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Transfer learning based QA model of FAQ using CQA data
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(Information college, Renmin University of China, Beijing 100872, China)

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)
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Fig.1 Structure of a semantic computing neural network
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Fig.2 Local fine-tuning scheme of a transAT neural network
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Tab. 1 Comparison of data from the resource and target domain
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Tab. 2 Semantic equivalent experimental data partitioning results

ALK ) 2 H s 4 FAQ %4k
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Tab. 3 Test results for various models in the source domain datasets

B Precison Recall F1 Time_cost/s
LSTM 0.908 3 0.958 3 0.932 6 1223
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 3927
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Tab. 4 Test results for various models in the target domain datasets

Y 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 1188
PWIM 0.951 7 0.952 2 0.952 0 622 182

transAT 0.965 3 0.959 2 0.962 2 540

M 3 FTLAE Y, ASCHR ) trans AT A 7R J5 sl O MU E 4t 46 b, B T I 1) 2 R
IR B TARGF B 45 R, FE HAEVINZRIN [a] b zg /s T 28 90 286 280 52 2% 1 PWIM A, ik B
trans AT BT RUBEERL b, FEMRI 687, I HAEYERE b, G545 SR 11 25 [R) A 5T
PRSI B (Time cost).
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REZEE A+ MSE, f0 i 2 o 4nidE e, id o CSBC; & K A a7y =X, Bl 2k R H 4
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SOEEREEH
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558 AT D, T LAZE B3] SIS, $ETTRURIIR AR ). 5 L, 7E FAQ I
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Tab. 5 Results of various transfer learning methods

SRR I 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_tunel) 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

* 6 FREGHMESR, FAQ BIELELER
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

ARG AN [ G 7 B R 45 SR )5, SR 85 RN 7 Pros. R 7 AT AR, AE DIk
I, AN B o O 25 SR RS2 AR K. AR, B G by BB R a8, B2 ) X ) fE
KB, (U 2 A0 o E I, 2 AR R 28R A BT B . AN SR HH ) trans AT A5
RUAHEL T2 BB, ORAT W 3T, IF HE T % 2 1) transAT (transAT (pretrain)) U {3
T AR,

*x 7 FRESFILLE, FAQ BIEXLBLER
Tab. 7 Results of FAQ QA experiment with different ratios of positive and negative

PQ1(1:1) PQ1(1:2) PQ@1(1:3) PQ@1(1:5)
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 ERAT

FESZIG R FE ) AR SO AR W% S M BETE . BB S0, 1R 2 RIS S A T
KEMSEIG 0T, 15 TR PR, oAb A4 ST 45 S5 PR ) 2 5 .

TEWE SCEEM AT 45 SE80 T, O 7 B2 I 5 ) J2 50 S0 45 5, AR ST 40 AN T 5% bl sl
5, H HE R T A A AT T AT AR I SR R I, A transAT M ZE I B
NEESAMATER I Z AT B3, AIMANEE ) EARESEEE FA 21 F1L A 0.972 4,
INT RS B 0.983 1, 78 H bR B4 155 F1 0 0.939 8 it/ T4 i 0.962 2. 11 &E 2
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Fig.3 Visualization of attention weights
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