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Low-resource sentiment analysis based on multilingual model
with vocabulary augmentation

LIU Jie, CHEN Mei, LIU Jiangyue

(Urumgqi Vocational University, Urumgi 830002, China)

Abstract; Aiming at the limited vocabulary of low resource language model in multilingual sentiment analysis, a framework is
proposed for vocabulary augmentation of multilingual model. This framework gains low—frequency but informative words based on
Zipf’s law to expand rare words in low—resource languages. Moreover, it optimizes the vocabulary with the weighted entropy to
expand the specific words related to sentiment analysis. Then, the multilingual model is pretrained and finetuned for sentiment
analysis. Experimental results show that this framework significantly improves the performance of low-resource sentiment analysis
on both Hindi and Hindi-English mixed language. This framework not only improves the performance of low-resource language
sentiment analysis, but also enhances the overall adaptability of multilingual sentiment analysis.
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Fig. 1 Framework of the proposed algorithm
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Table 2 Statistics of low—resource sentiment analysis datasets
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Table 5 Performance comparison
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Fig. 2 Relationship between macro—-F1 and augmented vocabulary for MLLM

0.74 o
T
FLOTA
0.73 EVALM
ZLWEE
_ 072
by
o
0.70
0.69
250 500 1000 15002000 25003000 5000
Y eI
(a) ITP G PB4 4
& 2
0.77 .
T
076 FLOTA
EVALM
075 ZLWEE
M
£ 0.74
0.73
0.72
0.71

250 500 1000 15002000 25003000 5000
P AL
(a) IITP = fh PFE 53 Hr

0.63 PN
T
FLOTA
0.62 EVALM
ZLWEE
£ 06l
&
0.60
0.59

250 500 1000 15002000 25003000 5000
P IR
(b) GLUECos i %43 #7

B3 AMESSEFRARNLRYEENXR

Fig. 3 Relationship between precision and augmented vocabulary for MLLM
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Table 6 Case study with different methods in different datasets
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Table 7 Ablation study with different augmented vocabularies for IITP product review analysis ( Hindi)

) PR
Tk 7N

250 500 1 000 1 500 2 000 2 500 3 000 5 000

w/o0 78 W R/ % 73.30 73.12 74.12 74.25 75.21 73.23 74.19 74.51
B F/% 70.32 71.34 71.54 71.32 71.67 70.35 71.62 70. 61

wo WE iR/ % 72.21 72.21 72.21 72.21 72.21 72.21 72.21 72.21
B FL/% 69. 54 69. 54 69. 54 69. 54 69. 54 69. 54 69. 54 69. 54

ZLWEE HER /% 75.27 74. 82 75.08 74. 80 76.06 73.93 74. 66 74. 68
FFL/% 73.11 72.48 72.30 72.73 72.38 70. 52 72.20 71.20
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Table 8 Ablation study with different augmented vocabularies for GLUECoS sentiment analysis ( Hindi—English code—mix)
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w/0 78 HEWR/ % 60. 16 60. 12 60. 27 60. 37 59. 60 61.30 60. 66 61.08
FFL/% 58. 88 58.67 57.98 58.98 58.28 59.34 59.34 59. 62
w/0 WE WER R/ % 59.74 59.74 59.74 59.74 59.74 59.74 59.74 59.74
FF/% 58. 14 58. 14 58. 14 58. 14 58. 14 58. 14 58. 14 58.14
ZLWEE HERH /% 61.84 61.05 61.53 60. 61 59. 84 61.92 61.47 61.22
FF /% 59.39 60. 55 58. 66 59.35 58.82 59. 44 59.38 61.40
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