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BEML: A Blended Learning Analysis Paradigm for Hidden Space Representation of Commodities

ZHENG Qijjian and LIU Feng
School of Computer Science and Technology, East China Normal University, Shanghai 200062, China

Abstract With the advent of the Internet economy era,the efficient management of e-commerce platforms has garnered wide-
spread attention from both academia and industry. Among various factors, the accuracy and automation level of product classifica-
tion directly impact users’ experience and the optimization of operational efficiency. In light of this, this study delves into the la-
tent space representation of product information, proposing a blended learning analysis paradigm for product latent space repre-
sentation(BEML). This framework integrates advanced bidirectional encoder representations from transformers(BERT) techno-
logy with traditional machine learning methods.aiming to significantly enhance the efficiency and accuracy of automated product
classification through detailed analysis of the latent space of product information. By conducting comparative analysis with current
mainstream deep learning and machine learning algorithms, this study validates the exceptional performance of the BEML frame-
work in product classification tasks. Experimental results demonstrate that the BEML framework achieves a macro F1 score of
85.79% and a micro F1 score of 84. 73%. Both exceed the current best F1 score of 83. 3% ,reaching a state of the art. Moreover,
this framework not only represents a theoretical innovation but also holds significant practical application value in the realm of in-
formation management and automation processing within the e-commerce sector, providing an efficient and reliable blended lear-
ning analysis paradigm for the field of technology and business.

Keywords Latent space representation, Pre-trained BERT model, Automated commodity classification, Intelligent commodity

classification, Sci-tech driven business
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FRAE , [P S0 % 7 MR A RN T B A4 . 7E B A (R WL 9 5
BIEFE L i T RER A LR 5 0 TR R AR SRR
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Gt (Class) 4T T N ThRTE , 5 2045 31 (14 48 45 2.7 100 Fh AR
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2k 1.
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Table 1  Product examples in products label dataset
b AR A &N FE R R % E R
Ossetra Sturgeon Caviar 250g(8. 8 oz) i3 # K /il 8
Tazo Tazo Calm Chamomile Herbal Tea Bags 24 Ct,0. 13 Kilogram ES W
Gold Medal Cherry Pink Glaze Pop Frosted Popcorn Mix,28 0z,12 Count - ¥ &% BB PR B
Home Dishwasher Free Installation Small Dishwashing Desktop Dishwasher Au-
¢ v e A B &

tomatic Intelligent

3.3 iFM4ELR
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Fig.1 BEML architecture
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Fig. 2
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Training architecture of sentence-BERT

240300150-3



Com puter Science THEHLES Vol. 51,No. 11A,Nov. 2024

W R 3 2 SR S AT 45 vh (9 B A B AR (1 7900 5 2 T
Brick e = Lp (Relu(Linp (Relu(Liyp (8))))) (3)
Classyeia = Linp (Relu(Linp (Relu(Lijp (8))))) @5

Hh, L R 22 BAALNEE iG=1,2,3) )%, LM L 43

R W FR 2 Brick MAR%E Class BHLR

- 8 L)
’ > ° Ha > o'e o f
AT R -ﬂ‘m 4,
4 PL PO 2] ‘o}p - o Tk
o '.._c.": aey ¥ ',m‘ <
R, ARENS
A S 00 SR e
DR il YAl L SN 3
B St Mo « ¥ 4° '{l' o
AT .3.'5’%{-:..-?1 23 f 4’ AN
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il SR
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Fig.3 T-SNE visualization of latent space representations at

different product class levels

2 LTk . BEML IR G 4r I E QR f Ji AR AN B8k 1 B
Hik 1 BEMLEA 4 HTHESE L3R
A R RARAE (INPUT)
iy B ORT R Y 7 28 0 Bricks . BT JE R 28 00 B JE 280
Classi ¢(OUTPUT)
1. WHILE MLy in MLAlgorithms:

2 WHILE datayain » dataes s labelpsick » labelclass in datasets:
3. ML, "= Train(datay » labelpick » ML Algorithm)

4 ML = Train(data ., » labelcjass » ML Algorithm)

o. Ei=BERTp, (Caption;)

> wi
fs.S,:{k’l |wi €EEi}={s|s€R™! }
m
7. Brick;=ML'(S))
8. Class; =ML/ (S))
9. END WHILE
10. END WHILE

5 XBWELRSN

5.1 ZBHERE

S IE AT AR R BRSO B . NVIDIA 4070 Ti;CPU: In-
tel(R) Core(TM) i5 3. 50 GHz; W47 :32GB; Wi 4 . 1T; RS iz
1T ¥ 8% - windows10 El i, 4 f2 FR8% . Python3. 8,
5.2 Rz iE s ETF T-SNE B R /T 4
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P G T W 555, 5 Ak R T B s B rh i R AR AR B . TR AT R A
) g 43 25 A 4R IR 2 B0 O R R 1 o B s [) v O TR R A 43
KRYF W B o0 A0 R, AR ST #4372 B A
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Table 2 Product categories

CLASS # 4 B (4 2)H[A1] CLASS % F F[A2]

KA (i 5 %)
ER LRAC EES)
7 FEIGIE R ]

T A R R i 2 A 2 G 5 s TR R B 1 84 A 1
N 4 Fix. B4 ME 4(b) 2% T R —HL i & Sk e R
W28 R RAbR % T 0y 2z e g, B 4 i Jm TR 2K
T Al A B 4 Cb) FR g 4o T AL R RE RO 3 R 2L
4TI B T SRR 28R 9 1 it o) F7 A2 350 ™ o 1Y) o &5
A e ISR 2, ME=RERRT . ESHE
B e b B R B W T TR B SR o B il s = N ]
2, AP S IRA A RM T B K R E AR
U R (BERTD) 18 J6 3 52 BT A [ 5 26 F 7 b A 80 A0 1 4R
057, BRI A2EAE NN A DA
St A0 L T AL 0 5 B b A UM AT 2 5 B0 s Tl
e R L ES . 7 BEML RS 2% 2 348 p i 1 76 B 2s (A
7 B AR U2 AT R A A R R B MR IR 1 4 2 A K
T Fh T A R A Y o b R

ST
! '.'1‘3‘1‘: CAERER
R,

(B i KRBT Bz MRAL M (b) ™ dh 2R G T K 2s 18] R AiF 53 A

Bl 4 7SR IE(Class) B R A= 5 28 (Brick) B 9T Fs AR AE 1
T-sne Al L4k
Fig. 4 T-SNE visualization of latent spaceat class levels and brick

levels

5.3 EZWERSW
TE B 23 8] 1) 8 i 2 59 2R 0, AR 2304 T T &8l B0 1
Sentence-BERT #&8Y , 7EBa 25 M5 B A2 48 09 5 i b, AL
e IEHEAT LB I L& 2 I SRR B S 8o 2k 3 g, 7
TR YN S ok AR v, S 58 O 94 A4S Y 1) B AL 2 ORR E e £ 5
B E R T,
3 ML B MRS IR

Table 3 Meshed parametric search of machine learning algorithms
HA %5 HH KA
& # B % %3 B (H 4 & .[100,50,20])
MLP W @ 4. [ Cidentity” , ‘logistic” , “tanh’, ‘relu’ ]
BE A A 4 k[ lbfgs”, *sgd” . “adam’ ]
&K ®E.[5,10,15,20,25,30,35,40,45
XGBOOST BARR:L5.10.15 5]
T # A #.[50,60,70,80,90]
s A F E[5,10,15,20,25,30,35,40,45
WL 76 A kARELS,10,15, 5,40,45]
Il # A # . [50,60.70,80,90]
SVM B % A [ “linear’, “poly”’, ‘rbf’, “ sigmoid’ ]
) fE 5 A #:[0.5,0.6,0.7,0.8.0.9]
p & K& :[5,10,15,20,25,30,35,40,45
e St FRS0 .
5 B3 3 .[ “entropy’ . ‘gini’ ]
Tt A A A5 B A E Lo (GaussianNB)

UL ot 3 14 B )3 (MultinomialNB)

TR /N W JE M 53 JAT 55 T AT R [RIBLES 2 1 J7 i Y
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BEML 75 [6) 15 B AR BB R R0 SR an 28 4 7 5, Hovh 45 A LA
HIFEHWRERRSE . HERGERTHEHT SVM
YERAE BHRBUZ 1 BEML 35 81 T f sk 51 - M 2 50 73
i 2 R BT 2 W F1 845 B 7 5.84% . IF
H..XGBOOST FIREHL AR AR IT Wik 2 T Hr MLP BRCR .

4 W RADEGRES T BRI RSB G R
Table 4 Each model’s best performance and parameters in

brick level classification task

#OE A F1_micro/% F1_macro/% HHEE
AL A #:0.5
SVM 82.61 82.48 o
% & ¥ . poly
WIE 3 identity
MLP 76.76 76. 84
' RE 4 1 adam
RKARKEES
XGBOOST 76.56 76.71
’ B A 3 .95
A RJE 40
ki # 72.25 72.67 - ]
EiLE T EA# .90
Wt 3 & B 37.92 40. 45 # A ; GaussianNB
=3 EE 15
e 4 35. 66 35. 89 BAR B 15

15 B 3 3 :entropy

B0 R R ST AE 55 (9 S IR 25 R NSk 5 T A, R A
% FAKSR M SVM 1 5 B 42 IUZ (1 BEML #5815
THRGWSER, EEEMMN FL 456 58 T 85 79%
84.73% M TFTH =4 MLP £ F+ T 4. 03% A1 3. 21%. It
Hh s BT 4r 28RO 100 Fp g0 BT 42 Ffr, A R A E) 4
BT ORFERREM FLI8 4R F AR, Hob, L SVM, MLP,
XGBOOST fE } 15 B # 8z 1 BMEL £ 3 il .

5 WERESEES T HERRBUZ B RS B R
Table 5 Each model’s best performance and parameters in

class level classification task

FERBMEEA  Fl_micro/% Fl_macro/% SHEE
SVM 84.73 85.79 Egg;:%ﬁoloy 5
MLP 81.52 81.76 f;ff:j;:‘n

XGBOOST 80.87 80. 04 jﬂr;fﬁ 120
e AL 2% A 73.77 73.71 }ﬁy&iﬁ;go
et B % B 65.83 62. 64 # A : GaussianNB

e S 44. 60 43.90 ggﬁ‘f;;
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