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Self-attention based neural networks for product titles compression
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Abstract: E-commerce product title compression has received significant attention in

recent years, since it can facilitate more specific information for cross-platform know-

ledge alignment and multi-source data fusion. Product titles usually contain redundant

descriptions, which can lead to inconsistencies. In this paper, we propose self-attention

based neural networks for this task. Given the fact that self-attention mechanism networks

cannot directly capture sequence features of product names, we enhance the mapping

networks with a dot-attention structure, which was computed for the query and key-value

pairs by a gated recurrent unit (GRU) based recurrent neural network. The proposed

method improves the analytical capability of the model at a lower relative computational

cost. Based on data from LESD4EC, we built two E-commerce datasets of product core
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phrases named LESD4EC L and LESD4EC S; we subsequently tested the model on these

two datasets. A series of experiments show that the proposed model achieves better

performance in product title compression than existing techniques.

Keywords: self-attention mechanism; product titles compression; gated recurrent units
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3ý¢�	ÔN�¥, �¤öÏ~=¦^A�'�céû¬?1u¢; éuû¬�£�

�5`, =�±¦^�\°{�û¬'�c®éû¬?1�£L«. �
4û¬¦�U/�

|¢Ú�u¢�, û¬JøûÏ~¦^´L�û¬£ãc®|¤û¬IK, �,ù«û¬¶

¡�3&EP{, ��Ãu>MàûÐ��Àz�¸, �©�û¬IK�,�±éÐ/�^

rJøû¬&E. ,, éuØÓ�>û²�, É�uû¬²��£NX�ØÓ, Ó�û¬3

ØÓ�û¬²��£ãNX¥�3Ø��5. ù«�ÉØ|u?�Ú�ïª²�û¬�£

éà!õû¬�êâKÜ. Ïd, k7��Øû¬¶¡¥�P{c®, ù�ó��¡�P

�û¬¶¡°{. ã 1 Ð«
Ó�û¬3ØÓ>û²�e�w«�¹, IÒ ��û¬3®

À1²�w«�¹, IÒ ��3Uc2²�w«�¹.

ã 1 û¬3ü«ØÓ²�e�w«�¹

Fig. 1 A sample product display on different e-commerce platforms

û¬¶¡°{8áuá©�&EJ�ó�, ,ØÓuá©�&EJ�, û¬¶¡Ly

Ñ±eA:: � û¬¶¡�Ý�é½, �±3�½�Ý±S; � û¬IKSÜ�Â�6'

X�f; � û¬¶¡c5ü�,Ï~d¶c9�þ�/Nc�¤. 8c®JÑ�á©�'�

&EJ��±8B�Äucª�y'X��{ÚÄur�Â�6'X��{ùü«. 3?

nû¬¶¡°{�ùü«�{LyÑ±eØv: � Äucª�y'X��{¤J��8I

A�ü�, I��ï�Û'éÝ
5O�Ùá5A�, 3?n�5�êâ��3�mþÚ�

mþ�O�m�L�; � Äur�Â�6'X��{¿Ø·^uû¬¶¡°{, Ï�ý¢�

û¬¶¡  ¿Øä�Ä���{�6'X,$�==d�
{ü�¶c©n¤,Ã{Ï

LÙ�6'X?1?�Ú©Û.

�éû¬¶¡�A:±9yk�{�Øv, �©JÑ
Äug5¿åÅ�[1]�P�û

¬¶¡°{�{, Ì��zXe.

1 https://www.jd.com/
2 https://www. tmall.com/
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(1) ÄkJÑ
�«à�à�Äug5¿åÅ��P�û¬¶¡°{�{, ·¶�

ERS-NET, T�{äk{'p��A:, ¿�ØI��6	Üêâ.

(2) �âû¬¶¡°{�A:,JÑ
¦^Äu��Ì�ü�� ²�ä5)ûg5¿

åÅ�Ã{��æ8û¬�S&E�¯K, ¿±d��
g5¿Å��ä¥�n�c"�

ä, ±����d��
�.�N5U�J,.

(3) 3 LESD4EC êâ 8[2]� Ä : þ, )¤ 
 û ¬ ¶ ¡ ° {êâ 8LESD4EC L

Ú LESD4EC S, ¿±d�Ä:?1
P{û¬¶¡°{��y. ¢�(JL², �©J

Ñ� ERS-NET�ä�.`u®JÑ�û¬¶¡°{�ÄO�..

1 �'ó�

éuP�û¬¶¡°{, Ì�Äug,�ó?n¥�©�Á�)¤9'�cJ�?Ö

�ïÄ. ïÄö�F"3�©©�¥)¤�¹©�'�SN�Á�, ~�&E*	ö�&E

*ÿþ, J,©�&Eu¢�Ç[3]. DÚ�J�ª�{Ì��6ué©�A��ÀJ. Rose

�<JÑ
Äucª�yA��©�'�c)¤�{ RAKE (Rapid Automatic Keyword

Extraction)�{[4]. Mihalcea �<JÑ¦^ã(�#|�©�A�, |^ PageRank �{

5J�Á�&E, ¿·¶� TextRank[5]. Zhao �3TextRank �{�Ä:þ, �Ä©��Ì

K9þe©&EA�, JÑ
 TopicPhraseRank �.[6], ^u Twitter©��Á�&E8B.

ÃØ´Äuã(�A��´cªA���{, 3�ï�Û'XÝ
�Ñ¡�XO��mm

�L��¯K, ¤±da�{¿ØUéÐ/Aé�5�©�&E�Á�)¤?Ö. �X 

²�äEâ3g,�ó?n+�Øä���wÍ¤Ò, ïÄö��âá©�Á�?Ö�A

5, æ^Ü·(���ä?1©�Á�)¤?Ö�ïÄó�, da�{Ï~æ^�k�á

ÏPÁ�ä[7](Long Short-Term Memory, LSTM)½��Ì�ü�[8](Gated Recurrent Units,

GRU)� ²�ä�., �Ü5¿åÅ�[9-10], ØI�Lõ�A�ÀJ, ��ÏLÆS©��

ci\A�?1Á�)¤. Nallapati �JÑ
¦^Äu Seq2Seq(Sequence to Sequence) �

.[11]� ²�ä?1©�Á�)¤, òÙ·¶� TextSum �.[12]; ©z [13]3dÄ:þ, °

{
T�.��ä(�, JÑ
ÄuVÇýÿ� SummaRuNNer�ä�.5ýÿ©�Á�

&E. See �éÄu Seq2Seq �Á�)¤�.?1
U?[14], Ú\�� (Pointer Networks) Å

�[15]?1©�Á��)¤. P�û¬¶¡°{þ´Äu±þó�?�ÚÐm�.

yk�ïÄó�Ì�©�Ä�ª�{ÚJ�ª�{. Ä�ª�{ØÛ�u�©�¥�

c®,ÏL¼��©�¥��ÂA�, lc®L¥)¤�Âë0�Á�. Zhang �JÑ
Äu

GAN(Generative Adversarial Networks)�ä[16]g�� MM-GAN �.[17], éû¬IK�&E

?1Ø , T�{¦^ Seq2Seq �.�� GAN �)¤ì, Ä�)¤û¬áIK, ¿¦^,

	��Äu LSTM � RNN(Recurrent Neural Networks)é)¤�&E�þ?1�O.J�ª

�{´l�©�¥J�8Ic®, #|Ü¤©�Á�. Wang �JÑ¦^�ÎF�éû¬

&E?1	Ü�ÂOr[18], ?�Úéû¬IK�áIK)¤. Gong �3ykó��Ä:þ

¦^	ÜcªA�(Term Frequency–Inverse Document Frequency, TF-IDF)±9·¶¢NA

�(Named Entity Recognition, NER)5éû¬&E?1A�Or[2], JÑ
Äu LSTM � 

²�ä�.——FE-NET �., ±d5?nû¬áIK)¤, ¿Jø
Äu=��Õ1�û¬

áIKêâ8 LESD4EC. �©ó�3J�ªû¬áIK)¤�Ä:þ, fz¯K��é	

1 https://www.taobao.com/
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ÜA�êâ��6, ?�Úéû¬¶¡°{EâÐmïÄ.

2 Äug5¿å�û¬¶¡°{�{

2.1 ¯K½Â

�©òP{û¬¶¡°{=z�S��©a¯K. �½û¬¶¡S� T ={t1, t2, · · · ,
tn}, ±9û¬ NERá5E={e1, e2, · · · , en}, Ù¥ t �Lû¬¶¡¥�üc, e �Lû¬¶¡

üc NER IP, n �Lû¬¶¡�Ý. ¦^Y ={y1, y2, · · · , yn}L«û¬¶¡°{S�IP,

éA)¤�û¬°{¶¡ S, ÙO�úª�

S = T ∩ Y, yi ∈ {0, 1} ∧ |S| 6 γ, (1)

Ù¥, γ �°{c®þ��ê, �γ 6 n.

P�û¬¶¡°{�8I3u�½¶¡S� T ±9û¬ NERá5 E, ¦Ù°{c®ý

ÿ(J Y ′ �ý¢�IP(J Y m�éêq,���$, 8I¼ê½Â�

L = min
∑n

i
ϕ (P (y′

i|ti, ei), P (yi|ti, ei)), (2)

Ù¥ϕ^uO�éêq,��.

2.2 ERS-NET �.

�éu RNN Ú CNN(Convolutional Neural Networks)�ä, g5¿åÅ��ääkûÐ

�¿15, ¿��±ÓPéf�Û�6'X[1], Øv�?3uf�g5¿åÅ��äÃ{¯

�¼�©���S'X. ®JÑ�g5¿åÅ��ä¦^��c" ²�ä, òÑ\�©�

&EN�¤�n�'XÝ
, �ÎÝ
 Q ∈ R
n×d, ��éÝ
 K ∈ R

n×d Ú V ∈ R
n×d, n �

LÑ\S��Ý, d �L�ä�Ý. ,�ÏLúª

ATT = Softmax

(

QKT

√
dk

)

V (3)

O� �:È5¿åATT�©.

�©æ^Äug5¿åÅ���ä5)ûP�û¬¶¡°{, ¤JÑ��ä�.�N

e�Xã 2 ¤«.
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Fig. 2 Overview of the ERS-NET model

ÄkÏL��ci\�ä�, òÑ\û¬¶¡S� T N��ci\L« T ′. �Uõg

5¿å�äéuû¬¶¡�S'X�ÓPUå, �©JÑ¦^V� GRU�ä��g5¿å

�ä¥�n�c"�ä, òV� GRU�ä�ÑÑ(J©OµC¤�ÎÝ
Ú�Ý
, �Ý


dV� GRU�ä�ÑÑ(J©���, ,�2O�:È5¿å�©, O�úª©O�

−→
h =

−−−→
GRU(T ′) , (4)
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←−
h =

←−−−
GRU(T ′) . (5)

$^ GRU�ä��SÓPUå, 3��V� GRU�ä�Û�ÑÑL«
−→
h �

←−
h �, Ï

L�����Û�L«O�z�û¬c��Û�6'X, 2¦^ Softmax �{?1��5-

¹, ��û¬IKSÜ�5¿å©ÙÝ
, ��ò� GRU Û�L«[
−→
h :
←−
h ]©�¿�5¿å

©ÙÝ
�¦$�, ��8I:È5¿åATT, ¤éA�úª©O�

dot =

(−→
h ×←−h T

√
dh

)

, (6)

ATT =
exp (doti)

∑n
i exp (doti)

·
[−→
hi :
←−
hi

]

. (7)

�©æ^ Vaswani �JÑ�õÞ¿1�Y[1], ò¤�� GRU Û�ÑÑ(JÏL m �¿

1Ï�?1:È5¿åO�. z��Ï��:È5¿åO��ª�

Headi = ATT
(−→

h W
Q
i ,
←−
h WK

i

)

, (8)

Ù¥, W �L�ä�ÔöëêÝ
, éuz�¿1Ï�, W ∈ R
n×(d/m).

|^þãL§���õÞÝ
©�¤������Ý
,ÏL�ë��ä�¢y8I

Ý
����5N�, ¿¦^ Softmax ©aì?1û¬cIPýÿ, ��¦^�����é

Ùýÿ(J?1��O�, ¤éA�úª©O�

H = [Headi : · · · : Headh]W o + bo, (9)

Y = Softmax ([H : E]) , (10)

Ù¥, E �Lû¬¶¡¥� NERá5, W Ú b´ ²�ä�Ôöëê. ERS-NET�.��

{6§X�{ 1 ¤«.

���{{{ 1 ERS-NETû¬¶¡°{�{

Ñ\: Ôö8û¬¶¡ T train, Ôö8û¬IP Y , ÿÁ8û¬¶¡ T test, �.S�gê

Steps(st), g5¿O�Þêm

ÑÑ: ÿÁ8°{û¬áIK S

1: train:

2: for all �äëê do

3: ¦^�ä��©Ù�ÅÐ©zëê

4: end for

5: /*Ö�êâ*/

6: T ′
← ci\�ä(T train)

7: for st ← 0 to steps do

8: for t in T ′

9: ht ← BiGRU(t,ht−1)

10: end for

11: for i← 0 to m–1 do

12: ¦^úª(6)O�û¬c�Â'X

13: ¦^úª(8)O�üÞ5¿å�©
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14: end for

15: H ← concat (ATT)

16: Y ′
← Softmax(H)

17: L← –
P

ylogy′, y ∈ Y � y′
∈ Y ′

18: if st == 0 or L < minL

19: model.save()

20: minL ← L

21: ¦^ Adam �{��z�����¼êL 5�#�äëê

22: end for

23: test:

24: model.load()

25: Y predict ← model(T test)

26: S ← Y predict∩T test

2.3 �{E,Ý©Û

3P�û¬¶¡°{¥, �©¦^O�E,Ý� O(n · d)!S�ö�� O(n) � GRU�

ä, é�k�g5¿åÅ��ä?1êâ�S�Or, ¿��)¤�ÎÝ
9�–�Ý
�

c" ²�ä, O�E,Ý� O(n · d), Ù¥ n�S��Ý, d�O��Ý. �
�y GRU�

ä�Øé�N��ä�.O\�	�O�þ, I�é GRU�ä�O�5�?1�å. 3

ERS-NET�ä�.¥, õÞ:È5¿å�ä��Ý
´dV� GRU�ä��ÑÑ(J©

���, ��yg5¿åÅ��ä�O���5, I�ò GRU�ä�ÑÑ�Ýü$��c

"�ä�1/2, ù��±3�½§Ýþ~��.�O�m�. d	, ��ÏL�� GRU�

ä�Ñ\O��Ý?�Úé�.?1`z. GRU�ä�Ñ\&Edci\�Jø, �Ò´

`, ~� GRU�ä�Ñ\O��ÝIÓÚ~�ci\��O��Ý. ù«N��`:´�

±Ó�~�ci\�Ú GRU�ä��O�m�. ¢�y², ÏL±þN�üÑ�±��

ERS-NET�ä�.��NO�m�.

3 ¢ �

3¢�L§¥, �©©O�Ål LESD4EC L Ú LESD4EC Sêâ8¥Ä� 500 000^

û¬êâ��Ôöêâ, 50 000^��ÿÁêâ. û¬¶¡�N�� 300�Ý��þ�m¥

?1ci\ö�, ¿¦^�ä��©Ù U(–0.01, 0.01)éÙ?1Ð©z, ci\SNò3Ôö

L§¥?1`z. ���.�Û��Ý��� 512�, ¦^ 8 �Þ�¿1Ï�?1:È5¿

åO�, ¦^ÆSÇ� 0.001 � Adam[19] `z�{é�äëê?1�#.

3.1 êâ8)¤

�©¤¦^��©êâ8 LESD4EC �¹ 6 481 623^êâ, ¿Jø
û¬¶¡(title)!

û¬·¶¢NI5&E(NER)!û¬Á�êâ(Y ). duI5ó�ö�µ!¤ä���£�

Ï�, ¦�I5(J�3�½��É5, =Ó�û¬IK�U�3õ�ØÓ�IP, ��


IP(J�Ø��. ¿��Xû¬¶¡�Øä�#, �
�©IP®Ø�3u�cû¬¶¡

�¥. Ïd�©é�© LESD4ECêâ8?1
©Û, Ü¿
�Óû¬IPêâ, )¤
�

©�û¬IPêâ8 LESD4EC L, ¿3êâ8 LESD4EC L �Ä:þ#ÚO
û¬I5

¥I5ªÇ, =�âck0S�K,GØI5ªÇ$�û¬c®, �ª)¤
á©�û¬

êâ8 LESD4EC S. �Ä�û¬&E�¢^5A:, 3GØ$ªc�c, ¬�Ä�©êâ8
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LESD4ECJø� NERá5±9�©û¬c� �A�, ~X�éuû¬ NERá5“ÊÏ

c”, �©���u“¬ý”!“¬a”ùa�äkû¬A5�c®, ¿�@�û¬�©êâ¥ 

��c�c®�äk�L5. äN)¤L§X�{ 2 ¤«. �ª)¤
©O�¹2 031 353^

êâ��©�û¬¶¡°{êâ8 LESD4EC L Úá©�û¬¶¡°{êâ8 LESD4EC S,

û¬¶¡Ü¿�~XL 1 ¤«.

���{{{ 2 û¬¶¡°{êâ8Ü¿�{

Ñ\: û¬êâ8 LESD4EC, '�cþ��ê γ

ÑÑ: û¬¶¡°{êâ8 LESD4EC L, LESD4EC S

1: for title in LESD4EC

2: repeat

3: ò� title �Ó ID �û¬IP Y Ü¿;

4: �#�LESD4EC L;

5: until Ã��#êâ;

6: �â NER &E� title IP©��, �â�O�IP�© Score;

7: �â Score �©, 3 title SÜ?1c®üS, ¿GØ Score� 0 �c®;

8: if k�IPc®ê< γ

9: òk�IPc®�#� LESD4EC S;

10: else

11: òcγ �IPc®�#� LESD4EC S;

12: end for

LLL 1 ûûû¬¬¬êêêâââ888ÜÜÜ¿¿¿���~~~ÛÛÛ

Tab. 1 Example of product title datasets union

û¬¶¡ I5ö 1 I5ö 2 I5ö 3 I5ö 4 I5ö 5

 7ú, #¬, rÝ, �, �

O, 7Î, c�±, x, ¯f,

å), �Ö!, r¬

�, �O,

7Î, r

Ý

 7 ú,

�, �O,

7Î

 7 ú,

� O, 7

Î

 7ú, �

O, 7Î

kÏ, ��,

�, � O,

7Î

û¬¶¡ I5ö 6 I5ö 7 I5ö 8 LESD4EC L LESD4EC S

 7ú, #¬, rÝ, �, �

O, 7Î, c�±, x, ¯f,

å), �Ö!, r¬

r Ý, �

O, 7Î

rÝ, �,

� O, 7

Î

 7 ú,

� O, 7

Î

 7ú, r

Ý, �, �

O, 7Î

 7ú, r

Ý, 7Î

3.2 ¢�ÄO�.

3é'¢�¥, �©À�
?è–)è�. Seq2Seq[11]
!g5¿åÅ��. Self ATT ±9

ÄuõA�Ñ\� FE NET �.[2]��ÄOÿÁ�.. Seq2Seq´�«2�A^u©�)Û�

�ÝÆS�.. Self ATT u Transformer �.[1], A^uÅì�È. �
·^uû¬¶¡°{,

�©l�k� Transformer �.¥J�
���g5¿åÅ��ä(�, ¿�E
g5¿å�

ä Self ATT �.. FE NET �.´;�^uû¬áIK)¤��..

3.3 ¢�µ�IO

�©æ^ ROUGE(Recall-Oriented Understudy for Gisting Evaluation)�I[20]5é�.

)¤�û¬°{IK?1µ�, T�I8c®�2�/A^u DUC(Document Understanding

Conference)Á�µÿ1 . �
��¡/ïþ¤)¤û¬áIK��þ, Ó©z [3] ��, �©�3

1 https://duc.nist.gov/
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ROUGE Ä:þÚ\
°(Ç(Precision)!ð£Ç(Recall)9 F1 ©ê(F1-score)5?�Ú©Û�

.5U. éÜµ�O��úª©O�

ROUGE P =
|S ∩ Sh|
|S| , (11)

ROUGE R =
|S ∩ Sh|
|Sh|

, (12)

ROUGE F1 = 2× ROUGE P × ROUGE R

ROUGE P + ROUGE R
, (13)

Ù¥, Sh L«<óI5�û¬IK, S L« ERS-NET ýÿ�û¬IK.

3.4 ¢�(J9©Û

�©©O3�©�û¬IPêâ8 LESD4EC L Úá©�û¬IPêâ8 LESD4EC S þ

é ERS-NET �.9Ù¦ÄO�.?1
ÿÁ�y, ¢�(JXL 2 ¤«.

LLL 2 333ØØØÓÓÓêêêâââ888þþþ���ûûû¬¬¬¶¶¶¡¡¡°°°{{{¢¢¢���(((JJJ

Tab. 2 Results on different datasets

�.
LESD4EC L LESD4EC S

ROUGE P/% ROUGE R/% ROUGE F1/% ROUGE P/% ROUGE R/% ROUGE F1/%

Seq2Seq 60.22 72.71 65.88 76.40 78.37 77.37

Self-ATT 73.36 74.10 73.73 79.18 82.17 80.65

FE-NET 73.02 74.84 73.92 81.73 85.30 83.48

ERS-NET 74.86 76.62 75.55 82.94 86.85 84.85

lL 2 ¥�±wÑ, 3û¬¶¡°{=û¬áIK)¤¥, Seq2Seq �.²wÖÚuÙ¦�

.. �'uÙ¦ÄO�., Seq2Seq �.d?èÚ)èüÜ©|¤, üãª�êâ�pØ�;�

/¬Úå&E��, ¦+3¢��L§¥, ¦^
 Luong 5¿å[10]5é Seq2Seq �.Or, �

,Ã{UõT�.� ROUGE F1 . FE-NET �.��;k�û¬áIK)¤�., �÷u´

L�	Üû¬A�&E, 3¢�¥��
�Ð�¤1. Self-ATT �±éÐ/ÓPéf��Û�

6A5, 3P{û¬¶¡°{¥, ©O3 LESD4EC Lêâ8Ú LESD4EC Sêâ8þ��


ROUGE F1� 73.73% Ú 80.65%. �©3dÄ:þ, ¦^�5� GRU�äéÙ?1�Â�S

Or, �ª��� ERS-NET �., �éu FE-NET �., §fz
�.é�ÛA���6, =

=�Ä
êâ���á5A�, Ù ROUGE P!ROUGE R!ROUGE F1 3ØÓêâ8þþ�

�
�`, ROUGE F1 ©O��
 1.63 �z©:Ú 1.37 �z©:�J,.

�
 ? � Ú N � ERS-NET � . é û ¬ ¶ ¡ � ° { U å, �©¦^ Sigmoid - ¹

� � � 
 � k � Softmax © a �, ÏL N ! © a K � τ 5 ( ½ � ª � © a ( J, Ù

ROUGE P!ROUGE R!ROUGE F1 �CzXã 3 ¤«. 3û¬¶¡°{�, �K�τ=0.4�

�±�� ROUGE F1 ��`, ©O��
 76.34% Ú 85.14%.

3û¬¶¡°{¥, �,�©¦^
��5��Äu RNN (�� GRU�äég5¿å

Å��ä?1�SOr, ��,����pE,Ý� GRU�ä�)��	O�m�, �I�

é GRU �O��Ý d ?1�å. 3¢S�¢�¥, �©�å GRU �O��Ý d = 50, ¿�ò

ERS-NET�äÜÝ�ü«5��=��ã/?nì(Graphics Processing Unit, GPU)þ?1

ÔöÿÁ, ©O´ Nvidia Quadro P6001
!Nvidia GTX 10602. L 3 Ð«
z�^êâ3ü«5

� GPU þÔö¤s¤��m, ü �¦(s). l¢�(J¥�±wÑ, ÏL�å GRU�ä�O

1 https://www.nvidia.cn/content/dam/en-zz/Solutions/design-visualization/ documents/Quadro-P600
2 https://www.nvidia.cn/geforce/products/10series/geforce-gtx-1060/
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Fig. 3 ROUGE performance on product title compression with different thresholds

LLL 3 ØØØÓÓÓ GPU eeezzz���^̂̂êêêâââ���111���mmm

Tab. 3 Computational time per ten thousand data items on GPU

GPUs
s¤�m/s

Self-ATT ERS-NET

Quadro P600 11.179 10.365

GTX 1060 3.957 3.831

4 Y ~

�©À�Ó�Ñy3ü�êâ8¥�ü�û¬, ÏLäNY~?�Ú©Û ERS-NET �.

3û¬¶¡°{þ�`�5. XL 4 ¤«, Ù¥�M L Ú S ©O�L3êâ8LESD4EC L Ú

LESD4EC S þ?1�¢�, LESD4EC Sêâ83I\�Ýþ�
þ�� 3 ��å. �±wÑ,

Y~ 1 ¥, �.ÏL3ØÓêâ8þ?1ÆS, �±éÐ/�â�gêâ8�I\A5é�û¬

¶¡?1°{. e±Y~¥�I\�µ�ÄO, ERS-NET �.3Y~ 2 þ�ýÿ(JÖÚuY

~ 1; �l°{�(J5w, 3 LESD4EC Lêâ8þ, Ùýÿ�û¬°{IK“$ÅK$Ä%Ç

Ã�7ß�Y�Å”¿vkK��¯éû¬�n), ¿�3 LESD4EC S þ�ýÿ(J“jabra 7

ß�Å”�'�I\“jabra $ÅK�Å”äk�Ð��Ö5. läN�¢�Y~�±wÑ, 3ý

¢�A^|µe, ERS-NET �.�,äkûÐ�û¬¶¡°{Uå.

LLL 4 üüü���ýýý¢¢¢AAA^̂̂|||µµµeee���PPP{{{ûûû¬¬¬¶¶¶¡¡¡°°°{{{YYY~~~

Tab. 4 Case study with real application scenarios

Y~ 1 I\ L °{ýÿ L I\ S °{ýÿ S
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