(Mel cepstral distor-
tion)(H, EFRRNIIRERGIEEFIMFCC FHESRER HIEEIMFCC FHERZER,
F RIS UE AR LB A A E B RS RHE LR REEE - $845=: SSIM (Structural Simi-
larity), B RN ER Z BRI RRE, A SCHRITAE AR EMS B E I |5
Mg /R v AR U -

4.3 SEWEER5HT
4.3.1  EWIFH KZ N

N T UEBA AR SCT IR RE W AR R UE S A BB HE R RN RSB E R HRES Y
&, ARIKE T 540 FB RTINS, H i Tacotron2(Elias et al., 2021)7& H
[\ 315 & & AU ZY | Tacotron2+G A& 7 Tacotron2& 2 i Z: it F il A T guide atten-
tion(Tachibana et al., 2018), 7 Ea = 1. FastSpeech2(Ren et al., 2020)5& 74~ [
FEVERAL o FastPitch(Lanicucki, 2021)s& % — > % T FastSpeech F3E B A AR o« B
LR DL R R SCHE AR (8 FH T 58 1| ZR U HIFi-GAN (Kong et al., 2020)fF A E 14
g, SEERA RS E 5 IR NIRRT A R 2. R IEN TR S R LT
T o

Table 1: ZXIENFEIRS FEMFEMFEFRMOSHEA) -

T MCD SSIM RTF MOS
Ground Truth - - - 4.5240.07
Tacotron2 776 045 2.31 x 1071 3.71+0.08
Tacotron2+GA  7.82 048 255 x 107! 3.86+0.07
FastSpeech?2 778 043 1.98 x 1072 3.85+0.08
FastPitch 838 046 2.16 x 1072  3.82+0.08
Our Model 7.61 0.53 2.07 x 1072 4.03+0.07

TN R FIMOSTE 4 34T 47, AR SCHR H P AL BB 7E HH — /NI A B S 45
AANGEIE NG H BB RESE A B, H B {FFastSpeech27E =LA 7 | AR B
T HEF Tacotron2, EBAARSGEM & 2R B E T FHE SRR R AE— ERE L
RAEZREIES A AR E ERI, H BBUS 7 LT 2R ERA T S s, M
BT H T FastSpeech2, ¥4I T 0.18FMOS TS

’%iﬂ“iﬁqﬂﬁﬁiﬁ(%#k%i@i%, FIOT-F101 T, W/RIE, 1, 202348H3H%5H.
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AT ] I SE G 45 R AT B M E AL, B FEMCD(Kominek et al., 2008){H LA
J2SSIM{E (Wang et al., 2004) LL X RTF{E - EHMCDETLEFE0-102 18], EF#k/Nit
BHPR B3 (R A 22 BE RN« SSIMPITE BEIFE0-12 (8], R U BRI A B A FOAR LU
S . RTFEFITE T SN CEE MR K/ BN K, E5—fR&iEE T, RTFE
/N A SEES B R o B R AT AT, T LUE HARSUR H R AEMCD Y PR LA B
FHMERT FastSpeech 21K 170.17- HSSIM{EHR S 70.1-

4.3.2 W KEH
HTBIEA SR AR B EA PR RE S AR, A SO & FE R TR AR K
FESCA EEAT T SEEG HEFER KSR SE R 5 PR

Inference time Tacotron2 -O- FastSpeech?2 FastPitch -O- Our model

0.12s

0.1s
0.08s
0.06s
0.04s

002 f—f

Os r T T T T T ,
1 20 40 60 80 100 120

Figure 5: A HEHEI KRN

ok EsAT LLEH - HT B B JFZEAE & AR ERE T 8RR
A, Tacotron2f) #E PRI K AR T H At F v A BAEEE K10 - MRS HAT1TH5H
A FastPitch « FastSpeech2 A S A 37 VA #F B B RO EHE - A7 A fE
5 b )RS H Tacotron2, ME T FastSpeech2t JLT- & H N FFES -

4.3.3 {HEER

T IRRR A E SRR RETT 2 DU R RO G A SRR B R TV RS T
BAREMIER, ARSCHT TIHMEIE - 25025 T X Tacotron2+GARR L B Hl&18
BUHIE B AL, X FastSpeech2RF 38 I J2 A% 1 5 FFIE 7] & BRI HHE - IIAER T
HLHI(Cross Attention) LA MR HIETY o SEIGEE R ANF 2077 -

B TR RS A SRR, B0 HI0II, R, HE, 202348H3HE5H.
AR : aPA
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Table 2: {HEESETE: ANFIRES1E S FFILT 206 2R RER RN

JiiE MCD  SSIM RTF MOS
Tacotron2+GA without finetuned wav2vec2.0  7.82 0.48 2.55 x 107! 3.8640.07
Tacotron2+GA with finetuned wav2vec2.0 7.88 047 2.71 x 107! 3.87+0.06
FastSpeech2 without finetuned wav2vec2.0 7.78 043 1.98 x 1072 3.8540.08
FastSpeech2 with finetuned wav2vec2.0 7.98 046 2.01 x 1072 3.8840.08
1T Cross Attention /7 ZURl & 15 & FHIE 7.64 051 251 x 1072 3.9240.07
Our Model 7.61 0.53 2.07 x 1072 4.03+0.08

X 2 AT T, A SCERE WA TR B RFE T IEEEMOSTE 4 B T S AT
R o FastSpeech2 NElA 1B 35 FHIE O FE LR BIMOSTE 4> ~3.85, TEEEMA T iEEF
EZ JG1RTF T0.030IMOSYES: , 1A% T73.88, fE—ERE FEE TIESH BREMREG
J& o T Tacotron2+GAFELL IR FIMOSTE AR T3.86, 7EBEEM A TEERIEZ ERA
T0.01FIMOSYE4Y, JR & Tacotron2iE A 2 [R T 5 [ VAR A G2 (LEEN 2, Ao H
IR~ BFEIEEE RS - ] IS HESE, AL ESRH R A EER
JRT AR SO A0 7 1k B AOEGH T AR ERTB SR & M wav2vec2.0 L AT R - AT
& H X FastSpeech2fll A8 B A E /7%, FEARIELA 77 30 _EAR R & T AL B A Al e &
FERT S AR, H BEAEMCDEMSSIMIE F IR GRS - B IRFastSpeech21B 7
FERTF LA LR TIE B I aE, (T A SCIR 0 5 1R 7R AR OB B B AR
WM E D EEFOED, HRTFPEMLEELE OB IER K, RGER KRS T &
EMOS PS> « MCDAE LA SSIMAE A 7 VA E R B A5 AY .

4.3.4 HFRIGEE ST

T M AR SR H W T VA 75 BE AR B PRI % B0 TE SRR A AR AN T i AT SR AT
&, A B EMEREINERES T T /R0 E et - InE6eRTs -

(c)Tacotron2

Figure 6: H/RATHE & 537

W Elo R B L1 E o AT MR SI0E B e A, YT RIFEN A RIEE . E Aground
truth®% #6 B /R 55 B an & o (a) BT 7R, A FastSpeech 248 BB /R 43 [ 40 B A (b) B

b E S AU, BO0T 1010, WURYE, I, 20234853 E5H.
(o) 2023 PR RS
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7N, ATLUE HAERGE K S8 g /R 50 R R KR E - 11 A Tacotron 287 A4 sl A /R 5
X R AT LK ISP | B SR Tacotron2 & BUZ MR T & &, (HETESM L
SEREMMAEZRKA, WEF ()fs o MASER HIET AT USE B R B AR A
FERGRPIIE E S5 A0 40T 5 R I IR T RE —2, WEH (d)FrR -

4.3.5 ABtest%

0T EEEMR HEAFITIRE T LR, ASGHTT T ABtest 5658, 1K 30 2L
W 6 W D AN [FIAR T 0 [R] — SRS A SR B AR, R Bt — 7 - 5%
WA —HE30A « MRS RANE IR -

$—4H
FastSpeech2 |  40% 60% T%’Xt:g;‘s*
FgTH
Wavoves 0. 67% 3% | nlane
$=4H
F\?\/S;?zp\?:f;? 36% R l\lzlJndae!I

Figure 7: ABtestSE%

Wit BoR, % —HABtestS25 o, Al — LA AL E 7 B EHZEY
HITacotron2t& M & B 18, VLRAZEZEUE £ b (U2 T FastSpeech2fT & B 1152 7
AR RTEEE M _E At Tacotron2 » @ 56 2% LR, % T FastSpeech2fli &1
BRHE R EY BT A AT TE B B AR B 3T T Tacotron2, X Ui BAXT TJE B A JF AR
U, A EERERSEREE A TRMEAERE IR e EEe - #at 5E = 25258
DI A FEEE 70T, AT BB I B FEERE, TS B AR SCE A H i iE A R
BIEERIER T -

5 5%

FEOhE S & MO IR Z E LR INRE AR AR & T R AL B I E R
EXg R B B EVTEST ST L, S ERERMETEERA, EEETEN
B EARER (G R, FERAE B RIS R 2R AR EHEZEE T G AR E, EidH
B 5] TR R B R R RAR BGE B N A AN = R (5 BB AL RAE, BB 2Rl
IR RS AR ), R E MR T TR B, I HARIETERER KL
AN SEERAER, ASUTIE G ME A E] T 4.038MOSH 4> -

’%iﬂ“iﬁqﬂﬁﬁiﬁ(%#k%i@i%, FIOT-F101 T, W/RIE, 1, 202348H3H%5H.
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MMIBEEENMIBEETIR, ARESENMMBASGEN LEEER, ZERNILES
B E RN 5 ANTH2E « ASCLAPDCRNL B N, (B BRI DOE NI E &4 Kk
TREL, MIELIZ R AN ZRAR G H L8 81 R 5T LA Chat GP T
HE. HRER, SERFCHIL, LB NS & AR A REE ) FFERAA
B, RIDVHLEBIFEETE LA - Bl - SRS T HAIRE S, MR A —
H A RAPGEFE ORI, 3% SCHIHE 52 SIS -

K. DIEEE ; FBEAEMREES ;o PLEEFE . ChatGPT

Investigation of the Clause Complexes Transfer and Generation

1

Capability from Chinese to English for Machine Translation

Xing Fukun Xu Jianing
Zhejiang International Studies University Qingdao University
xingfukun@126. com 461096572@qq . com
Abstract

Clause complexes are combined of clauses and the combination patterns differ across
languages, and these differences play a crucial role in machine translation quality. How-
ever, our understanding of the exact impact is limited. To shed light on this issue, this
paper focuses on Chinese-English translation. It examines Chinese clause complexes
and expert translations in various genres, and evaluates mainstream machine transla-
tion systems and ChatGPT in terms of naming sharing relationships and sharing types.
The findings reveal a significant disparity between the ability of machine translation
systems and expert translators to transfer and generate clause complexes. Machine
translation systems exhibit weaker performance in completing, converting, and refin-
ing naming information. They also demonstrate a limited range of clause combination
patterns and retain many traces of the original Chinese text, which greatly compromises
the quality of the translation.

Keywords: clause complexes , transfer and generation capability , machine
translation , ChatGPT
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HEESY

MR EHRHBEERETEE CRAR/NIFIMR, 2Nz b, REZTHETH
fir o EFR/INEIE ST B EEHE, KE (2022) W/INEESERIEIEFIERME BUHET
TARAGWHE, AR NS EZEEESIERRE T EESST . NIESRERIEWER
P, HANERE LR ZHG M E R E R AR TVOE - REEFEFZH, HiELHEZE R
FHRSMENREMAGFEREEZS (RE, 2022) , XMERA/NIE AERE NS
R RIR KM . NHEE— DR RKFELEEE S NMIE SRR AR -

i1

JR3C: (0% H20224F E S FEBUF TIEHR )

&7 HEH SR )X S RBURANESR,

AL B2t
TERES & R & 7 -
EREL
All of us involved
must adopt detailed and effective measures

I to meet these major policy require-
ments

and create synergy for driving growth.
S EA
All parties should focus on implementing these major policies and requirements,
refine and implement specific measures,

and form a joint force to promote development.

DO RO & 5% SO AR 1 SRR 8 o AT 4t T ZUPREE Hh /N ) TR R Sk R ok
RAFLERM . POEFGE—PNH3IMR A AE G NIE &R, B Raa—17, HF
FRMFEITHRAAR TR UVTH ST HE 25, FRXMITEHUTH ST EE Z AR
KFERR, FATMETAANEGELZREL KT EEAE, FTERTER/NG, A2
O J7 M ZFE SR )X L E KEGRAE K . @& 7 HEMI S BARZEE - @& T HETR A
A BIIE T - HTHRERELM THE - NIERME, FIH2 3/ ) RyiEL It =LA
HRJE T o7 S

S5PGEFEICHETT, 8 AT A8 T 5% ORI LEs B GHEATIE L = APRE - FER KIFEL
o Hig Sk BZEXAMEZRMEVCEFRCFEER, RUR: ELEEXRRFEER, FX
F247H BImeasures{E N TE LM A=, (BEN R ESCHHE FEDGE R P IER1EL, A
FHELZRXR, ELRERABGEEER, DOBFCANELLZRXMAG 5 IR —F, Mm%
KEFELHNEEFE2D /NI AL of us”, FHAT/NAJFHZF Al of us must”, X N/INAJHFEE
RAYHRE 4y SO, MRS/ A= T 520/ M) B R B4 “measures”, X 4k 2 Fif [ /)N
AR G BT i Sk PR BB T SRR, BRI R R SR 93 SO R SO =X P i 2k
FERA . M FEEE L E X AP ERMETEDCEFEE2HEA, 2. 3/MaHE=
T 1A “All parties should”, H i3k I RAVERR 7 T8 .

MENARFE L FE—/NE), EREERNFEERM, ([HnFNEE S NIE A TR/
MEAWE, INARUREREXRKFCERKRER, BERMAYSIECNR—1EE, FH
B T =B ISR E SR, XM E A shiAEE I R FRIA T AR E PR
A, WEBHERNTEERD, YlasdE/ N aH e 8RR R T PGER/N A
I, RIEHIE & RIERE SR/ N H SRR, IWmR T HLEs i R & -

WA VLA BIEM R DX B A R A R T RE, MRS B P E R
B o0 B A7 8 DR LB R i L R M R B AT 1 AN TE A o AR SC LA SR ML AR Bl N ), IR B E R
RIDUE N E SR RRZIEI, IE LI =5 R F 2R AP 7 T AL s Bl R G
K ChatGPTHI/ N B &M A RRE I RAE - HERYLS RSO T ERIE - NE
FAMEERNIE A EREIERS, FHChatGPTHAFEEILE, BAEHAEChatGPTIXEA
REURIE S AR/ E SRR EPERAE S, IWMAEEN R K~ HaaBlRE L ERKES
TR/ NA) A1 2 T B35 # A2 RCRE 073284 T B 4 T %S B AT

B TR RS E A SRR, B1020- 11200, WUk, hE, 202348 H3HE5H
] - bzl
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HEESY

2 /PMBAEEEBEWRIVL S B EINR
2.1 /MMIEESHHEIL

B AN TN E A S AR R IR B HIE LR R, Halliday (1985) A /M)
5 A PRl T T B R L E M EARER & NEBERL— R, &/NAIEE — BB R R . K
Z (2018) MM/ NAIEAEPEAMEZEF BT, SNOESERPNEEERHIT T R5H
5, #H TiE% (naming) FIEE (telling) O, I HIELEIGIETHE DAH L 5.,
BN TIELHFRIAR, HETIELLZLEWHRE TIOER/NIEEAE, INN/NEIE AR
se/Na) R B R R R AR S AR, T BB R E RTEELE, B/ NVE] RS — E 1Y
BEFORILZIELANES « PNAE ARG LGS ILZ RS HIUFERL, B4 0 . B0
2~ ERERANC RS . R RS2 — MELHE N A ERE S ERE, BIOEE
R IR £ KOs L L =

REMBERF (2015) EF/NA)E -SRI, T W5 EAL 23BN T PR 5 51 A Fn Bl i
BRI BEATER Y, DINT/NAIAEEARBAL, %t TR BN EENR S - B« B = PR
(PTARHY) | FLUPTAREFIEI SRR AARENE, @R ENEENT/ NN FFIERE . K
ZEEFFRIHERL (2020) T 5N FEER LR E B LT — 1685000 S5 A F A3
EIERE, X EFTNT/ RS, SR ERDE S EREIR R REKLTE S 5 RERAT LI
TERHEFIO% L L A F# TS, #F—PEL TR fE MR M - S0 R AE /N
BA&WE, NIEAEP /N Z A A DUEE R S T a8, RERBSVGE—, 82559
X~ FE - ILREMES, EESNERSMSIOEERKER, EPRNERIEFL
==, miGEL Ao =, BRGOHERISHERE (2022) -

INEJE A BRI MNIEL L EAEME /NE SRR, NMUEIR /NG EIE A T S,
[FI N ANFE S A R LR R Rt T EEMA, NOCEMREGERE (RE, 2022; 5K¥EIA,
2022) , /NAIBAEHEIW—FE A LB ST 0E - IEMHEATHE, B4 =MiE
B EELFEZEA 2 A B S, A -

2.2  VLESENEIR

MLES B AR S VR T201H 4030, AR TN AVLZSEIE - ETHITANLESEE -
TG A B AE TR AN ARV EE (B =E, 2016) - 2016 F, HHIEHZE
THZEMEHINLIREIE, VEREIENCERE TIWREA, HBURSTT ISR Al BE
RS T R LA BIE RO R -

BEE LA BHE AT A2 2, AT HLEs B TR RS R TR LA F 85, Mz
TAIFZ ERERS, MAEMENSEIENLBOF TREVNSIFENLE, BarE X
AREEFENRS T EED A ASNENFEAE . BRAEEREHFENOINSERE, HETX
BT EBREIRS, KB SERREIFERETE N7, BPEGIRAEEFE L FAHh
TEFIFELTIBEYAER, BiiREWENSIFERZEEFCHRENISEERETE, K
PLESHY bR SO - R A AR SR LA S A TR, R R RENE T E— € 1A
M CGREs, 2020) o

PLA)F A AL ESBIE R AN E R EE BN &2 T XUEE (IS, 2020) , [FHE
R ERAE S B AR NE B A AR R/ NG] [RLB R SLRO T - B BINLES BT IR D eE DU
§¢@§%%Eﬁ%$m%ﬁ,ﬁ%ﬁﬁm%%Kﬂﬁﬂ%ﬂ%ﬁ%ﬁ$ﬁ§%%%ﬁi&%

IR -

ZEOpenAlA & F2022511 A JEH#E H ChatGPTHERY | B IRIZIET AL T 1 TE S B AT
FSMmilgrpEa, HHTHEEKETRIESHEE (Large Language Model, LLM) HEESH
FIEIERE ), ERNFAEE — @A (K, 2023) - HETEEBEWHRE (Wang&Lyu,
2023; Jiao et al.,2023) XfChatGPT% K 5 M WRINIERE ) R E A AN TIE, HEN
HiESmERE—ERBMY, RWAWEFOFNMEREREEIHFIEEFE TBLEUE
AT EESCIRANY - BT E IR ENE A R R LM RS RT3 AT Rt R R I HE SR
AN ChatGPTS EMLas I R G EE —EWAA P, LU H Chat GPTIX K A IE S 1
B EIERE S - HEZERE, BLEUWAM TES H IS R B ILEN 3% 305 A TiFEC
FENgramZ H FIFELUE, (HET/DA)EANELERZERREGEBERSS, BARNSBEBE L1/
7], RHARMER Ngram$fi ik, KU IUE A3 B AN 77 0 DL e R [R] I SCE VAT B A4

B TR RS E A SRR, B1020- 11200, WUk, hE, 202348 H3HE5H
] - bzl
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BEHMZESR, IS ANRER /NS A EENERE i 1B - ASCE /NI E AR E T
R A R BE B DRSS EM, HRREEANERR DL & AN B A0 2 RO EFE
B, A EAEEFEFEARENIBESEREROENES S5, NIEAVLSENFR M
o

3 BB

3.1 FEiE5| L

ABFGIRECE R - NEEIRAE EEE = SRR S A AOE S A ChatGPTIE N
WEXTS, B = ENES I LIENESZEA - BES | EBMENES I ZBCRAE . Fi = EFES %Y
i FIRMAFH AL S B R TR, B IR B 2 W 4% A T B SE B R E T B Bh 2],
B RLIESE L . ChatGPTR&FI4AERR KBS AL, BiiE & TThEIERHO T 2L
A R EMEIE R TR RO R, BEEBRRNTIZRIEE S, AR SR X BN T
P -

XPURENFSIERN A2, M LEERKNERER, HEFEGE N EISEFETLEE—
ERREME . ABFF X IR ENES B POF NS EI R FATRE « AR S, ek Bl
RN 2B S A DOF A/ N B AR Z TH ML 2SS BT ERE ST -

3.2 PWHEEHR

RIEFBUF TAEIRS - AR - AL /NG RSCOARERNFAEIER, HAPBUFTIE
R 20225 2 E A KBURF TAEIRY, AREBR2019FEAKLE, afF CGrira+ EER A&
) (FEFEBCEHEARR) (PERNSMESWHBCES T AKSR) |, EENPEE
Bk, A (EEE) (CABEHRFE) (ErE)  GTBbihEg) (RERIRFE) .
B TAERS - A - BEXZRERRUARIENBINE 730, PUBR SEHEES™
e PNULERR (FEEL) 1 () BTIE R B . RN LR ORI AR R POEE S L
FEMEAA TN - EA20220F BUR TAER & B3 SCRFT LM A fRE SR E AR EIEL, K
FIFECHESBEHE DA ZER AT, FEEET R B 2B ARRERSLT
FIEARRIEES, (B BFECHEIR-PFMFENEIER, () FFESCh P E
BIE R B IS SO R TEIEAR « B SO A & R FE S, SR EMAE I, AT
VENEE RS YLZSFE G, SRS B3 U AR

3.3 WELIFSSWHE

ASGEECT VOB AR Z 0 CESAE R FERN Z, NAE Rk ka4 BH
SRR N E A, 154 /Va), ERRBUG TIERSE/NIT0R]), AP - HE . MX =
RIBERF)/ MK 280] - BETAEEARENHENK, EHANSKREE H PSR B R,
—HHEZRE TEREZE, ELZMERPRE, RERAEEERANEREE, A—THE%E
HT 2002 FE R EHTRE, F— 1 ESORRANFPVLZEE RGRE, REXILeE
SCHATHE T, WERFEVLA RIS RS R R SRR LR A . R — P KA ER
TR, REIRES R MR . AENERRAR/NIEEE, NAAFEIUER
XHVNRIE A RO R BIR 2K NRIE A HLEsIE U NI E AR LU Chat GPTHEIFS
BRI E AR -

BT BAR, SRGERDHEITINE, EARNAEEE: DOBFRESCHIPR S AT 5 Sk =
KAWNE ~ BFCH AT 53 FITE L R RVRE DLEHLZSENES I 22A - B+ CRIChatGPTHY
BN MR RNE, RNENIESERERRBEDOER LS &' KIFL - HlLasiE s
X5 -

WERERTHE, UREFRKIFCHEME, TR FLLL M RYZFbRESE R3S
POEFE S RIFRE S TR, REHIFE S FE X IELEE R RN LEZRXAEZH A
A -

GESLILE R R B FRTOER SN H BE L 55 N SN EE L Z AR R R R,
R SCRIE SIS L —2, MIFRE R 985k —87, RZPRERNAD—E « FFiELA—EHHE
O, H—BIRABEAN—ERIRE, SHRIELNE - 1R - R ANESLIRR . ahk k=
R REIRVGE FO A IE L Z R 53N IEL = R R IR R R R, W h—E

B TR RS E A SRR, B1020- 11200, WUk, hE, 202348 H3HE5H
] - bzl
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IR

FA—EME, RA—E, WHE—PIRNEA R ML 2R BRIEN, EEAHE
=K, MM FECAIAIEEA] . WERAREREE T RS-

HEET IR

MR EEHEREREHRENS ]—

iwkihiE (b

ELER (o

iEksEs (d

1: /A A R RURE T R A 1R A

ARIOREUERBENE, 81T 7 BARRPRERTE, T ERBAARRESRG] « §]2245 B A2 F
S5 ERA F B -EUERENR, XRE, RSO NNE DUREE R, AR
TR —2r, FREXSFEINELLZRA—F.

2

JR3C: (% H20224F [E S BEBUR TAEHR )

EIR A EVE X R 114 F12TT,

HKS.1

BT ZEA:

The gross domestic product reached 114 trillion yuan, //—%k

up 8.1%. //—K

B3] e 1 2k e RTUA—FASEG, X TA—BASER, ARSI L I R 2 B
bR, W3 R 1 A G S IR R Sy Je B A, TN R B R SR 24T I =
FUTEIBM BRI, HERBE 0, FXSFEXA—, EHEFEELINNMERE
heTE

13

JFSC: (G B 2019550 E ER H )

HEIE Py B i 3l o

FEEARETED - JIGRER RIS & AL -

RIS ZEA.

D||According to purposes, //f5E.

China’s defense expenditure is mainly composed of personnel living expenses, training and
maintenance expenses and equipment expenses.

NHESH T GELIEERRAIFRELF], Fladimk—8ER, AESOELSEOELER
—HERAR, ZRINE R -

4

JRIC: (i H 20224 E S5 BEBUN TAERE)

{BATH SRR AR R BRSO

B TIRRRIE IR T AR N R K [ R
BE5 2B
{We will}Strengthen the supply and price stability of bulk commodities, //a
and strive to solve the problem of tight supply of coal and electricity. //a

B TR E A F AR WS, 1020511200, MEARIE, BiE, 20234E8H3H 25
(c) 2023 MEPFERFRXUHEETFLWRAR
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HEESY

JRICEEAT RG-SR B I, (B B R SR LAENT RS & 1 Sk 2 <3l 17, BRI ZERRTE
PR S HE RN Gk, ERIB T SD0E—E0 iE MGk, PREF R LIRSS
SHEAA IR E L We will”, RS ECREIFE S FEL, B3R REL BAE xR
F (ZmBEhiE, TR, XEEORAAEL 2.

(2) “ELA—BOMBEREZGEME. O49FLN R, BIFEDGE FEOZA B iE -k,
BIELAIAE BRSO HRE], FCR ROCRE & 1016 Sk B0k 2 HR AT OL, BPRER D7 @“9F
KT, RIgeif/Nageh DLEAl B sCan A S R B DOBRR & RTE LA E 0L, RN “¢”;
@ f L FEH , BIEE/Na) A AT Sk I DGE OO RIS LR B ok, anpGE RSO A R
R ARSI R TR SR BE O, RPRE R <d”; @9EkgtR, RISaE/ Mgk 25T
POB R HRESER™EIN, RIRERNe” - FIs4 T iELGERER, HiBnAH——5%
S o

5

R0 (3% H20220F E S5 BEBUF TAEHR )

{FATI IR A SZ R RS AT

& IR IR L T BER SR AR

ChatGPT:

Efforts must be made to stabilize the supply and prices of bulk commodities, //e

and to tackle the problem of coal and electricity shortages. //e

5 PO SCIE L N <317, AHIFESCAIE L “Efforts (2538) "NIEEFESCHIRAE HIL, 2
FEETIRECRIRGE], [EIGHEA <Ias KOs i R AR 0 <38 7 MR ORI 2R FEL 7 (R 5[]
R EE RN N 2 “Efforts (2518) "HIERAARIL, BEERGE — MEESCPHNEEEAT &
JFIAEAREL, XRBRRZ I 9E L 3RE -

ALEH, TRiELLERR, DRELAHFERM, MELEL NG NI ZEHIHE
., 5/ah EfresiERiETe, RitR2 MBS EEEESIER, EidFAEiLasEiE
XM ETEZING ERFRI, 7T DUR B HLES7E/ M) B & R A i E R ARRE ST -

4 HBEEGERGT

4.1 WFHEER

HTF & FXFLSVLSENFES | BAFECE N BEE AR, T WAFRIREAE
HATHR 3T, ACEFEGEIRER b T IH— LA B], N 3R HORIEE i p a5 B A H
& BE UM EEEIE S . HAMUEAFRMEIFESIZA . B C. ChatGPTS T HKF Gk
FERTG RE LB R NER IR -

BESIEA  BESIEB  BESIEC BESIEE ChatGPT RXREXL

— 87.01% 88.89% 86.58% 87.50% 87.84% 62.94%
MSL/ANE] 10.39% 9.15% 10.07% 9.87% 6.08% 11.68%
L 0.65% 1.31% 2.01% 1.32% 2.70% 19.29%
FE 1.95% 0.65% 1.34% 1.32% 3.38% 6.09%

1 BIFESIE . ChatGPTH & FRFIUE LI RAL N O B 4G

FUAH T HRENFT EMEZIF LG L LEZRAZ A EN, NFHrILIEH,
PUSREN S L R RAART N R RZS, “—BBEREERRMELE, E5RhE
085%, M T85% 89%ZIH], & FKIFELHI“—EIFN A H62.94%, KTH.Ze8lF5% 45201
BHoR, RBEERZRFEELLZRM ) SECERRER, Ml IEX5RINERRE
Fim/NTRERIFLNEREE . =MENES [ E—EBUBIE H S ChatGPTH Z&ST% L —L,
X RN S ARG L R EME FOCRE: TR EMELEE, M5 T RIFNERKE
T o XA UL AN 1SRG S A = R R A7 B IE BN

EAR—B P =FFOF, VERFEXETXF MR KRERME . 5%, FEGE M
SNEPIB Y, SR AR RIEN, AFH11.68%, MEIKEFZChatGPT, 46.08%,
TEMENE SR, MEAM =R TR ENE N, EARTEI0%LS - ZE IR,

B TR RS E A SRR, B1020- 11200, WUk, hE, 202348 H3HE5H
] - bzl
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MBHLERIESL, BRFLEZHRHMLNG], BNE N EE ERANELFIE S, X TI0E
RSO ER AL R AR /NA], FERED 2R IR 2, H MBI LK - ChatGPTH)
BE SO B /DB A AR S2/NE], PR HBChat GPTS i B8 2 FI4H & /N R BET I, X R
H Chat GPTHIMFF Z 4k, HLJF PRI SCRCR T 2t AT & T T9R Al -

TESHS/ NV A, R SR SR HG A 2119.29% ,  zeze R i A1 2 33 ST R S0/ VAT Y
Fefl, BESIZEA . B CHULLBIEEA 2% EE D, ChatGPTHAH2.7% . HITIEAR SCEEH]
DOBRSGERF , 1EL R RAAR 0 3CRA, EHSCREAL, Bt RFECHIHER
B, SiPATERIIE R R A — BT FIRM T DGEFSCRNE - WX AR, T 5%
HE T SCRAL, R R RSO TSR A S - RIES, T ChatGPT{EAHHTC
KRB —ERRE BT HAMAM =D 8E5 1%, Rt T LIy 2 Al Chat GP T/ N R
SRR A RCRE TR T E A BN BT 1 2

fEem EAAD B RFERIFE R & T K, S50 MIFE, BT
BETEEERT, Bt/ ERT R EER I FE O B RS IR R - B RFEX
%ﬂ%ﬁ%ﬁ%ﬁ§%¢,&mmnﬁ¢y%%Eﬁﬂ%@%ﬂ%%ﬁkﬂ%ﬂTﬁiﬁ%%
R IFN -

NHEE—MLE$ES - Chat GPTRIUMR K3 AL L FRTZ M AIxS I -

fle

JR3C: (k BF NREMEEP%)

IR EBRA R E 2K 1) 5 %

FEH AP DRSS,
HEAEPAT IS EFRETIMES -
BET A
The active force is the standing army of the country,
which is mainly responsible for defense operations
and performs non war military operations in accordance with regulations.
FE52B.
The troops in active service are the standing army of the country,
which are mainly responsible for defensive operations
and perform non-war military operationsin accordance with
regulations.
BEsZC:
The active forces are the state’s standing forces,
mainly responsible for defensive operations,
and carry out non-war military operations in accordance with regulations.
ChatGPT:
The active-duty troops are the country’s regular army
and mainly hold the responsibility of defensive combat missions,
and execute non-war military operations tasks as required.
BHRIFEL:
DJ|As the standing forces of the State,
active-duty forces shall be mainly tasked with defense operations
and perform non-war military operations in accordance with regulations.

Ble P POE R IR — D SURBI RS L I aE ), BESIZEA . B~ CHChatGPTE JFILH)
TEL TR -2, BYHBERMFESCGEMER; MERKFEOELEZRASFEIIATL—
2, A TEERE, RIHERFEOE LTS SR R L s .

i 2 R] LB LR HEPH SR 5 | B AR 53 S CEIE A R E R R Z AN BRI, H
FeEk—BU B, PIaEEG I EZ B ERORRIMELIE, HSHEE, T 78% 89%Z IH;
& K E A 9E Lk — B0 B A H68.02%, IRTHLEEIET | E2910-20 M B0 A, B R 5K
VEELEERR ESFEIERER, MILSEXSEXNEREETNNTERXEXNERE
B o RiLasBiEs B iR, E9hLk—80 HE =M% 1#%5 %5 ChatGPTH 780% LA
b, OXPREES B R R A LS FOOHUREERRR, M5 R ZKFEHELE —EME

S R B A SO, 1021200, IR, of
(c) 2023 P {5 Eop At S [

EH, 20234E8H3HA5H.
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BIESIEA WFESIEB BE5I%C #ESIBE ChatGPT  RRFEL

WEL—5(a)  81.1T% 88.31% 78.67% 82.75% 80.54% 68.02%
15354 E (b) 9.74% 1.95% 14.00% 8.52% 1.34% 5.58%
L2 (c) 6.49% 7.79% 6.00% 6.77% 5.37% 5.58%
TSR (d) 2.60% 1.95% 1.33% 1.97% 6.04% 19.80%
KRR (e) 0.00% 0.00% 0.00% 0.00% 6.71% 1.02%

2 BIFESIE . ChatGPTH LR FRKFIUELILFE R AN N FH LA ESS

?,ﬂ%%iﬁﬁﬁﬁ%%?%ﬂi%%%%ﬁ%%%%m,Eﬁ%%?%%ﬁﬁ&%%ﬁﬁ
DU B, -

GELA—EUMEFIER, ERFLSSFECUFEE—EMERM . RSO H X m
GO, BId b @7~ Il 287~ il SR BR300 A 9 SR R IR B3 Sk A2 R ME B R 0 I
TELAERCRE T L BORBGR - H5E, IO OELANERIE LT, =R TTRENES ZE S K
&, IRFI8.52%, MEFRBFEIIRZ, M5.58%, ChatGPT &K, (U h1.34%, 5=1%11TH
FELIEML, METNED A - ZEIE A, MEFE S CESMERFE LR, RIFEEIEE
FROSICE BN O BN B AR AR E R T RIE R LR R, ' KIFEVHENR
ME X R TI%, MChatGPTHEH S HE D o E9ELDR BT, PLE&E ISR RKIFEL
e T TEERE R, BIE%-1%Z (8], 2% BAAL 8313 SOM & 5K 33 JUAE B 138 33 SO 2 & 7
—ERE LERAELZE, AR N2 ASEE ARG, R0 NSRS FEER 2K 1 2k
IF 2 ¥ o [R] S 1 B AT SR DL OB 7 1% o R R SKERB IR, RRXFELENHALE
ER, HHRIX19.80%, BT ChatGPTHI6.04%FIHIETI 2A - B C1.97%, BIHET
KL THLER RS, Wi B [ SR 20O L i AT R M RE 7 « T S 9 SR 4R R B 1 O
B, ChatGPTE /R HMFFHIME, H W HR6.71%, AMUETHEIFETIZA . B- CHI0%, H&ET
BRFELIN.02% - 7 A ENE S | AR TE LSRR e BN RERE LR, ChatGPTH] LAME
oF T A PR AR S E TR H R SCOE AR R A VB E DR SL . R MU I S5 A= B
LA ALRETT -

fl7es o T E LA RS OL, ROCEUTIROE MEE S, (AT DU BTN SO HE T BR S
FIE S 2 FAT, BESCHR AN 78 H gL “We will” e HH TAREIRE K Z BB RIK, Gk
FEBREZ HWe, #hEBMEEBAG, WIBEIE LI, L5835 ZEABCIE L+ 2 BE 1 HH*T
N, h8.52%, T ' KIFEILMIS.58% M ChatGPTHI1.34% - EIRTERUIE T % R F X
FChatGPT, 1BE ZFIH AR RAI R R G L R R TE LA AT EAEN B8, BREMA T
BNFIRAIERERH, T ChatGPTNEFE L HIHH T B N EZRHIE LIk -

BT

JR3C: (e B 20224 E S5 BB TAEIR S )

{FBAT SRR R SRS

B TIRRRIE IR B T RN R SR [ R
BT ZA.
We will strengthen supply and price stability for bulk commodities, //b
and work hard to solve the problem of tight supply of coal and electricity. //a

R R IRFEOOE L 5FOELMTIEN & —8, BEREERX EEHZM, FlanFE30Ek
NG, LEFESCR A 5 — R LA RS E N, XRELEIET 2 . ChatGPTFIE XK
BEXERAK, AiFds)2E .

TR LR R OCIRE SR AL, DI R TE 5 B B i SCRiE L, W AR, &
—REREIRANELAERAES) - WMBISFTR, [RICHE2ATH <25 % T [ & A 27 A2 1 kAl
9, TaEEALS, HENNATIE N “A number of special press conferences” 7824 | X HI1E
Sk, X NLE TSR . LA, FESCE2A)RY “major issues” SE BT ANE L, XN R SCH) “EE
REI, R AE T IELRERH . B ECHE LA S H0h19.80%, B R & T #IES|
EHI1.97%MChat GPTHY6.04% - &R IFEXEZ A ELFLHL, 7T LSS A i) RIG T £+
P, TSRS B R R S M F OO, R R R EE S, ChatGPTIAL T &2
B, dETYLas®E, mMBTRHRIEE -

B TR RS E A SRR, B1020- 11200, WUk, hE, 202348 H3HE5H
] - bzl
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8
JR3C: G EH2019FH AR P EER 5 EH)
{E B0} Bl SRR A | B AN ZEBA R ~ SR ZE RN A5 = R0,
AITZGRRHE LA -
HLUTE R PIMER Z G FRBA ~ FEFE B R -
BET I ZA.
A number of special press conferences were held around major issues //d
I such as deepening the
reform of national defense and the military, and reducing military posts. //d
Nearly 100 Chinese and foreign media have been organized to visit the troops and military
academies for many times. //d
TSR PR R R 5 B0 1 0B SRR S S IR OO IR A AN, HREEAE iR
%o HTFREE LA, FbiX —RaE L ERBN T RARME . Florh, JEICATIE K& <
17, ERESCEL “Efforts (75) "2 ETHEICRBFEBE], FOCHRIAY <IN 32 K537 & R AR
W F B 1 R B F, ) 4 R SR K R R B 2 “Efforts (2598) "HVBARIN, B b EE IR H
— MEFR I HANFEER G IR R BREL - Y8855 28018 L3RR 7 T 72 B A
B, EREEG A B RESL, ChatGPTRIELIEME & L ER6.71%, EEm TR
FKIFEILHIL.02%, FKILH Chat GPTIXE A MK TE 5 BB 7R LA U7 T IR I 5, B
FEOEEBL TRFEE - REERERE—DEEDN, (ONESOS R AEE, i
TR B F LA R K, WEEEGEZE MM E, RERENE LM Lk, S
S| BRI TE L RE ) &5y, BRFEETRE W@ TR, AR
BRSOV, AR R R SCT HEL, BRFE R IGE L RIEL, HIXFREEE R
RMEER, NFEELTHEENEGR, M—HEENEES: ChatGPTIXEKEFHA B HK
SRR XROREES), ETRERE GORITR L, WA IR B SOE = URSE, TRERE L
ﬁigﬂi&%%ﬁﬁ%o
9
JR3C: (0% H20224F E S BEBUF TIEHRE)
{FATY IR A SE R R BEERAN
& IR R R, 7 R K R R o
ChatGPT:
Efforts must be made to stabilize the supply and prices of bulk commodities, //e
and to tackle the problem of coal and electricity shortages. //e

4.2 BEFEG|IBESERFEOEL L ZRAANE L L Z X RAXT a6

R — PRGN RI B0 E AR SRS L S R = R R H AR LR, AR5
T HHTERER - KXBEREEN MBS M A EFREEROME, TR, MW
IER AR, 22 ERN, MR 0 B2 Sl (Z50RK, 2014) - AN+
FEAESRAP={}, Q={}, X XHIIELN:

H(P, Q)=37—1(pi)log(1/q;)

I, PRHEEME, QRNEEME, HP, QNIAMEPIMEQRIZ X, ASKEXRIF
SCH R FOBERAE R BRI, NEBNEES 2 A R E R e IR, 2Rt B H % 5% 3
VU AN ] B35 5 | B A Sk S = R ARG L L R R B8 X, E T FIE 72 R, EAPEL
TERORIXTECNO, FrmANT G5 SRR /NS 5 5 -

BhE5[EA  WE5IEB  BIFE5/%C  ChatGPT

Tk = RAY 0.6789 0.6499 0.5972 0.5697
LI E LR 0.5390 0.5734 0.5990 0.4926

* 3 RIS BEE R FREICE LI ZRA TOE L ILZ R R0 AR B0 LB L
R, BT BT 5 AL E R AR LR ERER, RIER3ALUE H
BT %A - B CHIChatGPTHIELA L ZRA G L ZIFMMALURERE, HARKETREESE

B TR RS E A SRR, B1020- 11200, WUk, hE, 202348 H3HE5H
] - bzl
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HHIChatGPTS R K MIER &), MR E S, MHZMEILEREIESIZEA. B Cll5
BRFEXERBRKA . AELEERATEEENMELIAVLER, ChatGPTHET H Al = KHl 5]
% S5RFZFEXNERBCN, MLEER, ELREREN S 'R RFEEE N

4.3 BRI EREAR RATE L I Z R AN MAF LA B SR

RIEHIREE LI, #5 | BEABCHIRE TS L I 2R AIL BRI R Z 00 5 [ 30 SR
HISRTUARR] BXs LR e, B oy ML IVE] B SRS LR s EAR SR RE M 3058, AR SCHE
ET LM LT B2 RS EREOR, SRUBO B —, S B HE AR 5 -

M & KA AEVE L IR LA R, 5O EEAM R R S AR T E T A
2% B2 B3 5 | BE M Chat GPTHRE D, B SL/NA) B SO UG B o FEAR R
LRI IR AR Z A, TR BGE -

ChatGPTHETE kI E R AR HAE ) L3 T LR FE, HMLTETHE MR IES]
B, HICFEBSA RGeS WREN IR, RIESUPIRN, 5% S HOEIE -

T3 3 3 Sk R ) 2 B AN e AR 4122 P 4% (ML 2Bl R E L R e I R I, 7ES
JRSTIE S S8 X B & FE e NI B R T, BT L2 M4 BB 5| SR A1 SCR £ 5 R 30,
SR RL, IR K 1 SCE DOBJFESOE K SE 0 BT L, EDCE 7B BR R 12 ST ] B R 3%
NEEBRRAFIEZEL, DOERS 2R, BB « Al ERBO KB, RIS
KA RERE TS5

HT LM RIS BINE —ERIEL N ERES, (HBOVERME LR HMANIE LB
TSR AERRE RS, OB R AIE KR REON KBk o ChatGPTHI B TARE 1 5 & K1 U #2
I, WK LT BT M HRI G| B E55 TR 5% 30, (HETELREBO M, 558
T Z BT LA B R S IRE D AR, BEEERE LETEREL, AHENChat GPTHE
?%i&ﬁﬁ%ﬁi%mﬁ%%ﬁﬁﬁ¢y%%ﬁk%%ﬁﬂﬁﬁ%ﬁﬁ%iﬁ%ﬁ%ﬂ%%
o

5 B

AW FN B LA B/ N B A R R T R RRE D TR A, B T SR AR R
G ERIR KB SCIATIE R ZRAL L TR AP INE, FRRE TR M4 1B 5|
FEABCHIREIL - HETRIEESRA A Chat GP TR LS R R BFEIGAITR AT, AMAT LA
FWM I L H AL BN B S 2 IR EMAE S, T LUSSE H H RIS B
MR A EZEE AL - BIFESI#E . ChatGPTS R RKFICHILL, 7E1E LI ERHANE LT
R ETRIRERE I B & =S A, T HE A Chat GPTE 2T KBRS RBL A4 L2 B,
5 =M BB, AL R E RBANE L =R AW AT 5 ' R F LA
R, BEREEIEARERARERIGELRE L, AR T HLEE %5 B X — T T RE
HEIRER, EZ2FERRELHETEREL, ELREFEN XENFET LAY, FEER
HOE CHERRRRE T, T Chat GPTAR LT & 5 SCIVE B s IS LR IRRE ), R BGRATIE L4
FRREST, SR AT AR S SO T2 T K38 S5 A I Chat GPT I A AR AR B 2/ N T R ICH TR K
BRI, B H ChatGPTA Rl R B AR R B 5 T AL 55, e8] I TPOE T E
B NFEEE S — P R Chat GPTIE & B 45 A8 1 BRI -

ATOESE T 44N MBS HRIERABERER, EENEE LFE—ENNE, REFHE—D
TREAEME . AIRAIMEALERA R, ARSOERE T2 MERSURERHERAR, FRRESE T
ZAOEIFESIBEATRE . FESRER, TRFE . HEMBSYLEEEIE RS LK ChatGP T
MR EFEE A RN FERRER, aBlFRGNERIELEREENTBRARER
MChat GPTHVERAE, RKFES—PRFMMUAGIE, RIVLSEIEARTAE NIE 21
TSR - [, ASCHEESE R R HART KA/ NS &2 IR eE h B —
ERRRYE, HHZBFE AR, MERFESCEE, HxRmE, FEHNIEEHE
ERERBFEREE RTINS, MBI T RE ISR, iR T ARIRIRERE 3R B Fs -

o KIESEMIE (Creative Commons Attribution 4.0 International Licence) IRIFVFHR] « ¥F
AIEFAH(E S http://creativecommons.org/licenses/by/4.0/.

B TR RS E A SRR, B1020- 11200, WUk, hE, 202348 H3HE5H
] - bzl
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B
AXBEIRFERNESRE NS EIW, ERRET, PR R BR 2 B A EE B
o

L

RS [E R AR EE 410 B I/ NP TF B R ER R S R R (19BYY081) AIR B
BUR, FIREERHNTASSHE TR #H¥NETH (jg20220440) RIS -

22 CHk
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KIEHE, FE. 2023. ChatGPTWIEITIEE - REEBOR AREIR. HFiBINL K224 (T 2R
fift ),44(04):113-122.

SR OL 2022, ZTVPERH Z BT HIERERNT MBS A TSR, & BAE

R
R

B EET R Eﬁj:%mI% %‘wzﬁ—?ﬁnzﬁ, WERVE, T, 20234E8H3HE5H.
(c) 2023 FEP U EEESIHIBES 2L AR
112



B T i 2 i )1 SRR ) S A Rl SO

T B AR * K BF g ¢ i
AL R L R A LR L R
=B TR =B TR =B TR =B TR

ERESHEENS EZxESRERENS BEXESHRFEENS EXESRRENS
FRADHRIEE S O R RREE S B/ O D BERRE 5 PO R DBREES 0
B eI E K & 25k ER T2k E K & 25k
BEFEEZEMTHOESFERLEMR T ULESFEELEMTHUESFEELZ2TFR O
h178526562710163. com yanxd32440sina.com 28559732300@qq.com 157138622150163.com

W

IR, PIGRESEAZR T T 2R, XA KR T BRIE S A
AR T LS FRINA - SURHEED BMES BB — D EZED L, ATLVERHY
WAOTUARER, WSS AR - BOUENRTIFIES, Stz H T RAER
WIGRIERL, JOCHE U SOR I A S  TREBZ M B, oh T R R A R SR
BRI, AR S KR H B R B A T 4538 S AICMPT  (Chinese Minority Pre-
Trained Language Model) A THUCA R SCARREN 7, CMPTREAL i3 X H Al A
[FUR B IRTE & U7 ERAIXT A >) ) FRN TR S RG2S EERE T, ERmibeas
% R I — > B Z RS E E A (MLM) A% 2%, 1T Seq2Seq AR A RN EE g (1 BE
BINGR - @it — DR AT DUE R0 38 = R AR B 55 EERE - o T HE
R ERE, FATHE B O RI5w AR BUCUR T B AR S A1 A HE £ Ti-SUM _F g
FSEss, EMADEERESE LRSI RAT, Tl THR H B IR 8O A B SRR R P
febr B BERTT - FR, ZJTEAURT AN A TR EAE S, trT AR R
HABE S RIS ELS T, BEBRFRHET HiE -

KB FAUNGRESEA ; O, SURHE ; CMPT ;5 Seq2Seq

Abstractive Summarization of Tibetan Based on end-to-end
Pre-trained Model

Shuo Huang, Xiaodong Yan*, Xinpeng Ouyang®, Jinpeng Yang
Minzu University of China
School of Information Engineering
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Language Information Security Research Center
Institute of National Security MUC
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Abstract

In recent years, pre-trained language models have received widespread attention, and
these models have greatly facilitated the application of natural language processing
in different downstream tasks. Text summarization, as an important branch of natu-
ral language processing, can effectively reduce redundant information and improve the
speed of text browsing. As a low-resource language, Tibetan lacks large-scale training
corpus, and research on Tibetan generative text summarization is still in its infancy.
In order to solve the problem of Tibetan generative text summarization, this paper
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proposes for the first time to use the end-to-end pre-trained language model CMPT
(Chinese Minority Pre-Trained Language Model) for Tibetan generative text summa-
rization research. The CMPT model denoises and compares other different low-resource
language texts. At the same time, in order to improve the comprehension ability of the
encoder, the encoder A single-layer masked language model (MLM) decoder is added to
the output layer for joint pre-training of Seq2Seq generation and understanding. The
performance on the Tibetan text summarization task can be effectively improved by
further fine-tuning. In order to verify the performance of the model, we conducted ex-
periments on the 50,000-entry Tibetan text summary dataset constructed by ourselves
and the public dataset Ti-SUM. There is a significant improvement in the evaluation
metrics of summaries. At the same time, this method can not only be applied to Ti-
betan text summarization tasks, but also can be extended to text summarization tasks
in other languages, which has good promotion value.

Keywords: Pre-trained language model , Tibetan , Text summarization , CMPT ,
Seq2Seq

1 5§

BEE BB M BOR A R & RN SR RAERE, ATHImEEEE2BREE K, A%
R~ PRI S VR R BUE MHE RS B — KRR, SCASHR ZROR 1Y) A R0 f# 1 3X 1> ]
e VBN BB B — D EES S, UORHZESOR AT LUAT B AT U AR R - IR
ER -3 ERSWINITE NN (R @ Nz Dy €

IRYESEIBARBIAR, SCRTFEE— BT LI IR FHBCEURHEME AR E . e
FERFEMNFIR ORI FERERH, GEREZEREN, DUAREAREBREIENZNATE
NICERTEE o A I )i B SO 2 SORIEVE R, A5 06 S A AR Rl g RO MR
FEMESOR - T AE R BT A OISR S RaA 2, BTSRRI 0 Al B
BEAR, F K ZEFEE P AEMBGEIHZE I (Gambhir and Gupta, 2017) - TR, FEEIR
RS BRMIAMT &8, AR E R i A -

BOCENE R AR BE AR LA, BHEFMANBRRN LT Z—, RS S
M REH, R B B IR E S BRI A ES o BB SOR R EA R — MEB R TR
(AR AN F A SESOR UG, OO SO ZOA IR E VT2 RIAFI A, 56, BUEAEERIE
ARG SURHIE, B BRI ~ & BORAI 1A SE , XG0 T ORI E AR o X THLas
SJEERYE, XEE S EAHERFRE AT MABAE R, DR ERR R SRR . B
X, B REE SOR R E R = KR RIPRERE R XS B ) TS T O R B S
PRI, RIS B 2 bR E Bt S 1S A SO E FIR RO R G SN IRAE, f e i T 15 L RR
RTEFE—ERRRIE, BV RO IEMIE AR 2T E LER, X2 SRR Z Y
WL EE, o

ASCHE T R TSR DB RFE S EEL(CMPT) (L et al., 2022)3 58 AU SC A B I 2
£S5, B, ARUEHMCMPTRELR H M £ # DB RBE S Mg, P EDERE
BE BA VLSRR OUE PRI RIE, AR E A FHR BT RE 5 SR AT £ B AN H 2
STk, #m TIEESHEMAET - N T RERESEIN AR, %582 % CPT(Shao
et al., 2021)HNE . TEHASES I H Z 00— 1> A Z %15 51578 (MLM) (Taylor, 1953)f#H4E,
PEAT A RN R S ISR, £ — BRI LR T iE ROR T IEF AR RRTE - 5 H AT
e, RS RO A RO

AT TR T -

1) B R TIZRE SR8 TROCE SRR EG 5, BUS TRIEFRIRCR,. N EERI#E
AR EI TR T 2%
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2) fEARAIE N CERME, HANTHEEREATION, MR 7577 FMSOUR M EHEE,
AR LBV, SR LR = KA A B B0 B ) [
3) Yk MR SE B A AU SS, T4 5 H AT -

2 HMXIIE

T8 F A BRE T AR MR ES EBIGEX# D, A UERETIGES
B AR E IR R, BN @A R OOR 2 0 & AR -

% Wl ZhTransformer ] F % 19 &8 ) TAERIE A . Zhang®s A(Zhang et al., 2019b)%E
THIBERT# 17T X g 5, DL R — M F R PRac 808 X B AT 100 2k, 98 5 R 7)1 4k
FHIBERT K T ZAEA o [ 4E HOpen AT % ) — i T TransformerZ2 14 I 4538 &
BRIGPT-2(Radford et al., 2019), HAEKMATER T 7B WIER, AT Dosit i
18 NANE B B IRE T EAESS - 5 A GBS X GPT-23 750, R H RN T A B R 2
ESHEMRRCR o Zhang® A (Zhang et al., 2019a) &} T — g BT T0I1 2R B S 25- 7
MHEstEZR, 7E%mh5 a8 f FHBERT R A FAgi% N BN CFRIR - 5 T R#d s B W B B
TEE—B B, EAZE T Transformer HIFIY &8 RELER R T - £ B, FERT
FIHEA A R R A BERT, WaEdAH W AFIIFIBERT AR ERER, REH
FA 2T Transformer D28 R TGRS A B OB §3m], R AN A T U 224+
%5 - Song% A (Song et al., 2020)HH 228 1o HGH 8 FH 5 SO 2L A MEZE R SEEILAE pi A [R] SR E
FEBIT L, $2 H— 2T Transformer B & f#IY a8 AR B R P AL U LAV B #1721
CRARERS I Bk X T 2 B SR BE A Al 52 2 iR /57 5 AR AU BN R 2L « Google Research T4
f)— T TransformerZ2 14 B FE 51 2] 2 51 B T 2575 5 B ZIPEGASUS (Zhang et al., 2020),
PARI BRG] A BN TG B H AR, A R SR ZEE §] - Facebook AITE20204FFE H T — 1METHI
YR P32 31 RL ) L e B 5hZm TS 28 BART (Lewis et al., 2019), 381 A AR R R A pR AU IR ST
ﬁﬂﬁ}ll%ﬂ‘], PAR 22 S) — MERDREM R IG OR, BT g A SCRHEES EBG T

AR -

T2 REVE A GRE R, B BEE X B80S 1) SOR R Z 0 50 2 805 8 E Bt 7% -
WA SR BT ) F R SOR R E R, B EA 6] 7 BORE 5 O R TR A E R ) T
LEMANE, MRIENEPGE LA T, REETFIRAE, W —E R AR E (R WA,
2010) - FEZ AR 7R M ERR B NETONRIFFAE IR, RS RN E AT B & ok S0 0 B T U
S BB B (FE B IR and 22 WAL, 2016) - ZE4EIRH T PR CSCSCRTE R T, —
FRES 3 Text Rank A58 SCHH U0 2248 A 7 5 - 1% 7 VR SNIR 15 R ZE /15 8. LATA] 1] 2 A T = i
ANE|TextRank &%, 11 TextRank 5 18 [q] & 45 &, 6] F 581815 B 2] v 24 1] 2 T A
AR, #HTARNATFITS, HRBUME & & ) F =R HEFE N SUR B E (et al.,
2020); 75— P2 — PR e B AR A0 AR Al =R A 4 S SO B AR S — A i A
] Bi-GRUTH 22 /) 28 Mek SO E] PR BUA] o HUR, RS TEFT M &Rl B2 TV R 7T Hseq2seq &
B AR AR EE (Yan et al., 2020), MITIERBOCE R EAR SR T — DA USH R HEL .
2SR TR — MO I ALBER T2 52 iU G SO 255 (35, 2020), FE2 B4R
FE RSO EGUATSE h AT 2RSS, BIE T FII4RE S B ER SRR EES L E
BN -

3 BRI

3.1 AR

MTPRERES, ZES PN UL B —E S TOIRR I EL, (22 1ESEEN
TS MRS S @R MR MR R, R, ms TR W& S50 = i [E D EL
REES AR THE -G ESHEECINO, ZERERM THOE . 58 (Hfg)  fER
B \EEE (R - FAEHE . HE . BEESOBREIES S5 5 WEEEE T (Yang
et al., 2022), HEENHEMIES ERIAARAE . ZCPTLIEME A, R EMEF A& fiE
FEEABICMPTIRA A, CMPT&— & T Transformer(Vaswani et al., 2017), 7EBARTHZ%E
fifi £, 0 ADeepNorm TR Il £ A VR 2 AE AT SCFF 2 FE S - EH256 1 FRBUIRE - 81N E
Bk S 128 Rt B8 R AN128 1 ARG 28 2 - WP R, O T BEUF A0 B B AR AN AR AR 55
X TransformerZE 4 L T LU PUERAME L -

B TR RS A SRR, BBTCMI123T, WK, hE, 202348 H3HE5H.
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K]1.CMPT(Chinese Minority Pre-Trained)& 5 #7454

1) WA mdas: (AN A BER I miSes, © ] DIRIHE CRRFISUR S S .

2) RISAEGES: S A gRidas i R B R R, AR A (input embedding) 7
PURTHE, PR MLM Sk ok SCRFMLM I 2R 25 831125 -

3) HEIERE RS >R F A XE R S A ]I RS -

4) FARUERSSS: KromiDesrICLS M5 AR B E LRSS LIERBGE LA & .

3.2 BEARIHILk

R F B CE BT, BT DO B T Gk = A @A OSSR R T
&ogwn%?%%ﬂﬂ%%%%%ﬂﬁ%%ﬂ%gﬂm,%meﬁﬁﬁﬁm&%%%mw
GRS -

1) MWIHTE S (MLM)1ESS « A% AV BEREELGE wich A SO - H B KMask #5850
BITFINAERSARC, DUERBERIAT L2 ) R 2 IREE LEE - WA (input embedding) 5%
2% o H —E T HMLM 1£55 -

2) M B hdRiE (DAE)ESS - MRS BRI A SR, 985 8 A E FEAE B
INLE - SHHLE B B ARS8 AT LA S R IR BN - 3) SURBIIE(TT)IESS - EH M
B, FDABESEECARE G, K2 1EFRENmAZTGRESEE S, MMLMES
RFF R IR R -

4) BEIEE XA 3] (CCL)HESS » R38R B, iNINAECLEE AR hs 258 ok LU 0N 2 > A LB xS
AICLSHI T, M4 B A RIE S SCAR (A i [a) 2 23 (A B ES -

TEFNNGM B, B e A T Xavier Norm(Glorot and Bengio, 2010)R#IIAWEA S4L, H
HESmiGE I ER, DEMIEZRNIEE.

aEncoder — 081(E4 . D) 16 (1)
aDecoder — (3D)% (2)
%:+:E¢Eﬁﬁ%§#k%%i%.%n@?%m{ﬁ,%Ev,fg,mmiwﬁaﬁﬁh
¥ AR~

& i
(c) 2023 rhEAPEEESUHIE T LS
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BEncoder _ 0.87(E4 . D)_lﬁ
/BDecoder — (12D)—%
%%DeepNet(Wang et al., 2022)iﬁ§, TR FMESEUA— X E o F1 B 1E:

Encoder
StdEncoder = ﬁ

2
\/fcm_m + fan_out

IBDecoder %

Sthecoder =

2
\/fan_z'n + fan_out
Wencoder ~ N (0, stdEncoder)
Whecoder ~ N (0, stdpecoder)
HA fan_ind B APEEZTECE, fan_out %24 H & ERNEE -
WM& — ZfELayerNorm VNN T FR 2= 454

LayerO“tp“t = LyerNorm(x x offneeder 4 f(z))

Encoder

LayerO“tp Ul — LyerN orm(x x oPecoder 4 ¢ (2))

Decoder

(9)

(10)

B ARG E R ) F RIS N EEFEREH, H € ROt SRR HE N\ B =R D 2%
. RS TR B AR, U A R B R A 4 5
Gmides . CERT R LUA N B (Q) FI—HBEEX (K-V)BUEEI& . HPQ- K- VI
AR - AT OE E RN AR - X EEQ s KV ZIAIEIT R T AR
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|
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Forward
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2. T ARG AR Z R SS HICMP TR E 251

B R E A F AR WS, 30512300, MEARIE, HiE, 20234E8H3H Z5H
(0) 2023 IR s B At B 2 D B b

117



HEEE

HY = MultiHead_Self Att(Hb ) (11)
HY) = MultiHead At(HY), H, H) (12)
ngl = LyerNorm(HY x aPecoder 4 H}))) (13)

HAeRoR AR A, FF BB T E L H oyt — 5 5\ VA% V332 - CMPTERAIEE
IS 10GHIDFEGER S TE R P IET ZIRTOIZR, SR RRELANE390M, B BOGR A HRE S 4 Al
PERE

3.3 WEALSHOA

CMPTHERIAERIFEALSS LAVRIL, WA OISR AICMP T Z S B UF 178 SCE AN 2 Al 1
B, BAEZEAER OO E MRS £, WER2FTR, FRE T EAL S HOEM
Br, fEFCMPTHRA MM E AT EIAML, EMH B EAREESENCMPTRA KRGS, LA
EEL IS LI L FI R 2 Il gh 5, BuE S LU, 7 EAF & N S, FAT K %
FICINORJIAZR , A8 FH 28 XA E R s B A7 5650, LT HAR L, AR RE &
EHIRT -

4 L%

4.1 BIEE£

ALAEFPython/l€ B T H A BAI T ~ e AR RSS2 28T B AR ) il
| TEER 586420 U E 7 8 SO E R SUR TR AR TE kL, BA PR ERE BN 2B TR, HIFR
A R E R A I R S DL RGN E R, AT SOAT TN, AIFR T
PR il SRR [ R, ok TR AR SO AT T ABRHTMLAR S AR bR s A5 1 I S e
TBUEERIE, BAARE T 51221 5B RME N L5 I BUIR S -

4.2 BEZEKRE
F1URR T LR BB S EES B -

H Parameter Value H
batch_size 8
epochs 10
learning_rate le-04
warmup_steps 500
weight_decay 0.001
max_input_length 1024
max_targe_length 128
vocab_size 135259
RLBZHRE

4.3 VEWTTE

SCRREATEM T IE S B AN TIN5 EF B BN 7% - AIﬁMﬁEmﬁﬁﬁi
R EHAAT VR, B2 PP B AR T RAEE RN, RSP TN E WSS
%ﬁﬁ%?%oEﬂﬁﬁ%%%&@%&%%gﬁ%%%%%ﬁwﬁoEﬁJﬂ%A%%m
#3H1IE H 31 77 % Bleu(Papineni et al., 2002), $2H TROUGE(Recall-Oriented Understudy
for Gisting Evaluation) ¥ /7% (Lin, 2004), HEAR BRI H— RPN B ES R AR B4
R 2 B 19 5 —4RE O\ AR Al R B AR R S B g AT LU, B N B Z I E S
TC (0T, BIRFIIFIRIER) TR, WS ME, DR Ao E RS

B DR E R F AR % %}13%?@123@ /R, PE, 20234E8 H3H %E5H.
() 2023 I A2 A B A
118



IR

SR AR, SEPEN BIEEME - ROUGERFTENTEFREFEROUGE-N « ROUGE-
L~ ROUGE-S-~ ROUGE-W - &% WA TR EROUGE-N, B 2 T n-gram L ST n 7
FEM1E4 - FHEMAF(14) iR

ZSE{Refsummaries} angramses CountmatCh(n - gram)

ZSE{Refsummaries} angramses Count(n - gmm)

HA Refsummaries®n 5| AT Z, Count(n — gram)FR/RGIABEEFINEL, Countnaren(n —
gram)FoRE AT ERG | FHRE A A A

ROUGE-LZ2 % TH KA £ F B8, ROUGE-WHT A T /B & 45 % 22 1) IT AL 45 2
HERNE, hESILELH AR E S LR R E B & ) 75 ROUGE-SZROUGE-NH—H1y”
J&, N-grams@&iE%LH), Skip-bigramse RyFBkit A A1 AL, [FI 454 T ROUGE-LEITETT
2o ANRITTIER AR R AL S S5 TENE AR B -

4.4 SEREERMIIT

AT FICMP THUMNSREERLAE T i S S SO ZAESS LR, D BIEBA T %L
EEMATFHITi-SUMEIE & (FI5E et al., 2022) BT TS24 - BN B BT FRCMP TR LIAH,
WESOE EA T SR8 S AR T AT LUSOROE A0 A USSP DA TR T R A AR o 17
T HEIEE S W AR IR T 5 — R WG R 2T A E N BT T SRR L RS L, X HeAS
RANR2PT7R -

ROUGE — N =

(14)

ROUGE-1 | ROUGE-2 | ROUGE-L
Zi—1ea Ay 19.81 13.27 16.90
CMPTHEA! (ARIEIES) 49.16 33.43 48.66
CMPTHR (Ti-SUMEIESE) | 39.53 26.42 38.02

2 AR R MR 48 1 SE AR 25 S

Loss Curve

T T T T T
a 10000 20000 30000 40000
Step

K] 3.CMPTHEZ ZE RN R FE H T Loss #i 2%

B SEESEE R AT, AR H WIS

1) FHCMPTHEA M AL G — A T ERUE T R IFpEsE ., ROUGERE 2 4 513 &
1729.35~ 20.16~ 31.76, FATIAFCMPTRENS BUE a0 b AL 57 A1) 26 I 3 BB TR B AN [R] I 5%
TRIE S SO AT Z MRS e S IR, I Emdas i HE N — 1 B Z 1B 1E 5 A RS
2%, TSI, FIECMPTIRE B 3R KIS L FRERI SURAE ALRE ST -

2) ETi-SUMEUE ECMPTH Y i vF I 45 SRR H N, ME T A H O EE
£ROUGEIF 9 7 B T T24.21% ~ 27.48% ~ 25.53% « % X FERIGE B, ATl N Al fE

B TR RS A SRR, BBTCMI123T, WK, hE, 202348 H3HE5H.
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EFEERESEN, %, TiSUMBHRENE S SMEES NNEIZM, RiISHIEREN
(A K KR 128, X BRI B 2 I FIROUGE S KIS . Bk, Ti-SUMBUE S
B R V10005, BOUBSORE AN ITRES SR A T SUMBARE , T/2ms T Hilgd
BR T EI R 2 AR, Bl TGS 7E4.575 BRI A7 R IR R BN B -

3) JA1LH, ZEMEAAY E ORISR ST, CMPTEM M Loss 2R MRS
IR, T TR DU B S8, o2 S R AR, A TR i I
SRR, B SERHIRE L, ossMIE BN FLEK - U4 AT SRR P BRI B
i, MASURIO B 2 KR, XA AR AR FATL - (SRR
R BERHIRIR S, I TS ST Mloss IR B - B IS BT [ th 20
|5 B Flloss HIZAUZNTHHER= AR -

4.5 S HTEEEE X R R

T AT AN [ A B B R T R B R R ma AT IR Be i E9E 4R B AL Bl B A6t
(1000/5000/10000/20000/30000/40000) , SRJGHATESE, v T REAREVLIARER RN, T 1M
ARIFIHARES TEANER5R, HRE T ENRFHER, WELSFR . RIEXHEE,

ROUGE-2
ROUGE-2

38

0 5000 10000 15000 20000 25000 30000 35000 40000 0 5000 10000 15000 20000 25000 30000 35000 40000
iz HiER

K4 A FEIEZFROUGE-1155> El5 ANFEIEEROUGE-2158%

AR BB E SR E 00, ROUGES 9 TIRE, X A 682 B NI A7E 8 R EE 4 -
HITINGR, RIEELZHESTRIE, NMES T ORMERMERTE - H2&7£1000-100005 1 =
B, ROUGE(E KRR, X ATRERE N H RPEIE SR T H 2 EaR S, MEsal
RE % B I Ho F 42 B A B SO AR S H R E R — AU EARE, N s TR A
B, X2 E, MESEIERENEMN, ROUGES S AT V5%, X i IR A1l 2k
IR E SN EERBIEA W EERNE, BRI SRR AR, T DU AR ZE kst
B -

4.6 SHTEERAK B AR

LA, AR — PR T O K XA A il i A R i, 19kt 7 S UR K
7E500-800 ~ 1000-1300 ~ 1500-1800712000-2500 A0 54200055, BRI ERIFITIIZR, [FIFE,
KT RV, RATHARREAREE T8 L53IR L5 45 R ICFYY, L5
ERIRITR . LREREH, YAWKEHSSHMEN ERSEN—TEEZRE .

ROUGE-1 | ROUGE-2 | ROUGE-L
500-800 41.98 25.47 40.68
1000-1300 | 34.73 16.23 32.65
1500-1800 | 31.19 16.63 31.12
2000-2500 | 32.20 16.59 30.79

3 AN AR A P SE AR AE R

B ZE P EIE S A ARIRSCE, FIBH-E12300, Wa/KEE, i, 202348 H3HZESH.
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MEFATLLVEH, 4 OARKE/NT10248, ROUGE-MERRE fE42/48 4, T 2 SR KR
T10245F, ROUGER P iaF#A%, BEAAE R ERRCR I B2 %2 - ATy SR KR
TRT A SR A 2 B R R R B K RE S S ) P91 D 1024, AEXRT ROURFEAT A A, 7
TR EB AL, 28 - ENEREFEREEXR, BEAENEMRIEZGEE, FEEM
BORAE » ORI E R T 10240, FEE UK ERIREBE N, ROUGEW 2 BNIEE A K,
3X AT g D] O B AT FH SR S 5 8 1) SO SR B3 | SO, ORI [ SO ) B 245 B 4R
HHECERITSLER >, 9 T RAERATHE AR, B SR TR T 500045 ST E UK E, I
WIES ARG, RIEHEH AR TEELERNE DN T AREMROUGEIT &, #Al]
TEROUGER M ENM A T HEREZ IER, FHFIEROUGER D HET, 1REA)THIHS,
LERANE6 TR o 5 T RN T2 ARSHEINEIRE ORI, REBIR R E, B AR
AR E I -

et
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EETFECTHIE
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Burmese Language Recognition Method Fused with
Multi-Granularity Features
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Abstract

Burmese is a low-resource language in Southeast Asia, and Burmese text image recog-
nition is of great significance for carrying out tasks such as Burmese machine trans-
lation. Since Burmese language is a typical character-combined language, there are
multiple character nests in one receptive field. The existing Burmese language recogni-
tion methods mainly recognize character granularity, and some characters may not be
recognized correctly during decoding, resulting in partial Garbled characters. Consid-
ering that there are special character combination rules in Burmese, this paper proposes
a Burmese text image recognition method that integrates multi-granularity features.
The two granular feature sequences are fused and then decoded by a decoder. The
experimental results show that this method can effectively alleviate the phenomenon
of garbled recognition results, and the recognition accuracy rate of the baseline model
of ”VGG16+BiLSTM+Transformer” is increased by 2.4% to 97.35% on the artificially
constructed dataset.
*EHFL GEIFYEE) : maocunli@163.com
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T RIS — DN EP T E T ‘o0, (HRAE ARG “eo” H L FAFFRHIEE —
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teAh, BFF A G E S AR E ORI R AIRAES M T — 2, EfFfLet al. (2022)3&H T
MR, KBRS S B B F AR RHE R RG22 A W2k, DR T2 A 4%
*F T2 ) 1 AT RS BRE /), AR — B AR B R T 4 ) 78 SR R 1 o A A e
FRERPVEO, (BRZTTEZBE TIREBTHME NS IR EE S B IAERFHE - Liu et al
(2021) 1 i —FET AL & £ 218 SURHE 4 ) 8 ORI BIR AT, BRHERBUZIREEIN £
BORERE TS, TR BSR4 4 ) 7 SO R R R SR B I RE T R E Y - (B2
2T PR E B B ) 7 SR R D AR AE R B HE A RARGT,  [RIBH R () G g 1 35 R 5
ik - Wang et al. (2022)%& Hi— @G- 18 18 & ) A2 (BRI 4i a8 SOR BHRIR BTV, 18
P EMGAFE R R A i 2 A B AEEER T, &EFAZ K EE LS E 4 R AT
TRTE, (HR2Z7 A28 T aaFRAES AN, RSN AP RS HELE TR
LER P RELEEIE T R P ERELSIER -

N TR AR, AR SR S S B AR IR R BCE IR R T B SR R ELAD B
%, ZRVERE S FERE et al. (2018)HIEA, ARICRNMMESFREN—1FRE, H—
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A, feR T B g R BB R BEE R R B R L 75 S EIALAS ISR
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(3)EN T A &8 SR B R BIRSE b, SRIaEE SRR IR 7 i R ) 1 SCAR B R IR
BIHIREEEAE97.35%, LT 2% HUARAY -

2 MXRIE

(1) BT EREE = S ] 43 2R AR SO AR5 5 1%

FTFERLE WA 4328 (Connectionist Temporal Classification, CTC) FISCAIR B 771,
fEFHCTCLoss{ER BAMEALRREL - 1Z BRI O EAR S & SCURTRE TR 45 SR 3% 10 R B SEAR %
HAE SR EIE N R o A PR Z S NS R, BRI R 2 feli i KB TR
N EARE . B, CTCRIER L iTimEm iy, AFHEBAXFRINGE, mMATH
BFRFRHRE o XFITEEMER SRR IR I &R, R T AREEIR B - Shi et
al. (2016)F|HBFAMLZE M4 (Convolutional Neural Networks, CNN) FEEUSCA B & A 30K
FFRIE, FIFRTEEAHE R4S (Recurrent Neural Networks, RNN) WAFIE#HTHRIT, $_H T —F
FFONNFIRNNAEL & AR AR (CRNN) o B CRNNR SR B GREAL R FHEF S, K58
T KFHFE1Z (Long Short-Term Memory, LSTM) 385 b N AR M, &5 B H 0%
TEFF 9 B CTORIR AT RIS 15 2] 5 f5 BIRAIEE S - Chandio et al. (2022) 1 A5t JLAAT2ZH
4% (Visual Geometry Group Network, VGGNet) RREEVEGEAE, FHETRNN L5547
TEFFN RS A E SN, &, FCTC RERH TRNNFINZ L, LUK EMmiF L iR
FIEHRFS] - Bhatt et al. (2023)#&H T —FNE A, FFHHMBEHEE LT GRIEHFERHE
AWM TEIRFF I HIFE) 5CTC ERFHFILSTM A&k - RMCTCHIER XS
AR #E A B AL E), (BEFAEOCRA, AHAL LK R A A EE A S E & EAE RIS LEER,
EAVFIEMEMALR), XMRHE B CTCRIEFE—E ISR -

(2)FE=TIEE LS SR B ER R 71

ETHER VLGB SCARVRRN 5 E B S8 g s 4R SR B R #2408 i RIS UFFE - B2
BT ER T B Y 2% 7] DARF X L rh (] 55 SUFFERZ AL iR AIEE R o PO IEF DL R K
FEFFN Z [ BIR 55 R AR, IIMEE T FFI% 55 8RR - Wojna et al. (2017)1# FHCNNAEFEFEE
PCHEENR, REESERE NS, RERIIRUE BIEIEE# A RNNFH TR - Liao
et al. (2019)RF XA K 7 9mis h ZHERFE, FH— 1A EE IS 2 BT ML MR E R 5
K, HH—E AR R TS LSRR AR SR BIIR A - Zhong et al. (2022) & F2F
FATE AT P4, (Generative Adversarial Network, GAN) A= pl &1 B AO1E AFE, SR F
FA P A B R 2 e SO AT IR A - B2 R T A BB EOR - X R M e 2R 1 &
AT ~ N SUAR BRR AR AME LR T8 B RRE T B IR -

(3)E:T Transformer B XA GIR A 7 £

114 Vision Transformer(Dosovitskiy et al., 2020)7E i EHLLWEIS T T Z N - 730K
BRI JT T, ONNTERKARIESE EAFERFRIE - M Transformer X 28 A LLZESE BURHIE B[R] s
KEFEREF[ER, MR TiX—RE . Zhao and Gao (2022)% A FDenseNet{E - B #I SR
FRIEFREUMN LS, SRR AORFIE B 1 Transformer TR ARTS, 45 A ER IIFEIFEEL (Attention
Refinement Module, ARM) 1SE|HZ&HH - Xie et al. (2022)% A5 BIF A SR FE 58
BRI UM 4515 21 f SURHIE RN BB RAE . R R R R AR Rl ot 22 3k B & I WL
— A ERE, A SRR ER S 2 LT XEBE VLSS B R 2 EHFIERE, %
H 25 %0 N 2 4F 7 51 Embedding i A\ Transformerf i 28 SRS EFEF41), BRI HAHH - Li
et al. (2021) 8 56K A\ SCAR BMGEHE 1384 %384, SR J5 ¥ MR 43 B AL 16x16patch A F 31, 14
ANTransformer T34 T 4G5 71 B A5 25 -
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Algorithm 1 FifEY) 5 FrENEE
Input: ooG0oepoIpd:

Output: @ " ® P @ & o

Ist = list( o®POREt )

9 77]

clusterList = [
: for index in range(len(lst)) do
if (clusterList[-1] + Ist[index]) is not a cluster then
clusterList.add(Ist[idx])
else
clusterList[-1] += Ist[index]
end if
end for
return @ 6 © € o 2 ot
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WFigure3H TR, VGG16 HIREUFFPRLE FHE AR ESR U 48, VGG 169 MERBUTF- T 75
R EEARFE AVRFERR BN S - VGG16 ¥ B 935122858 (3 x 3) ~ (2 x 2) KBTI LIS B 75
SR BB FRPRE B RFFHE « VGG16 KB NE R Al EE (3 x 6)~ (2 x4)~ (3x3)~ (2x
2) K1 TRAZ DASR B ) 78 SCR BRI R L 1A R ARRAE

3.3  GHAEE SR RIFEmAS R IR

0T B SOR BRI ORI AE AT AR, HEBRIER IR B8 S5 5 R T3
DN AR BT & B 4 P R R, F AT 148 FHBILSTM (Bi-directional Long Short-Term Memory,
BiLSTM )X 8 1 45 A1E £ B ) 48 SR B 2] 51 248 A 40 ) 15 SUAR B ARAE R AT R A58, DASR ey IS 2Rt
V] M 7 R W 2 4 5 A P L BT 4 ) 75 SO [RHAR R AIE BE
Fy = BiLSTM,(Xy) (1)
Fy = BiLST My (X5) (2)
Fy € ROXBXNi . |y ¢ ROXBxXNe o IO, B, Ny, NofrHIRiEER . &KFHFM £
B~ TR T K AN T A R RIS 7 S K
3.4  ZRIFERFERE SR
R T B APRLEE RFEAR O A AP R BERORFAE . FeA ] BE A 25 T Transformer ) 241 B4

TERL SRR F) = {v1, v2, ..., vy}~ Fo = {V1, Va, ..., Vi, WEEATRIG, HAv, € REXN ) V€
RBXN2 o

B TR E A F AR WS, 1240513400, MURIE, HiE, 20234E8H3H 25
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FATHIREALIR A T Multi- Attention X L5 FFAE ] £ AT 9RS o F T 000 AIE m) & B = fi7
BER, FECEAMH A Transformer (AL B GG 77 1505 Hdb AT 9mA5 o ZE9ET 00 B RS 2 A,
TATSERE AN AL () S FR A R NEEAT R 2, I M FHE M E R AR, BRI/ IN 5
H(C, W)FI(C, Wa) o F T iEEBAVLHIEMERL, FEER TR EKE T W EBE R AL
P, BATRAT —FET EZMRZ R B RIS T3, %A 202 7E Vaswani et al. (2017)H7
W5 S B TR -

TEﬂMMMQQ::mn(Ié%%%7> (3)
TE:(posi,2i+ 1) = cos (%) (4)
T Es(posa, 2i) = sin (%) (5)
T Es(posa2,2i+ 1) = cos (%) (6)

Hr, pos; € {0,1,2,..., N1 —1}, poss € {0,1,2,..., No—1}, i € {0,1,2,....,c—1} FF ~ A
M EREAASERE - Fy, N TERFICE, TAVER XER IR F ARG - %
BOEREANQ, K, Vo XBEFNTHF (ERQ, FUERK, V-

QiXKT>V

e (7)

Frysion = Softmax <

3.5 i) UG IR

SR R BRI A W R IE Fpsion B FAF, REFFAE « W OSUAFHE 1 22 2155 2 1Y
5 S FIR DL EBE R 2 ) BIHE R AR A N o SO AR A B ER B4 Transformer i 5 25 20
R - f5 F Transformerfi# i 25 M A5 FIRNNAE J i 15 2 O TR 5] 2 . RININE i i O B 2 B AT
BRRD Y, JF BRNNTE R — I 21 i AR — I Z0 A B H o F AT b R 0 5 R AE F o 1
1t TransformerfS& SR A5 B B BTN FE 3 Fprea o BE R Fprea il ARG E8 Convert 15 2% N 140 )
T A text o

Fyrea = Trans former (Frusion) (8)
text = Convert(Fyred) (9)
TEET Y RIS FA ] 458 FH 58 AR 61 2 A B2 951 2K pR R
Lossgtin = — Z In P(y| M, 6) (10)
Hr, MoARBARG@ECREL, 08 ZEanRa MRS, g | MR E SR BRI

Ft MFALF I X R IFRE -
4 EREERSHT

o9 T B UERR G 2000 4 ) SO B RIRBIDTIR IR R, Bl T AE ORI R R R 4R
bR AT -

4.1 BiE£

ARIHHER T B GAEE SRR GEIEEA TR, RN ERE T R IR rE AR R
S, HIREATFEEEERIESE - ZEIREBRES0 T RkmmE ARG, HRKA3T75K
A NTFRER, HpfuR S BEAamm . AREEESE T ARME R - BE MMM ESERE
%, DR ARBEEEIES SRR - o TR a8, FATREYLIME T 20775k
EUGAE R ER B UE SRS - h T IR SR AN, Ff 16 «mdb” SR AEEL
& . BARHBR2IR -

SR B TEM BT N TN B REHIE  (Sequence Accuracy, SA) , WA 11FTR:

SL

Hr, SA. SL- LNZ ARG fa) 75 SO B BOR A 747 B IER R - IERIRRI SCRE B+
AR R - IERSURARRE -

B TR RS A SRR, B124T- 13450, W/RiE, hE, 202348 H3HE5H
] - bzl
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HUELE =
PlIEERES 800
FES 207
urEE 205

Table 2: 4] 18 SCA ERER SR A1) L5511

4.2 LIRS

N T VA LA 2 REIE R AR B SCR R GIR B T IE VR R, T 1TE B RS A4 ) 1E SO
EUREORE 1T 75258 - Fra AL 7EAE R B SEREAEE N #-AT I ZR AR - FATEFH Adam
188, WA > KR E N1, F ¥ FHCosineAnnealing 5K W& M7 /N ) & o fLALTE K/ NEE
M128, YZRFHK 1,000,000 - L5545 F IMGAE R FFFERZE (CER) FAIRZE (WER)
For, RIRHEEE RS R RS B AR E N IR S R o SERR A5 R ANR3 TR -

SR — FEERER KT

AR ICHE B4 )R SR BB BB R AT TSRS, RIS 2 A R AR ) Se g g SR
T X -

CNN+BiLSTM+CTC(Shi et al., 2016): 1% AR EURIRAI 7% E 518 T B TR A 22 M 48 R B
SR EMRRVRHIE, #2E R FBILSTM M 48 Bl & F+1E M & R IR F A F A IE LE R - RE,
SEB—IFHEH TR, BREMRSMN . K5, RHACTCHTIENMER ST, IS
AU ES -

CNN+BiLSTM+Attention(Baek et al., 2019): RS 4> R 2 F1E 2 S LHI 0 AR S 280t
FE 3347 ARG -

CNN+Transformer: f# FHICNNIW X A B G H I E & 2 R FHIE R R, F
F Transformeri#t 17 7 71 @8, 22 >]FRAE Z 8] AR K 3R, 15 31 56 D0 e A 1 ST e 2] T 25
H,
EFEN(EF et al,, 2022): R T BITMBF2EEMLE, FHHHBHBE NS FEA L
W0 4% (ONEZR AT RFE SR BRI P F A, 3800 R 48 F 24 W 48 SE Rl AT Y8R, DUR BT iz 1
RE 1A Dot FU & XU -

X% A (Liu et al., 2021): FHRESRMSEIRNE Z18 URHIERDE ARG, DRE LT
WFFFRER R fEAMIX UPRIVIZRREHETRA IR, DUR AR & B IR
fLaE

F% N (Wang et al., 2022): $&H T @& 8B S =S BT R ) 40 a8 SR ERBIR A T
%, ERBEGFER RN RS EER N AEEEE N, REFHZLERE LS A%
FATER TR, BESUREBR T -

BT SA(%)
VGG16+LSTM+CTC 84.5
VGG16+BIiLSTM+CTC 90.4
VGG16+BiLSTM+Attention 90.6
VGG16+Transformer 93.3
ESE YN 93.5
FUEFN 94.2
FHAN 95.3
Resnet50+LSTM+CTC 85.3
Resnet50+BiLSTM+CTC 91.5
Resnet50+BiLSTM+Attention 92.1
Resnet50+Transformer 94.8
Ours 97.3

Table 3: FEXTH SLGG4E5 H

B TR E A F AR WS, 1240513400, MURIE, HiE, 20234E8H3H 25
(c) 2023 HEAHIMEE LIRSS bl
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WIERSFT7R, A ST $& IR B J7 ¥ 7R 40 A 18 SO EROR AT 55 LR 8 8197.3%, EiE
TR EKE - FHEET “VGG16+BILSTM+CTC” #l “ResNet50+BiLSTM+CTC” BIIR A J7
%, SR T6.9% 5.8%, ULEAASUTIAERE I REIE T I, RARREE Lt T IRAE R
HRRTELIEIN S, FHELEET “VGG16+BiLSTM+Attention” 1 “ResNet50+BiLSTM+Attention” iH
I, SRR T6.7% 5.2%, VBAARSIITEE R &H KEWRE 1 SURBEGE, &
AR, M “VGG16+Transformer” 1 “ResNet50+Transformer” B IR A 1%, #=#H
T4.0%~ 2.5%, ULBHZR U AR AP0 B AR AL T F R 5 B R, 38 T FAFIR
AIFERRZ, T IVE AR TEIRAITE, 7 72.0%, BB SOTIEE RES] LT IRE[E
I KRR T BN FRIEEEAR, D T iR SR B GIRT RE  E L SBR E FAT E R T
FIELAS IS -

SERS T BB RHERI F AT D o BLTE R SE R0 45 SR L

N T SR 2R AR DA A MRS S BUR A S, AT AN TE R AR AL T HAl T VE A
SEG o LIS RMFATR (WORIRELVE, X RRKEME) -

kel FRRLE PR SA(%)
Ve X 94.9
VGG16+BiLSTM+Transformer X v 96.5
Ve v 97.3

Table 4: KT Z KL ERHIEHITH AL IRLE R

WERARTZR, HARFAPRLE - FAFRALIEE 705 R o AL (5 7 PR B A 74 R B AR AR A T 7
B o NSCISSERAT LUE ), AT P A SR L BE (O RFAIE T LASE i PRI $R B A o) 5 A [ HE & 74
FOHRFAE o SRR {5 P S RPHL L AN 5 AP R E R S 4IRS, AR B AT LUK TR 31 4 ) SO R
WAL, X LIRS E R PRI RS FATRFE, $&m 7 BRI, IEM TR
RITER AR -

SRR = RS 2 RLIE 0 G AR S e AN R R A AR R 5 8OCR R R

Oy TR R R A A SRS AR, BT AL D ERIR AR BT S0 - SR
LERIFRSFR (WORIREL S, X RIRARELE) -

ViReE Sl FAPRLE FAFRRRLIE SA(%)

v X 90.4

VGG16+BiLSTM+CTC X v 91.2
v v 92.1

v X 90.6

VGG16+BiLSTM+Attention X v 91.4
v v 92.6

Table 5: & 247 BEAFHE G A it i 0o AR R

WERSFT7R, HAp AR RS RS F AR B AR, AP R R R R PR BT A7 7%
RLREHFAE - MSERREERATLUR Y, RERFATRRLERAERIEOL N, S ERIR R M%E9E
—RERIERTT, UERATF AT R R A SE R R S B T BN R R R TR, SR e TR
FERITFATRERLEERFALSG , X SRR I B AR T, UERA T RS P AIRL R A4 )15 R T 1%,
BEAT AT SR B FAF A AL, SCAT LUK TR S DI [ 75 R AOHRFALE

SEESPY:  ELSE A 1 SO I BRI

O T PRUESERAE B SC s PR, AR SO PN D FREE 9 10003K B 55 57 53 40 ) 75 SO &I 5
TERINAER - ASCHEZ RS R A0 B SOR BRI DT sess, SRRas RANROFTR -

ALY TTIFEAERT 100058 B 558 5 A 040 ) 78 SO B R B0 IR A R BN R FrE B s %, A1
FEETCTCHIRAMRANE E5.6 1 B 70 A HIER R, UERA T ST FH B 74 SR L IEE B S AR ) - S0 1
SCAT AR B RIELASEIS LR TER DVHIREEEES. 8 N E o s k&, IEM T Ay

B TR E A F AR WS, 1240513400, MURIE, HiE, 20234E8H3H 25
(c) 2023 HEAHIMEE LIRSS bl
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kil SA(%)
VGG16+LSTM+CTC 82.5
VGG16+BiLSTM+CTC 89.7
VGG16+BiLSTM-+Attention 89.5
Ours 95.3

Table 6:  FL545 S A B i 4 5

TRAT LI B R AFFAE A AT B A AR S R A TR T 4R A MR 7 L B S PR (R g 2 e S 55 B v
SR

KR T ZRETIGRE S N N

09 T B IERA ] P SRR T B ISR S HE AR, A SON 24 FRIRAREL AT T ISR
S HETHE B AR HE SRS

BART7% YIERAT [E] (s) FEFRT 8] (s)

VGG16+LSTM+CTC * 5.7

VGG16+BiLSTM+CTC 1250 7.3

VGG16+BiLSTM+Attention 16897 12.4

VGG16+Transformer 1590 6.6

Resnet50+LSTM+CTC * 6.1

Resnet50+BiLSTM+CTC 1750 7.6

Resnet50+BiLSTM+ Attention 23631 13.2

Resnet50+Transformer 2206 6.9
SN * *

PUEFN 11560 11.2

FEAN 1632 7.4

Ours 1664 7.8

Table 7: A SR 5 HEFEHE BN

WRIPR, TG T 24 ERER RS A 1E SOR B BIRBIMESS Rl ZRRs 1a] DL 2
BFE o o TS UEBA TR I SR DU B F RO Re, oA TFEM R A ER &R i 7 20 £
PR A PEREI G, I R R A BB A 1| 25200028 ROBH KAE N YNGR B, FH48 FH Il 2R A
TR F [ 200 ) 18 SR PR3 AT HE S T A5 B AL O R - MSEIRSE R AT LB Y, FRATTHY
BB AH L T “VG G164 Transformer” Fl “ResNet 50+ Transformer” 1 78 {111 25 8 5 1 4 ¥ 5 & 25
AR, UEBHARSCRT R TV ETE JL % BE N £ R R (B FFEE A [R5 T BSALR I RS B - I
AN, BIRFATAE IR E A K “VGG16+BiLSTM+CTC & A (HE A THIEEIE
NS AR T X SR A S G R, MROR AT AU B AR ST 7 YA B R -

4.3 TR

YL H THAEXLABEG R ER - EFHNHEHEFFHIRNLE, &
T“VGG16+BiLSTM+CTC IR I & F AL E Bl = F AR - iR, #FmSEk
AR HBLELRG - A A EME A ERLE dR S B TR e T IR B 45 3
ERNER . IR SEMELE . ZHRAERFSEERLZEENSIAREG LR H, &
F“CTCHBILSTM+Attention” PR AR (i THRA S R E, SEORAIGRKE - MA
ST VA RS M F AT A Transformer HEZE X B GRFIE 21T 38, NE— EfRE LR T
REEGRBERENRE . FHNERGREFTESEREHSFHFACREGERH, &
F“VGG16+BiLSTM+Transformer” {1 AR B TR BE BT 10 K E 275 B0 B R AE R 7]
SRR AR S ECR BEMERR B R A1 H R AR SO o T AR S V6 R S AP R B IR R 4
BL R FVRFE TR A, (IR AT LRI 5633 21 SO A0 SR AR A EE O\ (7] E AR BE FOAFAE , 3617
A RAER F R -

B TR E A F AR WS, 1240513400, MURIE, HiE, 20234E8H3H 25
(c) 2023 HEAHIMEE LIRSS bl
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LA CTC Attention Transformer ours
[ 'B_ RN
| 9 ! cr-« & o ro & ru &
oSty ogf oty oglorfly ogloory S oglézonyy
2005a3° s05oogdi 20052008 80052001
Brob0do0m:0d $:980300m:03 ff,:o&o;omo: §:0000002:0%

Table 8: (]

5 S5RE

PRI 4 ) R R AR TR RS R A S HELRERELI R R, SR T —FPER S 2R R
e B4 ) VB SO B BRI T VE o P AR IR S B VA 5% S B B ) - AL B8 AR - R B P (R A AR
PEATRPA R, R AR B RFAE P 8T il 2 Je P R AR 2 AT AR RS, DR 8 i/ 2 e 75 SO
BERRI R ELRS B O, B2 T AEERBIBOREEE - FFAE B RIERSE Dbt T 1505, MR
IAF97.35%, FE T PR ITIRAIAIATIE  ASCTAEADURR T 4085 R 5B o 747 2 K S EHIEL
PRSBG0S (LAA 0 1 1) P L R R L ME R T AT R R T VAT L T RS . E R —
S TAEF, R ILRE L NEMERTH S FHE S RSCREGIRBIB R A, BT
— IR W MORL BRI S5 SR AT S RS

22 SCHR

Jeonghun Baek, Geewook Kim, Junyeop Lee, Sungrae Park, Dongyoon Han, Sangdoo Yun, Seong Joon
Oh, and Hwalsuk Lee. 2019. What is wrong with scene text recognition model comparisons? dataset
and model analysis. In Proceedings of the IEEE/CVF international conference on computer vision,
pages 4715-4723.

Ravi Bhatt, Anuj Rai, Sukalpa Chanda, and Narayanan C Krishnan. 2023. Pho (sc)-ctc—a hybrid
approach towards zero-shot word image recognition. International Journal on Document Analysis
and Recognition (IJDAR), 26(1):51-63.

Asghar Ali Chandio, MD Asikuzzaman, Mark R Pickering, and Mehwish Leghari. 2022. Cursive text
recognition in natural scene images using deep convolutional recurrent neural network. IEEE Access,
10:10062-10078.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
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TiKEM: Knowledge Enhanced Tibetan Pre-trained Language

Model
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tracy.yuan.sun@gmail.com

Abstract

The pre-trained language model has excellent performance in the Chinese and En-
glish fields. But the research of pre-trained language models in low-resource languages
such as Tibetan have just made initial progress. The main reason is that it’s diffi-
cult to obtain low-resource language data. The existing Tibetan pre-trained language
model uses a large-scale unstructured text corpus for self-supervised learning, which
lacking external knowledge guidance. So their knowledge memory and knowledge rea-
soning abilities are limited. To solve the above problems, this paper build a Tibetan
knowledge enhancement pre-trained dataset containing 500,000 triples of knowledge.
Then, this paper combine structured knowledge representation and unstructured text
representation to train the knowledge enhanced Tibetan pre-trained language model
TiKEM. This method can improve the knowledge memory and reasoning abilities of the
model. Finally, this paper verifies the effectiveness of the model in Text Classification,
Tibetan relationship classification and Tibetan machine reading comprehension.

Keywords: Tibetan , Knowledge Enhancement , Pre-trained Language Model ,
Text Classification , Entity Relationship Classification , Machine Reading
Comprehension

Bt E RS EARIRSCE, 1350514400, MUREE, PE, 202348 3H %5H .
(c) 2023 HHEPLERFRUFETFEVRAS
135



HEESY

1 58

T ZRIE S RA W] DN KRS TC AR RO BUE 22 5] £ B/ BN CRAE, @ T EL
MRIFES EBE T IRBRIMERE, XN TREFEES LW ERESAHEM R FEEER L -
HAl, PIGESHEMEAERIEES DG TIREFNAR, —RIITIZGE S B
I, WGPT(Radford et al., 2018) ~ BERT (Kenton and Toutanova, 2019)#IRoBERTa(Liu et al.,
2019)% - H T H—PMUTNGESEE, HARALBIHINERSHE, RETIZGHRESE
BIZE NS HIOTERE, WIGPT-3(Brown et al., 2020) ~ T5(Raffel et al., 2020) ~ & @ (Zeng
et al., 2021)% . WA SEERE N, BREFERN TRBMERE, (B FIRIKIGE S 77
WRFAEA R - R TFIZEE, W50 A 51RFDR B T P B 58 S2 AN IR Rl & 2 T 2R 15 S 1A
UIERNIE(Zhang et al., 2019) < KEPLER(Wang et al., 2021) -~ ERNIE3.0(Sun et al., 2021a)%,
BERE TRBAIAFES -

EMIRBEARECERFRLREEMIES LR, A THBREREFRES LEUER
B, A8 £ 8 F A mBERT (Pires et al., 2019) « XLM-R(Conneau et al.,
2020)5, B FRZE S WG E RO E RS R AR, # imBERTYE 3 5 K 5K
BETNCC(Qun et al., 2017) LIF175.5%, XLM-R-basefJF1721.1%(Yang et al., 2022) -
b, Liufs A (Liu et al., 2022)$& MBI 2518 SR AITIBERT, Yang®F A (Yang et al., 2022)4&
H T O RBEZ E S TIGEEICINO, Deng® A (Deng et al., 2023)3& H T /DEREL E S
ZRIE SHRTIMILMo - DA ERETIED 10 BRTE S BRI ST . (B B RTATECCTRIZRE S 1%
RIHD 2 (o F R TR B 34T B I B 23], BASMERAIIRTE S, AR IZBE AN iR e
RESTIFAEANE -

BN EATEAERN R AR SR BB T AR RS SR RO SR G S AU TIKEM, BUE 45H1L
SRR SR, HE P ES T EERA R, FETTE T

(1) AT ERFRIR, KRR T —EH50 5= HRBOCEIRE, R ESEI
TERESS G, MEBUCAIRNS TR T IZREE 4R

(2) N T IREEBOCHIGRE S A R RO ARG /), AR OUR BT ARG R
I ZRTE SR TIKEM, i — @G5 L AMR R R AL SRR R, SHENRHFT Y -
[RINF, oA TSR A FRIKRE ), RSO N — D aIF IS Y R oh A F EHE T ST 4)
T RIEIFER R R AESS

(3) AT VFMEEEIRIIERE, ASCHESUAR 26~ LR R R 02K - FRERE = T RS it
7 XHOsESs, SRAGLE SRR IR SGR AR USR8 S A R RER & B& AR TT -

2 MXTIAE

WMINGESHECEEERESLHENZ M MFESTRE TRFHOIERE, &
#50penAl GPT(Radford et al., 2018)~ BERT(Kenton and Toutanova, 2019)~ XLNet(Yang
et al., 2019)% , A LUE RUK B AVEMTE LA BoR T AL R - RE T 418 5 BT
M ETXFRRCEQE T A B XERR, BIZHE BT CRRTE S AR BT
A BRTFIORHEEEE EE . Zhou® A (Zhou et al., 2020)7E /N[ A H M A A
$IGPT -~ BERT - XLNetfIRoBERTal) i IIRIAE ST, &R PTG 2 Z IR AR LS5 1
RIAEE, XHRIHERIRBUKIN R — D E R -

FREE AR E B AR, A AR B R LA B 205 S AR AIAR, ERE
AT R R F R B 27V (et al., 2022) o 1% 712 F] AR R T SR AEEEY B SR AR BRI
FHRMEFESERE ) - ERNIE(Zhang et al., 2019) & JEX SUR R HE 2 10 iy & SRS IR BIHE R, R
Ja R SEAR S FR B FROR R SEARRT T, R SORTE SUVE N AR B RSB, B TransEJ7
B ) ERLER o SRJEAI TS, SRR E P A SERERL, SRS B R SOMAnR B3t
[l IR B REAI LA, FERFUNIGRER A OUAT LR B TE = JoH A B3 SRR B i R 5 2
AR, T HR AT POES B R SRR, A RO 2 S SRR R FIIRF R o AR T
A FAEE ) —MIRYE TV - Sun A (Sun et al., 2020)IAH, T ZFORE AR ERES]
IRGRISRAR RN, FHETNGRI Bt TRl & B 5 1%, ARE TR0 22 ) BIM AR, FF B =50
IR & A A I T B ISR SR R A R R o Rl FECoLAKERRR! A48 H 17- 1A B /Y

©2023 FEVTHEIETEAE
RIE (Creative Commons Attribution 4.0 International License) ¥FA] HAR
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W&, RCARFIEER 2 EREAFE, DAL — R 63171  SEARH S R AR E-A1R
K. CoLAKER FERIE R I ARERIE R, RHEE K  0ia 77 filhd - SR Sl . -k
R RS, AT RES [FI RS I 2R 15 R BOE 2 AR ERE R FIIR - SR, CoLAKEFE N
RETSELRERIREE PR, 20 T REENGER P RIRE, A ERE LI TE
SR PZLEETT - NIk, ERNIE3.0(Sun et al., 2021a)8& H A1IR B 5 SCA AT SR 0077
%, ASRRIRFIR - R AR EE A B = e H 53 57 OR G —wih, EA T SRTE B AL
AN, RIS TR SRS, 15 = Jn PSRRI SOR R R SE R, (R ERETL A& = e AR
DINENEISE

FERGE T, e TR CERESER =R TR EH0E - 598 (AR - 4EE5/RE . BEE
wif (FhifAfR) - iR . iE . BiE-CRDBRIGE S 1215 5 ISR ZLCINO(Yang et
al., 2022), ZEAET Z1EF TR XLM-R(Conneau et al., 2020)7F %, 7ELF/DE R
R BT T ZIRIOIGR, AR 7 REGE R TNCC(Qun et al., 2017) EAHHH B &R
BRAE T BEMERERA - Liu%s A (Liu et al., 2022)3H TROCTIZ0E SEATIBERT, Hif
&7 EERE.95% HITRNL AR « ZARBLAE U 79 AN Al AE AR 55 USRS BUFRCR « Deng#
A(Deng et al., 2023)iRH T A& ZHIE - BOE - HE/RIE - B wIEMEIE M DRERKBES
28 S TUOISRETEIMIL Mo, ZEBIAEA ) 298 5 UK RAR S LIE TR e Rt
) T AOBRBEES EEMREIR . LRGN (Ziand WNE, 2022)1 1 T BOCTIZRE S
TR BERT-base-Tibetan, H-RZRA R FH TR K, SLERAPUNIGIE SR EE
RITECCAR 7 KANERE - H BT RBCCHONSRE SR BUS T ARk, (HRHER R A
RITCANERIEHT B E %), SUDSNERARTES . FHRICICRE D ANFIAEIRGE T 7 AEA 2 -
PRL St o fr] {58 FH 60 3R 28 o 388 5 B ST T SR AR 1) 7R BE 7 2 B S I SR AR AL B 5 0 R FH B A 2

3 TiKEM#ER

AR SO R AR TR T 20 B AL SRS B LR - B AR ESR N =THS
TERHEE P I SCAE AT DR REVE NI SR EHE - ZRSUIE A [SEP) 40 B = 0 5 SUARFH R BAE R T 2R 75
FREAMEIA, BN RE AREE ) =TT T AR RO, ST — @A s 4 (LN
IRFRFTCEEMN SRR TR o RIG 5 PIARTE LRI TRIAESS ~ SRR TIINALSS - A+ EHE
FEAESS RG] F I (IBE B R RAESHIESK, WA SCR TR - WnANRIERTIIAES H, FEfL
S = JeH A H) 5 RECCRH LR - TIKEMS CharBERT (Ma et al., 2020) 45128, @& T
WS FRFRR, #HZ EX A Transformer/Ey@ FHENRSURFOR - EMER E, RS ESY
SIHEZE, RIS U MESS AT, fJa DA MESS RUINAER 2 s B (E R S AR 2R (E -

3.1 FilgRiESS

TG SHEEM N — D)7 HIMES, AU SRR - FHREE T - A1
EHEF AT R AR R R R I MESTEA ISR ESS, BEWT .

3.1.1 SRR T

BERTHF I TRINAL S5 2 ISR 1E S R A R EEZ W TNZRESS, © ] DU B B B i it 3
s = e BN SCRE UE B - FEBERTHERGTRINALSS 7, AT 55 I Sy A\ SO i AL
IR A, (ERFEVIEN SR 2ia R R, A TERESEE - BiE . 5EHER R -
PR] 0 7S SR AL aZe B A\ SO H 15 %0 B & AT 1R, HorP s iR 580%, BIEE AR RE R R E
Y- AW~ bR SERIEE TR R 20% < R 4R SEAR Y BRI B - FEX DR R, BT
RSB, 80% M4 R AR PR IC MASK]#E T e, 10% 4 RN h EE 4
ﬁ,%%m%%%%%ﬁﬁﬁﬁo%@%%ﬁﬂ%ﬁ%@w%mmﬁﬁﬁ%ﬁ,w®ﬁ<n
7R o

n
108Smim = — me log p!,, (1)
i=1

Her, p! N K token o py, N E S token o

B TR RS A SRR, B35 M 14450, W/RiE, hE, 202348 H3HE5H
] - bzl
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C SRR BRSO S5 2 B TIKEM
1

v SmEm ) | 4 QT EHE i

% mgmEn ) | B (OFRRERXR
L ‘ ‘
BRI p 4
(ERZFE) BEEWR
C %5k Transformer D s
A i
FR
k( #1 Transformer D) &
)
Rk =
o SR |

eﬂﬁ #H# (q"iﬁ‘ s B [SEP] KRR qrr B & % B nﬁ:’iﬁnﬁ‘ ## M & gy 3 Ry [SEP]

A

gﬂﬂ83 Ly iamgsas® ((n'aaum]wmﬁc» XA ERE
< s y > TR AqagsrgeRras g AR g ARl gy
(%?LZ "@;;: ’ (é;“;‘g’;» 5 183UFHREM (DRI , FEBSEEBRRAME 45 B
’ e Bz (QM'W«FN'B):» BB Ty R B RRHr R g By H Ry

(EERERGE) RAEXFRE—FIEERIE R

B 1 BT R SR RIS E & AL TIKEM

3.1.2 AT

FHREIETNAESS 238K AR E T B = Tl S 4 B SURME N TN G R F R, LU
PRAMC[SEP|F&FF, HREALIERY = Jr2H A 19 5% RECUR 6 B SR, AR EE & = oA FNH
53CRHNR, T = TR ) R R BOCR AR A SRR, S SRR TN AR R, RS T S AR AR 2k
{E1088 1 [FIFE R AR KAE

GBS MY, BAFEZE2ZSRCZ AR R RFE S 4, TAESR RS T AE
Fi, RAFEEIMREFTR =LA RX R, FRESOREE, TSR R G F11H )
FREFIBFHAE T o AR SO T AR H i) =TT 5 5CCE BHE 1 /Y SCA {8 “[SEP) 7 3
PR, IERFIISA . RS R AR A R E RO RN, wEETE, (8T (F

B) |, SswE (giE) | TR mgsm ) RS R S T
LR % RSO RIS, BRI ST s SSSE (@) © bUR

ST ey v, (LR A S LA AR S AR, TS TR % R
HSCAR ST, 2] SO A AR R A BRI A KT S0 3 RAECR
AR IR B (Mintz et al., 2009) o RN E IR B WEN N EESE T —1MRR, AT
AT £33 A SEAR ) AT B AT AR RO 3 2

5 (B ST AR TRIAT S5 AR L, AR TN (.45 (TR0 g (5 R 2 =) A JKout it
FLRIIAK, T 1 4 R0 5 SR 5 b FR R AT S5 R AL

3.1.3 AJFEHF

A FEHF AL R KA B BN T 5 N2 BOUAR, FERENLITEL, LR BERL XS SOAS B HT HE
FFo BB S SORP A TR KRR, LUEE OB AERER I BRES
Ao Blhn, EVLZSENE . MEARSERSEST, BRTEEAREERYIERENBRIES
A, R AR ERHE R R EE

AR INGRREAR B SCRE R B E BEUAR, SRIGRENLIEG0% B IREE A, R H A
% BESURBENLFT AL, WA E IR . A S R EHBEECATaSHER, 81
R AMES BN ETXER - REREBERNLEEIT LA FRPRBERR, 4

B TR RS A SRR, B35 M 14450, W/RiE, hE, 202348 H3HE5H
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ZBSCRRIFE, 2 BOUKE T & R AR B RSB - A ETTENAK (2)
B -

m
108Ssort = — Zps log pl, (2)
i=1

Her, pl B BIF I - ps HESE SR -

3.1.4 HAITFREIFEEXERA

A)7 1A A BE ok R T 52 PO 4508 S 2L AR 1) R — DRI SS 09 /e, H H AR
IEBRRIRENS 22 5] SO BRI IR R - SUEBRIEEEEREBEEG T ZRPRAR, FlnFE—
RXEFWETEEREHERME, A7 R PEE R A MREBERISCENSEWR S - BRIZEsS
AN EAR BRE S HEESREERNER, FIInURn %K FRRREFES -

ZAESS ERIR N — D SCRFRS | R T A1) 7R BE RS R R, B R — R SCE A AT A A
T F—RXER AL TR LER AT - 7R BXEEE R, AL
KT MR EMRTTE: FEERIIGIAR D RE B, LRI —BOUR, DI25%RIHER
BN FSOEPEE AT, 2% RGO AF SOHP AT, RIR0%HBR A #, X
TIET] LI REREAE 2 S 2% RN R SO Z R A S22 572 -

(?EsﬁﬂW%ﬁﬂ,Kiﬁﬁ?@%ﬁ%%%&%ﬂ%iﬁ%&%,ﬁﬁ%ﬁﬁﬁ@ﬁ
X (3) FrRe

3
lossrelation = - Zpr log p;« (3)
i=1

Hep, pl WA FRIEE R AT - p ) TRIPELE KSR -

3.1.5 A EAHRE

WIEZAESHESIMELR, A LR EAE S RE I E R R S RIS E, AR
(4) Fi7m e

lOSSa” = lossmlm + alosssort + /Blossrelation (4)
H Ao B2 P AILE S 5L -

3.2 HiEL

T BB E AT B RSO RIRERE, N TR AR FOREE ), AU T
— NERBERR T SR B 8 o AR SO I TEER 21 /N8 ST W vl 0 7 3 )~ T R I Y - T A R
%, WEKEMNEMLFNRMIEERNICR - SR, HTME BRI GIEMTEE, &7
ERERERFEERDE . Fit, ATREEIEENGE, EREEUEENSES, AGHT
TP EIRIE A T R

(1) ASCEEIEFIE R -« B8 - FIRFERSER N ASIER . R, SER SR E
FIAEEANE, EASCRAEE T 1000 3CA LB, R T RGBT 10080 XAEHE -

(2) TEEZIMEREIEFE/RESEANREN=I0H, WAL AReE <R, R AEE
EARZEAZICHANBE . HF HBAT AR SCRIER P A fESa S MR ZT0H, R THE
S ZICHA T EEAHE, FRNEFS = TTH R HT IR

I DL E RERTE e TIAL R, AT T — MR E50 5 =T - K/ 4AGB, LA
IR GEIE S - ZEUEE 2 4517 Moken - H 5054 = TRAM B S AR, M
WA NE RN SCERE « ZEIREE S 28N, W &5 &2 B B #fF
& B TR TR AR R AE ST -

B TR RS A SRR, B35 M 14450, W/RiE, hE, 202348 H3HE5H
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3.3 iARME

BOUE—MPE T, HEHENE NV E—NET, 88— TMHRE LT, FTHE
Llersa®], (BETHTRMAF ARG FFRATE LA« BUE X TH—-TMEEZIETH
A, FIEELLC & BOCEE-EREE. BT BT TInE s BT s BT BENT
MICEM S, AT ATIGREE S, @H AR 30K, 8RR fEA
B IR RS AT (F BT AT B FIR . AR 3L (R G i) 38 S 37 s AR B RS 4 1 3R, (8
TRALRENS TN DAL RS 2 (R HTE 5 4R, IRTHRENE 5 Rk RE

(1) FAERME

BRIBUCHIISS D FAFAN, A SO IIZRER P& R E FR#HT T80, SIRAE400 LA EH)
FAEILY, BT84 N FAF S ROCT A A/ NI 1000 FAF R, LUSRFAFHRN -

(2) FimFtE

a0 5 LA E SCF AT 0 A O T D R B SR N TA] R A B IR BRI R B SR A (out-of-
vocabulary, OOV) , HATHEME - TMEHERFERE, IMATHIENZER, HHF
BT KRB AT B BTR - OOV, 7R3 {# Fsentencepiece(Kudo and Richardson,
2018) IR — MRS TR AL, A T — D K/NR30,005, BREIERE.99% FAF AL, I
FAVZ S AR B SRR 1T 9317

4 SEEGEAL
AAF RS2« SEAR R A4 2R - MBS SRR = 1 P UHE S R TIKEMAR T PERE -

4.1 OO R

ASCREFT HEPEETNCC(Qun et al., 2017), PFETIKEMBERN SCAR K 532K B8 77 - 1%L
TR E9,2035% B, W MBUA - E5F -~ #F - ikl W 2K ¥ RFEEF12 U .
RIF IR EIEREE ) 70, A LI EL PR H R o IR R - B0 IS - L5, PR FEIR
 AccuracyFiMacro-F1 «

AR H R G RR FI I 4RO BUTIKEMS & T 8 30 & T 4 18 FICONNS 3%
B . Transformer(Vaswani et al., 2017)~ TextCNN(Guo et al., 2019) - DPCNN(Johnson and
Zhang, 2017)%&E M RIEAGHATILEE, RN 15/ DERIEZ 18 S T ZRE AL CINO-base FI7# 3L
FYIZFEZITIBERT « BERT-base-Tibetani# 17 A% o SEIGLERME IR -

A Accuracy (%) Macro-F1(%)
Transformer(Vaswani et al., 2017) 28.63 28.79
CNN(syllable) 61.51 57.34
TextCNN(Guo et al., 2019) 61.71 61.53
DPCNN(Johnson and Zhang, 2017) 62.91 61.17
TextRCNN(Lai et al., 2015) 63.67 62.81

BERT-base-Tibetan(Zfand ¥ M %, 2022) - 51

TiBERT (Liu et al., 2022) 71.04 70.94
CINO-base(Yang et al., 2022) 73.1 70.0
TiKEM 74.46 72.61

1 EOOURDREER

B #17] LLE 2|, TransformerfE i X X A 0 K E BRI A& # 5 KA
PRI GESHEE, MHKEME B EBR XX AR ENERRBL T A
B 4 8 B B I TextCNN ~ DPCNN%S | HTextCNNE 112.75%, DPCNN5STiKEMAE % 5
#11.55% . R TIKEME R L TiBERTE 1 3.42%, B8 & T CINO-basel® 7 o #FMacro-
FUE A A, IKEME R ) RIUFEHEBE T T R EEER . 528 5 REM L
#, CNN(syllable) 5 TiIKEMAEH 7 [AI#H2£15.27%, M TiIKEMAEE K F 1) [ £ 2 transformer?s
¥y, {H ZEMacro-F1E #1317 i T Transformer, X 3% AR f# B R IR SO B Zr i Y 1Y) 7 V&
Pem TR ORI AR RE T o OISR T, TiIKEMAEL & [ BERT-base-Tibetan =

Bt E RS EARIRSCE, 1350514400, MUREE, PE, 202348 3H %5H .
W& 2

140



IR

721.61%, H.CINO-basers 12.61%, HTiBERTE 1 1.67%, HXF HAEH T KM T 55+
WHOCOERRNZRABOCT 4B S A, Bl A OCHIRE R TIKEMER E A K FEERAE
FIPERERETT -
4.2 EHRRESE

N TR IETIKEMBE B SR AR R A2 FHEE T, AR SUHE T 6,433%% = JTLAH-JUA
SFFRPEE, S THFERBUM KR - ZAESERTELS E WA LR A % S BT
BLXATE, HHWADEERZEIRRRER - AT LI G E 2 )5 E - B
TEEE « R o AR SCF FFastText(Joulin et al., 2016)~ DPCNNZ{E LA I 558
2R 18 F A TIBERTH £ 5 Il 4R R BUMIiLMo ~ CINO-baseif 17 lLEL - A 45 ¥R
HAccuracy(%) ~ Macro-P(%) ~ Macro-R(%)FiMacro-F1(%), SEFS45RMF2FT7R -

B Accuracy (%) Macro-P (%) Macro-R(%) Macro-F1(%)

FastText(Joulin et al., 2016) 55.80 34.05 32.98 31.61
DPCNN 70.94 54.21 49.23 48.65

TextCNN 72.38 71.03 59.11 56.76

TiBERT (Liu et al., 2022) 84.70 76.66 68.82 67.94
CINO-base(Yang et al., 2022) 85.31 75.48 69.12 66.73
MiLMo(Deng et al., 2023) 85.76 77.13 68.97 68.57
TiKEM 90.12 91.73 75.61 76.34

R 2 WOUEMRR AR REGR

4
%
%
%
%

.

CINO-base MiLMo TIKEM

TextCNN

M Accuracy(%) Macro-F1(%)

2: FRASAERL S K 22 90 K B Aceuracy 5 Macro-F1{E R EE

K27 LB B, FastTextfiX H BRI ZE, TIKEME R 1) HE 2 L Fast Text &
1734.32%, HTextCNNTE [17.74% - MEMEEE, TSR TZE SDiR 8 R 9 R L R e i Y
RIEL o FBELE T 5IR R S G TIKEMA ZAES F, L TiBERT IR 2R &
175.42%, HEESHINZETLCINO-base FIMILMoF IR 5 5l 5 T 4.81%H14.36% -

N T EIE MR ST RE 2 R E R, AR SUR A BT R 2 A Macro-F VB #E17XF
Ho, SHISFRIRE, E2FTR o £ iMacro-FIME NIRRT, BT A fE 2 e Rk 5 v
HRVERNPEM FEIRET AU —2 . ANRIFE, FEEFHERFH TIBERT HLCINO-basefk 70.61% - 1
fEMacro-F19, TiBERTH.CINO-basers | 1.21% - Macro-F1 2 & K HFERFE, —ERE
& b N T RN R B A SR e R R RERI R ZE - R AT LA H CINO-base e —LE2R
L SRR RS RMERELL TIBERTE L, /K ETiBERT SR K R 43 4 E L CINO-base B
FoE o AN, FATH A LIER], TiIKEMEER SR K R 55 K F FIMacro-F UME & T H R A .

B TR RS A SRR, B35 M 14450, W/RiE, hE, 202348 H3HE5H
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Hep | 4R CINO-base ~ TiBERTFIMIiLMo4 875 179.61% ~ 8.4%F17.77% - iXFEHH,
BE T HNRARE TSR TIKEMA & B INEE AR, BXT4A R0 FHE g £ &
Iz .

4.3 BOCHLES P BEEf#

PR R R 55 225 € — BOURA — Rl AT [R) E BRI « X ZAR R B AR ]
RN LR SR S, SRR AT L RIS 45t BARE SR o ASU{E F SROCSTL 2 150 5 T AR A A
HTibetanQA (Sun et al., 2021c) SR ILBAREE /T VMG, IZBEREE S T 1,513/ &
120,000 AN « O TIFAGRIIVERE, ASCREFEM{E (FFRILEC) FIFLEIERFNTERS .

AT LAS: 28 HL A5 R E ) 3 S YNGR SR AN It 56 9 08 AT &% 159 132 38 A 1) 258 B AR R R -
Net(Wang et al., 2017) ~ BiDAF(Seo et al., 2017) ~ QANet(Yu et al., 2018){E RN HELEIAL, XL
WA ICHE R DEE HERNERI, RN A SOLF TIKEM S B0 2505 5 B TIBERT A
TR F B L 28 A S AR AR Ti-Reader (Sun et al., 2021b)#ATHES - HLANR T S UFREZY A E1A
FEFRES) . ASCHETibetanQAKRSEEM L, N 1 1,8235% 6, & = JLH AU R EEIR A,
HRFEE R LA: 280 L5 3] 3 IR AN £R - SRISEE R ANR3FIIR -

K TibetanQA TibetanQA (& =JtH)
EM (%) F1(%) EM (%) F1(%)
R-Net(Wang et al., 2017) 55.8 63.4 - -
BiDAF(Seo et al., 2017) 58.6 67.8
QANet(Yu et al., 2018) 57.1 66.9 ; .
TiBERT (Liu et al., 2022) 53.2 73.4 54.1 73.9
Ti-Reader(Sun et al., 2021b) 67.9 77.4 - -
TiKEM 69.4 80.1 72.6 81.3

30 PONGRERTL AR S ] BEER AR _E R

37 LIE %], TiBERT# TibetanQA FF1{E#E T TR-Net& &L EA | [HEEM/(E #1K
TERELEHEA . EMBEEHEUTNSMESTREE B G, FUEFEME TN S PRiEE R
FESEE . FUESMEME, WHTIBERTA DIRF A EERTCE, BEN TERD
S ERAIEE B BN 2 - MBS T R01R 2 J5 BB AN R 39 58 T 25 B T TiIK EMAE L 2% 15
BLE R E R REA B T TiBERTE T W KRR A, H HEMIE MR A8 E X TFUE 3R AR
B o — 05 T SRR T AR 7T =Y . AW . M S SR B R I, [E]A
FHRPIEEASE & T REAIERERE ) - BT AR R TI SR SR A T BN BN XA
EEAEMEE S - BT, FATH T UE FITIKEMBRGE 5 7 58 SC il B ML 8 15 152 3 A
T Ti-ReaderfE TibetanQA L HIFE I -

EMAEE = THBBE LN EREEARG, TIBERTATIKEME R 4 GH 7 H B
B TiBERTHIEM{E FIFLE 4> 512 F T70.9%F10.5%, TiKEMIE & AFEM{E FIF1{E 5 5 %
F T32%F1.2% - B, TIKEME & $2 18 A B TTIiBERTH 8 A 18 B oK, X%
FATIKEMIRZ L TiBERT 5 INTE K ERFEFZ A AR, IR T R -

5 B&5

AT — M E50 51 = T AR FIR B sE T R B R 48, FErLEM BlgR T — 1 ET
R G SR BT ZR8 SR TIKEM,  RE5H8 (L IR RR ZERI TC 858 (L I SUAR G — SRAE -
[EIES, EHCHEHRAIRL S, RIS Y B o SR TR S A AR LSS - AT
2ESVAIF IR R AR BE R, AR T — MRS B FEH ARSI a T E R
HEXRIES - REALEEEDE - RASE - YLasFEEE = NS E#T T
5 o TIKEMAAZ M GELHE X AR AY | IERR T TIKEMARZZEFMRICL - 2 HFERGE 5
HFE SR -

B TR RS A SRR, B35 M 14450, W/RiE, hE, 202348 H3HE5H
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WEGE 2 R R E 2418 URER, AEERR - FRNE - SREESMREE T X
#e HEIAREWSRRREZIMRFEETAER . NFEF, AHAEREHEE
(WNFB15k-237, WNI18RR) X Huf5RE|EH EERMEH - HE, M TRERE
5 (WEGE) |, BTsOAF AR RIEEIRE MR RES DL TR E -
BT, ASTERE A FFRIRE R B ERIE £ TIKG-30K, £ 7 146,679 =
TCAH, 30,9861 SEARFI641IFN S R, AN AT RIIREIE AR R 2 S IR #ESS - 5T
WA RCE AR EE AR &/ - BURM B AR, AR SCR) R S = o4 H SR A Y [F]
BRR, BPHEMESFEEWIIHEME RN BT FIREATT 7, EdEiEs
I SORRE R ~ A UEARFI R R BIEFR Z U H SR AR FHRE #1722
1, AT OB AR EE SR ETIKG-30K - F5, A RAZFZEMERYS]
B ZETIKG-30K#H 1T T 585, 5 EIE £ FB15k-237, WNISRR DL SCEUE
ETDS0KHFT T xR, 451 EMH, TIKG-30KA] LIS FB15k-237 - WN1SRRAUTE &£ 4H
M . AR TIKG-30KEIR 4 AT, https://tikg-30k.cmli-nlp.com/ -
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Abstract

Representation learning of knowledge graphs aims to learn the complex semantic re-
lationships between entities and relations in knowledge graph data by mapping them
into a low-dimensional vector space, providing support for information retrieval, intel-
ligent question answering, knowledge reasoning, and other research areas. Currently,
research on representation learning of knowledge graphs mainly focuses on languages
such as English and Chinese, and high-quality public datasets (such as FB15k-237,
WN18RR) have played an important role in their research. However, for low-resource
languages such as Tibetan, relevant research is still in the initial stages due to the lack
of public knowledge graph datasets. In this paper, we propose a publicly available
Tibetan knowledge graph dataset TiKG-30K, which contains 146,679 triples, 30,986

B TR E S A SRR, BI4BTCM154TT, /R, hE, 202348 H3HE5H
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entities, and 641 relations, and can be applied to representation learning of knowl-
edge graphs and downstream tasks. To address the problem of the small and sparse
Tibetan knowledge graph dataset, we use the same-as relations between entities in
Tibetan triples, and leverage other language-rich knowledge bases and non-text media
to expand the knowledge base. We optimize the knowledge graph through multiple
layers of techniques such as cross-lingual synonym retrieval, merging synonymous en-
tities and relations, and correcting incorrect triples. Finally, we conduct experiments
on TiKG-30K using classical representation learning models, and compare it with En-
glish datasets FB15k-237, WN18RR, and Tibetan dataset TD50K. The results show
that TiKG-30K is comparable to FB15k-237 and WIN18RR datasets. We make the
TiKG-30K dataset public at https://tikg-30k.cmli-nlp.com/.

Keywords: Tibetan knowledge graph , Representation learning , Knowledge graph
embedding , Link prediction

1 5§

BOERETEDHMRBEIESZ—, BEFERSULD BAMSRE S 4R A . L5k,
H N TERAUS PR A, ETHOE AR EE @R ENIR R R S AR — - 1
R R — R TR SR Z 18] ¢ RV BTG, & nT LA B F A 58 1 Sy B A AT R FH R B Y
SARENR - SHRFERY S ETER BINE S S5 (LRI FIHRE R T B AT b 2R ) ) & 5= R (X %0
et al., 2016), DAMETHLERES)BIERINAH, RoR2S) B 52 AR B E N EE 30 -

A B &0 R B TR 2R ORK E B P e SOk I, 3 3 K AL R A iR
W Freebase(Bollacker et al., 2008), L& T #58,000/7 1524k, = nHEEIXTN2(25%, NF
PR 2 SR 2 A 2 S AN IR EEFB15k (Bordes et al., 2013), B /814,951 554k « 1,345
F A LII592,213 1 Z 0 - FB15k-237/2FB15kATF4&, 7EFBIskAIMIKEF, RE ZJoHA]
DR I I 25 56 A 187 B 0 S e o6 R RS, R & RAEE N LAY S ) ¢ RafEAT T R Bx, Mg
T ENEMAIFB15k-237 - H SO HUEE H 1A B 3 CN-DBpedia(Xu et al., 2017)HE B A2
FogE, JREHIT2,20007 FISEER2(Z5%=T0H - M2 T, BUESREIEE S AR R
B>, HAioA ORGSR ITDS0K (Sun et al., 2021), =JCHEE N53,797, KA E
73,285, ZILABIRERD, BIREWE . SN EIEBOEAIR BT IR £/ - BERFRE AR,
IO T — OB AR ERE R E TIKG-30K, ZEUREE S T 30,9861 84 L6417 &
KA, =IJCHEEN146,679, A LU THRUE R RS > P SRR 700 « ¢ R TINS5 < 4
55 AR FETTEANT -

(1) FFXT VRS AR EIEEIR R D - BURMBAIRE, RSO A= e SR 1 [
TERR, EBHMIE S F 8 RIRERMIE SRS B FREFHT T 7

(2) Y FHEJUER, PSRRI B IR N FOE R L ARE, 8™ R
MECGEREE L - Flan, PIUELCRT . R L R T - CRIEHZE R A AR

Yy, BXRABE AR M STT 2 (FIR) o Bk, ASCRA=ZTABERAR, AR X
SAEFIRFR « MERADLDERLEFRR - BEERN = THSE T, #4177 AR
B, ST — DR AW - MEGE P IS G T ROR A )RS5 OROE FR B R
S TIKG-30K -

(3) >RHTransE(Bordes et al., 2013) ~ DistMult(Yang et al., 2014) « ComplEx(Toutanova
and Chen, 2015)- RotatE(Sun et al., 2019)- pRotatE(Sun et al., 2019)- HAKE(Zhang
et al., 2020)% Ff 45 #1 £ 7R 22 5] LR ETIKG-30K# 17 7 5056, H 5 3 898 £FB15k-
237, WNI18RR LM J8 SCHUE R TDS0KHEAT T X b, il SC AR B i R 7= 27 S $R43E T AT JF I
M ) R -

©2023 FEVTHEIETEAE
RIE (Creative Commons Attribution 4.0 International License) ¥FA] HAR
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2 HXRIAE

FNIR R A 201 24E 32 AR, AR ot R — MM (b R AR @i = oo
Chfk, k&R, BEE) ABZORFRBFMIA, USESEAT A, AN, REN=
TCH AT B TS, HRZIEANF SRR E oA B R AR, BUVE AYE SN R AR TE FH R0 R
K 3% HDBpedia(Auer et al., 2007) ~ Yago(Suchanek et al., 2007) ~ Freebase(Bollacker et al.,
2008) ~ Wikidata(Vrandecié¢ and Krotzsch, 2014)% o [E A KB FI1R B 75 H A CN-DBpedia(Xu
et al., 2017) ~ XLORE(Wang et al., 2013) ~ openKG%%, 35 5 &L A0 534008 1 R & R B 5 -
ST RUEFIREIE RE, AT SRZ ARMEA AT RRE, B=JtHMBERIRE, AR
TRV VA P 5 PR RS RE AU, A DORUNGE ik I8 AU R R B (75 /s Zand /N, 2019), 8
EHIEETDS0K (Sun et al., 2021)% « 141, BOCHIRENE R 5 BUE iz ANFER 58 33T
R . Fhtn, ZEFB15k-237(Toutanova and Chen, 2015) % SCHIEEF | 97.8% M54 HI IR
PR BV L, B SEAFEA20 1 =0d, MAEREEIEETD50K (Sun et al., 2021)F, A
BN MR M IR X LA B, BH—PsL-F a2 =oH, R = cHEE B A HFB15k-
237HI17.3% -
FNIR P F R 2 ST R — 2R T2 LA T AR B EOE AR AR 2 ST o X BRI R B A
AR IR S A 5 AR RS B (R ] R s (A] A ofe sy o] R B TR 2 1R O BB R SORER, TR
U EETIRENE ARSI FEFRIMEGE - 2013F Bordes A2 H & T 11 & = (A R /R % 5
R TransE, B SLAEMKRERGE MBZ A, BdHRE=TTHT LELEKERXAMEZ
5 RSEARmEMER, KAN =InHE B L (Bordes et al., 2013) » 7ETransERE T # #2 H
J&, TransH(Wang et al., 2014) « TransR(Lin et al., 2015) « TransD(Ji et al., 2015)%— FR71|%
T TransER) SO BTG E H o 20155 Yang® A2 H AUDistMult/& — ik T 5K & 7 iR ) R R 2
IR, EREEFR R LR AR, HEHKERFETE=TTHR T E(Yang et al,
2014) - ToutanovaSE A\## i — T B 7 & KRR 7 R E ComplEx,  BEWSIHTE LRI R &
Z [ B 2 Z4 28 H (Toutanova and Chen, 2015) - RotatEs&Sun®E A7E20194F 48 H 1 — P T
TERR B ER RN IR, B R AFR N — DR AERE, FREE Sk SEAR AN I R 7 BT e
B, RTUNESE, SEIHEIJLFEIAEL, RotatERE M 5 I b B3 FR P AN SO PR K & (Sun
et al., 2019) - 20205, TERotatEf) LIEZER I, Zhang® AKX 1E SUZIREEF AT, RKrsfk
BRI AR A, RIVCIEITT DA B 2R S RS54, I i  FHAKERRBIE 2 I EERUR 48 &
BEATREEE TN BS54 5 (Zhang et al., 2020), ZA<SCHT Y AR ZEE B R IR -

gt A ZH
TransE(Bordes et al., 2013) -fh+r =t/ h, 1, t € RF
DistMult(Yang et al., 2014) h'diag(r)t h,r, t € RF
ComplEx(Toutanova and Chen, 2015) Re (thiag(r)f) h,r,t € Ck
RotatE(Sun et al., 2019) -|[hor —tl2 h,r,t€Ck |r=1
HAKE(Zhang et al., 2020) - |hmotm —tmlly = A bty € RE 1, € RY

[[sin ((hy +1p —tp) /2)||1 hy,rp, t, € [0, 27T)k>)\ €ER

1 R EE RS S S HT T

3  TiKG-30KEIEE a1

3.1 RUEFIREEY T

ARSCAERTINCH T A 00 A3~ S35 E5L ) S8 0 22 RS W) vl K R IR B L&, HRIKTE
TR AT EIR R  VEEE - HIERSEARIRSRAL, (R RGO TR SCE R FE
FTTPRE - %R € S5 AGHREOE B A A B AT 50 (R € Bl and SLPEHN, 2014), ZRICE JeXf L
NEAME ZIUTHRRI A REATIRE, 5Tk, RIERUE B R ENE, RAZETIAME

B R E R AR R, 45T 15470, MURIE, T, 202348 A3HE5H .
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H & BRI B ) PR A G5 A EAT IR o (FLIPE &, 2018), 332N T FiE - BB - EIEFAFE AT
o, HERRIR=ITHI0ORTT A -

B FNIRZE A = U EL R B, R A A 5 B ELAdE = T B WAIR ZE AR STA ) BUN AR
PEEATY 7, RAMEEGFTNE  BADELE X =TTH T LERFRRERR (=

< ¥ | ST (hyrdg) | RES) | EETUERPEETESR . AEFRCE
BEREM LA —JE8E—E =IJtH xR R, FIAMEERNI8H PO IR, DL 15,3874% FIFHIX
TG SR, ¥R R R NBEE . B, EETHEIES (PO FIEAN K
BE, RGN N A SRR HA S REM, (FEbAROCSER, ¥ AR R R R KEEE, @
PR R EEERE /> - BB R E A [R] R -

STTARBRE S ok U, BAlF R BB R SR S R LB R, HLUn e

B, < TR | SN (iyrg) | BRFSSTLA, I (R
XSk REE— LR BN S IEA, SXFEER A SRR SN IR R .
W, ARSCAE B IE = B BOAIR BRI SR B AR AT, TR -
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1: JEIERAZEY 0

BAMEMEEAR . EEAREHREE/RF X—%E, JUREBECHEEEN <8
H-E"=ZTTAHR R, FNMAMEPOUEE, TR “E/RF HAEE, &5 H IR R iF
B SCEECCSE AR R RBEHERYTR, BRBCCRIRERIERE S, kiR A ERSES
HEPOUEE, BATR=TCHEEY £, FEFEITEN=ITH498,258%%, UL AEEIA
£348,5965%, KFHFEM16,765F, LLEAERNWIIRAIE AR ENIETIKG-VO -

3.2 BIBFRERESAL
3.2.1 EESARISE REH
TiKG-V1: fETiKG-VOH, BT SLAAR R BT PEEMXTERA, RIEFEBA T EB0E HR

BT T, HEREKRREER, NMETRRFA IR FIRIFRFE - b, BATPRAH
BLREUE R TR i, KT SE AR R R BLIAT T30t - B R EI PR BRI REE, Fil]

B TR E S A SRR, BI4BTCM154TT, /R, hE, 202348 H3HE5H
J ~ 3 =
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L] sl FRE R A, HEPO P ——
<B5IRSFE, (BEERE, 13794> <yagsTE|, ASYNIEHRNEN], 149>
<R, FEER BEREBER_
HAGPRG|, RFIAGINAY, ARGRFTWH R YPVRAGISLA>
GEZO >
<HEIRSF, FrEdl, HEE T > <yagEelE|, BeVTRNERRR|, sEERAe35IRERA>
<HERE, FRMIK, DL B

<BSRTE, HWHALE, B EIE IR | <geersn), wpven), FRERERRaagyyimas>

<yagN, sAREs), HER>

<$EIRIE, AR, AAAAAZLG> <§agsE|, sEvEm N Ry, RWIAAAAA>
<BEIRSE, AEfE, BRSPS <gRgRTE|, AVER, §esvsdyRsp
<HRSE, ATEWIN, BERSFIRHE > <gagsiE), IRAEFHIE, FARSqAFRRSp

<BEIRSE, B, BS/RSFEIREERIE > <HRRT|, FHES, HAWTHIRTT A=

<BEIRSE, AT, W Eu> <§agnsdE|, ¥R, FAgmvaERaEHER

2 ROBFIRES T

Z 2R, REGERE T Ik HIUREC/ N T SIR BT SEATIA/NTF15IR R R BT . Zid i
%, H15%2166,08655 =04 -

FB15k~ WNISRRE H H TR REIMEIESE, FEFEFINESE (train) - BIEE
(valid) ~ ML (test) =FB4y, ELEGUE SR 05 A B A SEAR RN 56 R AR IR S
HELE, 33X PR R X e 52 1 B PR WA Rom 27 ST BB T SR SEAR RN 0 R A HEHERE T,
MAE B R SEARF LR - PR, TATEI166,0865 = TCHBFTH —F R 5, Bk
H127,6645% = TCEIENINGRE, HFRI N A THE, HF—F=ITUESEEMR REAE
CREEFR P AREE , 15 E S IE M4 15,00055 -

3.2.2  AFR AR RIFA

TiKG-V2: &k )E ., TiKG-VIF T %2 EHKRTIKG-VOF TR KIEH, HEFA]
HIMETIKG-VIF KR FE—SLm 8, AR EENEERNELERSET —CHE - b
ﬁu ’ « a‘v%qvx ) <:“:/IA]__I_\‘> L« a%ﬁﬁqu 5 <:”:/le—': ]__EA> L« ﬂlﬁﬁaﬁﬂgﬁlga}%igmrqq;@@ml\] ” < [:F] i'éj\ E;j\:

MEE#) <[ (mEALR) | X EESERE UM [F] 1 S AR 7E RO 5 LU AL SR
B, fERERX LSRG, RFREGETIR, WRHXAFEEWENE, T TrRfEE
AR = B R RS —E B .

KT U FHROE L SRR 7D, BT NSRRI AG R . ZREAEBES
WP, LT SRR 2B AR BB, a0 ReRE [l — B o B N AR S AL R SR, & &
FARZ T REMAK AR - RFIMIT, ASOIFEFFRRL SGAET &, e Z/E & H
PUWEER, BFIREEREITIKG-V2.

TiKG-V3: fETIKG-V2H, FIFEETE S AT R IRAE S I —L8ir S, BRI

Bt o FRAG S IS (b)) e YSETRE (i) EESIE N P A B A E R
s, (E« BTIVEVIRRGIITIN (hig \REMEEH) UGET BIES S HRES
BIP SER T B9 -

F o R EEE S RSB UE, %145?—?@1542, r@m% HE, 20238 H3HA5H.
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B E ARG, Bl I RS T, R kSRR, (RN R %
FMBLHMA, XEANET TN, BEH4%E RRE TR 2 H MR ERER,
i, <INV (k) . oTEREITENG (WgEy) . «FREED (g
EEWE) XA E RS R B B R TR - W, R ATZETIKG-V1A
il R TIKG-V2RI & JF, HEENE M % R EE R RS AR ST &, 3 H
U TIK G- VoA F IR O R 74 96, 13 3ITIKG-V3.

TIKG-30K: #EbL F LA, (CREE S - SRS FRH TS« E
O SUTHERT 636, BAERIE, BEIMANTHBE R A . ETIKG-VIERE, i1
BB TEREA, BRTERNEER, AHTHOERER . RECEAIFNLHE, &
A RER . RN 2% TIKG-Vor B M BT A3E X S2 ki SO RHE RS 2 X 31 3

(t =TS SRS (ch[E R RERE) . <TTEEESESSE (G REAT) ) - RSNk
FF 5 Sk SR TE SR DU SSARHAT & 5% -

TR PR A THEESH TR, RITEH T RE MR EETIKG-30K - T 1514 H
KRBHBREN, NS EMEEEEIRMEEM, SUERX RS, SUEAF, I
BRI AT MR, RS R S0 T B AR B ) 2R S TR R | B )8 R G S AR
£ . TIKGENRE &MU Ban# 3R .

AEIEE S Sk RRZRER IHE  BirE g
TiKG-VO 348,596 16,765 498,253 - -
TiKG-V1 34,836 698 127,664 15,000 15,000
TiKG-V2 33,521 659 125,995 14,960 14,958
TiKG-V3 32,164 659 117,633 14,834 14,818

TiKG-30K 30,986 641 117,051 14,820 14,808

# 3: TIKGENR KA AR A FIXT

4 SERGERSHH

BT, BIRERARFBE L DT LEEE, P DA ARBEREFIAE A EOC A
FIMRE LA A (1, 2018),  PRUMAR ST IR AT 55 HH 936428 R B R A S AABE BE T -

4.1  FAHIERR

(1) Mean Reciprocal Rank: “F¥EEHE%, MIMRR, T4 &5 B 3 i so ik i iz
RS EATEIRZ — /E— 1 EWq, BEHTFELEIRERE T HLBEN LR . H
THIREE PR REFEES 5 ARSI S, BRI FR B X S S ot i M2 (B F
FUEHEF, BULIER A RS e; FIHES Frank(e;) - W FTE FIHER FRINAE S5 B IEFRHES B)°F
B, AL EIMean Rank (FISHER) fab5, BIFRMR, (HR2ZTEHR32 RN SE AR HI#
M, HANBER S S BT PR RE -

EinTest ra’nk(ei)
| Test |

TMTMRRKFHE 2 B BT SROMBOF ), R FIITEPRE PR HIAE0 ~ 120/, EE#R, &
ML BRI M REd T, BRI AR SCRAIMRRAE R PFIIFERZ — -

1
o ZqieTest rank(e;)

(2) Hits@k: kgH 3, EFHHEZrank(e;) HEEtop-kBT G AT ELF], BUETEEO ~ 1, BUE
BOK, BREEIPERERRYE, FEASCINES, KESAIEL, 3, 10. AIFEETEME, BELLE
R ZFATHER, 58 Z BB RSN, SR F1 25 t B SE R BHES Fin, HEZERT
An-14FISRAE AR HELE R A B SRt BRI 2 5R A, X SR IER PSR4 R -
R AR AT VRIS, 75 22500 HoAD IE R I R Se i g, o i R Ab #1990 FFiltered, K4

MR =

B R E A F AR WS, 460516400, MEARIE, iE, 20234E8H3H 25
(c) 2023 HEAHIMEE LIRSS bl
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SEERAIE A Raw o PRI {B A5 PSS RE N &3, HURSCHIPEINITE bR 20 Tl g e H %L
¥ -

1
Z%GTESt I ( rank(ei) Sk)

HitsQk = Test]

4.2 TiKG-30K5FHEERIEES LTI E R

FT B B A FF AT AR E AR D BT TDS0K (Sun et al., 2021)7E AR S
EEHRLE - TIKG-30K 5 FMERIRE AN L iR 4T -

WEE = xRAXE JIGE RIEE WAE
WNISRR 40,943 11 86,835 3,034 3,134
FB15k-237 14,541 237 272,115 17,535 20,466
TD50K 12,573 3,285 27,754 9,253 9,251
TiKG-30K 30,986 641 117,051 14,820 14,308

# 4: TiIKG-30K5 ZERIRERIXT

5EHEMBCCANRAEETDS0KAH, TIKG-30KIR B £ - A - Bl SEiE R R 1E
B, RAEEB AR RIS, MIERSLELER, TIKG-30KE & & H TR R -

TransE DistMult
MRR Hits@l Hits@3 Hits@l0 MRR Hits@l Hits@Q3 Hits@10
TD50K - - - .25 - - - 31
TiKG-30K  .496 419 .548 .625 .399 367 416 457

% 5: TiKG-30K5TD50K LI % H 4k

i BE H2 THO H OF A O 23R HEFB15k-237 - WNI1SRRS TiKG-30K# 17 % M 52
% o WNI1SRR/ZWN18(Toutanova and Chen, 2015)5(#EE 75, HTWNI8H Z7E M {5
MWEEAT R, RO FIWNISRRA A AN & B « X HSLAR 45 RANR6FT /R -

TransE DistMult
MRR Hits@l Hits@3 Hits@10 MRR Hits@l Hits@3 Hits@Q10
WN18RR 226 - - .501 .43 .39 .44 .49
FB15k-237  .294 - - .465 241 .155 .263 419
TiKG-30K  .496 419 .548 .625 .399 .367 416 457
ComplEx RotatE
MRR Hits@l Hits@3 Hits@10 MRR Hits@l Hits@3 Hits@Q10
WN18RR 44 41 .46 b1 476 428 .492 bT71
FB15k-237  .247 158 275 428 .338 241 375 533
TiKG-30K  .479 437 .502 .554 .529 .483 .553 .612
pRotatE HAKE
MRR Hits@l Hits@3 Hits@10 MRR Hits@l1 Hits@3 Hits@Q10
WN18RR 462 417 479 .552 497 .452 .516 582
FB15k-237  .328 .230 .365 .524 .346 .250 .381 .542
TiKG-30K  .526 .468 557 .630 .534 .483 561 .629

# 6: TiKG-30K 5 S E R TR AR A SEA0 X L 25 5

B TR E S A SRR, BI4BTCM154TT, /R, hE, 202348 H3HE5H
] - 2 A
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HEESY

FBTIKG-30K5WN18RR ~ FB15k-237H I Hits@Q10f8 bR dt 47 E X E., tE2fr = - 454
F5- TN, ARSI H FITIKG-30KAE 3256 FF A& T H8 br A 30 F v BUE SE 1598 ATk &
A TIKG-30K 7 F1 R B i SR R TN (£ 55 - B HIF A RE RN -

Hits@10

0.65
0.6
0.55 |
0.5
0.45
0.4

0.35

03
Transk DistMult ComplEx RotatE pRotatE HAKE

mWN18RR 8FB15k-237 OTiKG-30K

2: TIKG-30K5WN18RR -~ FB15k-2377E AN [ Hits@10H 525645 5

4.3 JHRLSERER

KR ETIKG-30KET , i 15 5L AR « A HFE LEEMER - BEHERE
TTAHEF AR FIRENEFETZ ZNMA, N TRIERATXER, FEXNTIKG-V1 - TiKG-
V2~ TiKG-V3-~ TiKG-30K AWk, #0038 B 3t 3k 47 v Bl S2 38« 68 4 E 47 B Fm)
IR RS ECEE TS, 23i0%MRR - Hits@Ql « Hits@3 - Hits@10FE R ISE38 45 BB 40
TR, BLIess B HitsQ10FE W4T X5 L A 37 -

TransE DistMult
MRR Hits@l Hits@3 Hits@l0 MRR Hits@l Hits@Q3 Hits@10
TiKG-V1 .440 .346 .505 .594 .360 .322 .382 428
TiIKG-V2 446 351 514 .599 .358 .320 .381 426
TiKG-V3 .496 .423 .542 621 .403 371 422 .460
TiKG-30K .496 419 .548 .625 .399 .367 416 457
ComplEx RotatE
MRR Hits@l Hits@3 Hits@1l0 MRR Hits@l Hits@Q3 Hits@10
TiKG-V1 432 .383 462 521 484 .430 .512 .H78
TiIKG-V2 436 .388 .465 521 .492 441 .519 .84
TiKG-V3 476 435 .499 551 .528 .485 .549 .609
TiKG-30K .479 437 .502 .554 .529 483 553 .612
pRotatE HAKE
MRR Hits@l Hits@3 Hits@l0 MRR Hits@l Hits@Q3 Hits@10
TiKG-V1 480 410 .523 .604 .490 427 .526 .601
TiKG-V2 .490 423 .529 .608 .498 437 .533 .604
TiKG-V3 .520 .464 .550 .623 .528 AT77 .bb4 .622
TiKG-30K .526 .468 557 .630 534 .483 561 .629

T TIKGA KRS A TH R SL g 0T FLEE R

B TR E S A SRR, BI4BTCM154TT, /R, hE, 202348 H3HE5H
] - 2 AR
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IR

Hits@10

0.65

0.6

0.55

0.5

0.45

0.4

0.35

03 5 B =l ]
Transk DistMult ComplEx RotatE pRotatE HAKE
mTiKG-V1 B8TiKG-V2 B8TiKG-V3 OTiKG-30K

3: AEEE FHits@10M)7HRSLgR 45

LRe PIRTERSEIRER, AT LU T

(1) #EComplEx ~ pRotatE «~ HAKERZEY b #iTEEEETMIAE S5, TiKG-30KA) & TiFEHn
BIARSETHT = MU BE SR R 847

(2) fETransE - RotatEf H #1 | TiKG-30K{X A HitsQ1%8 ¥r % J§ TTiKG-V3, F#¥%
J50.3%; IXFEDistMultfiZ /i, TiKG-30K & Tfehr/ NEE % G T TiIKG-V3;

(3) EE ETIKG-V1-~ TiKG-V2- TiKG-V3 - TiKG-30K7E AN EEA A f & IR e R e 5
BRSO IATR A, XUESEA S 7 =R E R - 28 AT U TIKG-30K /23X P M iR
AACEFEINATE « N IMERRER B EORE, 8 &N TRIE R R ) A0, -

5 R45RE

AR T OB FNR IS TIKG-30K A THE # R 2 W%, SEhERSHEPOIER
AR ERE AT 75, ARG T RN B = HEE D - BUER B AR, B R
FAAFE LB R, AR TRAENES, BRUFR T HIREEF R FHE TR
Bl . fETransE -~ DistMult ~ ComplEx~ RotatE « pRotatE « HAKEZ /R 2 > AY b 7R
MRS, SCIRLE SRR, W HEERIRES TIKCERAEIESE, TIKCG-30KE & B IFr#
L, ESEARSCERA AL A E RO . T TIKG-30K L EHHIRE IR EEEEE 41
ML RFOR, AT LB RERE XS UE RoR 2 5T BT - SRR DL NG (] 8 R 0% 2 1A
PR R PR AR - AEARRBATR R RE ZEERIE, STIVE EE AR EREH#H T R,
STIKG-30KIHE T Z 7 M eIk, LIBEWS IR ZH0E HRIE S AHEES, HhERIES
SO PRAETRE SR B RS 5 A& 8 -

Bkt

RWIEE T ER BRI EEETE (61972436) MEXRTSRIEESTIE (222D035)
BB -
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W

S ERETIEE LTRSS, BRER AN MERIWERIEE — 12 E L Reis
INESHEE, HENIEFRERRKENNE « ORI 5E0 X FhEE B = A
A, HEOEHE SR ISR S A RN E TS, SR EER R EE R
MR o ANSCHEH —MTTSHIE S R LS A B EUE T 7%, LUBE A0S E H
Efith, MBI S 4 A T B S s - B 2 AR, A BT IEE
EBRRIKRENT0%, W EEHCBAKMCOVLS B T 70.66710.81, WERFISER F
[T 2.75%#12.05% o

K BT BORNT . WA R . R

Noise robust Mongolian speech data augmentation model
structure

Ma Zhiqiang'?*, Sun Jiaqi!, Li jinyi!, Wang Jiatai!
I College of Data Science and Application Inner Mongolia University of Technology, Huhhot, 010000
2 Inner Mongolia Autonomous Region Software Service Engineering Technology
Research Center Based on Big Data, Huhhot, 010000
mzq-bim@imut.edu.cn

Abstract

There is a lack of phonetic diversity in Mongolian corpus. Although manpower and
funds spent on data collection can increase the number of phonetic sounds to some
extent, the whole process needs a lot of time. Data augmentation can solve the problem
of data scarcity, but the environmental noise contained in the training data of the
data augmentation model cannot be controlled, resulting in background noise in the
augmentation speech. In this paper, a speech data augmentation method combining
TTS and speech enhancement is proposed. Based on the speech spectrum graph,
speech enhancement is carried out from two dimensions: frequency domain and time
domain. Multiple experiments show that the qualified rate of Mongolian augmented
speech reaches 70%, the CBAK and COVL of augmented speech decrease by 0.66 and
0.81, and WER and SER decrease by 2.75% and 2.05%, respectively.

Keywords: Speech enhancement , Data augmentation , Noise robustness ,
Mongolian

Bt E RS EA RIS, 15501516300, MR, fE, 202348 3H%5H.
(c) 2023 HHEPLERFRUFETFEVRAS
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1 58

SZoielE—MREEES, EREEIESTRIIGEET2AER. AT RmEZHEE
HBORERMBI IR IRBIEREE, FTLCRAESEIRE - EEEaRg v LB [R5
EEIRE U IR E A, LU RO RE SRR B S AN BRI . TTSE —F H
MTE SRR 7%, ARSI EERETEFTHIE AN SN . R, SEXEFET
FHIFEEESEREAR, BHTTSESSIESG AR ERBTESNES . DSIAES
YEiE ANHHFFAL -« XA RE2 SBUE T B X 2| T0IEE R AR AN A MR B BORmm - Iboh, FESEH
BRET, FEBRNERNEENS, HNSE . TEEE - FRTEmEfoosiEs.
XERR R 5 SEOEFEIRE T RS EU S EMNESE R RIRE, NmSEE T EREE K
Ho Fitt, AXEERRESEIES SRETHRESHRMERE, FSETENATETIESS
i (Text to Speech, TTS)AIHEHEZE, LU & HEEIENI R -

B HS9% (1] (Speech Enhancement, SE) SR H/DE RBERESESNE, £iE5E
FETOHFH—NEELRT, HEZEWEREEFTIEWE, EmiRm M RS RE
BN . BENREES NE SR EHE MG, MERE S 03 7 VE DU v
TRFALEGNIR N, PR RA [ 2) 8 1 U6l 25 A VB 2 3 (R B P Mg 7=l 22 SR AT )7 P )
B ORGSR T AR RIR R o HEGNIRIN 3] R E LT A (E 5, Eid
THEMEIR AT AN RSB = E AT A FIRE B9 - (HETE 5 M RSE RN HTLEE
R, ks BE —ERPRatE, T B SRS AR, XIRH T REIRERMN HT 5 .
ETUREME M GRE SR BE BRI EMFEERNAY R, BHETERTEEE
T (A BN (5 5 TR 5], SRA B A7 AT 20, RERE B0E R R R i
RPN, EAR B /R AR (5] 1 R A IR B AN SE BB H(E R - IR M 41
X, FSESEFEIEE IS SRR SRS B, HRESMEE T IR
MRE, REETEERIRE

HAT, FEFE N MFESHISEM R H AL . ACRSETTEIMARIE T TTSHS 51k
BEWTEAF, ZTES S T SRR A SR RN E R RS AR, LR AR
AR BRI -

2 MXRIIE

EFIRE % SIMSEN £ FEEMAFEDNN . CNNFLSTME F4% - Karjold A6 HET £
DNNHSE R 7%, FAH— DT IEMSRENERAGZ ML, ZTIEERNERE T8
B i & A (Perceptual Evaluation of Speech quality, PESQ)- Y Zhao% A [7]3# it FEH1 2k
BRI NE S AT R AR B R ITDNNRY e, 72 PSR LA S R N R mE T
[ - Bagchi%é A\[Q#EATDNNEA A 2, RAEI0R 5 (Sl R 25 & A R 58 H 1 T iR
. [BAEETDNNWSEMEFRZERNESE, HWIMEREMRLAN T 2SS E0ERIEE B -

N T EHRE B EN EIE S, SEJI LI 16 -HDNN/A] J& P 25 [ 48 (Recurrent Neural
Network, RNN)FI4 A # 42 F 4% (Convolutional Neural Network, CNN)#ZE . Maas% A[9]f#
FARNNIE 38 7 R 52 FIMEFCCHFAE,  F) FH SLARMR P A0 T S R IR AT I 2R, TR R 75 75
)T EAFE - GaoS5 A\ [10[#& H T —MILSTMAHHR > HESR, Rif A A 8] B AR Al i dAT
PERZII NP B, ZMTETURSMHAZ DI ERNER, ZBEEER, ZEK
EME LA N RISEMERE - LA, SRAARNNGABENS SEEAE PRSI PERR S [11) ~ TR AW [12) 81 £ 18 E
M AR (13 H0TE B £ M . 2T ONNRIEF RS A EEFT /I EE R, TR
B E S HREEIRE R, VNS EAET E#EEEE AE S 5R « Kinoshita®s A [14]3%
BE BN ESRMS15]E 4, KHACNNIER Tk bt £, EfiEEE®. P
Plantinga®# \[16]{# F 72 2= 48 L BRZ R F EIWRAGS . HBIResNet KBRS ZRAE R IR
BRI, RAZTIES TR A IR, S NS P T o nge s St -

18I RNNFICNNAHEE [ 48 AT S5 AT LU TE = (5 5 R FPAFIE, alid 2 03]
B Z B IE DR 52 =B E R AR, (ERNNAICNN M SR A7 72 e e S HON B & 7]
R, PRI LS 451 E R M, T BUBE RN SR AT 32 - RESEJ AN A S B
TTTSHIZ H B TE S B2 o AT LAFERE B I GRS X B 7 B VERESEAT A4, T BE 4 it
PRI A RS 20 H 8 2 o & B A ) S AR -

B TR RS A SRR, BI5T-M163TT, WK, hE, 202348 H3HE5H.
] - bzl
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Figure 1: M &1 05 S 4 A 280 &

3 ik
3.1 MEEBAIETERS

N TREETTTSHY S BRI S K& E T, EEEENEETINASEMLS, BESHEL
HEEMGEMIMELT R, &R E B UK R B IMelFE K, B Meldi 1 E GE 7 [F]
I R R G S I SIS R (E R, SER A FHX — 4 PR (8 A ODE B AL T g 58, B R
LRI Ay R WE B I HLH B8 B 1S 98 4% (Double Attention Speech Enhancement, D-Attention-
SE) ¢ Xnoize = RTFRINESINEF BIMeSE 7] &, THRRN RI4EE, FRRMEBYERE . &
FAKZCONNN X0 38, i IS 905 FOMelBUEAFAEV, I8 F) FH SR & AL It 24 o2
HIRREIRIEV ;. RV RSN BIE R A LE R B, BREGEE R TRIUE R EV” -
MR TIHLHIE B 1G58 W 4K G J R IEV AL 0 = RTWFe HAk R /RKZ ONNILE 5T
WFIE - B&Jm . AMEAFIEOIE 1T Sigmoid v 5 4 Hi MR LUFEREM, RIZAERE 5 IR HTE BT A
AR, IE R R A R O Me I B, i Y R A CE HMe IS X, 75 T8 A F R Me T 1 1]
NS, SRINAISURA Y S R A 5

3.2 XERSIHLHI P 4%

BOER AL S FE A EE R AVLEIFE EEE VLS, EMEERmERR, BF
IR R ASEE R VLS, RIS AR EE R LS - MG ST BNV =
arp OV, V' =ar o V', Efapfars 3R RmEEBEMEEIEROMNE, HEiRMelil g s
TEVSap s, BEPUESIEEFHEV; VSarsde, BEINIEIGRIEV?, SCHI 45 13
TRINEE o FESIIER IVLEIF, B e N A SHIE RS B 4 T s KA R AL, A Y
ML RFITHHE S, BB A T B AL R P33 ML - B a il A2 H A Sigmoid 3
HERECTEEREEE TN Ear, Fapr5VIHITHAR, BEPEESIEV - BEER L
i) 5 AR B I ALHI R AL, W SEE B AL SR PV RHE VO T S i A AU L, RIS
HZEFISigmoid T AT BB RN HE B NN Ea,, W) HBEYT BYERE, 5V S HIEEIR
WERRHIE,  SEEAECRNI S5 PR 45 B2 I Mel ST G 58

3.3  BEA)|Z
WA B 1) 5 158 9 45 15 F 45 77 2% (Mean: Square Error, MSE)VERAHIE AL, HIRK R
HANA S (1) BT -
Loss = leXnOiseQM_XcleanH2 |
H A, Xnise 7 71 17 MEMElIE B, X jean R 25 B HIMelSH 3 1B, nK IRMel ) 5 R 54 #L R
B, MZERMelSE 1M LU HERE o« XE R 1L FISE M 24 7E Il 250 12 ZE B e B 0

S E e E T E S AR SO, 1550516300, M/RIE, i, 202348 3HE5H .
(c) 2023 HEPIFERFEHFETFENRAR
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Figure 2: B[ B 175 & 4 9 W 4% 4514

PLHEIFOB R R VL FAE , BB EMe S ALE, & I B A EHa p MR 5
RN Ear, FHapflarsKHEEEERIMeFERFIEV” , ZIIGREIRNERLFTS] -

Table 1: AV ZRE 1%
BN EEEEMIEE X, ;. THRBEEMeUERIX ye0n: IR Eepoch;
Byt MREHCM; HEERIMelIE EIX
For ¢ = 0; epoch do

V = Trainegm (Xnoise, Xeiean) / /R M 4 CN N2
ap = F_ Attention(V) /] B I E
VI=V(©Oar
ar = T_ Attention (V') /] AR R I E
V'=V'®ar

H = Sigmoid (V")
If Xnoise oM 7& Xclean :
ap = backpropogation(Loss)
ar = backpropogation(Loss)
Else:
Return X

4 S

4.1 TLHRRE

75 15 F 5 W 48 BN ZRid AR 7, R Audio Set[17)509E 5 1 i RE FE I A B 5 B B & 4
P& EIMUT-MC1H , 58] T @ BT N AF AR S N8, AT I %08 S 48 58 W
2% . Audio Set €& IR E LA IR FEEASE, AHF NSRS . shRE « 5K |
HORRE MBS | JIGREIRINFR 20 .

Table 2: V&5 3858 M 45| SR 505
WaRE SRR XARA)F wWE AR HH CPFEEAE CFHRK Bk
5K 12555 2237 1 §’8 6 12% 4.1h

R B 1E SR AR SRid Re T, BE BREER Y16k Hz, R RiEE A TS
F—EN-1,1], WA (RIS R A SRR - Adam UL Z X REALEBEE FREEfT ML, fitE

Bt E RS EA RIS, 15501516300, MR, fE, 202348 3H%5H.
WE R 2
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W R/INRAEES, BT IRRRKESTHARAD, it R mEriEE HoHITERT - 1oh,
WERRECN5005, 2£>] K HN2e-4 -

4.2 WHHTER

FEMEE SRR FE RS, N IESTHRE - B R EMIEEREE R
R="AEHETEEEN - 2 E LR 5 (Mean Opinion Score, MOS)F 4 B & 4%
% (Generated Pass Rate, GPR)XEE it & AT 1A - 1% 77 V& R TR AR 6 45 B 5 4] £ (Missing
Words, MW) -~ ZFHf)%{(Insert Words, IW) - FFE1%(Word Sequence Error, WSE) -~ X &
¥H1% (Pronunciation Error, PE)~ MtE A)%{(Noise Sentence, NS)FITCIFMILIEH N AL (Without
Foreign Speakers, WFS). HA, MWZERRE EEFETHREAME: IWRRE HEH
N T AEXS RLCATA ) A4 WSER R S X FINFHE R E: PER ARG EE AT
RHEIEG NSEORIE T EE HFAERE A, WFSERRAERGE S F A IS ML IE A E
B o EAAEHZE (Generated Pass Rate, GPR): GPRIEA TN HEHEHEIRIIA]FE S E A
¥ (Total Sentences, TS)HIAE T, W (2)-

GPR = (1— MW+IW+WS§J§PE+NS+WFS) % 100% (2)

158 F # /R 433 2k B (Mel Cepstral Distortion, MCD)X & 1 B R E#H T M - FHE R
T2 &M (The Composite Measure for Background Interferences, CBAK)F1 /& {4 45 & Ml
J%[18](The Overall Composite Measure, COVL)PEANEE H IR FFIHIREERSCR, HEUETE
FBN1EI5. sbHh, MR UOE ARESIIGESRBIER, BB s IR riasERE  (Word
Error Rate, WER) FlA)J451%% (Sentence Error Rate, SER)FIEANE H 77 1% HE 80 -

4.3 SERER5S ST
4.3.1 BRESEE

HT IR B E B MR SR, [ IO 2R B R R R R AME AT
W, NEAERE R EFEIOAFRE AN, B UE AL B [F 920055 7 &,
IEE R W #3AF51 o IMUT-MC1-N1~ IMUT-MC1-N2+ IMUT-MC1-N3 . IMUT-MC1-
N4AFIIMUT-MC1-N5R /R I S ME & A7 e s R BB A 3 T #dR 88, H A IMUT-MC1-N1 C
IMUT-MC1-N2 C IMUT-MC1-N3 € IMUT-MC1-N4 C IMUT-MC1-N5, IMUT-MC1-N5F6,
ET KRR SYMERE . HIRMEFE . FRMEE IR RS TR NEIME A TR TR
BRIV, A MR vIEA -

Table 3: X HCA[FRHE T R &
HR BEEERAIE YLEAE BRAE ) BEK (h)

IMUT-MC1-N1 1 10 0.2 2.4
IMUT-MC1-N2 2 20 0.4 4.8
IMUT-MC1-N3 3 30 0.6 5.2
IMUT-MC1-N4 4 40 0.8 7.6
IMUT-MC1-N5 ) 50 1.0 10.0

T E AN E MRS MBS A TIEF BT, SIMUT-MC1-N5AF F 280 B 3 5= R A
TEE TN, SRR B RS R SO N 2004538 1B S, WIBERE - BIREFER
FEHIFR B RIGUEIR B VAR AR, T B F RN s R INF4AN S - ST FR3AAN, T
PR N B EIGPRERIAR|65%, ) 1B & MEE A RAEIT0%; MOSHIEE|4.0L0L 1,
SEE IR T EE AIMOSERR, XRIFEM A G5 NiEEHE, AR T~
AEE N IEE IR E - MCDEIWEN S R/NT19.20, MW A ER TS5 SR NG &
HN19.61, KBS HEMEENEIRE T BT ERE . 14, CBAKFMCOVLIES
KF2.600 L, HHEIMEEF RIS, CBAKFMCOVLE T EAHRIR, F0E S50/ 4% 5 3%
AR T AR BB SR

M T 5§ 1EDouble-Attention-SEFT X M A £ IE IS 7 AU B B 1E, A & 1060 001E N FEE1E
FMAREE, 35S AR S ERSR T 3G T BB ISR 75 2R AT, 8 I L e g
k% SO [F] BI2005% 78 5 - {8 BN [RI MR A5 BABE N A3 T SR S8 10 2 1 78 AR 2R i 5 SR

Bt E RS EA RIS, 15501516300, MR, fE, 202348 3H%5H.
(c) 2023 HEPLFERFALWHHBETFRWERL
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Table 4: MR SEAPE1EEIE
o= P HRBEAY R s

T
LS GPR MOS MCD CBAK COVL
NERBERE  65% 410 19.05 2.77 2.71
HYIERE 5%  4.20 18.67 2.82 2.79
HIREERE  70%  4.13 18.23 2.69 2.64
FREEE 65%  4.08 19.11 2.66 2.61
YRR 75% 422 18.58 2.88 2.85

#55, FEINGEIEFMANFEEE IR TS 1B, AR DS 2 TR
B E IR RGO, HAL . DFISKH LRI IISRETE 55 FF%2.36% ~ 3.51%F11.33%,
X BH I ADouble- Attention-SERIE | 15 B LU 38 68 18 75 R B (R 75 2 1B 2 B 4 A\ 55 158 R0 I B
Bo LN, WERMISERS A FFE7.20%F16.88%, 4 iJII14r5E 61 & R AN[E MR S AR (O3 15
B, IMUT-MC1-N5EIEE YR A e MR &R _EIWERFISERE K, X EEAMAA
[FI R S EASE T B3 B B E NGB B R E B R B B R R R o S bt 1 A A3
IR E TR IR AR ERR R

Table 5: 1EFH IR SLLG 45 H

g s R A I D S WER SER
IMUT-MC1  7.29% 12.26% 6.99% 26.54% 31.04%
IMUT-MC1-N1 7.17% 12.14% 6.56% 25.87% 29.91%
IMUT-MC1-N2 6.93% 11.89% 6.42% 25.24% 29.72%
IMUT-MC1-N3  6.55% 11.01% 6.10% 23.66% 28.15%
IMUT-MC1-N4 5.32% 10.16% 5.91% 21.39% 25.88%
IMUT-MC1-N5 4.93% 8.75% 5.66% 19.34%  24.16

4.3.2 JHRLSEY

FEE T TTSWE H G T R Ao A 78 5 1G5 X 485 BRI/ ME = I AR RS | R T 8 St 5
i R R SRS E N, T G 5 ) 4% ISR S S AT 0, MR TE PR IE S BRI
B SRV VE NAFAE « 3858 R0 2% DL AN STUEE B S WL HISingle-Attention-SE N F A, A0 AT B
FIHLE], TR B S 1G58 W 48 fE B Double- Attention-SERI A 8 - T BLSZES MBS 1B S 1Y
FiE -~ HIREE < RS SRR B AE S B0 A 7 AT VA, S0 UE PR B B Y 5 ) 2 PR AR
o SR BURR T EE B ESHATEA, PRk S IIRE P AR IE AT EEER
A AT B IR BN, HRISCIR L R ANE6FTF - 4T #6741, Single-Attention-SE 1%
5None-SEAH., GPRAMMOSH HI3&E 7 2%#10.05; MCDFEE T70.13; CBAKFCOVLAHIF
% 70.42F10.25, & WFEFRAIECER/)N, % BASingle-Attention-SERE RN B - BIRIIATE
TR M EARTE T IEST AR E, (HiIEF IR FMWERMSERT & T 1.78%#1.77%,
ST RAIESHE MR THAMEEF MR EASFLE, SEEFTRINEHRET
[% . Double-Attention-SE/ % 5 None-SEFH Y, GPRAIMOSS Bl #E & 7 5%7410.10; MCDPF# 1R
T71.95; CBAKFICOVL4 B FF% 70.66510.81- b4, WERFISER T T 2.75%#12.05%, X
F BiDouble-Attention-SETE & H5H (W 44 FEFE i |18 & iU A 72 [R5 B B R IS M TS A\ RE
1E -

Table 6: JHRElSLgG 45 5
T GPR MOS MCD CBAK COVL WER SER
None-SE 65% 4.01% 20.68%  3.54% 3.66% 22.09% 26.21%
Single-Attention-SE 67% 4.06% 20.55% 3.12% 3.41%  23.87% 27.98%
Double-Attention-SE ~ 70% 4.11% 18.73%  2.88% 2.85% 19.34%  24.16

Bt E RS EA RIS, 15501516300, MR, fE, 202348 3H%5H.
(c) 2023 HEPLFERFALWHHBETFRWERL
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4.3.3 XTHE

X B SEES B B HE I Double- Attention-SERS 58 77 14 5 2 TR B 24 ) BOTE & HE 98 77 15 1T 5
., fFEETFDNN . RNN . LSTMFResNet f1E S #9508 7%, [F] R 55 B B33 i 4 18 2 3G 9 77
% Time-Domain-SEFF /TN, ¥ FR I ABI R T TTSHIE S T A /R SR M E A
ANV IE AAE [F] B R S AT T, X TR S AT R IR BT R T VR RS, AT L
LERMWMRTIRY o AT RTAIFN, B 5B R 1B S FIGPRIYIARI60% A L, H- A Double-
Attention-SEHx 7 A70%, KMARE HEEMWRE THTEETAKE . LI, Double-
Attention-SEBUS T IZH X} H 3256 e R AYMOS « MCD - CBAKFICOVL, ¥ TEE 7%k, i
XA B, 1 ADouble-Attention-SE 7 {ERE 1B H CBAKFICOVLIFLIEZE /)N, HIEREF
7£1.002 7, [EWERFSERFIER MBI, SMultiple-DNN-SE/7 VAN ZRER A, 535
$910.98%119.86% - 3 BH/N[F] B34 58 77 V2480 ] LUB R a3 |G 2 ks BE—CREE L
SRR ULTE NFFE, SEUEZIRAERZEFEM, Double-Attention-SEZE 3 5% 15 F2 FH 4 Ui il A
FRERIRE IR, M HLEE IR & IKWERFISER -

Table 7: EEH TR HELINEER
Tk GPR MOS MCD CBAK COVL WER SER
Single-Attention-SE ~ 60%  3.98% 21.12%  3.72% 3.81% 30.32% 34.02%
Double-Attention-SE ~ 62%  4.01% 21.05%  3.46% 3.59%  25.65% 29.88%
Single-Attention-SE ~ 65%  4.05% 20.88%  3.41% 3.53% 24.87% 28.35%
Double-Attention-SE ~ 68%  4.07% 20.19%  3.32% 3.45%  23.92% 28.09%
Single-Attention-SE  68%  4.09% 19.78% = 3.11% 3.24%  21.66% 25.79%
Double-Attention-SE ~ 70%  4.11% 18.73%  2.88% 2.85% 19.34% 24.16%

4.3.4 HHTSEER

7 % UEDouble-Attention-SEXE 55 [ 4% A 3&E B 14, AT SL46 43 A1 45 FH Aishell-1H SCEUHR
£2 Librispeech-clean CEESE , IMUT-MC15 HBEIESE . JSUT H EEIEE I RuslantfiE
BOREARANFENIE S HITHE, BREEESFIMAZ =MEIEES, NERHEEEHE
20045 B S HIE AT M - (EHCPRIIMOSIEMNM ARIESH 1B MR E, FHAMCDIE/ME
JTIEEMBERE, CBAKFMCOVLIGUESE | R AR A= G0 1 - DOE - 2015 < g - HigM
BB TSRS R RTINS - HHTRTATEN, RS A H i1 ADouble-Attention-SEif
TP0E < 9998« 8 - BB, MBS ARECPRYEEI6% AL, MOSH)E
El4.0LL b, XFRZERE N ANEE S HTIE TR, IBE R ESREER . 1L, ST ESET
FIPGE « BB . HIE - BB EERET B S FIMCD - CBAKMICOVLIXE R E, ZibiE
SGE T EEEER A, 90.29+ 0.13F10.27, X F A FDouble- Attention-SE 17 &
BRNES T T ERIAEE T IOE - B . HIBMEE, WMEIZ A ES AN EES BEEN
P o

Table 8: ZiE=SLIG4ER

SR POE R E = Hit &
Aishell-1 Librispeech-clean IMUT-MC1 JSUT Ruslan
GPR 67% 68% 70% 66% 69%
MOS 4.01 4.09 4.11 4.02 4.07
MCD 19.02 18.98 18.73 18.68 18.94
CBAK 3.01 2.91 2.88 2.93 2.91
COVL 3.12 2.98 2.85 2.74 2.88
5 ZHik

SRR BT TTS S BB T AR AR = BRI 50, 18 M THUE AL
EEWIRETT, B ITNBHSMPIE N S EEE AT M, THBRIESME S T 5 ARG, FEIRIE

Bt E RS EA RIS, 15501516300, MR, fE, 202348 3H%5H.
(c) 2023 HEPLFERFALWHHBETFRWERL
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SR IE NFIERRN « SEIRLE R RN AN ESWRE TS, BT 1ESAKEA
270%, BT HEE FICBAKFCOVLAS 5 FF% 10.66710.81, WERAISER N % T 2.75%7%12.%,
X 3% BB TS A B B 0 W 45V H BR T MBS RS | ]S T e AR TR
TUR MR St BA T BT AKE.
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Abstract

Question generation is a sub task of constructing machine reading comprehension
datasets, aimed at enabling computers to generate fluent question sets based on the
context of given (no) answers. In the field of Chinese and English, generative models
based on end-to-end have been well developed, and a large number of high-quality
question and answer pairs have been constructed. However, in the field of low re-
source language (Tibetan), there are problems of less data and too simple Q&A pairs
in data-driven tasks such as machine reading comprehension and intelligent question
answering. Therefore, this paper proposes three methods to generate difficult ques-
tions for Tibetan machine reading. (1) Mask and replace keywords based on a Tibetan
pre-trained language model to generate unanswerable questions. (2) Generate unan-
swerable questions based on question exchange in similar paragraphs. (3) Generate
questions with knowledge reasoning based on triples. Finally, this paper conducts ex-
periments on the constructed dataset, and the results show that machine reading com-
prehension datasets containing unanswerable, knowledge reasoning, and other types

B TR E S E A SRR, BTN, /R, hE, 202348 H3HE5H
] - 2 A
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HEESY

put forward higher requirements for the model’s understanding ability. In addition, for
the constructed unanswerable questions, the quality of the dataset was verified from
three aspects: readability, relevance, and answerability.

Keywords: Tibetan , Unanswerable , Difficult , Data set , Machine reading
comprehension

1 5lF

P EEEfE (MRC) fEVLE RIS € R LN SCEIEMHE KB, MAPLE B R E = R
FERERE o FIARIHLES B AR AT AN L E RO T4 24 51 T, RAEm BRI 2
NIRRT ~ PAERPIRBRA, RMEESLPRPZMA « ek, KR . &R rEdEE
W AR HAED) T W25 LB AR A 2 S o (Hirschman et al., 1999)%F A 55— XAE G T TH 1A AL 85 15 132
HRBIES, BIE3-6FE R B BRI R B A5 W R . [l 5 LT I A 22 g LA 17
BLPR AR A EIE M C Test (Richardson et al., 2013) ~ RACE(Lai et al., 2017); [ 7] 56 JEHEZ AL
o [ SLER AR ) EE B Children’s Book Test(CBT)(Hill et al., 2016) ~ CNN&Daily Mail(Hermann
et al., 2015); [ [A] [X [A] 7 2 AL gs (RS2 R AR A 200 2 SQuAD (Rajpurkar et al., 2016)FATH [A] B
FH n] 2 ML 2% (R S P A F B SR MARCO (Nguyen et al., 2016) ~ DuReader(He et al., 2018) - i
EHiX R ERE RO S N A, WR-Net(Wang et al., 2017) ~ BiDAF(Seo et al., 2016)% 1%
RUHARHER A AENL 28 MR B AR S5 EBUSANEERORR . HBT7ESQuADEE £ iR IFHIIRTY AL
GUAF| 195.710, T AKAIRIN .

TRYE LR BRI 9k H R MR TR ) = BN TR A A BGE , I07E [ S OB S P I AR 38
SCARNEFT AT A B (Jia and Liang, 2017) « MR A& F B A B 2043 LR 24 fif 0] @ 2D
BAFTEE (Mudrakarta et al., 2018) Z JE AR BEMRIE XF LA 1 & BE A IEFE R - FT5F
HERE, (Rajpurkar et al., 2018)% A& H T 81 & “ANA] [HZ [ @ £ PR £ SQUADRUN,  7£
JFoREISQUAD 5 4 AIE——& AT ROEEAL B, B 7 L5 B AR R EE ST TR
B . RS SEHIT S B AR AT R, RNRHEER - XREFWATLIL
TR AN & AR SRR ) ST AL R 4E 730, HET, SQuADRUN _E 3 3 o HRE T i 46
7193.211, it A3K89.45F I -

FERRIES GBS0 48, TibetanQA(Sun et al., 2021) 52 T8 A SCHBGES AT EZHIHL
Pl AR AR R, ZBIRE AR - BRSNS R, (BRI R AN AT B R
T2 MG BT 2B - I ASMERAIR S B g AR S5 IR K « AR E A
PLEs B R EUR R RIBT SR T B, FEIFERAEAET: (1) Bl RErENERT
CER M SUAREE P A N R R A EE N LA & ~ W AT . B DL P m]
(2) BB TRERE, BCTHEASTSIAAGHEHE, me » (8) |, 80d5
FZRIECE AR, B, B o SO AR T 1 R P AR L4 P B AR A 55
b xS RAE R, ASCER T = [ SO LA 58 S AR AR R R R B B AR RO IR, I
FEARSRASESS EASUE T RIRERI R - AR E TR T

(1) A3CEE =TCHMRSE R R R, R ET = JRHRFIRAEE WA T, R
5 BT IR RN A= A a7 B Rl R AT T HEEE

(2) RS 2 AR 6 B 8 UM S T T (A R SCATL A SRR RO R R R AR A |
E2,2000F [A]ZRF, FFAEBCCTONISRE S RAL, R T TN . B SR AR 2%
58] R AR AN ] [ R R A T 9

(3) ARSCE T EROUNLES LR EAUE 2 Tibetan QAR BT M LU, 15E b R EI(ESE
DRSO & B SR A A [ B AR SR RS

2 HRWBE

(R RILAE 5 BR) 75 9 o 22 T M) ) ) R A SR 2 T 22 R 8 PO (DRI AE R o T RN ) ] A

©2023 FEVEIEFTFAE

fR¥E (Creative Commons Attribution 4.0 International License) 7] HifR
Yhttps://paperswithcode.com /sota/question-answering-on-squad 1l
"https://paperswithcode.com/sota/question-answering-on-squad20
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S T A PN 53 B R R R P B o A S ORI, R BRI ) SO B R ) R AR BRI R - R
ISR, EEH BRI SR = 5 SR IRAT R RV ANE D T RO SHE T, T HN 8 R# 4
FCRCRAL T 122 P 254518 (Dhole and Manning, 2020), HETRERES -« [FE S ANE4SE 2 8]
MERE, HRBEEE, MUY, B AHIEHU RS T A R 2 -

F T NS FIGERAEE R, (Du et al., 2017)% AFI(Zhou et al., 2018)55 A\ Ik H
T2 P AR [ (Rl RAE A ST - (Du et al., 2017)% A$RH T —FE T & F/EE IILH 15
SOVERORAERIFR - 25, ARZ S ASE A AN 2 SO v 2 i ) (7] AR B 9T -
T AR ()RR A B R B (R 1A] 5 B SR R BRI ~ B RN A A Br 5 & R R, 77
HRFENE « RTCAFIE (Zhou et al., 2018) ~ & 2[5 B (Wang et al., 2020) ~ & R E(E B (Sun
et al., 2018)%F S FFIEIE A B ARIRTT TR RE - (B2, R CEERE BN NFIE S FR
B e R AT R R S B AR R, B, (Kim et al., 2019)% AfFH [mask]Fric SCAH Y
ER, R TFRERAGEHHIRKRER, REKARRIAEMEE(Ma et al., 2018)4 AL
SRR NESERIERRE . R TFRPIAER, BEHRIF-E R (Zhao et al., 2018)H T
BN THEZHENER, BEARMNFE R EEEELT -

BB S A (FIWBERT (Kenton and Toutanova, 2019)) M EZSAYIR L, 7EHL
SRS ANET AN T ES T, HRILEE T2 75| 1 WS sEa, (ExT
AATEE ~ Z Bk~ IIASMEREIR LA LB R I B 55, R R TRk M s E 1 1A
W FUL, (Zhu et al., 2019)% A$ESQuADRUNAE Jy A AT [8] 28 [A] fi A= AR A1 SR8 . pair-
sequence (Pair2Seq) VEN A4 AR, B 5 A2 G [r) AL s 158 1L 3R AN AT [B) 20 ()RR - Bt
ZAh, EFREEEERE T, HIL T S5 SO £ HE R SO B TriviaQA (Joshi et al.,
2017) ~ FAFIREEFEPIQAngaroo(Welbl et al., 2018) « ZT 23 H R A /PR TAEA]
2B MFRE B AR F Hot pot QA (Yang et al., 2018) 552 BREIESE -

I, EhRIAE, AT REILE MR EE - SRR . I ASMEREIR
ERE RBERR IR - HRAERKFIES (B0 #, HMEXIREL TSR, B
e, AR T EFMEHIEE S RS0 BIAAT R AN AR AL 28 b 2 AR AR SR T T
%, DMR#HRERES OBO0) VgL AR -

3 RRETIZRM
3.1 SR M (AR A A

ETIRE S IV R R O 23S TR AR, BRES AERME, HEMEGE

BUANTEAAR, FERMAMEEGES T - AIEBREE - BUDINREIR - BFRATESEE. K

SR IRPOCAR A SR U HRARIREAR R, W@ TET ZANFIREESES, F5
T AU AE AR TR AR SR AT T HURR

3.1.1  FETHLI) A% 1] B [A] 20k AR A

R T RIS FRMEE RN R, ASURE=0H - = I B 5 RMIFE R DL R K
FBSC RS B TRVR BBE AR B T BT RN AR SO B (R S R 0 B R, HAR R VA = ond
RN ICED, =I5 R0 GRS, TR0 A AR AR A -

1~ ZICHBEBO TR

T %5 A T 103,5095% 8 SCAIR (T et al., 2021), AL TibetanQA B SUA
S5HXIFF, WEXNFFREMAR, REHMFEEEEGM=T0H, HE<E, R, Lk,
TESHKIEE, W< : ,
>&R, F%, AMA, &R, mrELUERA, EHR) -

2+ ZICHR ARG KA E

TR FRBNM =0, BISSEME R, N T D E KR HBURECRK DT 4
0355 B B IR B P HT A R RAE MW E LN AOIRIE, B EK - B - HAEHB . LT H
e, HHE1,846550E, &mHILIRECHS92, HIKHILRECH24. BN, Gt =TTHX RZHIFE
SR, AR R I LV ANE B[R] XA - S e FIH S < SA SR R AIR] SRS B GRS R 2R
IR R FIAR TR -

F1d, MRPELARL <S¢ R E VA HL I A Bl TR BRL Y R BRI SK R4 Oy AR R ) R Y 2
F. FH, WNTR—HA=ZTH, EERXRAPFESGARFE, HAERMRPFBEAR. TR
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3.2 ANEI[ENE W] R A K

B, LASE M SR AR, 7R EARTE SCRSAIWT B 2 5 R 5 ] &5 A AT N — PR
FRIT LA - AR EERHE R L INX — RS5O - AR T PR L2 158 S 2 g A vl
(B E R SR AR T 1

B EET R ?k%ml% %w@@%nﬂilﬁmﬁy¢E,m%$wwaﬁﬁi
(c) 2023 FEP U EEESIHIBES 2L AR
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3.2.1  ETHLUE T E AT B2 8] &5 A A AR

—IA % YRR AL B RSP . VLB EFEE BRES O NI ES RIS, . WO, 7F
NEAEET, (KFH), CZSEZIES (ZHEH) . (EEZ K%
TRARH o X FME UL N B ST RIGR IR IR B T BN X AR A R R, (B AL Bs [ 15 A
AN [E] AR SR AR AR AL T B A LB

AICHE T TibetanQA R B I AH IS, MLUEAE0.6-0.9Z MM EA TS EHBEONNER
— BRI, FEt, EABHOZEIE RN, 5B TR B RO LA R SR A
AT [E B EE, BORSSE 2R -

K 2. BT HRUET B RIANA] B2 R A AL T %

El271, Question A (B) s&Paragraph A (B) BYR[ A% n]&T, 8 H & WA Bk rAE Ll
&, BAAERMER B N R I AT H T AT N TR, 458 T Paragraph A (B) HIANA[[E
Z A Question B (A) -

3.2.2  ETBOCHNSRTE SR A0 AN BT 3] B ] R ) A Al

AU, B AE AT U T2, 20006 Th ) R STHLas e SRR AR A AT [ B R 2R - Oy TSR T
YA 55 AR AL E v a7 2 A 4 18 R e B AT DE A 9 7 SCAE SC AP 4R B S i (DR R 28, 72 ) R
EERERADER T LN =R () SN TEREXE, RERREREEN1EI0;  (2) [
LIAMHRER, ERFEUSENESR; ) MESELETXNESEMR - A5, Rt
B, FATHIER T R N T 1000 QI & SR AR RIEXS, BROES T ivE £ AL RS
ORI A M - HEGEREINESErR, EPaSB  RIEZEBIE SR A AN AT [8)E (7]
A BB E e TR ESR -

P 3. i AR AR AN AT [E A R SR ]

09 T AR RN AR S B B R BRI R EOR SR, AT OO SRR ZE TIBERT (Liu et al.,
2022) %} A [B]2F [IRRAATHERD , B HR B BT 3 B B A BOR AT R AR, Ed AR D E B
R (PRI () S BRGSO R B S SRR AT SR R AN TN , U0 LS 1Y S e T (] IR )
BRI E RN AT [ (AR, R BRI s RE AN 4 FT R -

B TR E S E A SRR, BTN, /R, hE, 202348 H3HE5H
] - bzl
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K 4. ZETTiBERTHIANA] B2 0] A4 5 T 15

1~ B AT [ 225 () R R ) K B 1]

ASCHEH T TibetanQAH BRI REEE - FEE|IMBEFEEFL AL - L - AEHLHE
HERHG %A, St Hsentence piece(Kudo and Richardson, 2018)%f & #2347 — 4 1L 53 1]
HEEYLEE, SRFAEE, TEFRRENANRRE ZHEEH, BNFEFRA T
TG H B EE B S b o R T IE AR B A )@ g S IR E B, R R O E R U &R
SRNEMBERFE, BEAY - KA B R o AR ETibetan QA 7] 7 5 K A0
KEETOEAY A FOEE, RBREE T AY L FIER KRB - B4 Question
A: (EREEM AT NEF 2 TE? )R RF "R
)% R ) R L

2~ KPETAFERY, T A2 Bl A AT [|] 2 ]

WA T 1A SR R ) S BT, 25 (0 A [mask X SOAS ) S A R AT RS, B 1 R ST
YEESHEMTIBERT R EFN, i H HEA 5l TP sE R

H T RIS PR EE AT EE BEE —ERME, — A, TiBERTHIM H Y517
AL R TS 2 i B 5 B a DN SR R B % e R A0 [F] S, B — 5 TE, TiBERTTN H
AR T R X T BIE H — B BUREK, B SRR TR B 1 B S S AT B 1Y U7 2R RE A W H 1] LAY
ATEEE - ML, ARSCRASETIN B 5 T % B Rl 1] B n] &N A 5 Br vk HH g T ULED, e
53X R - NFEET Y ATERE P RTE - &5, RIEE SO BIRE AN, A
RTINS S TR R o T B () R R A S S B TR, 7 ARSI S BT 2 ) R

WEARTR, [mask|FEICHEC 7 (GERLEE) I IR H AT 45 2R 7 51 (1%
R - (ZdAE) - (fnRmg) (W) (Bh£Be) - B

(ERIERE) - (Zdd) EPMER&IN D, B2 (ERLSR) IR AR R
B, MM (Fdd) AEETHRCSORT, HErE B n P ag gL, fHiE
F R AR AT TR, SETRYE SR E R RS R R AR E R - EBRPTE T
T, RAFEIRHIES (fnFmg) R AT [E 2 R R Question. A A Y 5 1A (%
A AR EE R Question A: (i FIELE A 2
W MNE A TIE? ) -

4 LRERG5

4.1 TRBIESE

AR IAETibetan QAN 2 )4 R EE B kAT 1 S250 o RPEE% BES:2/ L 73 o I SR && Al
W, AR 2TR -

TibetanQA (Sun et al., 2021): KARERERFEAEIEE, £520,00057 J8 L& 5 132
PR AT BB AN ANL,51308 F, UREIRE B = AR

B TR E S E A SRR, BTN, /R, hE, 202348 H3HE5H
] - bzl
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N R3S

HHsR VIHE WRE R
TibetanQA 16,000 4,000 20,000
7 ] 35 TibetanQA+MultiHop 16,740 4,183 20,923
TibetanQA+Trip 17,477 4,369 21,846
TibetanQA+Unanswerable | 17,760 4,440 22,200
AN [ m] TibetanQA-+Mask 16,800 4,200 21,000
TibetanQA+Sim 16,800 4,200 21,000

2. KR R ER SR

TibetanQA+MultiHop: 7ETibetanQAH AN TR $E = JT2H £ Bk TE 20M 1 B AR HE R EL
BE-

TibetanQA+Trip: 7ETibetanQANIA T = TR S HNI A= R A Y B[R] &%

Unanswerable: AR AVE FTE 2 F N AT 2R 4, 6752,2008 A1 &% -

TibetanQA-+Mask: 7ETibetanQANN AARIE B SCINISR1E S A TIBERTH TS, ik
KRR B 7 AR BB g8 [ SRR RN T B B AR 2 -

TibetanQA+Sim: fETibetanQANIA T M4 AT [H12- %53 B2 LI B V& 1O 1] RE A2 X AR A 30
WLES R SR o] [ B AR £
4.2 SEREER

ARSCHF R (Liu et al., 2022)% A H A TIBERTZE TibetanQA XA B & B HIEE LT T
SEEG, fF FHEMAF VEX SEIe2E Rt 17 7 9 -
4.2.1  HEHN B RS R T

TibetanQA+Trip ~ TibetanQA+MultiHop PA &% Tibetan QA (& £ FE TiBERT L ) S48 45 5
WE3R -

BmsE EM F1
TibetanQA 53.2 73.4
TibetanQA-+MultiHop 47.6 69.9
TibetanQA+Trip 52.9 73.6

% 3. TiBERTZE# CMRCH] [ ZHHE 5 AsLiass R

3/ TiBERT# TibetanQAZIELE [ AEMAIF1E 5> B M53.2%F173.4%, I A= 3%
&7 B ] B FIEMAIF 18 43 51 852.9%, 73.6%, HEMEHFEi#E TR T70.3%, MFUEH
BET70.2%, BAESEGEZmE/N . RERWOT: ZHEBEESSHXRE D ERRE
MAMEAEEE - R RIFLER A BEG B S, R REER R RIF L ERF X
we 7« R RORCMERE “a” | IXFSIRTUIR A Z IR B S B, R TR E
H R E R X ]

K = 0 £ Bk 20 A4 Rl A S0 0R 9 2 AU AR 4B ZETiBERT - IEM/E FIFLE 4 5
F47.6%F169.9%, HTibetanQAZIIELE AR I TFE T 5.6%F13.5% - H F B R K 2R IE L Bk
ST AR AR R AR AR A B R EE IR T m ALK, [ SR EERE R
M, REITEEE — @ MANRIERREE ), TEERIE R AR S & U R i A LR SRR FE BIFh
FRENA SRR IE R -

4.2.2 AA]EIEREREE RSN

AT = Fh 5 EA AN AT B Z R RS TibetanQA +Unanswerable « TibetanQA+Mask ~
TibetanQA +Sim EL X TibetanQAZHR EAE TIBERT L FSL 40 45 R UK AP 7 -

4B, IIARAIEZ - JRETES BE W E AR EETIBERT I 45 BE 2 TR
e REAVLZS RS E AR AR S AN R R TR & R T RN FIRE B RO om B M R AU
BRI SRR T E R ER .

Bt E A EA RIS, H164T-517300, MR, PE, 202348 3H %5H .
(c) 2023 HEAHIMEE LIRSS bl
170



HEESY

S EM F1
TibetanQA 53.2 73.4
TibetanQA+Unanswerable 50.1 72.6
TibetanQA+Mask 50.1 72.1
Tibetan@QA-+Sim 51.6 73.5

* 4. TiBERTEANT] B2 AR5 AYsLga o5 1

TiBERTZE A T #4 # §) A 7] [8] 2 50 ¥8 £ TibetanQA +Unanswerable I FIEM{E FIF143 H
H150.1%, 72.6%, HTibetanQA_E BRI AT T 3.1%F10.8%, XA BEF A K=
M o SXISIE T AT S EEIREAEZ RPN EES « HERSIEMHEEMAHEER
rEsE_E B B A

FRYEFR L BL I8 B (Rl R AE 7= A2 AN o] B BB £ EME N51.6%, HTibetanQAIEE T
FET71.6%, THEFIENT3.5%, HTibetanQAEIRE R H0.1%, WHEBIFIEME/N . FRIFHRT
BIRENEEZE 2SN, N EEEIRE L ES RE R R MER R R Z — -

RIETIBERTHATHRG, B 3 bt ia] g VA AN AT B Z 2R £ ETiBERT L FIEM{EFIF 1{E
A R50.1%, 72.1%, HTibetanQAEYEEE TFE T 3.1%F11.3%, SRAERER SR K, F£HA
B SCEERRE 5oy Ny TR AR B ) SR A T S BRI R R RO MBS 7 AR R R AT

BHN, ALAEGRANTEEEIREFREVEFEI0%AEA , BiE = H R R AR 55 7
P RECHEFIA T EIEE = EERN A T4, BitRmAs3s, &ENS - B=FERH
FEEIE N EBRAER, WESHTR -

AU BOPR AR BRI - SRS B SN, BN, SNRRO,
BN TRIEEIEE R SHOMTE, RBE: YERIERAS SORRAI R BICH, B2 SCAR R
BRNYNGEE, MRANEE R EE M5 AN BT IEREFR A0, B, H
HRR N T ke B DL R DT AR S5 1 B A0 7 s P B (8, o] I 2 | ] AR TR 45
HPSCAR R E, WRATEER N, BN, H B BRI A AR A AN AT B2 -

- VR Tri () | e (%) | R (%) | PEIE(%)

Unanswerable 0.97 0.96 0.85 0.93
Mask 0.75 0.63 0.74 0.71
Sim 0.99 0.44 0.61 0.68

5. AR EEEIREM AN TIFHreE R

F5H, ET AN A unanswerableZU R 5 = FIEPRATFEIAE] T 93%, MARTETI)I
RiE SR T A BN AT [ B R R Mask FIAR 3 B (L B v 14 1] A8 X AR AR B I8 28 Sim 7E = Fif
Wr¥abr L EFEE RE71%68%, HunanswerableZUEEE 77 A FF22%F125% - EIEZREH, #
s EERMEEERELEH —PRABZE . REEFEHEWT: FIGE S EEEE K
()RR, 3 SR S A [mask] B2 BB 43 T Al — M RIRI B RERIEAN R A — 1 A&, [HERER
FIm @ E B EE . OB TREE, Hib, 7 H fEmia R T pE e & AR AR Bl i
XN T AR AR R By va] R B A ) AR e 1 @ AR R AN A, A5 AR B AR B R A B IR
FEE PR, AE LB V& A2 8 T A2 A O ) Y AT SE PR FEPRIA E99%, BRI A AR LB % Bt B2
FETibetanQARIEA E5ERL, T TibetanQA [A] B5E FIE A FIEE (AR I S B 5 #E - (H
T ZREIRE BB E M AR, FEHEHAMRPRREES LENEAE R, PlasiRIEH1E
BN G AN RDRE DY B A AN .

5 B4

ARSCHR T = A [ SO LR SR AR R R E G T O, R R T R EIEE . AT
RIEIRERN R, FABCCINNGE SRR EPAR R PE RS LT85, FHxE
LA S N AT BB AR R R AT - RBRYE L AT EIEMESAT TN . RIS R R

B TR E S E A SRR, BTN, /R, hE, 202348 H3HE5H
] - bzl
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Y, MLEDl s AR R A B R R T RE R R R 2 —, [l — MEREAFR R
LRRIWAAMER o SFIAAFEE - RS AR R SRR, H A7 RI#OOLas R
BT AN RERURRIF ARG, RBIRA R S B I B R RE iR 1 T A 2K . 7
RARILAEF, BATRARSY FERATHORGEEE, FFEIRROCE B gkt bl as L EES
TRt — B IR AN E ] o

2]

AR XEITEREARABERESTH (61972436) FIE X1t &R 2 E & U H
(22&7D035) HI¥EE) -

22 SCHk

Kaustubh Dhole and Christopher D Manning. 2020. Syn-qg: Syntactic and shallow semantic rules for
question generation. In Proceedings of the 58th Annual Meeting of the Association for Computational
Linguistics, pages 752-765.

Xinya Du, Junru Shao, and Claire Cardie. 2017. Learning to ask: Neural question generation for reading
comprehension. In Proceedings of the 55th Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 1342—1352.

Wei He, Kai Liu, Jing Liu, Yajuan Lyu, Shiqi Zhao, Xinyan Xiao, Yuan Liu, Yizhong Wang, Hua Wu,
Qiaoqgiao She, et al. 2018. Dureader: a chinese machine reading comprehension dataset from real-
world applications. In Proceedings of the Workshop on Machine Reading for Question Answering,
pages 37-46.

Karl Moritz Hermann, Tomas Kocisky, Edward Grefenstette, Lasse Espeholt, Will Kay, Mustafa Suley-
man, and Phil Blunsom. 2015. Teaching machines to read and comprehend. Advances in neural
information processing systems, 28.

Felix Hill, Antoine Bordes, Sumit Chopra, and Jason Weston. 2016. The goldilocks principle: Reading
children’s books with explicit memory representations. In 4th International Conference on Learning
Representations, ICLR 2016.

Lynette Hirschman, Marc Light, Eric Breck, and John D Burger. 1999. Deep read: A reading compre-
hension system. In Proceedings of the 37th annual meeting of the Association for Computational
Linguistics, pages 325-332.

Robin Jia and Percy Liang. 2017. Adversarial examples for evaluating reading comprehension systems.
In Proceedings of the 2017 Conference on Empirical Methods in Natural Language Processing, pages
2021-2031.

Mandar Joshi, Eunsol Choi, Daniel S Weld, and Luke Zettlemoyer. 2017. Triviaqa: A large scale distantly
supervised challenge dataset for reading comprehension. In Proceedings of the 55th Annual Meeting
of the Association for Computational Linguistics (Volume 1: Long Papers), pages 1601-1611.

Jacob Devlin Ming-Wei Chang Kenton and Lee Kristina Toutanova. 2019. Bert: Pre-training of deep
bidirectional transformers for language understanding. In Proceedings of NAACL-HLT, pages 4171—
4186.

Yanghoon Kim, Hwanhee Lee, Joongbo Shin, and Kyomin Jung. 2019. Improving neural question
generation using answer separation. In Proceedings of the AAAI conference on artificial intelligence,

volume 33, pages 6602—6609.

Taku Kudo and John Richardson. 2018. Sentencepiece: A simple and language independent subword
tokenizer and detokenizer for neural text processing. In Proceedings of the 2018 Conference on
Empirical Methods in Natural Language Processing: System Demonstrations, pages 66-71.

Guokun Lai, Qizhe Xie, Hanxiao Liu, Yiming Yang, and Eduard Hovy. 2017. Race: Large-scale reading
comprehension dataset from examinations. In Proceedings of the 2017 Conference on Empirical
Methods in Natural Language Processing, pages 785-794.

Sisi Liu, Junjie Deng, Yuan Sun, and Xiaobing Zhao. 2022. Tibert: Tibetan pre-trained language model.
In 2022 IEEFE International Conference on Systems, Man, and Cybernetics (SMC), pages 2956-2961.
IEEE.

b R AL, BT RITI0, MR, R, 202368 H3H F5H .
(o) 2023 hIEH L EF A HE 2 S
172



HEESY

Shuming Ma, Xu Sun, Wei Li, Sujian Li, Wenjie Li, and Xuancheng Ren. 2018. Query and output:
Generating words by querying distributed word representations for paraphrase generation. In Pro-
ceedings of the 2018 Conference of the North American Chapter of the Association for Computational
Linguistics: Human Language Technologies, Volume 1 (Long Papers), pages 196-206.

Pramod Kaushik Mudrakarta, Ankur Taly, Mukund Sundararajan, and Kedar Dhamdhere. 2018. Did
the model understand the question? In Proceedings of the 56th Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Papers), pages 1896-1906.

Tri Nguyen, Mir Rosenberg, Xia Song, Jianfeng Gao, Saurabh Tiwary, Rangan Majumder, and Li Deng.
2016. Ms marco: A human generated machine reading comprehension dataset. In Workshop on
Cognitive Computing at NIPS.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and Percy Liang. 2016. Squad: 100,000+ questions
for machine comprehension of text. In Proceedings of the 2016 Conference on Empirical Methods in
Natural Language Processing, pages 2383-2392.

Pranav Rajpurkar, Robin Jia, and Percy Liang. 2018. Know what you don’t know: Unanswerable
questions for squad. In Proceedings of the 56th Annual Meeting of the Association for Computational
Linguistics (Volume 2: Short Papers), pages 784—789.

Matthew Richardson, Christopher JC Burges, and Erin Renshaw. 2013. Mctest: A challenge dataset for
the open-domain machine comprehension of text. In Proceedings of the 2013 conference on empirical
methods in natural language processing, pages 193-203.

Minjoon Seo, Aniruddha Kembhavi, Ali Farhadi, and Hannaneh Hajishirzi. 2016. Bidirectional attention
flow for machine comprehension. arXiv preprint arXiv:1611.01603.

Xingwu Sun, Jing Liu, Yajuan Lyu, Wei He, Yanjun Ma, and Shi Wang. 2018. Answer-focused and
position-aware neural question generation. In Proceedings of the 2018 conference on empirical meth-
ods in natural language processing, pages 3930-3939.

Y Sun, S S Liu, C F Chen, Z C Dan, and X B Zhao. 2021. Construction of high-quality tibetan dataset
for machine reading comprehension. In Proceedings of the 20th Chinese National Conference on
Computational Linguistics, pages 208-218.

Wenhui Wang, Nan Yang, Furu Wei, Baobao Chang, and Ming Zhou. 2017. Gated self-matching networks
for reading comprehension and question answering. In Proceedings of the 55th Annual Meeting of
the Association for Computational Linguistics (Volume 1: Long Papers), pages 189-198.

Liuyin Wang, Zihan Xu, Zibo Lin, Haitao Zheng, and Ying Shen. 2020. Answer-driven deep question
generation based on reinforcement learning. In Proceedings of the 28th International Conference on
Computational Linguistics, pages 5159-5170.

Johannes Welbl, Pontus Stenetorp, and Sebastian Riedel. 2018. Constructing datasets for multi-hop
reading comprehension across documents. Transactions of the Association for Computational Lin-
guistics, 6:287-302.

Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua Bengio, William Cohen, Ruslan Salakhutdinov, and
Christopher D Manning. 2018. Hotpotqa: A dataset for diverse, explainable multi-hop question
answering. In Proceedings of the 2018 Conference on Empirical Methods in Natural Language Pro-
cessing, pages 2369-2380.

Yao Zhao, Xiaochuan Ni, Yuanyuan Ding, and Qifa Ke. 2018. Paragraph-level neural question generation
with maxout pointer and gated self-attention networks. In Proceedings of the 2018 conference on
empirical methods in natural language processing, pages 3901-3910.

Qingyu Zhou, Nan Yang, Furu Wei, Chuanqgi Tan, Hangbo Bao, and Ming Zhou. 2018. Neural question
generation from text: A preliminary study. In Natural Language Processing and Chinese Computing:
6th CCF International Conference, NLPCC 2017, Dalian, China, November 8§-12, 2017, Proceedings
6, pages 662—671. Springer.

Haichao Zhu, Li Dong, Furu Wei, Wenhui Wang, Bing Qin, and Ting Liu. 2019. Learning to ask
unanswerable questions for machine reading comprehension. In Proceedings of the 57th Annual
Meeting of the Association for Computational Linguistics, pages 4238-4248.

EW%, PINEE, f)md XIBE. 2021, ETFZRERNEEVLIHIFEOCEE R AT, BRER2 5HR 2R,
3(466-473).

b R AL, BT RITI0, MR, R, 202368 H3H F5H .
(o) 2023 hIEH L EF A HE 2 S
173



Rl T SRS 2R )i ) O T 5 i 45 SRR

EVNGE FFA
AR TR, TR EFEHETARE, R
Jb%L. 100081 1b%L, 100081
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WE

T fin 44 AR5 (Speech Named Entity Recognition, SNER) & 76 M & 41 1 1H 7 HH 15
B SRERAR - FRRANE, BRAEEBTNEELSZ— BEMNEETIR
Al SR, B 2 77 {5 SNER H BRI R T A - (B8 F a4 L AR A il
SRR, un B A A DUN (R (1) 78 B AR A A 0 AR AL IR B UR &
BRIBER N 2)BEERFNIREF 2 B FF RS RN a2 LR RR - B8,
HE— BRI 2% SEARIR B RHERRE o FERFRIET(1), ARTCER O A TSR SE AR VR 1A
R R B SRR B RN R R . B0 RIE(2), ZRSCHR R TR ZR1E 5 AT 15
B4 LR RAIFIN-BESTSIZR BT 70, Al FI TR TE i (SR AR Y By i 1) o 15
APkt MR IFEEIR o O TIIERA W AUESOE R EE S, AT T DA O E AL
JEHEMAGICDATA-NER, 7EMEE EAVSEERI, TR AT BN TS %
TEF1{E R 43.20% I -

KEE.  ETAEARR]  BE TSR o SNRATRR  EBAUESRA ; DREER
%k

End-to-End Speech Named Entity Recognition with Pretrained
Models

Tianwei Lan Yuhang Guo
Beijing Institute of Technology Beijing Institute of Technology
School of Computer Science School of Computer Science
Beijing 100081, China Beijing 100081, China
lantianwei0818@qq. com guoyuhang@bit.edu.cn

Abstract

Speech Named Entity Recognition (SNER) aims to recognize the boundary, type and
content of named entities in speech from audio, which is one of the important tasks
in spoken language understanding. Recognizing named entities directly from speech,
that is, the end-to-end method is the current mainstream method of SNER. However,
the training corpus for speech named entity recognition is less, and the end-to-end
model has the following problems: (1) The recognition effect of the model will be
greatly reduced in the case of cross-domain recognition. (2) During the recognition
process, the model may miss or mislabel named entities due to phenomena such as
homophones, which further affects the accuracy of named entity recognition. Aiming
at problem (1), this paper proposes to use a pre-trained entity recognition model to

©2023 FEVTHEIETEAE

R#E (Creative Commons Attribution 4.0 International License) ¥F7] HhR

Bt E A EA RIS, H1TAT-S1850], /R, PE, 202348 3H %5H.
(c) 2023 HEPLFERFALWHHBETFRWERL
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construct a training corpus for speech entity recognition. For problem (2), this paper
proposes to use the pre-trained language model to re-score the N-BEST list of speech
named entity recognition, and use the external knowledge in the pre-trained model
to help the end-to-end model select the best result. In order to verify the domain
migration ability of the model, we labeled the MAGICDATA-NER data set with few
samples. The experiment on this data shows that the method proposed in this paper
has an improvement of 43.29% in F1 value compared with the traditional method.

Keywords: Speech Named Entity Recognition , Fusion of Pre-trained Models ,
External Knowledge , Cross-domain Recognition , Few-shot Training

1 5§

i 24 L&A B (Named Entity Recogination, NER)& BRNE S O H A ) — Ui E 2455, (%
Br )i 44 SEARIR A B 78R SR 1 i 44 SRS BT HEL, RS E R AET K, WAL
(PER) - #l#4% (ORG) - #14 (LOC) 5. {ES5ZESK[FMHE fn & LA 5 DL R RIS
B ET RS RA R HEl o 28 T B ANFEE PR ER (Zhang and Yang, 2018;
Huang et al., 2015; Gui et al., 2019a; Gui et al., 2019b), FH# %L #3# E(Chiu and Nichols,
2016; Lample et al., 2016; Nadeau and Sekine, 2007). JTEH, &5 iy 24 L4872 5l (Speech
Named Entity Recognition, SNER){ER—5i [ B fFE 5152 [ BORMZE B9551E (Caubriere et
al., 2020), 7EEIEREIEMIEITICR T BE U (Cohn et al., 2019)%E S FACRIF AL DL K 2% - H
&~ SISy s EE E BRI N ANME -
RGE R a7 4 SRR B SR B B T 52 Al (Hatmi et al., 2013), B & 5B FH & & iR
5l (Automatic Speech Recogination, ASR)EEZTF AR HIAT R FISCAR (Li et al., 2020), A5
A58 PR X SO R A I LA 3t AT i 4% SEAR IR A o X RRERE A IR Al AR A B R

ik B-LOC
5 I-LOC
¥ B-ORG
% I-O0RG
#l. I-0RG
#] I-ORG

N . N s %K B-PER
wwwwmk~tﬁ>%%ﬂﬂH:£>‘taﬂ%mm%ﬁmquzi>ﬁﬁ%Wﬁ%Eﬁ> % Lpe
m o

ko
Mo
N

EEES BRI BIOSATIRBIL:
P 1 IR T AT 1R i 44 SRR VA R R R

XFTIEE —E WSk A - HIE, FEIREMHRIERERG (Jannet et al., 2015)  ASRISHE
HPE RS, 1B ANIEIES (AR S 3 I NERME AR A1 iy 4 LR AOMERE , EAEX B L N Y
TR ZEAE LT A R P SOR B T iR A I ER 2R BBk - HOR, XSTASRAGHIFENTERR
— T /R IRE, M NERRSHIIEN TR — R R - ARZELLFUE, FEMTER
AN R AR P BB o ToIE AT e — RO, R SRR ) R G A B4 -

O B—2% T{E(Ghannay et al., 2018; Yadav et al., 2020; Chen et al., 2022)8F57 T £1%F
TE i 44 SR I AR v B i AT H T SRR B TR B R A MR o SRR A IE B IR 9
AR X 8 T AEE R FH TR i 45 SR PR B EE DN BI 5 B SRR L AR SR A SR AR ET i 44
SRRIPRE, Bl S|ERAL, BFESORTRMA, RES(OFERIIE4 - fERGEA
RNt R, AT UG SORELE CEITIFRE ISR, By DURA AT DA% 3 S5 1T H AR
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