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Study on Tibetan Short Text Classification Based on DAN and FastText
LI Guo"? ,CHEN Chen'*, YANG Jing'* and QUN Nuo'

1 School of Information Science and Technology, Tibet University,Lhasa 850000, China

2 Engineering Research Center of Tibetan Information Technology Ministry of Education, Tibet University,Lhasa 850000, China
3 School of Cyber Science and Engineering,Sichuan University, Chengdu 610000, China

Abstract As Tibetan information continues to be integrated into social life, more and more Tibetan short text data is available on
online platforms. Aiming at the low classification performance of traditional classification methods on Tibetan short texts,a Ti-
betan short text classification model based on DAN-FastText is proposed. The model uses the FastText network to perform un-
supervised training on a large-scale Tibetan corpus to obtain the pre-trained Tibetan syllabic vector set,uses the pre-trained sylla-
ble vector set to convert the Tibetan short text information into syllable vector,sends the syllable vector into the deep averaging
networks(DAN) network and fuses the sentence vector features trained by the FastText network in the output stage,and finally
completes the classification through the fully connected layer and the softmax layer. On the publicly available tibetan news classi-
fication corpus(TNCC) news headline dataset, Macro-F1 is 64. 53 % ,which is 2. 81% higher than that of the TIBERT model and
6.14% higher than that GCN model,and the fusion model has a better Tibetan short text classification effect.

Keywords Tibetan short text classification,Feature fusion,Deep averaging networks, Fast text
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Fig.4 Dataset label partition

3.2 BHEE

FEA %58 PC ML 1 15. 7G AYBESCIE B AT FastText
BRI FEAT 20 4 epoch J6 Wi B Y GR35 4k B2 2 300 11 Y 25
JRUSC 1 o] k4 L R 7E TNCC bR 46 b X FastText 5271
HEAT 30 4> epoch A Wi & 43 S I Rk 45 4k B S 200 15 SC )
ik, DAN 5 FastText $5 il fill & 5246 b L 5 — AR 18 )2
HEREBECE R 300, 55 = A AR LM Z 4R B I O 200,
Adam AL 8%, % I R E H 2X 10 ° ,epoch % B A 30, word
dropout 1ENL % & A 0.1, TEfES DAN Fl FastText B B,
B RE N T LUTR B P 2 4 RRAE AT (1 — ) e LA Fast-
Text [ 2% B/ 1] 5 4F AE AR o A B9(E R 0.5,
3.3 EMHIER

G SCOBT ) 2 SCAR 43 28 0 DAL 48 AR A ME R B Accuracy
A) K5 B B (Precision, P) | # 8] & (Recall, R) 1 ¢ & 1§ #5
Macro-F1 i 2 73 A AL P i Hoat 5 i X 6) — (o)
/s . P, TP(True Positive, B [ #]) 2 7~ T & 1F 28, 52
Al 2 IE 28 A SC A A8 TN (Ture Negative, B B i) % 7R 1l
M S, PRS2 1 28 10 SCA AN 80 FP (False Positive, )
PR ) 2 T30 J2: 1E 28, S B 2 B 28 1 SCAR A %0 FN (False
Negative, i I ) 2 75 P00 2 671 2 , 52 R 2 1E 28 19 SCA A4
Wk U A AR 209 F1E, #4250 FLESK
VIE , B M AR 845 Macro-F1,

TP+TN

A=TpTFPTTNTFEN * 100% 6
P:%* 100% %)
RZTPT+7PFN* 100% ®

3.4 ZWERRKRSH

AT B DAN-FastText £ 58 0% A1 b H i 32 L AL A
T4 B SC A SCAS o3 2R P L AE 4 T 4l 48 TNCC (Tibetan
News Classification Corpus) #5845 SC A B4 45 - 3E 47 X o o2
i, 5 CNN £ #UY  LSTM # #1077  Transformer 465 £
TextCNN A B0 DPCNN & #11 | TextRCNN & #1101
TiBERT 5%  TiBERT+CNN £ GCN #1117
X HSE 5 . A TNCC b A 5 4 B SCg 4 Rk 3 gl

3 A TNCC @l Bt 4 b 09 52 B 25 21

Table 3 Experimental results on TNCC headlines dataset

%

Model A P R F1
CNN 54.42 49. 22 48. 34 48. 64
LSTM 62.65 58.33 56.43 56.65
Transformer 46. 88 54,21 46. 88 42.91
TextCNN 60. 94 59.58 60. 94 58.90
DPCNN 64.06 59.05 64.06 59.68
TextRCNN 65.62 63.12 65.62 60. 80
TiBERT 65.62 62. 88 65.62 61.72
TiBERT+ CNN 65.62 59.47 65.62 60.93
GCN 61.94 61.24 56.91 58.39
DAN-FastText 65.84 64. 05 65.67 64.53
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Table 4  Ablation experimental results on TNCC headlines dataset

[€79)

Model A P R F1
DAN 63.58 61.50 62.80 61.92
FastText 63.79 63. 24 62.17 62. 24
DAN-FastText 65. 84 64. 05 65.67 64.53
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