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Research on a BERT-Classifier Architecture for

Automatic Product Category Classification
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ABSTRACT

This research focuses on an architecture that vectorizes the names of various products found in daily life using BERT, fol-
lowed by predicting product categories based on these embeddings. The architecture’s performance is determined by the
BERT model, which extracts embeddings from product names, and the classifier that predicts categories from these
embeddings. Consequently, this research initially aimed to identify a BERT model suitable for classifying product names and
then find the most efficient combination of BERT model and classifier by applying various classifiers to the chosen BERT
model. A simple CNN classifier was employed for the initial selection of a suitable BERT model, serving as a baseline for
performance comparison with other classifiers. The architecture’s effectiveness was quantified using precision, recall, f1
score, and accuracy for category predictions. Experimental results showed that the Sentence BERT model was more suitable
for this task than a conventional BERT model. Additionally, classifiers enhanced with Residual Blocks demonstrated superior
performance compared to the baseline combination of Sentence BERT and CNN. The Sentence BERT model used in this
study, not trained on Korean data, suggests that further improvements could be achieved through Domain Adaptation by
training with diverse Korean datasets.

Keywords: Sentence classification, Sentence similarity, Sentence BERT, CNN, ResNet, Transformer, Classification
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Table 3. The CNN architecture (in this experiment)

Layer Channel | Kernel | Stride |Padding
Conv 128 5 1 2
RelLU - - - -

MaxPool - 5 5 -
Linear num_class - - -
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Table 4. Training results for different BERT models

Model BERT | Loss

sentence-transformers/paraphrase-

multilingual-mpnet-base-v2 S-BERT | 03692

sentence-transformers/distiluse-base- S-BERT | 0.9839

Model BERT | Loss
multilingual-cased-v2
Klue/roberta-large BERT | 1.0126
beomi/KcELECTRA-base-v2022 BERT | 0.8885
beomi/kcbert-large BERT | 0.6685

Loss Curve

Figure 4. Loss Curve of CNN baseline case (epoch=10)
14 B 5% A

44904 ke 3P CNN 5770 Sentence
BERT®} 94t BERTE Z3ste £72 H5S H7t
3}9ith. BERT=2-& ‘Hugging Face’ Z#Zo] &2
222 F/WH o Y= Sentence BERT =3} 3o
7]dke] Yyt BERT =Rd& Z&sych ¢4
Sentence BERT ¢ 7% paraphrase-multi-
lingual-mpnet-base-v2, distiluse-base-multi-
lingual-cased-v2 (Nils Reimers, Iryna Gurevych, 2019)
£ o] &3}t ¥ BERT 2d2 KcBERT(o]FH,
2020), KlueBERT(upstage, 2021), KCELECTRA (o]&
W, 202DE o]-&8l sttt A2 o= F 5719
ER/717F 42k 10,766712] wlo]ejo] i3l prediction
S ZFFY3FATH3, 5, 8, 9, 101

Ao Hrhe= dolE A 7 A vlEl e 5%
Q1 Level 1 7}8|318]E prediction 3h= W42 43
=H9th A% AEEE precision, recall, f1 score,
accuracy2 AR8-3Fith. precision, recall, f1 score?]
74-%- macro averageg AHE-SIIET, 1 olfre AMS
gk dlo]El 9 class® 27} ztolvE 7497 Bol o]
BEFE FHaslet7] fgelnt. ol Table 5.2 pre-
diction®] 3} Ao]rt.

Table 5. Evaluation based on the Baseline Classifier

macro avg.

No.| BERT embedding | BERT | pre- a fL]ace
cision | "“®"| score

S-BERT | 0.73 | 0.65 | 0.65 | 0.70
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()
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macro avg.
No.| BERT embedding | BERT | pre- a fLjacc
cision | "4 score
(4) | KCELECTRA-base-v2022 | ELECTRA| 0.63 | 0.53 | 0.55 | 0.60
5) kcbert-large BERT | 0.65 | 0.51 | 0.54 | 0.58
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Table 6. Training data set and Number of parameters

Model Data Parameter
KorBERT | News Article, Encyclopedia 23GB 110M
KcBERT News Article comment 15GB 109M
KlueBERT Wiki, News, Petition 63GB 111M

KcELECTRA Updated comment 17GB 124M
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Table 8. The ResNet-34 architecture (in this experiment)

Layer Channel | Kernel | Stride |Padding
Conv 128 5 1 2
MaxPool - 5 5 -
Residual 3 128 5 1 2
Residual 4 128 5 2 2
Residual 6 256 5 2 2
Residual 3 512 5 2 2
AdaptiveAvgPool - - - -
Linear num_class - - -

Loss Curve

Loss

10000 12000 14000

Figure 5. Loss Curve of ResNet-34 case (epoch=10)
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2o

Table 9. The ResNet Shallow architecture

Layer Channel | Kernel | Stride |Padding
Conv 128 5 1 2
MaxPool - 5 5 -
Residual 128 5 1 2
Residual 128 5 2 2
Linear num_class - - -

Loss Curve

rrerarions

Figure 6. Loss Curve of ResNet-Shallow case (epoch=10)

5.1.3 Transformer £57]

ulx]ek o 2 Transformer #/7](12] =3 A% H]
wE 3 APE st head s+ 32, encoder
layerst= 22 2435}t CNN E77]9} nfx7lx 2
0.0012] Learning rate, Adam optimizerE AR-83}31th.
ot Transformer®] 724 & epochC 2+ S5
o] FatAl o2 &AI7F 21o] 1002] epoch= Sh<5-&
T3ttt s =8 A7} Loss Curves= Figure 7.9}
Edy=3

Loss
w

Figure 7. Loss Curve of Transformer case (epoch=100)
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Table 10. & Sentence BERTE 7|80 2 QA3 &
A u| L feature 2 83}, ResNet-34, ResNet-
Shallow, Transformer 7]l w3l gt&FA7]13, &
%439 2d3 CNN 77| (baseline)2] A% vluE 2
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Table 10. Performance and Loss Values by Model

No.| Classifier | Loss R BV ace
precision | recall | f1 score
CNN baseline
| “epoctry | 03692 | 07 065 | 065 [0.70
ResNet-34
07017 | 064 | O 059 o
@ (epoch=10) 7 6 58 59 65
3 ResNet-Shallow 00213 0z 068 o loms
(epoch=10)
Transformer
@ (epoch-100) | ©2187| 08 | 063 | 063 1069
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