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Research on Tibetan Micro-blog Affective Computation Based on
Deep Learning Algorithm
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Abstract ;: Aiming at the study of Tibetan text emotion calculation,the CNN-LSTM deep learning model is introduced into Tibetan micro—
blog emotion calculation, which makes up for the lack of research on minority language natural language processing, and has certain
impetus to Tibetan studies. For the non—disclosure of Tibetan corpus, the Tibetan and the anti-sense sentiment dictionary are used to
replace the antonyms of the emotional vocabulary in the Tibetan micro—blog corpus, further expanding the Tibetan micro—blog corpus to
meet the requirements of deep learning to big data. After the Tibetan micro-blog’ word segmentation, the Word2vec tool is used to train
the Tibetan micro—blog’ word vector model to improve the expression of the deep vector semantic information of the feature vector.
Then, the trained word vector and the corresponding emotional tendency label are directly introduced into the CNN-LSTM model
consisting of convolutional layer, pooling layer, flatten layer, LSTM layer, and the output at each layer will be batch normalization.
Finally , the Softmax Classifier is used to affect the Tibetan micro—blog. Compared with LSTM and traditional sentiment lexicon, it shows
that the proposed algorithm achieves better classification effect.

Key words:deep learning ; Tibetan micro—blog;word vector;emotional calculation

FErP A5 AL 5 2% 25 A B9 155 JRRFAE

51 &

2019

R, e i

W25 EL IR IO B A 9 BRI R R IR I S ) e
A B2 | A5 A R IR X A 2 B DG T M%%
B . BRI R TE R 2% bR R E I RIAE RS
A — ﬁﬂEl S A TR RO R

& B HA:2018-12-03 &o H #1:2019-04-09

1 24 115 AR 7 B e B ) 155 SR AR A, {8 i ol — 33
e Ay E B A SR IR

WERAR TR B 4817 W 304125

SCHURE CNN-LSTM TR 2 2% > S AR A 5 | A S SCA

™ 4% H AR B[] :2019-06-26

E4WE . EHRHRPIEES (61461045) ; FF A FHEHRITH H (2016-21-743)

TEB BN AVARE (1990-) 35 W50 BFFE D5 1) A 1 AR 5 AL B 5 H

B AR B Bt 45

57, W B AR AR ST o AR AR G SR AR

[ £& i AR ik « http . //kns. cnki. net/kems/detail/61. 1450. TP. 20190626. 0833. 046. html



.56 - HEMBARS R R

29 %

TS IR, X T4 08 3 SO A RS B9 LA
A EERE XL

1 MHXHR

2006 4F Geoffrey Hinton'' ' &5 1 Y45 Y T IR B (5
&M% (deep belief network , DBN) ¥R & 27 > F0 v i) |8
R, I DAL 12 2T 8 1 0 d5 K B B 45 BRURR AIF 14 4
RSO R TR 2 ) SRL I R HE R B TR 2
AR LR, Z )5 BT MR A man s B2
% ( convolution neural networks, CNN) " K %5 g1z
K% (long short—term memory, LSTM ) ) 25 5 i 2 )
BREAL,

JRAE BT 24 BE Y Picard 2042 i 42 H T 1% B
BB, Picard ZLFZAE 1995 4F & & T 18 30 ( Affective
Computing) "', H-7E B AF 5 76 B EE At RS T 1943 5%
IR R W 418 %7 . Richard Socher %742 H
TRPE A 1 gm0 76 o SC R S i 1 R A
AR IS T NS B9 45 . Socher R 25 1% Matrix —
Vector flt AJG PR 28 9 4% ( RNN) #5750 5k 27 > 32 3 Ay
FIURNAZ 45 & X, 6 L 52 118 1Y 1 JEObs 28 HE 47 4%
M Tang D 4538 i 45 B 28 I 265 TG 20 4 28 I 4%
FASS G LT IR ST BT , A SRS S 1 RAG AT
SOBAR TR SR AL . B. Sun AR HEELT R AR 4
fIE Ibptop . %% 4 SIFT 1 CNN-LSTM 451, il LSTM
1 GEM FEH R R B 5% A9 915 B> . T Huang %%
P Bl 75 2 ARURRAE B A O A E AR J2 A0 5 A E
YERANFEARAE . AR RFAE S AL 43 B S e A28 19
P2 2% (LSTM-RNN) #4791, it B T 54~ 4E
IR | L 43 1) % B AR 4B 3R R [ b R AR I
S5 0L LSTM 46 R 25 I 28 44 #2119 CNN-LSTM
BRI BT A P B8 A i $2 T, 78 B AR 28 (1) 3 il
BBt T A A 7 HLEI B CNN - BLSTM -
Attention A1 ; 1 5 ML BE T B ALAS 21 5 1
FIMEZR S0 WU SCAmAT A7 R0 5% H SCAR w18 8% 43 Bt
55 B OCHE A TRIE | 76 SCAIE IR A E 55 1 IAS T 38
ETER R R R R S TR ) S BN 1)
BHZS A& BB Z M4 (HV_CNN) |, 45 5 81 85
M2 4% (DCNN) ) o 45 4570 50

FEFESCNG A3 B 75 T T=) 08 AR AR N T A
HET A4 R B T B 5 S ] )
S T ) Mt UL 5 ) ) gt R R ) ) L e A i)
T ML R T 3 R ) L R SCAR ) 1 )
Bkt akofi 45 1o £ 48 v SO IR A T L
K DL R T G T ) R 1) L) D K S B
AT B AT , S 6 45 SR 3 WY 35 T 5 SC 1) L 174 7 SC
AR IR0 BT ) MR 3 B B 5 1 3 TF-IDF (178 3C

PRI R T A R T A R AR A0 B S B i A7
SCHRFAE $5 1 3 155 SR in] il 5 AL o ) 500 2 R AR
A F TSI IR A T L S o RS B
R AEAE BORCDUE HE DR, $2 41 1 — ol 3 323 )
(SR AR R T8k o 25k AR S T
SO AL, B T R AL P AT SO IR R T
ZARFIRA SCRAL IR B AR R TR
TG HIRTE G AT R R RS AR
P ] ST DU AR 53 A SR 1 1 A — T
W, SR SVM B X A TR R A L Rk
SRRSO 1) TR 40U N 336 0T ) 2 i 50
FIABHCCHE B b, LS R 2 U O S A
KA B ) S TR o0 2 LSS G S R 1
A

2 EXAIEREREE ST E

5 IR A3 BT T ST X S AR TR S A T T Ak . 2%
B xml Fl@ 55, o458 FH IR S5 1 5 1m] 2 25 Ak 3Lk o
FTEHE AR5 RSO R AT 4330, SO EEEE A A
TR J A AT R SC R, e R R AN e 1Y
T AT B
2.1 EFERRAANTE

P ST S ) R R A T A G — A i
TS A3 HT 4 96 SC %] L s fl A SCH A Bl
AP SV SR ) ML 2 S ) e B3R 1 5K 27 361
A B 4G AR BE AR 220 A LAl G RGE (R 10 670
A JHBE 10 402 4> e 5 711 A4S) 45 A 385 4, M
b Al 7 S R B 22 T U 1 1

I SC
!
A
___________ 4
(R R >
O
l l
( L[ 1) ( )
L RAEW ] fei | U WEAEE
[ I ]

B AT R ey Bot SR AR
7 ) L 8 RS RS R B A O i
TELIA RS LY 38 2 R v 1 S ) s SRR Y AL



10

PINARE R - 2 TR 2 ) SR A RO AR RO R 5 .57 -

B IR 0 U R A A 5 St v A SR A
E YT BT IR T A A T B T i
R L RN R T bR i S . 3 = B
K1 FR,

2.2 EF CNN-LSTM # R 7%

TRTHESCAS 1) b Ry SCAS b BRI T il 455
CNN HI LSTM HYRERIRE 5, $2 H T CNN-LSTM 5372
BEAL, ZAEAILL CNN 56 = 2 6 th ARy LSTM 5 —
R PR — )2 I AR —fR AL B, %A
RERE R B CNN XJ SCAS 17 4 Jm B 3, CRER B LSTM X
SCAHY B R)ZE SUE B 3240 L SRR R i G
R BUS T B BROR
2.2.1 Word2vec ) &

25 O 4% 14 i AN S ST o8 A e Sk Ay 1)
i, Word2vec i H] [ 1574 73 > CBOW Al Skip - gram,
SV Skip—gram A5 78 SR 3] 1] & Ak, e 2445 5] 1]
=28

Skip—gram ; 52 F 00 i Sk T 5 Y R] . E Skip—
gram " 21 ) B A4 1] A6 TR0 45 SR 1% 00, 18 Gra-
dientDecent A~ W %% b0 Ja] 1) 0] ] &, S & T A 1Y SC
A Iy o 56 Z 5, W AT B T SCA BT A 16 14 16 ]
BEANELEAE Ay b R i HREE AT K R S |
X 22U 1 R R s (e 45 ] ) R X B AR
2.2.2 CNN-LSTM #£#!

CNN 7] DLR B SCAS 4 Jm BE de R AT H TG T i ok
SCAR bR SCA AR AR ) iU FN B R S LG R TR,
1M LSTM HA 27 2 K W] F SGE 2K i 6e 71 , g
ROFHANCAZAR SEE Fl B 1R SGE XK, B5aMH
B ZE R R S, SC R R HE CNN-LSTM #5554 F T 5% SC 1
TS BT

CNN - LSTM 1 M 2% 2 4 §f & 1 JZ | Batch
Normalization JZ | #i ft JZ . B /37 )2 i B )2, W& 2
J7R o

B ik in) ) g 3k B 5 SR SOA hy — 4
B, SCh R =2 — 4R ARl O SC AR ) SR A
fiE, 23 A BAK A8 B3 AR B SCARRAE

Batch Normalization J2 /EHZERZBERIZZ A,
AU RAE T T N GR i BE WSSt 2 R ik g 1
N2 R 251 F Dropout F—Fb B 1k a3 #1-& A9 1F
A 323577 2, Fr LA A Dropout 8 35 2] A1 24 195K
R MBS R R L T X TR EOR IR 4
1R, T EL AT DA R 2 2] 558

WAL 2 : % F max —pooling, ik Z/E FHE G E &
FHJZ 1 Batch Normalization |2 Z Jii , & —F AR & PR %
A7 R A5 W i A B 1 R ASE T A R E B S
2 B B AR B K AR IR B R T 2R i Y 8

fFH.

AP 2 8 P2 LSTM AE 8 SCh AL R B 7 )2
HRB S MR IT IR B R SORKRAR P OC R A RN 92 3
HETFSOREE UEE

By 32 R H Softmax 4324

Batch

AT BRE Normz}ilization Mk

WP
B b
HLER

9=

e e LSTM
gES S @( LSTM

2 CNN-LSTM M &4 4 #

3 ZWERASW
I PRV 0 2 A R S PR e, 68 o ol o 3] 3 1)
) sz SCim Rt 7 s it 3 n A ik B AR I 1 T IR
FE2E I B I TR oK . R T B IR AR Y A A, X
T % 3R] i LSTM #1 CNN-LSTM 1 ¥4 Jif 2 3 &
AT 9 SC AR SR AR 1) 43 BT A T X L o R B2 2T
A LSTM F1 CNN-LSTM #4115 R #H softsign , {1k bR
Bl Adam (2723 0. 01) [AAE ATERHEE , 45 340
K3~ K5 FR,
100

i @t/ %
3
|

0
IR HERE R o R R

BLSTM ! CNN-LSTM
B3 LSTM #» CNN-LSTM /& # % 2} 1k
M 3 ATLAFE ), CNN-LSTM L&t i LSTM A
TR 3R VE R 2 100 2%, U 2R E B R Y
18.3% , CNN-LSTM 45 % G % {4 UF 45 45 it 1 1 4 =)
SERIANAE | SCRBAZ N R 2 O UM A5 i L
YIRS



.58 - HEMBARS R R

29 %

0259 — train train
—— validation —— validation
0.80 4
0.70 4
0.78 4
0.65 +

0.76
0.60 1

loss
accuracy

0.74 4

0S54
0.72 4
0.50 1
0.70 4
0.45 4 /
0.68
T T T T T T T T T T
2 4 6 8 10 2 4 6 8 10
epoch epoch

A4 LSTM #J loss #= accuracy # % & 4L

1.0 4 train 0.85 - train . i3
— validation — validation .~
0.9 0.80 1
0.8 0.75 1
=
w 0.7 go.70 4
k| g
% 0.65 -
0.6 -
054 0.60 4
A 0.55 A
0.50 1
0.3 1— T T T T T T T T T
2 4 6 8 10 2 4 6 8 10
epoch epoch

B'5 CNN-LSTM #9 loss #= accuracy A2 4 % 4t
JNIE 4 FIE 5 15 1Y CNN-LSTM #5578 (31| 254 45
JBT R LU ECTRR I ZRER A MERS 2 X Re e LTt ik
ARSI AR X LAt A e A R LA R A R
PR T RO R i (LSTM Al CNN-LSTM
HIHERf R AT X L, ISR 1 s
1 pREHES

RS e 2/ %
i ] gL 71.32
LSTM 75.31
CNN-LSTM 85.11

M1 A LLE 1, 5T CNN-LSTM 155 2t
LSTM #1155 10.2% , &I Z M4 H T X2 R iy
J¥ 8 RNN 5 T A — A 40 (5 A T4, 17 LSTM 2
FLAG 48 RNN i SCAR IR 2 18 SCAR B A Ak 25 i A 3%
R R A% CRAIE T S5 O Y 42 Ry B et RB 24l T 2
HIVRZ U A B, 5 BORS 15 1B 2

4 HRiF

SCHOB IR BE 2 M B i CNN-LSTM #5581 5] A F]
S SC AR SRR ] 43 A ) I, R 1 S G e i JR
51774325 1) LSTM , CNN-LSTM 457 1, %F T4 > 1k

A BRRAE , ISR 225 AN IR B0 2 LA AN ) 11 )
BfE S, CNN-LSTM F|H & FZ Al LSTM JZ il A
28 S b FHLE JBRAFAE , £ BR SCAR I 4 SRy B o BB AZ U
FORZIRITE U R U T80 28588008 . Ie4h,
AT AAFAE— 8 BIAS AR, ARSI Ak 20 1) PR ME 55 | 35X
SER A i — PSR

S 0k

[1] HINTON G E,SALAKHUTDINOV R R. Reducing the di-
mensionality of data with neural network[ J]. Science,2006,
313(5786) :504-507.

[2] HINTON G E,OSINDERO S, TEH Y W. A fast learninal al-
gorithm for deep belief nets[ J]. Neural Computation,2006,
18(7) :1527-1554.

[3] LAROCHELLE H,BENGIO Y,LOURADOUR J,et al. Ex-
ploring strategies for training deep neural networks[ J . Jour-
nal of Machine Learning Research,2009,10:1-40.

[4] HAYKIN S,KOSKO B. Gradient-based learning applied to
document recognition [ C ]//IEEE congress on evolutionary
computation. Brazil ; IEEE ,2009 ;306-351.

[5] HOCHREITER S, SCHMIDHUBER J. Long short — term
memory[ J]. Neural Computation, 1997 ,9(8) :1735-1780.

[6] LISETTI C L. Affective computing[ J]. Pattern Analysis &
Applications, 1998 ,1(1) .71-73.

[7] PICARD R W. Affective computing; challenges[ J ]. Interna-
tional Journal of Human-Computer Studies,2003,59(1-2) .
55-64.

(8] B % Sexty, WUEOIK, % BT IR T MR &
Br[ ).t B4k ,2014,28(5) :155-161.

[9] SOCHER R. Recursive deep learning for natural language
processing and computer vision[ D |. California; Stanford U-
niversity ,2014.

[10] SOCHER R, HUVAL B, MANNING C D, et al. Semantic
compositionality through recursive matrix — vector spaces
[ C]//Proceedings of the 2012 joint conference on empirical
methods in natural language processing and computational
natural language learning, Jeju Island: ACL, 2012 1201 -
1211.

[11] TANG Duyu,QIN Bing,LIU Ting. Document modeling with
gated recurrent neural network for sentiment classification
[ C ]//Proceedings of the 2015 conference on empirical
methods in natural language processing. [s. 1. |:[s. n. ],
2015.1422-1432.

[12] SUN Bo,WEI Qinglan, LI Liandong, et al. LSTM for dynam-
ic emotion and group emotion recognition in the wild[ C]//
Proceedings of the 18th ACM international conference on
multimodal interaction. Tokyo,Japan: ACM,2016 :451-457.

[13] HUANG lJian,LI Ya, TAO Jianhua,et al. Continuous multi-
modal emotion prediction based on long short term memory
recurrent neural network[ C]//Proceedings of the 7th annual

(T#% 99 )



