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Customs Synonym Recognition Fusing Multi-level Information

LIU Da-wei' ,CHE Chao' and WEI Xiao-peng'**

1 Key Laboratory of Advanced Design and Intelligent Computing, Ministry of Education,Dalian University,Dalian 116622 ,China
2 School of Computer Science and Technology, Dalian University of Technology,Dalian 116081, China

Abstract In the text information of customs import and export commodities,different words are often used to describe the chara-
cteristics of the same commodity. Recognizing the characteristic synonyms of these commodities can better summarize opinions,
and then prevent and control the tax-related risks for commodities with the same characteristics. According to the characteristics
of phrases of customs declaration elements,a convolution neural network model fusing multi-level information is proposed,and a
Sentence-BERT based on twin and three-level network structure is constructed and trained, which has a better semantic represen-
tation of similar element phrases,and makes up for the shortage of discrete and sparse embedded features of short text words in
Word2Vec. Multi-size convolution kernel is used to extract different features of keywords. The BILSTM neural network is used to
learn the word order information of element phrases,and the attention mechanism is used to assign the weight of keywords. The
full connection layer integrates semantic features of synonyms and keyword features,and is predicted by SoftMax layer. Experi-
ments show that the convolution model fusing multi-level information has better performance than other models.

Keywords Customs commodity, Synonym recognition, Element phrases, Multi-level information,Convolution neural network
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Table 2 Custom elements words corpus

ESEY] XA HE

SOk 2 CHAFMHMAATEHEES FF AR 1595
FH AL %) CERETCRESS EERERELTORER” 539
MLk ELFLFREEE) “EF 2AEMAEE BRSO AN EAL R 1007 1603
AR CE S E A F) “HEM Y 15~20cm”" B .20 cm B E K YT # B 1206
MEMR(EEWERGH M “RARRERESHRAMRE R AGEMBSHHAMKS 1331
B #D REAH ZEMRPEEREL” -
e e g s “TOYoM 1004 M 10 A 10% & BAETE A 4731 % # 24% B4 -
R MR CE LG8 %) D1% BEL L 109 b 10% /7 1471
R MEBE LB HAZANTHALE,HHZ W HH7100% 4% B .

HECE A % % MACROPUS RUFUS. ¥ # .100 % % 8 4 47 Lot
P S T L “LTP-1391L-4AVDF flik#5 T R FF XL HFRE R F LKW, o

B IR 5, 48 4R T

4.2 l&mE

T word2vec B YIZ5T7 I oy T A6 H0L 0 92 5C HE 1 1 3 b
15 ST SR A E BT 9l 55 37 5t FRATTBE AL T 1 2548 30 %
MR BRI AT 2 Ak E A b B iR
T1Z= A, X word2vee AT T I %5,

4 T il Sentence-BERT W4 b # 48 2% T I iE L X &K,
FoATT AR AR 2 R 3 S Y S AR B T R SURAT S R .
SRR 8 A FN T2 1000 £ HRMIHEWMA A ML 45 T 4%
7] SCAR] X, AR Jo AR A AL N7 119 35 T G B IR 1) T 40 R D0 AT
FT#4E . Xt Sentence-BERT 5 Il 25 455 Y ik 47 1 L 1 5 4%
SEARULEE SR FH 34 05 22 91 2k s A (UL (8)) L X 45 7 [l S
AT T 13 AN RN

7L" RN
Jm*NEl(y, yi) (8)

4.3 SHIEE

FMICNN #2 5 3k | tensorflow-keras HE 28 . % FUR 1) 98
PR E T 4 BRI G B R T R A KL 158 AN () A 1 4 AR
e, MAR BB I E R 2,3, 4 B BRI T 70 K06 &
HIMR A . SR Adam £t b 25 F1 58 SO A9 58 2% R 8L, 78 10 A
Epoch PR RLR B 3 A7 4 T 0 I 25 42 17 45 1k, 48 OC 2 £ dn
£ 3 Fr4 .

*3 LR SR

Table 3 Experimental model parameters

Parameter Value
Epoch 30
Kernel_size 2,3.4

Kernelnumber 64
Loss Cross Entropy
Batch_size 64
Word2vec dimension 150 * 300
Sbert dimension 16 * 32
BiLSTM hidden_size 64
Attention_size 32
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Table 4  Accuracy of synonym recognition when £#=3,5,7

Precision

Model
k=3 k=5 k=17
Glove 0 0.14 0.29
Word2vec 0.33 0.20 0.29
bert-as-service 0.67 0. 60 0.43
sentence-BERT 1.00 0.80 0.71

MFE 4 ] LRI Glove Ml word2vec ARG BE 85 2% L X Uit
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sion) . A [ 3R (RecalD) #l F {H (F-Score) Ht 53 T FefE ) F B, 41
tt TextRCNN Fl BiLSTM+ attention 1& 4t & SC AR 43 JE 45 # A
Bl iET, 5 BERT ML ERES T 2%,

5 FMICNN 5 H b5 7Y i) 1 fig % L

Table 5 Performance comparison between FMICNN and other

models
model Precision Recall F-Score
TextRCNN 0.876 0.900 0. 888
BiLSTM+ att 0.862 0. 881 0.871
BERT 0.946 0.961 0.953
FMICNN 0.960 0.963 0.961
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Synonym recognition accuracy of FMICNN submodel

6 FMICNN FAE 7L i 4 1 1) F (i
Table 6 F-Score of FMICNN submodel prediction set
sub-model F-score
w/o w2v 0.8135
w/osbert 0.8593
w/obilstm+ attention 0.9642
FMICNN 0.9679
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