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ABSTRACT  Questionf mdtching aims to determine whether the intentions of two different questions are similar. In recent
years, with the development of large-scale pre-trained language models, the state-of-the-art performance of question
matching has beéncachieved by these DNN models. However, due to the I.I.D (Independent and Identically Distributed)
assumption, the“performance of these DNN models in real scenarios is still limited by the adequacy of training data and the
distribution drift between target and training data. In this article, we propose a novel approach for Chinese question matching
based on Gradual Machine Learning (GML). Beginning with some initial labeled instances, it gradually labels target
instances in an order of increasing hardness by iterative factor inference on a factor graph. Our proposed solution first
extracts diverse semantic features from different perspectives, and then constructs a factor graph by fusing the extracted
features to enable gradual learning from easy to hard. In feature modeling, we extract and model two complementary types of
features: 1) TF-IDF based keyword features, which can capture shallow semantic similarity between two questions; 2) DNN-
based deep semantic features, which can capture latent semantic similarity between two questions. For the keyword features,
we model them as unary factors in a factor graph, which define their influence over two questions’ matching status. The

DNN-based features contain both global and local ones, in which global features correspond to a question pair’s matching
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probability as estimated by a DNN model while local features correspond to semantic similarity between two neighboring
question pairs as estimated by their vector representations in a DNN’s embedding space. To facilitate gradual inference, we
model the DNN-based global and local features as unary and binary factors respectively in a factor graph. Finally, we
implement the GML solution for question matching based on an open-sourced GML inference engine. We have validated the
efficacy of the proposed approach by a comparative study on two open-sourced Chinese benchmark datasets, LCQMC and
BQ corpus. Our extensive experiments demonstrate that compared to pure deep learning models, our proposed solution can
effectively improve the accuracy of question matching, and its performance advantage generally increases with the decrease
of labeled training data. Our experiments also show that the performance of the proposed solution is very robust w.r.t key
algorithmic parameters, boding well for its applicability in real scenarios. It is also worthy to point out that our work on the
GML solution is orthogonal to the existing work on deep learning for question matching in that our solution can easily
accommodate and leverage other deep language models.

KEYWORDS  Natural Language Understanding; Chinese Question Matching; Gradual Machine, Learning; Natural

Language Pre-training Model; Factor Graph Inference
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Fig.1 Framework of Gradual Machine Learning Algorithm
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Table 1 Example of keyword feature extraction
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Algorithm 1: Gradual Inference Algorithm

Input: factor graph G ; parameter m , k, n

Output: All labels of unlabeled variables
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while there exists any unlabeled variable in G do

D' « all the unlabeled variables in G ;

for d e D' do
Measure the evidential support of d in G ;

Select top-m unlabeled variables with the most evidential support (denoted by D, );
ford e D, do

Approximately rank the entropy of d in D, ;
Select top-k most promising variables in terms of entropy in D, (denoted by D, );

for d € D, do

© 0 9 AN B W DN

—_
o

Compute the probability of d in G by factor graph inference over a subgraph of G ;

—_
—_

Label the variable with the minimal entropy in D, , with a probability greater than 0.5 marked as 1, otherwise

marked as 0;
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Table 2 Examples of keyword feature extraction
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5 12500 M AA)%F;  (2) BQ corpus. BQ (Bank Question)  corpus & — ™ [H] [ 43 fill 1 B A8 )
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Table 3: Parameter setting of GML algorithm implementation

Parameters Default Values Suggested Vialue Ranges
n of KNNss in binary/relational factors 6 [4,8]

m of top-m evidential support in gradual inference 2000 [1000,3000j

k of top-k minimum entropy in gradual inference 20 [10330]

i, the number of iterations for factor parameter optimization 50 =50

fE 4.4 /N, FATHCR SR R S B UK . B TINBUREE LI R, R Sidkxt
PRI AR AN . BORAESE SCRFIEE top-m A /NE AU top k€S SR E A UK REREAS
BX[A], FIETEREORFRIEATGE . ARSI, RS RPERERIAL R 5 JOa TP HME, FRATM
KRR, RGEAT Z PR REZE AR /I

4.2 STEELWER

R4 LCOMC HimeE LI EEEER, (100%IIZEHR)
Table 4 Experimental comparison results 6n LCQMC (100% training data)

Model Precision Recall Fl Accuracy
Text-CNN 69.62 71.84 70.71 70.12
BIiLSTM 76.54 73.76 75.12 74.96
BiMPM 80.28 91.18 85.38 83.55

DIIN 79.88 93.46 86.13 85.11

BERT 80.34 95.24 87.16 85.90
RoBERTa 80.34 95.77 87.38 86.17

ERNIE 80.66 96.37 87.83 86.56

Glyce 80.88 95.66 87.65 86.38

GML 81.67 97.42 88.89 88.76

5 BQ corpus ¥IBER _ESTWMELLER (100%iNZk%R)

Table 5 Experimental comparison results on BQ corpus (100% training data)

Madel Precision Recall Fl1 Accuracy
Text-CNN 67.77 70.64 69.17 68.52
Bil-.STM 75.04 70.46 72.68 73.51
BiMPM 82.28 81.18 81.73 81.85
DIIN 81.58 81.14 81.36 81.41
BERT 82.98 85.36 84.24 84.17
RoBERTa 83.65 85.24 84.44 84.29
ERNIE 83.88 86.75 85.30 84.79
Glyce 85.76 84.45 85.09 84.46
GML 86.64 87.82 87.20 87.06

FER A INGEIE ST, KSR gs Rk 4 MK 5 Fos. ATRES, RN ETEE
b, #F BERT (il 44575 (RoBERTa. ERNIE il Glyce) JVERELE TG 85 LA BAL T 2 5
(IR FE M SR . BT BERT AN FERRY 2 (8], MERE SR EZERAK. T EdpLas s I
VELE F1 FIAERR RPN e bs LA T2 T BERT MUY, DL SR R, @it AR &L gl es
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Fig.2 Experimental comparison results under different fraining data ratios (10%/20%/50%). (a) Precision; (b) Recall;
(c)F-1;d)*Accuracy
AT FV RS0 b 5 e AL 27 S B0k B IR B2 2 ST R RUAE R T AS [A) BRI 2R 00 B PR RE . PR g3
T BERT [f] ERNIE AL PRI 2 SIA A AR R B e df o irbh, 3RATT3E GML 5 ERNIE A AU AT
PR, SR 2 P WRAE MY AEAMRILESIR, GML (Rl Az € L T ERNIE. 45 75 %
TR, EWADEEESE L, GML IIEREIL S BEE I 2Rl LBl A Js b T i K. Seit gl Ris HEa%
B, AHLC SR A RUR BE 2% S RRY, VRGNS 2 S BRAE VI B A R I 00 T R ILE o, HhRe A fa
T BIEH

4.3 HREASCIREER

®6 HRASCIEAMREGR

Table 6 Test results of ablation experiments

Dataset Factor combination method Precision Recall F1 Accuracy
All factor 81.67 97.42 88.89 88.76
LCQMC Without keyword 81.34 96.10 88.12 87.80
Without Similarity 79.30 93.42 85.78 84.85
Without KNN double factor 80.56 94.60 87.02 85.42
All factor 86.64 87.82 87.20 87.06
BQ corpus Without keyword 85.54 87.10 86.33 86.20
Without Similarity 82.40 83.82 83.10 82.95
Without KNN double factor 83.68 84.58 84.12 84.16

FETHRESESS ,  FRATFE MR HENL &2 2) SR A S I b 7 ) 25— FhRRAIE, AR5 BB 5 JERF
AR FVERIPEREZE 7o PRANIIXT LU R IR 6 Fron. wIABLR A, FisdEf]—FhRFIE,
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R, PERE N FEMIEONIIE; (Ho2, SREEARFIEDIAREAE — e fEfE EIRTHERE. LA RE R, 1E
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4.4 SYHRENAKE

1ES U FE MRS B0 o, FRA TR BCHT B A = A KBS, RISC RN FHaL 444 n.
B R AESE 32 HR AN top-m A INEAUE AN KL top-k, 8 GML HIPERENT IX =S50 B UK .
ZHTHISEEEH, KNN-n. top-m i top-k FIERIAEUE N 6. 2000 F1 205 7ERUR NN SLIeH, sk
3 fis, FRATAE L KNN-n I EUE TS FE M[4.8]. top-m HIEUE YEH4[1000,300]. top-k FIEUHE L K
[10,30], Wl GML HIPEREEfL . LCMQC Fidli 4 FAlatas sk 7. & 8 ML 9 Fion, 1E BQ
corpus FHEE LIRS, RN, [RIBLAE 20

R7 KNN-n SHEREMASLIER (LCMC, top-m=2000 & top—+=20)
Table 7 Experimental results of sensitivity testing for top-m parameters (LCQME, top-k=20)

KNN-n Precision Recall F1 Accuracy
4 80.82 96.80 88.09 87.82
6 81.67 97.42 88.89 88.76
8 81.88 97.26 8891 88.82

8 top-m BYHMBENNLELER (LCAMC, n=6 & “topk=20)
Table 8 Experimental results of sensitivity testing for top-m parameters (LCQMC, top-k=20)

top-m Precision Recall F1 Accuracy
1000 81.94 96.56 88.22 88.57
2000 81.67 97.42 88.89 88.76
3000 80.87 97.88 88.17 88.32

R9 topk SHERBRERIASLHER(LCAMC, n=6 & top-m=2000)
Table 9 Experimental results of sensitivity testing fortep-k parameters (LCQMC, top-m=2000)

top-k Precision Roeall Fl1 Accuracy
10 80.34 97.86 88.33 88.27
20 81.67 97.42 88.89 88.76
30 81.53 97.18 88.78 88.35

£ 7R WG REIR, B4 top-m FAltop-k ZHEUE ML, GML BIEMHERE R 2 /NME
Bzl TATRBURE LI L RFERY], GML MEVAEREN SHAGUK, LW 7RIt
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