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Domain Deep Text Matching

LI Boxin'*, HUANG Qi*, LU Xiao', ZHANG Xiao', WANG Bin'

(1. Xiaomi Al Lab, Beijing 100085, China;
2. Chinese Information Processing Laboratory, Institute of Software Chinese Academy of Sciences , Beijing 100190, China;
3. School of Computer and Information Engineering, Jiangxi Normal University , Nanchang 330027 , China )

Abstract: In low resource deep text matching scenarios, transfer learning utilizes resource rich source domain data to alleviate the data fam-
ine problem in the target domain; When there is a distribution difference between the source domain data and the target domain data, the un-
reasonable use of the source domain data will result in negative transfer phenomenon. Therefore, a cross domain deep text matching method
based on meta learning instance weighting method is proposed. Firstly, by minimizing the loss of a small amount of annotated data in the low re-
source target domain, appropriate importance weights are adaptively assigned to the data in the source domain to better fit the data distribution
in the target domain; Secondly, in order to alleviate the catastrophic forgetting problem that may occur in the pre trained language model dur-
ing the transfer process, meta learning is only performed at the classifier layer of the pre trained language model. Experiments have shown that
on the natural language inference dataset SciTail, RE2 and ALBERT have improved F1 values by 2.0% and 1.5%, respectively, compared to
the suboptimal baseline method; On the CQADupStack dataset for paraphrasing detection, RE2 and ALBERT showed a maximum average im-
provement of 4.1% and 1.7% in F'1 values compared to the suboptimal baseline method, respectively.
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Fig.1 Instance weighting method based on meta learning
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Fig.2 Process of instance weighting method based on meta learning
in low resource text matching scenarios
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Table 1 Sample statistics of natural language reasoning task evalua-
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Table 2 Retelling detection task evaluation set sample statistics

R2 ERRNESTEERASIT

Bt WXHE BI% LUE SR v S S

eng English 4096 N/A N/A
TR AT gam gaming 4795 N/A N/A
tex tex 6906 N/A N/A

mat mathematical 500 100 1628
wor wordpress 500 100 822

pro programmers 500 100 2211

phy physics 500 100 2551

H br4uitek web webmasters 500 100 1833
sta stats 500 100 959

uni unix 500 100 2403

and android 500 100 2437

gis gis 500 100 1524
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Table 3 Experimental results of natural language reasoning tasks ( ref-
erence data of 300)
*3 BAEBEHEESLHIKRER(SEHEI0L) (%)

A Ik Acc AUC F1
Tgt—only 60.0 72.3 61.2
Src—only 63.9 69.7 60.6
RE2 Fine—tune 69.7 77.8 65.8
L2RW 70.9 78.4 65.8
Ours 72.3 79.5 67.8
Tgt—only 87.9 94.8 84.4
Src—only 78.8 87.2 69.4
ALBERT Fine—tune 77.7 83.8 71.1
L2RW 89.4 95.7 85.8
Ours 90.1 95.9 87.3

342 REAATHH®

AR SCHE PLAE 55 b, S ik R S50 [R5 BT 48 5 vk 19 52
i), 8 2 B0 AT IR 95 B (1, 10, 50, 100) , EHL English
— physics (PI) ,gaming — statistics (PI)iX P~ 35 %)
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Table 4 Experiment result of retelling detection tasks (300 reference data)
R4 SRRVES EMTRER(SZHIE3005) (%)
- FEAT H R4
o B, Jrik FRSILAIE B3¢ -
mat wor pro phy web sta uni and gis Acc AUC F1
N/A Tgt—only 66.3 70.9 82.3 76.7 78.5 69.3 77.7 76.3 72.5 74.5 77.2 56.4
Sre—only 73.8 62.1 72.4 79.7 57.6 71.6 66.3 66.9 67.5 68.7 77.9 60.1
. Fine—tune 79.0 80.7 86.0 87.2 85.5 82.5 83.5 85.2 81.9 83.5 88.3 74.6
english L2RW 77.7 81.6 86.7 85.9 84.7 82.4 84.3 85.6 82.3 83.5 87.4 73.6
Ours 78.6 83.8 88.2 88.1 86.8 84.0 85.8 87.3 83.3 85.1 89.6 71.3
Sre—only 76.5 78.4 85.3 83.2 77.8 78.1 79.4 82.9 76.0 79.7 85.8 72.1
RE2 ) Fine—tune 79.0 84.0 88.8 88.1 85.8 83.4 83.6 89.1 84.2 85.1 89.6 713
saming L2RW 80.1 80.2 88.1 86.6 85.8 82.4 84.0 88.0 80.5 84.0 88.1 75.3
Ours 80.9 84.8 90.3 88.3 87.4 85.5 86.0 90.5 83.6 86.4 90.7 794
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Fig.3 Impact of sensitivity factor on RE2 and ALBERT in two migra-
tion scenarios of PI task
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