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Commodity Attribute Classification Method Based on Dual Pre-training
ZHAO Zheyu, WANG Zhongging and WANG Hongling

School of Computer Science and Technology,Soochow University,Suzhou,Jiangsu 215006, China

Abstract The commodity attribute classification task refers to the process of analyzing the attributes of a piece of merchandise
based on its descriptive text and subsequently categorizing multiple attributes. This process aids in providing insights into mer-
chandise from various perspectives, thereby assisting in marketing and product management. While the utilization of large lan-
guage models is increasingly prevalent, their performance in commodity attribute classification tasks remains suboptimal due to
the lack of domain knowledge and attribute correlations. To address this issue. this paper proposes a dual pre-training-based
method for commodity attribute classification,aiming to enhance the performance of large language models in such tasks by em-
ploying specific pre-training techniques. Building upon the T5 model. this paper introduces two methods: domain-specific text pre-
training and attribute correlation-based pre-training. These methods enhance the model's understanding of the specific task from
both input and output text perspectives, facilitating the classification of multiple attributes of merchandise. Experimental results
on the Clothing Fit Data dataset demonstrate that the dual pre-trained T5 model outperforms both non-pre-trained models and
other baseline models in attribute classification, validating the effectiveness of the proposed approach.
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Fig. 1 Example of product attribute
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Fig. 2 Task example
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Fig. 4 Examples of data processing for pre-training task
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Table 1 Distribution of experimental data

Attribution  Category_num Max_num  Min_num  Avg num std
Body type 6 1869 1285 1666 277
fit 3 7308 1184 3333 3445
Rent for 5 2999 1162 2000 717
rating 3 6128 958 3333 2610
Category 16 856 304 625 163

Hodp, fie J@ 0 rating J&@ M B 3% AR B0HE 8 B b (fie
JEYEE K ZL K fit, rating J& M {H K £ 4 high) , K 76 R AT fE
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Table 2 Distribution of training set, validation set and test set

train validation test

8000 1000 1000

4.2 XBHSHRE
AT BT AT 0 S2 36 S 82k 3 Bl .

Table 3 Experimental parameters

parameter value
Transformer blocks 12
Hidden size 512
Self-attention heads 8
Total parameters 1.1x108
Learning rate 1X10 4
Max length(input) 256
Max length(output) 256
Batch size 16

AN, S LA 8 R Adam fE AL % , #H Cross-Entropy
Loss 1E A% pR L.
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Table 4 Experiment results
Model Fit Rating Rented for Body type Category Avg
ChatGPT 43.0 27.7 30.1 18.0 35.3 30.8
Llama 2 50.2 64.0 55.0 20.0 34.7 44.8
BERT 66.3 50. 3 50.5 19.8 40.9 45.6
XLNet M 56.9 47.2 11.4 37.8 44.0
BERT+ TextCNN 65.5 52.2 48.5 23.7 43.1 46.6
WE R % 73.7 67.2 60.2 24.7 53.9 56.0

DTS 47 2 J8 1 28 b o 3 2R A7 30 1k o0 26 Y 45 51

S SR WIICA R A B T 4R v A A ) B 5 2R — B
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Table 5 Ablation experiment

Model Fit Rating Rented for Body type Category Avg

TS %8 % 69.3 62.8 53.5 16.5 43.5 49.1

TS % 8 i 71.9 65.3 56. 8 24.1 52.6 54. 2
U A SR T S 72.8 65.5 58.8 21.8 53.0 54, 4
BEXBMETIE 723 66.6 58.8 23.6 53.7 55.0
WE I H 73.7 67.2 60.2 24.7 53.9 56.0
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Table 6 Comparison of in-domain pre-training experimental results

Method Avg_score
10% & % 54.3
15% 7/ % 54. 4
20% 7 & 54.1
T5 & Wl % 54.2
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Table 7 Comparison of pre-training experimental results based on

correlation between attributes

Method Avg_score
AE1LBRE 55.0
A#E245BRE 54. 6
BE124BKE 54.3
T5 & 9l % 54.2
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Table 8 Comparison of experimental results based on dual

pre-training

Method Avg_score
taskl — > task2 55.2
task2 —>taskl 56.0

taskl+task2 54.2
T5 & H il % 54.2
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Table 9

S5 537

Cases study

RTS8 46 R 28 XU P2 iy B AR TS BT

i it

B

1 passed over this dress a few times when browsing because 1 wasn’t sure if it
would work with my body shape. I normally wear a 10 or 12 and in this dress
ended up wearingthe 12. 1 wore it to a family wedding and got tons of compli-
ments. It was a little snug around the bust, but it actually ended up being good
thing because I didn’t wear a bra. The pockets were great! I loved it so much I

didn’t want to send it back. Please speculate on the details of the purchase.

JL 52 {H . fit; high; wedding; full bust;dress
FEVEHE A . fits highs wedding; full bust; skirt( X)
HE N 4 A fit; high; wedding; full bust;

dress

I hated sending this skirt back! It was dressy enough for a rehearsal dinner(as a
guest,not the bride). It was perfect with a statement necklace, well-worn denim
shirt,and strappy heels. It has three layers:a top mesh layer,lace layer,and un-
der slip. I was worried it would get snagged on something.but I seemed to avoid
doing that. (Just be careful when sitting that your heel doesn’t get caught!). 1
‘m 5'4",and this skirt was super long. It came to somewhere between ankle and
mid-calf. I thought it would be a little overwhelming, but it was perfect. Really

wish 1 could have kept it,and would rent it again in a heartbeat! Please specu-

F 524 L fit; high; party; pear; skirt
FE M A L fits high; wedding( X)) ; straight &.
narrow( X ) ; skirt

BCE T SR AE A fit; high; party; pear; skirt

late on the details of the purchase.
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