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A method for enhancing Tibetan text data based on
adjective knowledge base

REN Qingji'?, CAI Zhijie'
(1. College of Computer Science and Technology, Qinghai Normal University, Xining 810016, China; 2. The State Key Laboratory of
Tibetan Intelligent Information Processing and Application, Xining 810008, China)

Abstract: In the field of natural language processing based on deep learning, the quality and scale of datasets directly
impact model performance. Data augmentation is an essential technique in natural language processing, serving as an ef-
fective means to expand and enrich datasets. This paper addresses the issue of Tibetan data resource scarcity by analyz-
ing the semantic, emotional, and modifying object features of Tibetan adjectives based on actual corpora. Tibetan adject-
ives are categorized into five main categories—descriptive properties, states, quantities, sensations, and feelings—which
include a total of forty-six subcategories. By extracting the features of Tibetan adjectives and their modifying objects, a
knowledge base for Tibetan adjectives and a synonym table for modifying objects were constructed. We propose a data
augmentation method based on this knowledge base, which replaces adjectives by matching their types and syllable
counts, while also substituting modifying objects with corresponding synonyms based on their syntactic structures. Ex-
perimental results indicate that this method can significantly increase the volume of Tibetan text data, achieving a total
growth rate of 990.22% on sentence sets derived from Tibetan language textbooks for grades one through six.It also
shows strong performance in downstream tasks. When RoBERTa, TiBERT, TBERT, and CINO are used as the pre-
trained models, the correlation coefficient of the SImCSE model increases by 8.78, 3.17, 0.61, and 1.33 percentage
points, respectively. In the text classification task, accuracy, recall, and F1 score are improved by 5.97, 9.51, and 9.31
percentage points, respectively.

Keywords: natural language processing; low-resource languages; tibetan language; adjectives; knowledge base; data
augmentation; modified object; sentence structure
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Fig.1 Tibetan text data augmentation model based on an
adjective knowledge base
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Table 1 Classification of Tibetan adjectives based on semantic features and modification targets
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Typedef Struct mold /21 5 X

{string b,,q; // KK

string s,; /7N

Typedef Struct modify /%] % %€ X

{bool n; //BE 75 1E i 44 17

bool v; //RE T & i 3l il }

Typedef Struct TiAdj DB //JE 25 16 M1 &

{string ag; /MFAEIE 2514

Struct mold #,,,.; /I 75 1) 25 Y

int sy; etk

struct modify oy /MEMIRTAR }
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Table 2 Examples from the adjective knowledge base
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Table 3 Sentence structures of adjective modification for
nouns and verbs
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Fig.2 Data augmentation process
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AR E RN I 1790 4R]F, ] Repl Noun
Gk J5 15 %] 3 407 A, Noun_GR 4 90.33%,
Repl Adj #958 J5 1551 23 843 4], Adj-GR A 1232.01%,

H Repl_Obj M5k 55 5] 2 225 4], H Repl_Adj_Obj
M5 J5 155 26 068 1), Adj_Obj GR A 1 356.31%;
VUSRS AT iER R A 2 520 4~A)F, FH Repl Noun
HA5R J5 15 % 4 519 4], Noun_GR 4 79.33%, H
Repl Adj ¥4 9% j5 15 3 23 324 4], Adj-GR A
825.56%, F Repl_Obj 34 5% J5 /45 3 036 4J, H
Repl_Adj_Obj 458 f5 15 5] 26 360 1], Adj_Obj_GR
9 946.03%; TLAF KB M BRI 2 420 4]
-, J Repl_Noun 458 J5 15 %] 4 647 4], Noun_GR
4 92.02%, Fl Repl Adj 455 J5 15 3] 20 604 4],
Adj-GR } 751.40%, H Repl Obj #5575 3 2
822 4], Fl Repl Adj Obj 135 J5 15 5] 23 426 4],
Adj Obj GR H 868.01%; /~4F R M 18 ) rh 3 A7
3170 4], JH Repl Noun #4358 J5 53] 6 127 4J,
Noun_GR & 93.28%, F Repl Adj 45 j5 15 % 24
396 4], Adj-GR K 669.59%, H Repl Obj 34 i J5 15
F| 3 653 4], F Repl Adj Obj 5 Ji5 15 5| 28 049
%], Adj_Obj GR 2}y 784.83% . H#f 4 TPSTC
B R AE LR 4 KA 3,

Table 4 Data augmentation statistics of the TPSTC dataset

R4 HIEE TPSTC HiEHLIR{E R

AEGR Original Repl Noun  Noun GR Repl_Adj Adj_ GR Repl_Obj Repl_Adj Obj Adj Obj GR
—AE 98 182 85.71 2024 196531 154 2178 2122.45
AR 1050 1962 86.86 13054  1143.24 1312 14 366 1268.19
AR 1790 3 407 90.33 23 843 1232.01 2225 26 068 1356.31
PU4EZR 2520 4519 79.33 23324 825.56 3036 26 360 946.03
FAFER 2420 4647 92.02 20 604 751.40 2822 23 426 868.01
AT 3170 6127 93.28 24 396 669.59 3653 28 049 784.83
TPSTC 11048 20 844 88.67 107 245 870.72 13 202 120 447 990.22

T IR R IR A R
30 000 . @ Original m Repl_Adj m Repl_Obj AR B B 4 1 A SO 1 5 Ty TR R 8 I 4R
B Repl_Adj_Obj m Repl_Noun i ) T ECE, AT R A R R A s A A
240001 FIZZRERE . 2)4 PSR 7 1 R B I 1B i 22 57,
Fﬂglsooo- Repl Adj Obj 458 Jy ik i3 K R i m, T
Elzooo- Repl Noun 3 KRBT T 901.55%, FIKTE T4
i) P 25 1) A8 M 0 G 2 SCAS vy SRR 2 Y i
60001 4%, HE WA RE A 2 BE PR T 5 i Repl_Noun i
0 Repl_Obj 1] (1) [7] SO sl AR (A A IR, T80 A

AR AR SARYL DUARYE TARSE MRS
42

B3 #IEE TPSTC HiBEBRBENH
Fig. 3 Distribution of data augmentation quantity in the
TPSTC dataset

B 4 S 3 ] U, 1) Bl 38 0 i SR 5 R
U B8 B B RIS 25 DA O, B 5 D 4 i A A
A8 K, B 1 5 YRR AR A N R 2, R

Y FTIRBERN . 3) [ B feff TR 258 30 45 4o ok R
WA 2 B ¥ 1 B8 30 0 R AR P Fh 7 R O, 1
SR T SCAS I A S R M, RO 1 5 UR B A,
B AT 10 £ .

SE 2 RO BT

R T VPR BN B R A A B T, AR ST
TPSTC %t#i4E | Repl Noun F1 Repl_Adj_Obj P
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b5 1 R R TP S R BEAL A T 1% 13
BE, R B 454 TE B R i SO BT ANE A
P 3 AR IEAT T OCTVEAG, PP R Wk 5.

x5 HIBERRESN
Table 5 Analysis of data augmentation quality %

LR 1 S ROE

i 2O HuEE YA
- N ES A
Repl
- — 208 97.1 66.3 81.70
Noun
MR 378 100.0 83.3 91.65
W& 376 99.2 85.6 92.40
Repl %
- Hum ) 4 4.1
A OB R 85 98.8 89 94.10
KB 68 100.0 75.0 87.50
&2z 295 99.3 84.1 91.70

H 26 5 T sz 5080 dE 7T UL, Repl Noun 345 J7 15
(1 15 75 45 F IE B 360 97.1%, Repl_Adj_Obj 143t
J7 R W TR IL S5 M IR R F- 20 99.5%, KB M A
B R 7 XSS A 1 T AR/, X R TR
ST 44 1R A TSR] 2 I 25 1) 0 AN 022 ) 1 A
AL, BV 8 ) DR R A A ) o B 4
A BEE, AR 2B BT R T L A A, R i
LSS AR IE R R AL o Repl_Noun 358 J7 v Y
T 32 A BN 66.3%, Repl_Adj_Obj 15
T LA AR 83.5%, K
Repl Noun 5 1 17.2 43 4, %1 T Repl Adj Obj
B89 7 VR A U B TR T X B B T T S5
TR . X A& H T Repl Noun % 5 80E X%,
SENR AR A B, 0 /A) - “BranBaea g ami g Qs
N SRR A 3 ) o Y 44 Tl <55 45y
“q‘a"g”, (XN /”—J%“@N'qm'ﬁw'q'%‘i‘g’q'rﬂaﬁé‘%'&m" (/N i
SRRk R AIRE ) 1 LB BN 5 B Repl Adj_Obj
BT IR FR R, B 5 B R) T 45 IR, 1 X
B, FF AR, Bl foesstReraagsry s aig g sy
(K= HIRZER) P RYIE 250 a8
“a57, GEINECIES “aEs SR AR nERN Y FR A B g ﬁq\”( 3
SHAIRZE R ) ET HAGEH,
32 THESHHRRSNT

SERG 3 IR 5[] SRR B TR SE 5

ARSI 6 Gao %5128 F 2021 4F £ EMNLP
( Proceedings of the Conference on Empirical Meth-
ods in Natural Language Processing) |- 2 i} #44] [
RN RE DL B A T B R s A Y SimCSE (sim-
ilarity-based contrastive learning of sentence embeddings ),
PLECHE S TPSTC il Zrde, LIS 4E TSTS-B 4
MR, DAPEAL ) ] £ 8 78 1 B 9 307 B 7K = AH G
REp AN VPAL AR E . T SimCSE #8585 —

MR H BERT ( bidirectional encoder representa-
tions from Transformers ) KU [ 7] ik A 2 i 4244
PR L 75 ZE e PR 4 BERT #2: L Il i, H
2 T R SC TR RS B S 240 65 4 Fb 1) 7 i
VIl Vi R 27 & A B9 RoBERTa™ (a robustly optimized
BERT pretraining approach ) £ %4 ; 2 ) 75 i i 5 K 2%
122 MK 2£ 864 % A (1) TBERTP)( Tibetan bidirec-
tional encoder representations from Transformers ) ;
3) o e R K 2% & A 19 TIBERTPY( Tibetan bid-
irectional encoder representations from Trans-
formers ) 5 4) M5 TR RIS S50 28 & A 1Y) CINOP?
( Chinese minority pre-trained language model ) #<
B 33k SO RN AL RE % i 7 L 3R 8 S0 T, i
AT LLY SimCSE BRI FEAT L5 ] o A SR ix
4 TN ZRAE R 73 53] 5 SimCSE # RUAH 254,
g 1) A LA T T last-ave ik o B SRR
BRI R R S LA 6 MR 7.

Fo HAUSYIKE
Table 6 Model parameter settings

YIZAEAL Batch Size Learningrate Dropoutrate Epoch

RoBERTa 32 107 0.1 1
TiBERT 32 107 0.1 1
TBERT 32 10°° 0.1 1
CINO 32 107 0.1 1

7 HIRHETE A AR RR R K R MR

Table 7 Experimental results of data augmentation on

sentence embeddings %
Tl b Y ) ) AR HsRETp  HRJEp
RoBERTa 36.72 45.50
TiBERT 36.44 39.61
SimCSE
TBERT 42.32 42.93
CINO 51.94 53.27

i 2% 7 TP S G BCHE T UL, 1) TR SR R
RoBERTa K, SimCSE #5 2 1% #H 5¢ 5 £ 78 £ 98 18
ST A 25 R 36.72% F1 45.50%, 2T T 8.78 H
A% 15 W 254557 2 TiBERT B, SimCSE #5571 1)
AH DG F B A i 15 9 T S o3 5 36.44% Al
39.61%, $&F+ 1 3.17 A 41 55 WYl Zrt 24 TBERT
B, SimCSE H 2 %) A5 ¢ 2 BO7E B0 15 9 1T )5 40
R 42.32% F142.93%, #TFF T 0.61 43555 FiYl
SRAEH Ry CINO Bif 455 784 11 A 56 28 BOFE 5090 14 5 iy
TG 439 R 51.94% F1 53.27%, $£TF T 1.33 7 20 155
B4l 14 5 5 A) 6] R KR A SimCSE Ay e 41
TP HE SR A B, 16 B AR SC 0 B 1 s T v
AR, 2)fefli SimCSE B A fig A B i 42 i it
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S S 5521 &

DR 2« QD8 FH 35 1 1 25 1) 0130 2 A 9 SC SCAR B8
15 7 R R LR A B B AR B T AP
QT 25 1) HIR T 1) 5 SC SCAS B0 34 56k vk ot
A ) 3 5 ) T AN RS 248, i B Rk A FE
B 5 I 1 I EE 8 5 T VR AR B T TR A 58 R
HIEG AR, 3) Fd 1 o J5 ) ) & R s A
SimCSE 7£ 4 F #Uill e 5T P e 42 7+ e ATl
s A 2 O 1Y 2R AL Jr {2 T AN T
RoBERTa #l CINO it iJIl Zk i} 1) 3 75 2y ¥ 1],
TiBERT Il TBERT Fiilll 2 i 1 355 5 My i), 1) Ky
FE ST AN 52 3 1) W 52 W), 1717 1) Ay 56 T ) 43 Tm] 1R
B AL 3% 2 g ) i R R, DN T B2 ) 4] ] i 3w 1
fig s @ WUl i AL i B K/ K [Al, RoBERTa,
TiBERT A1 TBERT Tt Il 25 i) 15 B KA 53 5 A
10 GB. 3.56 GB #1 6.27 GB, Tl 2 i Rl HIA ik
BRI M B, AT AE 3 A TN 20455 20 /][]
FoRMERESR T AN . BCINO 75 14 5 Ji 5 14 98 )5
() p {34 i % % T RoBERTa. TiBERT fl TBERT,
X —PERR L A5 HAS K S 5 (148~585 MB)
PG SEHEF, SHCE R I i 2 &
TSR RFE2E 2T e JT, RERS A B 5 L 4
S R ST OREE, AR ) 1) iR R AT
F R

SEG 4 B B TR SCA A 25 A BT R S

R T k25 I UEERCE G 5 T VA AR R AT 55 ST
ARG IS RIOR , AR SEES DL SCAR 3 FE M RR R A 1Y
£ 22 M 28 ( convolutional neural network, CNN ) 3%
g o 2L, B R E B TNCCRY L) 8:1:1 fY LL 47
Gy R UNGREE | R E 2 AR 4, DUKS 84 BE (Preci-
sion, P) . 73 [0 % (Recall, R) #l F1 {i (F1) {E K 1E
flitm ik, %F Ht Repl Noun #l Repl_Adj Obj i %
P ¥ iy R X Ay R RE R R, AL SRR S
18 SLEREL AT B LR 8 K 9,

x8 HASHER
Table 8 Model parameter settings

2R 1 R H ZH4 1
seq-le 600 | filter sizes 5 rate 1072

embed-siz 64 | num_filters 256 | vocab size 10 000

hidden dim 128

num_classes 12 dropout 0.8

R XADELBHE

Table 9 Experimental results of text classification %

PR Bt s ik p R F1
o 64.55 56.90 58.24
CNN Repl Noun 67.28 64.86 65.48

Repl Adj Obj 7052 6641  67.55

FH 2 9 H SIS H50HE 7T DL, CNIN ASE 0 o 3 v 3|
R4 TNCC L WK 0 64.55%, A M F N
56.9%, F1 {H N 58.24%, % Repl Noun J7 5 45 14
SR, R R B R FLE S BN 67.28% .
64.86% F1 65.48%, KK FEF+ T 2.73.7.96 Al
7.20 H 435 4 Repl _Adj _Obj J5 2808 W5 s
K2 AR F1AE S 90K 70.52% . 66.41% Fil
67.55%, MRIETH T 5.97.9.51 F19.31 {4, £
HH ST SCAR) 5 46 ok R 225 1) SR I 7 vk 448 5 B0
TS SCAR A3 PR RE AR AT £ 5, T 25 1) 0 L AR 0
W AR T

4 %5 RE

AR SCAE 3 W SCAS B0 18 560 07 3 R A 2 i
b R RSSO H i [ =2 A ), B T
P SC A P IE A A B RHAE, B T — R TR A
TR IR B4 S SCAS B 3 s T AR
5 1) RIS WA 6 G2 A REAIE, X IR 25 1) 006 1 6 2 3
A3 032, T AL S I8 25 1) PR e, 1 I 25 1)
PR R Af X R S i) 2 73 5 BR 48 2 i E 45
TR G2 AR U 5 SCAS o 7 SO RS G 5 P
AR AT 55 B VE TP D7 T e A T Bk T
5 TR R PR ) B SCSCAS BN 3 5 5k A R,
SE KA WY, A SR Y A R 3 5 7 ik o
RT I R dl £ Y ML, I 7 B SC ] ] 2 718
ARG U 55 I REA B AR T, AR TR
IR G i e 2 WS BN
PSR 5 s, DAASIBT G 50 ORI 4R

Py %

SR T A T IR R TR A ) R R A AR
S, B A B I R SR A5 H E AR

Typedef Struct AdjnearBD //JE 25 iR] T X in] &

{ list adjnear;

list adjnear,;

list adjnear;;

list adjnear,; }

BT 25 1) TR PR R A 0 52 3 SCm) 3R i) SC
PN T MR (T

BR 1 TR A I AR B SCAS B 1 o
NS

Hi\  TiAdjSent /7% JE 25 0] (1) 98 SC A) +-

MWt TiAdjKBDaSent /43 1 55 J5 B 58 SC
GIER S
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Function Data_augmentation(TiAdjSent)

1) adj_word = getadj(TiAdjSent); /3K BUE 25 5]

2) adj_object = getobj(TiAdjSent); /3K BU1& i
POE

3) Syntax = getSyntax (TiAdjSent, adj word); /3K
BUE %5 14] adj_word fY) /) 225 4

4) if Syntax e SyntaxDB then /255 & 8 Fl /] =
sty —

5) {Repl_Adj (TiAdjSent,adj word); /&
21

6) Repl_ obj (adj_object); | /& AE X 5

7) else Replace Adj (adj word); /s #IE 2514

Function Repl_Adj (TiAdjSent, adj word)

1) k=located(TiAdj DB, adj word);

2) seek(TiAdj_DB,1);

3) m=1;

4) while not eof(TiAdj DB) /% IF 7517

5) {if (TiAdj_DB[k].type.braod=TiAdj DB
[m].type.broad) and

(TiAdj_DBJk].type.sub=TiAdj DB[m].type.
sub) and

(TiAdj_DB[k].syll=TiAdj DB[m].s yll) and

(TiAdj_DBJ[k].object.n=TiAdj DB[m].object.
n) and

(TiAdj_DBJk].object.v=TiAdj_ DB[m].object.v)
and then

6) {sent=replace(TiAdjSent,adj word,TiAdj DB
[m].vocab);

7) append(TiAdjKBDaSent,sent); }

8) m=m+1;}

Function Repl_ object (adj_object)

1) adjnear = located(AdjnearBD, adj object);

2) sent = replace(TiAdjSent, adj object,
adjnear.words);

3) append(TiAdjKBDaSent,sent).
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