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Abstract: With the development of Internet technology, online education has changed

the learning style of students. However, given the lack of a complete knowledge system,

online education has a low degree of intelligence and a /knowledge trek0problem. The

relation-extraction concept is one of the key elements of knowledge system construction.

Therefore, building knowledge systems has become the core technology of online education
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platforms. At present, the more efficient relationship extraction algorithms are usually

supervised. However, such methods suffer from low text quality, scarcity of corpus, difficulty

in labeling data, low efficiency of feature engineering, and difficulty in extracting directional

relationships. Therefore, this paper studies the relation-extraction algorithm between

concepts based on an encyclopedic corpus and distant supervision methods. An attention

mechanism based on relational representation is proposed, which can extract the forward

relationship information between knowledge points. Combining the advantages of GCN and

LSTM, GCLSTM is proposed, which better extracts multipoint information in sentences.

Based on the attention mechanism of Transform architecture and relational representation,

a BTRE model suitable for the extraction of directional relationships is proposed, which

reduces the complexity of the model. Hence, a knowledge point relationship extraction

system is designed and implemented. The performance and efficiency of the model are

verified by designing three sets of comparative experiments.

Keywords: knowledge system construction, relation-extraction, attention mechanism,

distant supervisor, Transformer
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$e.

þã¯K�)��Ï´vk�@�g©²!'X²(��£NX. k
����£N

X, ²�Ò�±ò��lÑ�]
k��Üå5, ÏL�£:�m�'X5uy�§!K

8!�Y���]
�m�'X, �U
l^r�èAP¹!�K�¹¥�÷Ñ^r�ý

¢I¦, ý�DU��.

�´, y3Ì6�'XJ��{, XÄuA�[1]!ÄuØ[1-2]�ÅìÆS�{Ú�ÝÆ

S�Eàéà�'XJ��.[3]��{, ÑkJ±J���6�ÛÜ�6&EÚk�'X�

¯K. Ïd, �©±Ð¥êÆ��\:, à�'XJ��J:¯K, ïÄêÆ�£:�m�'

XJ�¯K.

1 ïÄ�O

1.1 ïÄé�

'XJ�´g,�ó?n¥¢N£OÄ:þ���?Ö, ÙØ%´Ä���éf¥�

¹¢Né�m�'X.

�©�8�´�ïÐ¥êÆ�£NX, Ð¥êÆ�£NXd�£:�'X|¤, �£

:�±l�Æ�j¥��¼�, Ïd'XJ�¤�
Ð¥�£NX�ï�'�. 3Ð¥�

£NX¥, �©½Â
 8 «�£:�m�k�'X, §�´�6!��6!áu!�¹!P

k!�Pk!ÓÂ!�Â, 2\þ�
Øáuùl«�Ù¦'X, Ð¥êÆ�£NXÒ´d

ù 9 «'X�¤�k�ã.

L 1 Ð«
z«'X��~. 1����yé s, s ¥�¹
ü�8I�£:. 1�

� e1 �1n� e2�ü�8I�£:, §�7LÑy3�yé¥. �����'X, §L

« e1 � e2 �k�'X.

LLL 1 '''XXX���~~~

Tab. 1 Relationship example

�yé s �£: e1 �£: e2 'X r

ü��ê���úÏf�^uO�üê���ú�ê ��ú�ê �ê �6

¦A��ê���úÏê, ��r§�¤k�k��Ïêë¦ �Ïê ��úÏê ��6

�êª�â§¤�¹�$��±©�knªÚÃnª, â�
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��n�/�	%3n�/�>¥: ��n�/ 	% Pk

���g�§´¹kü���ê���ê��pgê� 2 ��ª�§ ��ê ���g�§ �Pk

1.2 'Xêâ80�

�
�¤�©�ïÄ?Ö, ·��E
Ð¥êÆ�£:'Xêâ8 MKR, Têâ8�

¹ 336 ��£:, CXê�$�!�§��ê!¼ê�©Û!êâ�n�VÇÚO!ã/�8

Ü 5 ��¡, �¹
 9 «'X. ù 336 ��£:´lþ°½Ð¥êÆ�j��á¥<ó�n��

�, ,��âù
�£:lzÝz�!�Äz�!|�z���þ�p�z��Õþ÷��'

��¡. 3÷��¡�L§¥, Ü©�£:´õÂc, �3õ�z��¡, X��!¼ê!�Ô

���£:äkØ
êÆ�	�Ù¦¹Â, ÏdI��âz�I\é�¡?1çÀ. Ù¥Ü©�
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£:vk��éA�z��¡, dõ��'z�c^�¤, Ïd 336 ��£:��9 362 �z�

�¡. �Ü©z��¡¬�¹uÐ{¤!�'SN!�µ��¬, Ïdò¬�3Ü©D(��.

,	, ©�¥�êÆúª¬±ã¡½AÏiÎ�/ª�\, Ïd÷�e5�©�¬�3"�½

ØÓÎÒ, ù
¯K¬K�����þ. �ØD(���, o�÷� 21 445 ék�éf, �¤


6 258 ��IP¢~.

ÏLþãÚ½, ·���
vk'XI\�¢~. �
?�Úó�, �©æ^
Äu�§i

Òg�[4]�êâIP�{, ¿ÏL3�I5�¬, 5�¢~�þI\.

duêâ�3“k 5”±9êÆÎÒØÚ��¯K, ÏLN�¢Né¥�£:� �5�

E#�Ôö��, æ^þæ���{5�)k 5, ¿ÏL��O�Ú/ªzO�ùü«IOz

�{5)ûêÆÎÒØÚ��¯K.

2 ïÄ¤J

2.1 Äu'XL«�5¿åÅ�

'XJ�?Ök��é��A:, é�Ó�Ñ\, �8I¢NéØ���, �.I�U
J

��ØÓ�&E, ¿��é{¥ØÓücJø�&E��­�´ØÓ�. �
U
4�.�â

?Ö8I?1ÀJ5ÆS, k<JÑ
5¿åÅ� (AttentionMechanism)[5-6].

�©$^
 Luong JÑ�n« NLP (Natural Language Processing)¥Ï^�5¿å�

©[7]O��{:

score(q, ki) =















qTki, dot;

qTWki, genneral;

vTtanh(W [q; ki]), concat.

score L«�þ ki éu q �­�§Ý, Ù¥ q�8I�þ, 3'XJ�¥��dü�8I¢N�

¤; 
 ki�&E�þ, Xüc�þ xi ½ö RNN�äÑÑ��þ hi. 1�«�ª¡� dot, =��

O�:È, ¦^ù«�ª�cJ´ q � ki ��Ý�Ó. 1�«�ª¡� general, ù«�ªØ�

¦ q � ki ��Ý�Ó, Ï�§ÏL���5C�ò q ��Ý� ki éà, ,�?1:È. 1n«�

{¡� concat, ò q � ki ?1©�, ^V­��¼ê?1��5C�, ��� vT ∈ R
dp+dk

�¦

��©ê&E.

��üc�þ xi ½ö RNN (Recurrent Neural Network)�äÑÑ�þ hi �©ê��¦

^ Softmax ¼êO�¦���­, K�ªz��­�

wi =
exp(score(q, kj))

∑dk

j=1 exp(score(q, kj))
(i = 1, 2, · · · , dk).

��ò�­�þ w �üc�þ xi ½ö RNN�äÑÑ��þ hi �¦������þ.

2.2 Äu GCN � LSTM � GCLSTM �.

CNN (Convolutional Neural Network)�.õuJ�éf�ÛÜA��., �J±J�

õ:&E[8]. RNN �.U
ÆS�üc�m�^S&E[9-10], ��éf�Ý���, c¡�

&E¬Ï�����D4
¿�, J±ÓPüc�m��ål�6&E[11] . Ïd, �©æ

^ GCN(Graph Convolutional Neural)�ä5J�ÛÜõ:&E, ¿¦^5¿åÅ���\�

�ÛÜ&E, ��¦^V� LSTM (Long Short-Term Memory)[12-14]ò\�ÛÜ&E�Ü¤'
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X&E, rù¡�GCLSTM �. (�ã 1).
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Fig. 1 GCLSTM Model Architecture

iii\\\���

T���^�DÚCNN Ú RNN ��, òg,�ó�üc½á�N��ëY�p��m,

��üc½á���þL«[15], T�Ì��9n«�þ: c�þ! ��þ!'X�þ.

bXéf��Ý� l, KòÙL«�S = (x1, x2, · · · , xl), z�üc�=z��Ý�dx ��

þ xi, xi düc�þ we � ��þ pe �¤. éuüc�þ
ó, Äk3cL¥�éüc� �,

,��â ���þÝ
 Wwrd ∈ R
dwe·|v| ¥�é�ù�ücéA�üc�þ, Ù¥ |v|���

��¥�ücêþ, �)ÎÒ!i1�.

3'XJ�?Ö¥, Ôö?Ö�8I´Ïéü�8I¢N�m�'X, Ïd�Äz�üc

�ü�8I¢N��é �äk�©­��¿Â. �3��¥, �é{¥�ü�8I¢N�U¬

­EÑy, Ïd�©æ^
�C�é ���A�.

�©JÑ�'X´äk��5�, ù�:�Ï^+��'XJ�ÑkØÓ. 'X�þÏL

~{ö�5�Eü�¢N�m�k�5, 2ÏLV­��¼ê?1��5C�, l
4�ä�N

´Ó¼�'X�k�5&E.

������555üüü������

GCLSTM � . æ ^ � � 5 (GLU)[16]5 J � õ : Û Ü & E. GLU � ( � � ' u D

Ú CNN�ä�³z�, U
�\p�/ÏL��DÂÆSëê, ¿�3c"DÂ¥U
�

3¤k�&E.

��5ü���ï
³zö�, ³zö�3��DÂ�ØU4¤këêÑk�/ÆS, 


�§�UJ�ü:&E (��³z��òÈ��þ¥����), ØUéÐ/÷v'XJ�?Ö

�I¦. GLU ��{´É� LSTM �.¥�Å��éu
�JÑ�, ÏL σ -¹¼ê��&E

3�ä¥�DÂ, 3c�DÂ¥z�ëêÑU�D4�e��, 3��DÂ�z�ëêÑUk�

/��ÆS, Ïd'DÚ CNN äk�p�&EDÂ9ëêÆS�Ç.

Attention ���

Attention ���^´�â'X�þ���5ü��J��ÛÜ&E?1\�, ¦��ýÿ

8I'Xk^�&E±���­ �D4, 
v^�&E±���­ �D4, ù�U
4�.

�\O(/ýÿ'X.

VVV��� LSTM ���

²L Attention �?n��Ò��
���ÛÜA�&E Q, ÛÜA�&E��Ä��ü
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c�m��Â&E, �´"��N�^S5&E[14,17]. ,	Q ��ÝÉ�
éf�Ý�K�,

�´©a�I�k�½�Ý�Ñ\, ÏdV� LSTM ��U
òØÓé���Â&E±�Ý�

Ó��þ hÑÑ.

�ÛÜA�&E Q ²LV� LSTM �±�, ÒU
�����½�Ý� dh ��þ hl, ¿

� hl �¹
�ééf�V�&E.

©©©aaa���

��´©a�, T��Ñ\�V�&E hl, Äk²L���ë���¤k'X�µ©�

þ s ∈ R
|Y |, §�±UìXe�úªO�: s = Wo · hl + bo, Ù¥ Wo ∈ R

|Y |·q, bo ∈ R
|Y |�ëê,

Ù¥ |Y |L«ÿÀ'X�êþ.

��¤k'X�µ©�þ��, ÏL Softmax ¼êé¤k�©?18�z, ��¤kÿÀ

'X�^�VÇ©Ù p ∈ R
|Y |.

GCLSTM �.(Ü
 GCN �V� LSTM �`:, ÏLi\�òg,�ó=�p��þ,

,�ÏL��5ü��J���üc�m�ÛÜ&E, Attention ��â'X�þ�ÛÜ&ED

±�­, V� LSTM �ò���ÛÜ&E�Ü��ª�'X&E, ��ÏL©a�¢y'Xý

ÿ.

2.3 Äu Transformer � BTRE �.

É� Transformer�éu, JÑ
ÄuTransformer ��þ'X re �'XJ��. ({

¡ BTRE).

Transformer �.��æ^5¿åÅ�, Ì�d?èì (Encoder) �)èì (Decoder) |¤,

Xã 2 ¤«. ?èìÏLg5¿åÅ� (Self-Attention) léf¥J�üc�m���6õ:&

E[18], )èìK�â'X�þ, l?èìÑÑ���6õ:&E¥J��ª�'X&E. 
?è

ì�)èìÌ�kõÞ5¿åÅ�[19]!í�IOz�[17]±9 �c"�ä|¤.

�
¿©�Äüc�m�ÛÜ�6&E, ¿�\¯�.O��Ý, BTRE �.�æ^


� Transformer �.aq�?èì�)èìe�, ?èì^5J�üc�m��6�ÛÜ&E,

)èìKl?èìJ��ÛÜ&E¥Ä�Ñ�8I'X��'�&E.

iii\\\���

BTRE �.�i\�� GCLSTM �i\�aq, òg,�ó�éfN��p��m, �

�éfL«S = (x1, x2, · · · , xl), Ù¥ xi�z�üc��þ. xi dc�þ we ∈ dwe � ��

þ pe ∈ dwe |¤, c�þ we �´¦^ word2vec�{ýÔö��, �´ ��þæ^Äu�u�

{u¼ê� �i\�ª��.

du BTRE vkaqÌ� ²�ä¥�G1�6(�, �vkòÈ ²�ä�òÈ(�,

Ïd3 BTRE �.¥,  ��þ´4�.ÆS�^S&E���5
. BTRE �.æ^Äu�

u�{u¼ê� �i\�{, Ù½ÂXe:

PE(pos, 2i) = sin
( pos

100002i/dpe

)

,

PE(pos, 2i + 1) = cos
( pos

100002i/dpe

)

.

Ù¥, dpe� ��þ��Ý, pos L«�cüc� �, i L«�þ��Ý �. ÏLþãúª�

�,  ��þ�Tüc��é �Ú ��þ��Ý �k', XJ ��þ��Ý �´óê



1 5 Ï 
À², �: ¡�Ð�êÆ��£:'XJ�ïÄ 59

K¦^ cos ¼ê, XJ´ÛêK¦^ sin ¼ê.

XN

re

XN

ã 2 BTRE �.

Fig. 2 BTRE model

ù« ��þL«�ªÓ��Ä
üc�ýé �Ú�é �&E, �âXe�u�{u

�Ú�úª:

sin(α + β) = sin(α) cos(β) + cos(α) sin(β),

cos(α + β) = cos(α) cos(β) − sin(α) sin(β).

N´wÑ, ,�üc� ��þ�±L«�PE(abspos+relpos), Ù¥ abspos L«ýé �,

relpos L«�é �. dþãúª��, PE(abspos + relpos) �±k PE(abspos) � PE(relpos) L

«, Ï d ù « � i \ �ªU 
 Ó�� Ä , � ü c 3 é f ¥ � ý é � � � é �.

VaswaniÏL¢�y², Äu�u�{u¼ê� �i\�ª�ÄuÙL«ÆS� �i

\�ª (= GCLSTM¦^� �i\) U
��A��Ó��J, �´Äu�u�{u¼ê�

 �i\U
Jc)¤�U^���þ�, ¿�½e5, 
Ø�L«ÆSL§¥��u)UC,

l
~��äëê, ?�ÚJpÔö�Ý[20].

'X�þ re �)¤�ª� GCLSTM �Ó, dü�8I¢N ea!eb �âk�^S�~2\

þ tanh ��5C���.

???èèèììì

3 BTRE �.¥, ?èì^5J�üc�m�ÛÜ�6&E, ù�(�aqu GCLSTM ¥

���5ü�. ?èìd N �f��¤, z�f�ÑdõÞ5¿åÅ�!í�IOz�� �

c"�ä|¤, f��m�ëê´Õá�, ¦��.�±ÆS��\´L�&E.

?èìæ^g5¿åÅ�, =ë� DotAttention ö�� Queries!Keys!Values Ñ5gÓ

��Ý
 H . ?èì�1��f�$�(å��, ÙÑÑ�1��f��Ñ\, ¿�Ý
 H �z

��þÑ¬�Ù¦¤k�þ?1 Attention ö�, ù�ÒU¿©�Äz��þ�Ù¦¤k�þ�

m�'X. du?èì¥c��f��ÑÑ´���f��Ñ\, Ïdf�ÑÑ�Ñ\��ÝI

���, Ñ´ dx · l.

?èì¦^g5¿åÅ�5��Ì� ²�ä¥�Ì�(��òÈ ²�ä�.¥�ò
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Èö�[15], Ïd¼�
�p�O��Ç. �
�Ð/é'g5¿åÅ�!Ì�(�!òÈö

��m�O�E,Ý, L 2 �Ñ
z��O�E,Ý!G1zö�ê���´»�Ýé', Ù

¥ l L«éf�Ý, dx L«üc�þ��Ý, k L«òÈö�¥òÈØ���.

LLL 2 ggg555¿¿¿åååÅÅÅ���!!!ÌÌÌ���(((���!!!òòòÈÈÈööö���EEE,,,ÝÝÝééé'''

Tab. 2 Comparison of self-attention mechanism, circulation mechanism,

and convolution operation complexity

$$$������ªªª OOO���EEE,,,ÝÝÝ GGG111zzzööö���êêê ������´́́»»»���ÝÝÝ

g5¿åÅ� O(l · dx) O(1) O(1)

Ì�(� O(l · (dx)2) O(l) O(l)

òÈö� O(k · l · (dx)2) O(1) O(logk(l))

3���¹e, üc�þ dx´�uéf�Ý n�, Ïdlz�O�E,Ý5w, g5¿åÅ

��`, òÈö��Ñ�. G1zö�ê^uïþz«$��ª�¿1Uå, G1zö�ê��,

Ù¿1zUå�r. duÌ�(����Úö��6c�Ú�ÑÑ, ÏdÙ¿1Uå��. ��

´»�Ý´��Äéf¥¤küc�m��6'XI��ö�gê, ��´»�Ý��, K�N

´ÆS��ål�6�&E. g5¿åÅ�zgÑ¬�Äéf¥¤küc�m�üü'X, 
Ì

�(�I��gê�éf�Ý��, òÈö�K�òÈØ��±9éf�Ýk'. g5¿åÅ

����gö�ÒU¼�éf¥?¿ü�üc�m�&E, Ïd�N´ÆS���6&E.

)))èèèììì

)èì^ul?èìÑÑ�ÛÜ�6&E¥, J��8I'X�'�&E. )èì�Ñ\

d?èì�ÑÑOencoder Ú'X�þ re |¤. 3)èì�õÞ5¿åÅ�¥, 'X�þ re |

¤ Query, 
 Oencoder |¤ Keys � Values, Ù¹Â�l Oencoder ¥é��'X�þre ��'�

&E.

)èì�dõ�f�|¤, �?èì��, z�f�ÑkáugC�ëê, 8�´4)èì

U
¿©J��'X&E. 3)èì¥, c��f��ÑÑ´���f�� Keys Ú Values, Ïd

)èì�ÑÑ�Ý�?èì�ÑÑ�Ý�Ó, � dx · l.

©©©aaa���

BTRE �.�����´©a�, ^5ýÿ�ª�'X, ½ÂXe:

s = Wo · O
l
decoder + bo,

p(y = i|s) =
exp(si)

∑t
j=1 exp(sj)

.

Ù¥, Ol
decoder�)èìÑÑÝ
������þ, �¹
'X&E. Wo ∈ R

|Y |·n � bo ∈

R
|Y |´�ë��ëê.

BTRE �.æ^?èì-)èìe�. ?èìÏLg5¿åÅ�5J�üc�m��6&

E, )èì�â'X�þ re, l?èìÑÑ��6&E¥?�ÚJ��8I'X���'&E,

l
4©a�U
�\O(/?1'X©a.

2.4 'XJ�XÚ

�
�Ð/?1'XJ�¢��(JÐ«, �©�ï
'XJ�XÚ. TXÚdý?n!

�.Ôö�(JÐ«nÜ©�¤, ¢y
êâ÷�!ý?n!ÿÀ'Xé)¤!3�IP!�
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.Ôö��Àz!�£NX�Àz�õU, ã 3 Ð«
'XJ�XÚ��N�Ö6§.

Mysql

ã 3 'XJ�XÚe�

Fig. 3 Relationship Extraction System Architecture

e�ã¥�.�´êâ�. T���^´�;XÚ¥�¤kêâ, ¿|±�¬m?1êâ

��.

e�ã¥�1��´ý?n�. T�Ì�´��.Ôö��êâO��, �)êâæ8�

¬!êâý?n�¬�3�I5�¬. êâæ8�¬dPython¢y, �±�XÚ©mÜÝ. T

�¬l��z��¡÷���, k�;��/, ,�?1©é�ux�êâý?n�¬. êâý

?n�¬¬ééf?1©c, ,�Ú�ÎÒ�úªL�, ��)¤�IP¢~���êâ¥¥.

3�I5�¬lêâ¥¥�ÎÑ�IP¢~��^rIP, T�¬|±õ<3�Ó�IP.

e�ã¥�1n�´�.Ôö�. T�dêâ)¤�¬!�.Ôö�¬��.+n�¬|

¤. êâ)¤�¬òI5Ð�¢~=���.Ñ\I���ª. �.Ôö�¬d Python¢y,

ÜÝ3�k GPU ��¸¥, ÏL�Eè��êâ)¤�¬Ú�.+n�¬?1êâ�p, T�

¬^u�.Ôö��y, ^r�±ÏLÀJ�.5ÀJ GCLSTM!BTRE!PCNN(Partition

Convolutional Neural Network)[19]�ØÓ�., 5éêâ8?1Ôö.

e�ã¥�1o�´Ð«�. T�©'X�Î�¬��Àz�¬. Ù¥, 'X�Î�¬^

u�Î�£:�m�'X, X�'�£:½,ü��£:�m�´». �Àz�¬Kò�Î�

�(J±ã��ªÐ«�^r.

�
4���¬�mU
?1ª�ó¢�Ï&, ��¬�m�æ^�Eè�5��êâ�

pÏ�, �U
k�ü$��¬m�ÍÜ§Ý, 4XÚ�~�B/ÜÝ3©Ùª�¸.

3 (J�?Ø

�y BTRE 5U�é'¢�

�¢�lzÝz�!|�z���k�%5��Õ¥÷�
þ°½Ð¥êÆ�£:k'

���, ¿ÏL�§iÒ�g�IPêâ, )¤�I\�êâ8.

¢�¤^������k=�� GTX1070 wk��ªÅ, XÚ� ubuntu 16.04, ^�

python ��� 3.6.3, anaconda ��� 4.4.1, tensorflow��� 1.8.0, pytorch ��� 0.3.0.

�
�Ð/�y BTRE �.�k�5±9O�E,Ý, �©�O
±e 3 |é'¢�:

• ��� ÄÄÄ OOO ��� {{{ ��� ''' ���. ò BTRE � . � GCLSTM!PCNN � . ? 1 é ', Ù ¥

GCLSTM!PCNN �.�ÄO�{, l
�y BTRE �.�5U.

• BTRE ���{{{���ÇÇÇ©©©ÛÛÛ. é' BTRE!GCLSTM!PCNN!Attn BiLSTM(�K
��

5ü�¿O\
g5¿åÅ��V� LSTM�ä) ù 4 ��.3Ôö�S�10g¤�Ñ��m,
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l
©ÛùA��.�O�E,Ý�É. 3ù�é'¢�¥, ¤k�.æ^�Ó�`z¼ê, l


;�Ï�`z¼êØÓE¤��É.

• fff���êêêþþþééé BTRE 555UUU���KKK���. '� BTRE �.¥?èì�)èì�f�êþé�

.Ly�K�. 3¢���¥, Ø
f�êþ±	, �y
Ù¦�ëê´�Ó�, l
üØÙ¦

Ï��Z6.

þãé'¢�òUìéA��I©O?1'�.

���yyy BTRE ���...���555UUU. T|¢�ò BTRE �.� GCLSTM �.!PCNN �.?1é

', (JXL 3 ¤«, l�ª(J¥·��±uy, �'u GCLSTM �., BTRE �.3O(Ç

þJ,
 0.62 �z©:, 3ð£ÇþJ,
 0.74 �z©:, F1 �J,
 0.68 �z©:, 3ùn

��IþJ,Ø�. �´3 AUC �IþJ,
 0.054, â»
 0.6.

Ù ¥, F1 ��O ( Ç � ð £ Ç � N Ú ² þ �, § U 
 o � O ( Ç � ð £ Ç.

AUC´Precision-Recall­��î�I¶1§�¡È, AUC ��, �.Ly�Ð.

LLL 3 BTRE ���...��� GCLSTM ���...!!!PCNN ���...¢¢¢���(((JJJééé'''

Tab. 3 Comparison of BTRE model with GCLSTM model and PCNN model

���...¶¶¶¡¡¡ OOO(((ÇÇÇ ððð£££ÇÇÇ F1 AUC

PCNN 74.15% 65.83% 69.74% 0.548

GCLSTM 74.73% 69.33% 71.93% 0.569

BTRE 75.35% 70.07% 72.61% 0.623

ù 3 � � . � O ( Ç-ð £ Ç ­ � X ã 4 ¤ «, l ã 4 ¥ � ± w �, � '

u GCLSTM � PCNN ùü��., BTRE �.3$ð£Ç?Pk�~Ð�Ly, 
ð£Ç

´�â�.�ªé'Xýÿ�µ©_SüS�, $ð£Ç?�­�L«�.é�('XPk

ép�ýÿµ©, Ïd BTRE �.3pµ©?�ýÿ(J�O(Ç�~p. l�N­�5w,

BTRE �.A����� GCLSTM � PCNN �..
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Fig. 4 BTRE, GCLSTM, PCNN accuracy-recall rate curve

BTRE �.�¤±U��XdÐ�Ly, õÞ5¿åÅ�u�
­��^. ?èì¥�õ

Þ5¿åÅ�4 BTRE �.U
�N´/J��üc�m��ålÛÜ�6&E, 
CNN ½

ö GCN Ñ�UJ���üc�m�ÛÜ&E. LSTM U
J��ål�6&E, �´v{éÐ

/�Äücm�ÛÜ&E, 
 BTRE �.�?èì�Ö
§��"�. )èì¥�õÞ5¿å
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Å��Ä
'X�þ�ÛÜ�6&E�m��'Ý, l
J��ª�'X&E.

©©©ÛÛÛBTRE ���{{{���ÇÇÇ. T|¢�é'
BTRE!GCLSTM!PCNN!Attn BiLSTM ù

o��.�Ôö�Ý.

ã 5 Ð«
þão��.3Ôö¥S� 10 g��m�Ñ, lã 5 ¥�±w�, PCNN �.

Ñ��á, GCLSTM �.Ñ���.
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Fig. 5 Comparison of time consumption for BTRE, GCLSTM, PCNN, and Attn BiLSTM

BTRE � . ' PCNN � . ú´Ï�BTRE � ? è ì-) è ì e �´G 1 O � �,


 PCNN �.æ^��òÈ(�, ÏL©ã��k3 �òÈö�´¿1�. GCLSTM �.

��Ò�¹5¿åÅ��V� LSTM (�, ¿��O\
��5ü��, Ïd�m�Ñ´��

�. �´lê�þ5w, GCLSTM �.�¿vk'Attn BiLSTM �.úéõ, ù�l,��¡

`²��5ü���´���mE,Ý�$�(�.

fff���êêêþþþééé BTRE 555UUU���KKK���. T|¢�(JXL 4 ¤«, �f�êþ N=1�, ÙO(

Ç!ð£Ç!F1�!AUC Ñ´�$�, ü�f��'u��f�
ó, O(ÇJ,
6.57 �z

©:, ð£ÇJ,
 5.23 �z©:, F1 �� AUC �J,
éõ. �´�f�êþUYO\, �

.�Ly�
m©eü, �Ôö8þ� F1 �E3þ,.

LLL 4 BTRE ���...¥¥¥ØØØÓÓÓfff���êêêþþþ(((JJJééé'''

Tab. 4 Comparison of the number of different sub-layers in the BTRE model

fff���êêêþþþ N OOO(((ÇÇÇ ððð£££ÇÇÇ F1 AUC ÔÔÔööö888 F1

1 68.78% 64.84% 66.75% 0.543 91.35%

2 75.35% 70.07% 72.61% 0.624 93.26%

3 71.05% 67.33% 69.14% 0.602 95.33%

4 69.90% 68.33% 69.10% 0.573 95.78%

�f��k1 ��, �?1�gõÞ5¿åÅ�, ù��UO�Ñéf¥?¿ü�üc

�m��6&E, vU¿©�÷õ:�p�6&E. �f�êþ�� 2 ��, O(Ç!ð£

Ç!F1 �!AUC ±9Ôö8 F1 �'u 1 �k
é��Jp, Ï�1��f�¬�Xc���

(J2?1�gõÞ5¿åÅ�, ù�ÒU
�Ä?¿n�üc�m�'X, l
J���\´

L��6&E, ù�l,��¡`² 1 �f�¤J��ÛÜ�6&E´Ø
�. �´� N>2�,

�Xf�êþ�O\, �.3Ôö8þ� F1 �3þ,, �y8þ�5U�
m©eü, ù´Ï�

êâ85���, �.u)
L[Ü, ���y8O(Çeü. ÏdI��âêâ5�5���

`�f�êþ.
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