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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 -
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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
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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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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.
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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
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3X AT g D] O B AT FH SR S 5 8 1) SO SR B3 | SO, ORI [ SO ) B 245 B 4R
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AR E I -

et

4 5 6 7 8 9
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