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Abstract: Building an intelligent customer service system based on FAQ (frequent asked

questions) is a technique commonly used in industry. Question answering systems based on

FAQ offer numerous advantages including stability, reliability, and quality. However, given

the practical limitations of scaling a manually annotated knowledge base, models often

have limited recognition ability and can easily encounter bottlenecks. In order to address

the problem of limited scale with FAQ datasets, this paper offers a solution at both the

data level and the model level. At the data level, we use Baidu Knows to crawl relevant

data and mine semantically equivalent questions, ensuring the relevance and consistency

of the data. At the model level, we propose a deep neural network with transAT oriented

transfer learning, which combines a transformer network and an attention network, and

is suitable for semantic similarity calculations between sentence pairs. Experiments show

that the proposed solution can significantly improve the impact of the model on FAQ
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datasets and to a certain extent resolve the issues with the limited scale of FAQ datasets.

Keywords: transfer learning; deep neural network; FAQ(frequent asked questions)

question-answering
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1 IS	ïÄyG

Äu FAQ¯�Eâ�'�´XÛO�©��m��qÝ, lT:Ñu�±òyk�ó

�©� 3 ��ã: � ÄuDÚ&Eu¢��{; � ÄuÅìÆS��{; � Äu�ÝÆS�

�{. e¡äN\±`².

&Eu¢+��©��qÝO�±�þ�m�.[1]��L, §Äkr©�L«��

þ�m¥��þ, ÏL�þm�ålL«©��qÝ, Ù¥©�A��­�O��)TF-

IDF(Term Frequency-Inverse Document Frequency)!BM(Best Matching)25[2], ±9 TF-IDF

Äu Ngram �C«��.. �þ�m�.�±k�ÓPf���ÂA�, �´éucS!

é{(�!�Ý�Â%Ã{k�L�. ©z [3] A^8Ü¥�cª�Uõ BM25 ¥ TF-IDF

��, �Ù¦�{�', ù«�{kX�Ð��J.
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ÄuÅìÆS��{´ò©��qÝO�=C�©a¯K!£8¯K½öüS¯K.

<ó½Â�A�ó§´DÚÅìÆS�{�Ø%. Ø
 TF-IDF �	, �¬�\�÷©��

�Ý!cS�Cz!é{£ã��¡�A�. ©z [4] ÏL½ÂcéàA�!¯K�©{A

�, A^ learn-to-rank �{Äu FAQ Ôö
��üS�..

Ä u�Ý Æ S � � {´� c � . � Ì 6 � {, § 3©� � q Ý O � + � �

� 
 w Í � ¤ J. l ý Ô ö � c � þ Word2vec[5]!Glove[6], ��Ý � Â A � J � ì

CNN(Convolutional Neural Networks)[7]!RNN(Recurrent Neural Network)[8]!LSTM(Long-

Short Term Memory)[9]!Transformer[10], 2�[£ÆS�nØ3 NLP(Natural Language

Processing)+��A^[11-13], 3�êâþ��¹e,�ÝÆS®�y¢�L&Eu¢!DÚ

ÅìÆSEâ3 NLP ��Ly. PWIM[14](Pairwise Word Interaction Modeling)¿©KÜ


LSTM!5¿åÅ�Ú DCNN(Deep CNN)�A5, 3�) WikiQA �õ� NLP ?ÖþÑw

ÍJ,
�J. BERT[12](Bidirectional Encoder Representations from Transformers)ÏL3�

5�Ï^��þýÔö, ,��äN� NLP ?Ö¥��N, Òk�L 11 � NLP ?Ö¥��

Z�J. ©z [13] ¥JÑ
�«·Ü�.µe, �±ÆS�l
�êâ�m�8I�êâ�

m�k�A�L«Ú�Â'é, ÏL[£ÆS��{J, FAQ ?Ö��J, �.�A^�

AliExpress 3�XÚ, �þ�J��
wÍJ,. ©z [14] }ÁØÓ�[£ÆS?Ö, uy

NLI(Natural Language Inference)?Ö�·Ü[£�Ù¦ NLP ?Ö¥. ©z [15] ¥ÏL3�

YJ��ãU?[£ÆS�{l
J,
DÚ¯�XÚ��J.

ÏL©Û±þó�, �©uy�ÝÆS¡��Ì�¯K3u, Äu�Ý ²�ä��{

"yv
5��I5êâ, ��A�[£ÆS�{I�k�8I�êâ©Ù�q��½5

��
�êâ8. Äud, �©JÑ
|^�«¯�êâ��
�êâ8, $^[£ÆS�

�{J, FAQ¯��.��J;�ü$D(�K�, ©O3êâ�¡Ú�.�¡�
�A�

�O.

2 ¯K½ÂÚêâ�¡�O

2.1 ¯K½Â

/�c<�ó�, �©òÄu FAQ �¯�?Ö=C� PI(Paraphrase Identification)?

Ö[16],=�Â�d?Ö, �äü�éf´Ä�Â�d.

�½8ÜQ = {((S1, T1), y1), ((S2, T2), y2), · · · , ((Sn, Tn), yn)}, 8I´

argmax
θ

=







∑

(Si,Ti,yi)∈Q

log(p(yi|Si, Ti; θ))







,

Ù¥, Si �LQ¥IO¯K, Ti �L Q ¥�*Ð¯K, yi ∈ 0, 1´ Si Ú Ti �Â�d�I\,

��z�8I´®� Si, Ti, ©a�(�éêAÇ, �.�ëê θ ÏL�Â�d¯K8�4

�q,�O?1`z. Äk, I��Eêâ8, �©�8I�êâ8´Äu¯�F�<óI

5��Â�dêâ8, 
�êâ8lzÝ��÷�¿��n�5. �
;�3�ï
�êâ

8L§¥Ú\Lõ�D(êâ, �©3êâ�¡��
�é5��O.

2.2 êâ�¡�O

Äk, ±8I�êâ8��«f, lzÝ��÷��'�¯�é, ,�?1�Â�d¯

K�÷ó�. 3d�c, ÄkI�½Â�Â�d¯K�IO. 3¯�XÚ¥, �YI�÷v^
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r�&EI¦, 
¯K�N
^r��Î¿ã. Ïd, �©æ^±eIO: XJü�¯K�±

��Ó��Y£�, @o@�ùü�¯K´�Â�d�[17]. 3äNþz�, Äk�Ä�Y�

�q5. �Ï��Y5
u�ä�«, �U�þØp, ¤±, ¬3O��\þ�Î�q5. �

�O�L§�±½Â�, �½¯�é8ÜM = {(q1, a1), (q2, a2), · · · , (qn, an)}, ü�¯K�m

��Â�'5�

sim(qi, qj) = αR(qi, qj) + (1 − α)R(ai, aj), (1)

R(qi, qj) = γBM25(qi, qj) + (1 − γ)cos〈W (qi), W (qj)〉, (2)

Ù¥, α´�­Xê, ^5N!�Î�©��qÝÚ�Y©��qÝ3(J¥�Ó'; R �L

©��qÝO�¼ê, ù�¼ê�¹ü�Ü©, �Ü©´^ BM25 �.O��(J, ,�Ü

©´Äu Word2vec c�þL«�é�þ, O�{uål���(J; γ ´�A��­Xê,

^5N!ØÓ�.3(J¥�Ó'. b� qi = {w
(i)
1 , w

(i)
2 , · · · , w

(i)
n }, �d n �c|¤, K

W (qi) =

n
∑

k=1

h
(i)
k , (3)

Ù¥, h
(i)
k ∈ R

d´ w
(i)
k �âÔö� Word2vec �.��c�þ, d ´c�þ��Ý, d?

d = 200. ÏL±þ�{, �±O�Ñ¯�8 M ¥?¿ü�¯K��Â�'©ê. ,��½

©êK�, Ò�±���Â�d¯K8. ��, ÏL<ó�ÅÄu n �¯K?1EØ, ØäN

�K����Ú�'�ëê. ²LõgEØö�, (½�`�K�Úëê. �ª, α ����

0.6, Ï��Y  ©�L�, DÑL�, ¤±¯K��þ�ép�
; γ ���� 0.7, É�u

c�þ��þ, BM25 O��(J¬��&, ¤±K���p�
.

3 FAQ ¯��.�O

3.1 �ÂO��ä

31 2.1 !¥, �©òÄu FAQ �¯�?Ö=C�NLP+�¥�éf©a?Ö. Ïd,

�ÂO��ä�Ñ\´��éfé, ÑÑK´ü�éf©�´Ä�Â�d�I\. /�c

<��ä�Ong, ±9 BERT ��Og�, �©JÑ
�«#� ²�ä(� transAT.

transAT ���ä�©� 4 �, ©O´Ñ\�!i\�!5¿å�!ÑÑ�, äNXã 1 ¤

«.

Ñ\�Ì�KI©��?èó�,Ñ\�SN�)©�&EÚ �&EùüÜ©, ù

´di\�æ^� Transformer ²�ä(�û½�. 3i\�, Transformer ©Oé©�

&EÚ �&E�i\Ú?è�ö�, ,�²L Transformer ?èì¼�éf��Ý�

ÂA�. ²Li\��, z�c�N���Â�m¥�Ý� l ��þ. b�Ñ\�éf

�S = {s1, s2, · · · , sn}ÚT = {t1, t2, · · · , tm}, Ù¥, si Ú tj ©O�L|¤éf�üc. 3²L

i\��, E S = {Es1
, Es2

, · · · , Esn
}, E T = {Et1 , Et2 , · · · , Etm

}, Esi
, Etj

∈ Rl, E S Ú E T

©O� S Ú T éA�i\�þ8Ü. 35¿å�¥, F"��z�üc�éu,��éf�

­�§Ý, l
��éA�A�L�. Ïd, d?I�dc�þ��é�þ, ~��ö�k

pooling!concatenate!sum �ö�, d?æ^ sum, =^éféAc�þ�Ú H1 L«é�

þ, H1 �O�úª�

H1 =

n
∑

i=1

Esi
. (4)
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H2 �O��ª� H1 �Ó. ª£4¤¥, H1� S ¤éA�é�þ, Ón, H2� T ¤éA�é

�þ. 35¿å�æ^ scale dot attention, ©OO�üé{�A��­ÚL�, =

esi
= Esi

· H2, (5)

αsi
=

esi

n
∑

j=1

esj

, (6)

H ′

2 =

n
∑

i=1

αsi
esi

, (7)

Ón�� H ′

1. H ′

1 Ú H ′

2 ©O´ S Ú T 5¿åÅ����é�þ. ÑÑ�æ^{uålO�

©��m��qÝ, ��¼êæ^ MSE, O�úª©O�

yp = mean(cos〈H ′

1, H
′

2〉 + cos〈H1, H2〉), (8)

Loss =
1

k
·

k
∑

i=1

(yi − y
p
i )2. (9)

CNN|MLP|Softmax|Cosine

H1 H1 H2 H2

Es1
Esn

Et1
Et2

Etm
Es2

Trm Trm Trm Trm Trm Trm

Trm Trm Trm Trm Trm Trm

s1 s2 s
n t1 t2 t

m

ã 1 �ÂO� ²�ä(�

Fig. 1 Structure of a semantic computing neural network

3.2 [£ÆSüÑ

�é“ýÔö+�N”ù«[£ÆS�ª, ~^�[£ÆSüÑkÛÜ�NÚ�Û�Nù

ü«üÑ. �©©OA^ùü«[£ÆSüÑ, �é transAT ²�ä�O
�A�[£Æ

S�Y, ¿3¢�¥\±
é'.
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3.2.1 ÛÜ�N

Ï~�X ²�ä�ê�4O, ¤Ó¼��A��ò�Ä�!�p?. .�� ²�ä

¤ÆS��Ï~´$?A�, 
.�A��E^5�'p?A�5`´�r�. Ïd, 3Û

Ü�N�,   ¬E^�� ²�ä�..��ëê, 
éº��ëê?1�N. 3�N�,

Ï~��{´, é�ä���.ëê�UYÔö,¦�.ëê�±g·A8I�êâ8�A

:. ,�«�{´, é�.ëê­#Ð©z?1Ôö, ù«�ª�±k�¶-5g
�êâ

8D(�K�, \¯�.�Âñ�Ý.

�é�©� transAT ²�ä�., È( Transformer �9±eÜ©��.ëê, éÙ

±þÜ©��Nö�, Xã 2 ¤«. }ÁØÓ��N�{, é'¢�(J, ��(½�`�[

£ÆS�ª.

CNN|MLP|Softmax|Cosine

H1

Trm Trm

Trm Trm

Trm

Trm

Trm

Trm

Trm Trm

Trm Trm

H1 H2 H2

Es1
Es2

Esn Et1
Et2

Etm

s1 s2
s
n t1 t2 t

m

ã 2 transAT ²�äÛÜ�N�Y

Fig. 2 Local fine-tuning scheme of a transAT neural network

3.2.2 �Û�N

�ÛÜ�N�', �Û�N¬3�N�, ?U�� ²�ä��Üëê, ¦� ²�ä

�±�Ð/·A8I�êâ8. �Ä�ÑÑ�éÔö�.�K�, �©�é transAT ²�

ä�.�O
 3 «�Û�N�[£ÆS�Y: � transAT �.3ýÔöÚ[£ÆS�, Pk

�Ó� ²�ä(�, 3�N�, é¤këê��#ö�; � transAT �.3ýÔö�,ÑÑ

�æ^�ë��, ��¼êæ^�©a���, 3�N�, ÑÑ�C�{uål, ��¼ê�

MSE; � Ó�Y � ��, ýÔö�æ^“{uål+MSE”,�N�æ^�ë��.

4 ¢�(J

4.1 ¢���

�©�O
üÜ©¢�: �Ü©´�Â�d?Ö¢�, Ï�3c©J�, É�uI5ê
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â/ª, ò FAQ¯�?Ö=C�NLP ¥� PI ?Ö, =�Â�d?Ö; ,�Ü©´ FAQ¯�

?Ö¢�, �[�þ6§, ÿÁ�.3l�êâþ��J. ²LcÏêâý?n, ÏL÷��

«¯�êâ, ¼�k��Â�d¯Ké 404 354 �, ùÜ©��
�êâ8; <óI5� FAQ

�êâ8�¹k�¯Ké 43 556 �, ùÜ©��8I�êâ8. é
�êâÚ8I�êâ?

1'éuy, �,3êâ?n�ã, ÏL���Î«fÚ�÷�Â�d¯K��ª, �y



�êâÚ8I�êâ3SNþ��'5Ú/ªþ���5, �¢S(J´, §��mE,

�3�
�É. lü�êâ8�ÅÄ� 5 �IO¯Ú*Ð¯, ���(JXL 1 ¤«.

LLL 1 


���ÚÚÚ888III���êêêâââééé'''

Tab. 1 Comparison of data from the resource and target domain

IO¯ *Ð¯


�

|G�p�aNosK |G�NoUCG±�ª

u�mate7 î­u5No£¯ ÃÅu5No�

ÃÅÉ��ÂØ��yèNo� Ã{�Â�á&E

J� 6 ��ä �NoÑ>ùo¯ �� note2 Ñ>¯No�

u�g�ÃÅèAìXÛíØ u�ÃÅèAì�1¬XÛ

8I�

û¬k�þ¯KNo� Â�À	*»�No�

No�ÎØ�Ô6&E ·ï�û¬, Ô6�:Ä·Ñvk

XÛ(@ÂÀ Â�e�XÛö�(@ÂÀ

µdþ`�Ñ´ý�í �Ûk�µ

XÛ�nòÀ �±òÀí

ÏLé'uy, 
�Ú8I�êâ3L��ª!^c5�, ±9�9�+�Ñk�½��

O. Ïd, 
�êâ¥´�3�
DÑ�. 'XL 1 ¥, “�� note2 Ñ>¯No�”�“�J�

6 ��ä �NoÑ>ùo¯”ü�¯K�3�Â�å, �´Ï�
�êâ5g�ä�«, 7,

¬�3�É, ¤±�©3�N�}Á
ØÓ�üÑ, ±fzù«K�. �©¤k¢��²��

Linux GPU ÑÖì, Ù¥, CPU� Intel(R) Xeon(R) CPU E5-2650 v4 @ 2.20 GHz×2 � 48 Ø,

GPU� Tesla P40, S��200 GB.

3�Â�d?Ö¢�¥, ÄkI��EK~, d?æ^�Å�EK~{�EK~. ©Oé


�êâ8Ú8I�êâ�EK~, ¿�± 8B2 y©Ôö8ÚÿÁ8, ���(JXL 2 ¤«.

LLL 2 ���ÂÂÂ���ddd???ÖÖÖ¢¢¢���êêêâââ888yyy©©©(((JJJ

Tab. 2 Semantic equivalent experimental data partitioning results

�«¯�êâ8 FAQêâ8

oþ 808 708 87 112

Ôö8 646 966 69 690

ÿÁ8 161 742 17 422

3�Â�d?Ö¢�¥, À� LSTM!BCNN!PWIM �.��ëì�., Ù¥, LSTM

�.æ^Ä:�e�, = Word Embedding+LSTM+�ë��¢y, BCNN Ú PWIM ©OA^

Github þ�m
�8¢y.

3FAQ¯�?Ö¥, 
�êâ8y©��Â�d?Ö¢���, 8I�êâ8­#y©Ô

ö8ÚÿÁ8, �y¯Ké¥�z�IO¯Kþ!/©��Ôö8ÚÿÁ8¥, ��Ôö8

39 074 �¯Ké, ÿÁ8 4 075 �¯Ké. ,�, �éÔö8}Á^ØÓ�K~�E�{ÚK~

Ó'�EK~; éuK~�E�{, ©O}Á^ BM25 �EK~Ú�Å{�EK~. éuK~Ó

', ©O)¤K~Ó'� 1B1, 1B2, 1B3, 1B5 �Ôö8. �
�[|µ, 3ÿÁ�, Äk^Äu
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Ngram � TF-IDF �.�ð£ö�, ð£c 50 �ÿÀ�, \¯
¢��Ç, ;�
LõZ6�

�K�.

4.2 ¢�(J

Äk, ©Oé
�êâ8Ú8I�êâ8?1�Â�d?Ö¢�, ���.3ØÓêâ

8þ�(JXL 3!L 4 ¤«. L 3!L 4 ¥, Precision�°(Ç, Recall � �Ç, F1 L«

F1-score, Time cost��.lÔö�Âñ��m.

LLL 3 ���������...333


���êêêâââ888���ÿÿÿÁÁÁ(((JJJ

Tab. 3 Test results for various models in the source domain datasets

�. Precison Recall F1 Time cost/s

LSTM 0.908 3 0.958 3 0.932 6 1 223

BCNN 0.870 0 0.970 0 0.920 0 4 200

PWIM 0.937 1 0.928 7 0.932 9 172 800

transAT 0.982 5 0.983 7 0.983 1 3 927
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Tab. 4 Test results for various models in the target domain datasets

�. Precison Recall F1 Time cost/s

LSTM 0.840 8 0.944 7 0.889 7 420

BCNN 0.890 0 0.940 0 0.920 0 1 188

PWIM 0.951 7 0.952 2 0.952 0 622 182

transAT 0.965 3 0.959 2 0.962 2 540

lL 3 �±wÑ, �©JÑ� transAT �.3
��5�êâ8þ, �L
¤k�ëì�

., ��
éÐ�(J, ¿�3Ôö�mþ��u ²�äe�E,� PWIM �.. ddy²

transAT �.3�5���þ, kXér�ÆSUå, ¿�35Uþ, kX�á�Ôö�mÚ�

¯�Âñ�Ý(Time cost).

lL 4 �±wÑ, transAT �.38I�êâ8þ��L
ëì�., ¿���
éÐ(

J, k�;�
L[Ü�u).

Ï�ëì�.vk�A�[£ÆS�Y, d?, ��é transAT �.é'ØÓ�[£ÆS

�Y, �O±e 5 |[£ÆS�Y: � æ^ÛÜ�N��ª, �N�­#Ð©zëê2Ôö, P

� fine tune0; � æ^ÛÜ�N��ª, �N��X�k�ëêUYÔö, P� fine tune1; � æ

^�Û�N�ª, ØUC�ä(�, P� fine tune all; � æ^�Û�N�ª, ýÔö�ÑÑ�^

{uål+MSE, �N�ÑÑ���ë�, P� CSBC; � æ^�Û�N�ª, ýÔö�æ^�

ë�, �N�æ^{uål+MSE, P� BCCS. ØÓ�[£ÆS�ª, 38I�êâ8þ�ÿÁ

(JXL 5 ¤«.

lL 5 �±wÑ, ÛÜ�N��Jé�. ©ÛÙ�Ï´, �r Transformer ��ëêÈ(�,

�±N!�ëêþé�, �.¬é¯/Âñ, É
�êâ8K���; 
�Û�N�(J¬Ðé

õ, ¿� BCCS �ª, �L
�²L[£ÆSÔö� transAT �.�J, ùy²
[£ÆS�ª

�k�5.

3 FAQ ¯�?Ö¢�¥, ÄkÿÁØÓK~�E�ªé�.(J�K�. �©^°(

Ç(Precison)5ïþ�J, Precison@1(P@1)�L�£(J top 1 �°(Ç, ùÚ¢S�¯�|µ

��, Ï�ý¢�¯�XÚ��£���(�Y. ���.(JXL 6 ¤«. lL 6 �±wÑ,
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Tab. 5 Results of various transfer learning methods

[£ÆS�ª Precision Recall F1

transAT 0.965 3 0.959 2 0.962 2

transAT(fine tune0) 0.840 2 0.801 2 0.820 2

transAT(fine tune1) 0.841 3 0.800 9 0.820 6

transAT(fine tune all) 0.953 8 0.961 8 0.957 8

transAT(CSBC) 0.959 8 0.963 4 0.961 5

transAT(BCCS) 0.970 3 0.968 2 0.969 2
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Tab. 6 Results of FAQ QA experiment with different negative sample constructions

P@1(random) P@1(BM25)

LSTM 0.643 4 0.656 1

BCNN 0.633 1 0.655 2

PWIM 0.742 1 0.761 1

transAT 0.772 2 0.805 3

transAT(pretrain) 0.762 1 0.806 0

,�ÿÁØÓK~Ó'é�.(J�K�, ¢�(JXL 7 ¤«. lL 7 �±wÑ, 3Ôö

�, ØÓ�K~Ó'é(J�K�é�. �N5w, �XK~Ó'êþ�O\, �.�«©Uå

�5�r, �´�K~Ó'Lp�, �¬é�.��J�)K¡�K�. �©JÑ� transAT �

.�'uëì�., �JkwÍ�J,, ¿�²L[£ÆS� transAT (transAT(pretrain))��


�`��J.
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Tab. 7 Results of FAQ QA experiment with different ratios of positive and negative

P@1(1B1) P@1(1B2) P@1(1B3) P@1(1B5)

BM25 0.601 2 0.601 2 0.601 2 0.601 2

LSTM 0.643 4 0.653 2 0.667 8 0.632 1

BCNN 0.633 1 0.634 5 0.645 8 0.620 0

PWIM 0.742 1 0.751 2 0.742 0 0.730 3

transAT 0.772 2 0.785 6 0.784 8 0.751 1

transAT(pretrain) 0.762 1 0.786 6 0.785 8 0.742 7

4.3 ¢�©Û

3¢�L§¥, �©é ²�ä�(��O!�.��ëê!5¿å��K���¡�


�þ�¢�©Û, Nu�Ì��, d?�0��Â�d?Ö¢�¥5¿å��K�.

3�Â�d?Ö¢�¥, �
�*aÉ5¿å�é¢�(J�K�, �©©O�
é'¢

�, ¿�é5¿å��ÑÑ(J?1
�Àzö�. ÏL¢�uy, 3 transAT�ä¥\\5¿

å��Ø\\5¿å���å�~wÍ, Ø\\5¿å�3
�êâ8þ��� F1� 0.972 4,

�u�`(J 0.983 1, 38I�êâ8þ�� F1� 0.939 8 ��u�`(J 0.962 2. 5¿å�
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Fig. 3 Visualization of attention weights
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