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A Logistics Order Classification Method Based on Graph Convolution
Network and RoBERTa
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( Anhui Port Logistics Co. ,Ltd. , Tongling 244000, China)

Abstract ; Order information runs through all links of the logistics supply chain. Efficient order processing is the key to ensure the quality
of logistics services and operational efficiency. With the trend of growing and differentiated customer logistics orders, manual order classi-
fication is time — consuming and inefficient, which is difficult to meet the efficiency standards required by modern logistics. A
classification method is proposed to improve the performance of logistics order classification. Firstly,the global AMR graph is constructed
based on the abstract meaning representation result and keywords of the logistics order text,and the feature extraction of the global AMR
graph is carried out using the graph convolution network to obtain the global AMR graph representation vector. Secondly,the local AMR
graph set of the logistics order text is built based on the AMR algorithm, and the stacked—GCN is used to process the graph to obtain the
representation vector of local AMR graph. Thirdly,the RoBERTa model is used to process the logistics order text with the purpose of ob-
taining the text semantic representation vector. Finally,three types of the logistics order text representation vectors are fused to finish the
classification task. Experimental results show that the proposed method is superior to other baseline methods in many evaluation indexes.
Ablation experiments also verify the effectiveness of each proposed module in the classification method.
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AR R YTAT R PERE

k4 R sER

Hamming

4325771 Precision  Recall F1 Accuracy

Loss

@® 0.8096 0.8534 0.8309 0.8080 0.11893

@ 0.8187 0.8607 0.8392 0.8164 0.11300

6) 0.776 9 0.8270 0.8012 0.7721 0.140 60

XrRJ5: 0.8466  0.8849  0.8653  0.8495  0.094 37

4 Z5RiE

ZOCHRE T — R T BB B R & 4K R
RoBERTa if F A8 (W i 1T B 00 28 0 vk, 1 ikl
b SR T B SCA 1 4 Jey BT Jy ¥ L LA R SCAR i S
BRER LR IT sy 2K, Bk, T2/ AMR
BIREE A SOR SR 42 )R AMR [, I Ff GCN
XFHEHUA R AMR BB 25 0 FR A, AR HOTT B SCAS 1Y 4
Jii AMR BRI 4, HR TR AMR B30k Ak 2
FTRASCAR A, A RS AMR I SE 4, i stacked -
GCN 4b# R # AMR FIE G AR BT R AMR & 3%
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T mas BT R G N4l RoBERTa HIYI M1 T 4325 201 -

sl i AR | A 1) AR BEAT Rl A AT B OT R SOAR B9 )R R
AMR R4, #HK, 1] RoBERTa #6 B4R i T
BASCAS Y BRSO SCRAIE 153 35T B SCAS (1918 LR IR
e, f e, Bl =R 2RI IT B SO R R ] 4, Il
AL A sigmoid RELSE BT 5026, BT
KT RoBERTa BEFIE Ny W) i 1T FSCA 1Y 1 T SCi
SCRFAESRIBUSERY X6 K SCAR 2 B4 5 8, AT 2525 7
MAFE  WTRES R RS IR I Ak Bt —
W AT AR RoBERTa 458 71 Xk ) I 1780 SCAS A W o
oK B TERERC A

SE Lk
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