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Customs Commodity HS Code Classification Integrating Text Sequence and Graph Information
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Abstract Customs commodity HS code classification is an important international procedure for cross-border trade of enterprises
and individuals. HS code classification can be regarded as a text classification problem, that is,given a paragraph of description for
a commodity,to determine the category of the commodity represented by HS code. However, this task is more challenging than
general text classification task. First, commodity description texts are organized with special hierarchical structures. Then com-
modity description texts present sequential features at two levels. In addition, the key information in the commodity description
text is scattered and the description forms are diverse. Most of the existing classification methods cannot comprehensively consider
the above factors to capture key information in the commodity description text. In this paper,we proposes a Text Sequence and
Graph Information combination Neural Network(TSGINN) to solve the problem of customs commodity HS code classification.
The TSGINN defines the HS code classification problem as a subgraph classification problem based on word co-occurrence net-
work , models association between non-contiguous words through graph attention network,and captures multi-level sequential in-
formation through hierarchical long short-term memory network. Experiments on the real-world customs datasets show that the
classification effect of TSGINN model is better than that of other methods.

Keywords Customs commodity, HS code, Text classification, Multi-level sequential information,Graph attention network
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Fig. 1 Example of commodity description
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Fig. 2 Different description belong to the same class

AL L 0] 256 T R AR SOAS Y SR RS R L 150 T O R R
SCAR I B L DA R SOARIE SURRAE , & HS 4 5 4> K AT
55 1) — T0UAR R Bk K

B HS 4t B 24 2% 0] 81 G % 2 8k, B Al E o4
i TC X I AT 55 1 AH 06 3 KPS, B HS S 5 43 2 )
A 1 2 — b SCARTE 30 B 43 28 R H AT AT S
FELL B AR I - BT RIS . B R IR
M7 & R M 2 W 2% (Convolutional Neural Network,
CNN) G 3+ Hh 2 M £% (Recurrent Neural Network , RNN) &5 7]
VLA RO AR % 200 1R SUIRIBOC R R BT R R TiE R
JIE v A Sy 1 1) R A BRI R 22 R AR E L G OC R
H i &1 25 06 2 7 SR B A5 8 il BB A6 45038 A B A T AR 4
PIZCR I AT A B A 8 LREMNES. ©

A L2 A TR P 4 R TR L BAE L il 3R R =2 D) A Al i
KIRK R, AR, SUARTE R h 28 T 5 A IRF 5 8 W
At HT T SCAR R B R AEAE B 25 0 TR ot R S A T X d
AR Ay [ 45 4 30 AR AR SO R S E B M T IR R B R
zH,

R T R IR B R AR SCER T — B SR 8 R R
5 LAY B2 R BT L O R T R 2 o ) A R e e 4
JR 25 R A Sy A ) SOAS [ SRR 7 T A T BN 4 R
SCAR P Al B SR DATTRE HLS 20 A 4 2 ) R4 46 o T 4%
5 I 1L, TR A AR A B 1B 2 2] BEURIN 3R 7 8145 B
B P 51 2 3455 e 43 530 S 3 3 590 JC TR G R R4 2 19 T 3
WA, AR X HS S 43 JAT 45 78 1 A4~ 2 i b 52 305 51 vk JL
SCHEAT B O AR A, B AR SOR R TR 2 U T 45 4 1
FROE K e a G FF 4025, AU BESTE IR

K G i HS G i 4325 [ (8 SR F 1B 4324 [l
- R B R SCAR R R SO IR 1

()3T TSGINN LA, F| H] 5 [&] 2% 2] B e F T 371 2
SIS P A3 0 Al 7 2 4 1R JE T O R AN £ R T B M AT
B T AR LA T RS R 505 B 5 SURRAE

(3D FE WA 1155 19 10 G388 S B 88 L HEAT 5000 0 T A
SCREIR o 2R T IR B H A 4 250

2 MXTIIE

T T i HS 5 53 28 ) UAS 5B — b SCA KR 3 25
(7] 5L, R st o 3 [ R, R A7) T L 5 5% 43 2 0 L2 SUAR 43 2 40
WA TT . BUA I SCAR 807k B PR & T
B T7 15 A T B 07 i

T I )5 1 32 B AR SOA e SRR AT 20 26 . SCR
[ 1-2 J71) JF B0 48] 200 o 5 A 2 4 B 28 0 2% Ok 47l 3% JR) 28 n-gram
TE ST F 26 SCHRE3-4 38 i 43 i 00 265 fS) T8 J32 A 4l 3 78 1<
R A S, SCHRLS T4 1 — i 8 B A S8 SCAR 2R 07 1%
FIAT n-gram §7° 78 3 48 24 5] Joy 8 5% 2235 . A 1R R K
softmax HEAT R R 2 SCHRT6-9 T A 55 1 28 I 45 27 > 3C
ARy BT SCHRE T AR AR B . O T R X R
A28 R 1 L SCHRC10-12 PR 1 =7 MLl 51 B 30K 2 2ok
S ORI R IE R IR o A T HE— 2D 4R R R X T A Y 2
> SCHRCT3 04T A v By B =2 >3 0 7 9 R R T RO 6 2%
HETAE A0 T B9 N AR 45 A . SCHR [14-15] 23 3 78 CNN Al
RINN A R Al L 1) 38 ) 205 5 P b 42 0 1 AR il 2
JLT RN A MR S FE TRk R R A T b
T ICHOBIE R X OIS R TR AR DU B9 L 2 A9 L {H K



KA S5 LR SCA P B AR B B G RT Y HS S g 23 26

99

2T TEORHEE 4 R i 1) 3 BLAE R K AR i 2 R 2 T) Y 0% 1
P

BT 5 1 T2 A TRORHE 1 4R AL IS B SOk
MRS R R R T R & g AR P R A MEE . X
mk[ 16 )4 ] & B {5 & (Point-Wise Mutual Information, PMI)
IR B9 3% S A4 45 2R (Term Frequency-Inverse Document Fre-
quency, TF-IDF) #+55 S ALTE , AT AG #2 T — A2 45 B3 49 1
SRS 5 B IR S 4 SCAS R, I 1 T 18] 4 BR R =% ~F 3] il )
FMERR . CHR17IM & T 2 T 1R S A0k AT ) 34 ]
5 et A il A SCRY  [7) IR BRAS EL f PELRR 2 T 2 5] A ) )
gk b, SR XSS AL T IR I 05 vk R T SOR PR )7
FIAE B R 3T PMI AR50 5 B A9 AT AR 77 1 R T
il 25 1) 4 % B3R 22 18] G HR R 1Y) 2l 2 (A5 A 2 9 2% 11
2 ) SR 32 B N ) S AAE RS

g5 1, JCI R TP B I 2 B T IR 0 A A TG 12 () Al
RSO v A 7 SRR DG FLR B LR SO B L HL R R
SCAS B R 2 I G T LR 5 W T 1 4 SO B A
FRATR] 2 A RFAE 3 0 A4 3 28 07 B OR RRAR 47 3 72 HS
o3 AT 55 T R AEVE A .

T T A HS b 43 2845 55 B9 A% O FE T A0 Ao A R0k 25
A TR A AR SCAR [ A 0 T2 K B H R A AR SR 1 SCRRAE, LA
BEAT AR5 . AR SR B 3 00 T 46 07 o s A8 e i 2 1) = )
M DG B G R, IF 2t 4 2 09 K K I8 12 W 4% (Long Short-
Term Memory . LSTM) 3 4iff 41 3CAS v A 7] J2 B 17 915 8
AT A5 B kA T EE ECRDY FIAE B SRR A R e T
T A HS g Bt 53 2K Il

3 E@EENX

T SCHE AR S R B BB 4 s TR Ak e S I X B
W R EAT TR Ak

EX VOHREER) AR F R — B RS0 S e iy i % WL
PEBRH) SCA . B DE; HR o n BYEE m D AREER ,wl,,, N4
m A AR R R ¢ A FE L W B R R DEY AT LSRR

DE} = {0} 0 s Wh s s Who s ) D

TE N 20 M) SRR TR S HS g 4 28
R B — RIVH IR ERA R, IR E R ZH
“I75yB%. ¥ CD, B 5 BHRER KRR

CD,={DE,|DE; |+ |DE; |-} (2)

A SCWE T 0 DG T HS g 5 43 25 (] 80 AT 45 38 O« X
B o, CAIR RAR CD, /0 JE A8 % & T IR Y 10 4
HS 4%,

4 1R

BEXS HS it 73 28 (R AR 307 2 B2 A Ab 1 St
1130 B 3 LR P 5 38 A TSGINN ) 45 3547 45 E 4
4.1 XAEEMIE

SO PRI 3 T LA A3 2 1 A5 1) B 3 R v 3R 2k A

BG4 R 1 B S A A S 4 i RL SCAS BT 5 2) B4 i RE SCAR B
el BRI

(D SR SR BIM 3 . B 38 A BT 1 S T A i
R o DR L S B M 2 iE R SO R G=(V,
E) B [VI=N RBEANSEREN IR, 0€V R HE P
B — AN . AR SCH A R AR B R AR — A6 O R
Z 1] A 320 eh AR A AE A — A O e R sk AR ]
E OB WA TR 5 o Mo, Z BRI ED.IEHN e,
RZMTCHE D b F 84 E. ok, JAT 4 @ 0 AT fif
v K (vs0) EE, B 3 AT 43l A iRl SCAR B 1 R T
o i (R 7R 1R T A R RN T S IR SE R . AT
AFEMKES SFRERE T ARG BMER, LLERPIiR
T2 PO A Y 0 00 A 10, R 2R R B R 2 T T

(O & TR, WE 3 iR, 78 4R UK B o 5
T ot A 3 PP B A TR T = T B Ok A9 3
FE . XFF R E n, WIBOLE & B SG, = (V,,E) Byt #a)
PLGr R LR B2

DA AR5 B CD, 0 T A 3w, 4B R a5 A
B TR RE VY, b

DX TFLEERUAKE GHBEE Pl e; . 37 v v €
Vo JURKE 30 e IMATR S F MBI E, .

P 3 MAiFoRE SCAR 1B v il IR i T 18 7 191

Fig. 3 Example of subgraph extraction from the corpus
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Table 2 Accuracy comparison of different methods
Model VID TMD
TF+LR 0.7364 0.2771
TF+DT 0.7983 0.6033
TF+ XGBoost 0.8579 0.6601
Transformer 0.8968 0.7093
TextCNN 0.8941 0.7068
TextRNN 0.8489 0.6826
DeepMoji 0.8600 0.6863
fastText(1-gram) 0.8952 0.6770
fastText(bigram) 0.8988 0.7115
TextGCN 0.8880 0.7087
ours 0.9193 0.7407
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Fig. 8 Accuracy comparison of ablation experiment
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