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Social sentiment analysis model based on python
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[ Abstract] Aiming at the problem that existing methods have not fully explored the influence of emoji on the emotional polarity of
text, this paper designs an attention model for social sentiment analysis implemented based on python. This paper first constructs a
dataset composed of rich emoticons. Then the attention method is used to describe the influence of emoji on the text with a sentiment
analysis model based on two—way long and short—term memory. In the experimental part, we use the dataset of the social platform
to comprehensively compare the model in this article with other existing models. The results show that the model in this paper has

high accuracy and can achieve better social sentiment analysis performance.
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Tab. 1 Corpus polarity %
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Tab. 2 Changes of emotional polarity
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Fig. 1 Sentiment analysis model
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def _init_(self, ntoken, ems, n, nclass, semb),
hid_size =50 ,no_att=False) :

super( EmSentClass, self)._init_( ) //JHHALIE
EmSentClass

self. ems = ems

self.n = n

self.embed = nn.Emb ( ntoken, semb, padding_
idx=0) //BIEE IR AR

self.no_att = no_att

self.ems = nn.Emb(ems, semb)

self.items = nn.Emb(n, semb)
Attentional BiGRU ( semb, semb//2,
att) // 1 E SR

self.semb = semb

self. word
no_att = self.no

self.lin_out = nn.Linear( semb * 3 nclass) //5%&
H SRR
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softmax JZHY python SEELUNT Fiw .

def softmax ( self, mat, mak) :

. (7)

exp = torch.exp(mat) #* Variable( mak,requires
_grad=False)

sum_exp = exp.sum( 1,True)+0.000 001

sm = exp/sum _exp. expand _as (‘exp)//iE X
softmax PRI%X

torch.set_printoptions ( threshold = 19 000) //i%
B H 4 BT

d=1{}

bs = len(self.rev)

global w_dict

for i in range(bs) :

r =self.rev[i].split()

att = softmax| i]

att_ = att.data.cpu( ) .numpy( ) //4B tensor ¥
A numpy FAE

comb = tuple(zip(r,att_))

if len(att) | = 1.

w_dict[ self.rev[i]] = comb

ifbs! =1.

w_dict = |}

if bs == 1.

try:

if list(w_dict.values( ) )[0].__len_ () < 2:

w_dict = |}

except:

w_dict = {|

return sm

W pi(d) W71 HARI G, p.(d) J2& B Y
TG, D 2RI RS, IR H bR/
AES D HHY pi(d) Ml p,(d) ZIH Y2 U,
DU 2% R EE A

L==3 2 pi(d)log(p.(d)) (8)
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Tab. 3 Comparison of experimental results

s etk KR AR F - ER MERE

E-only i 0.88 0.93 0.91
o 0.38 0.18 0.21

il 0.88 0.90 0.89 0.86
SVM iF 0.82 0.84 0.83
EE 0.37 0.23 0.38

il 0.80 0.83 0.81 0.62
LSTM iF 0.89 0.94 0.90
ah 0.39 0.19 0.22

il 0.88 0.91 0.90 0.86
Bi-LSTM  iE 0.87 0.95 0.91
o 0.43 0.16 0.22

il 0.91 0.91 0.90 0.87
AR IE 0.89 0.95 0.92
rf 0.47 0.27 0.34

il 0.92 0.92 0.92 0.88

Bi—LSTM #5844 15 7% SO AL X0 A [v) 175 J2 i A 114
WER AL, 5 R AR 4, MR AT DU Y 71 B
A T5 T A SO R Z 4 00 R LT Bi-LSTM 45
L

F4 RETUMABER
Tab. 4 Accuracy comparison of polarity changes
E—>H [E—>f F—>1FE F—>f fi—>I1E fi—>H
Bi-LSTM  0.11 0.85 0.96 0.95 0.86 0.11

AR 0.17 0.88 0.98 0.97 0.89 0.18
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