TAREREAA, 45 47 &, 55 1 38): 79-90, 2025 4F 1
Chinese Journal of Engineering, Vol. 47, No. 1: 79-90, January 2025
https://doi.org/10.13374/j.issn2095-9389.2023.11.05.002; http://cje.ustb.edu.cn

ST LA~ > By SR A UL S5 %

R4, HEH?, HER), THBD, K A

1) {7 g Mol Bk 2 5, 3% B 471002 2) PYAE Tl s 4R F24 B, P9 % 710072 3) PHAL Tl R A3 HEALABE, V9% 710072
DAl {5 /E#, E-mail: chenbenben@nwpu.edu.cn

® FE (AP e WA IR 0] A Y B R AR ARk, B R R WU 2615 5 AR A R, ) LA 4 1a) g X AR 1 X
FEFE S M ILEE B, BUS T H Ay (kB 09 PERE. SR, BT 5T 07 [R50 A R, 78 BLSE 5, s S IR 3 2 ) R0 i
BEATIER SZ 0 T U R 000 09 78 R 2 R0 B A 58 5 U R B 22 TR 09 43 A VR RS . AR SCHR R — i Tk ML 2% 2% 2T g v S R) A DG
BLJ7 5. B A T LA ST HE SR, AN IR] £ B2 SR IR m) A R, A il 5 25 SRR A5 B BB 181, 4R o i AR BB 4
FESZEE N S B XE A 9 24 ST FERRAE AR Y, BT IR S T B AP R ARVERAE A9 R HR . (1) 3£TF TF-IDF(Term frequency-inverse
document frequency) ¥ ¢ 8 17 R 1E; (2) 3T DNN(Deep neural network) 1) ¥R B 18 SUARAE. fem , 18 1o 3 B B0 2 v v SC K 46
LCQMC #1 BQ corpus S8 1iE T B4 7 i A 850 52U 32 W, A bb T B2 TR I 2% 2T AR, 6 DL 2 > 19 O ik vl LU 3K
$ETH ) AT DT C B HERA 2R, HL M B8 O 55 o o 28 1 R 000 A o 2 T 1 K

KR HARTE S O RV W LA T s H AR S TR s A7 Pl

2ES TG319

Question-matching approach based on gradual machine learning

HE Xuejian", CHEN Angi®, GUO Zhigiang", WANG Zhiru®, CHEN Qun*>™

1) Henan Forestry Vocational College, Luoyang 471002, China
2) School of Software, Northwestern Polytechnical University, Xi’an 710072, China
3) School of Computer Science, Northwestern Polytechnical University, Xi’an 710072, China

BLCorresponding author, E-mail: chenbenben@nwpu.edu.cn

ABSTRACT Question matching attempts to determine whether the intentions of two different questions are similar. Recently, with the
development of large-scale pretrained DNN (Deep neural network) language models, state-of-the-art question-matching performance has
been achieved. However, due to the independent and identically distributed assumption, the performance of these DNN models in real-
world scenarios is limited by the adequacy of the training data and the distribution drift between the target and training data. In this
study, we propose a novel gradual machine learning (GML)-based approach for Chinese question matching. Beginning with initially
labeled instances, this approach gradually labels target instances in order of increasing hardness via iterative factor inference on a factor
graph. The proposed solution first extracts diverse semantic features from different perspectives and then constructs a factor graph by
fusing the extracted features to facilitate 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 the shallow semantic similarity between two
questions; 2) DNN-based deep semantic features, which can capture the latent semantic similarity between two questions. We model
keyword features as unary factors in a factor graph, which define their influence on the matching status of the two questions. The DNN-
based features contain global and local features, where the global features correspond to a question pair’s matching probability as

estimated by a DNN model, and the local features correspond to the semantic similarity between two neighboring question pairs
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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 a GML solution for question
matching based on an open-sourced GML inference engine. We validated the efficacy of the proposed approach through a comparative
study on two open-sourced Chinese benchmark datasets, LCQMC and the BQ corpus. Extensive experiments demonstrate that compared
with pure deep learning models, the proposed solution effectively improves the accuracy of question matching, and its performance
advantage generally increases with a decrease in labeled training data. Our experiments also demonstrate that the performance of the
proposed solution is very robust w.r.t key algorithmic parameters, indicating its applicability in real-world scenarios. In addition, our
work on the GML solution is orthogonal to existing deep learning-based question-matching algorithms because our solution can easily
accommodates and leverages other deep language models.

KEY WORDS natural language understanding; chinese question matching; gradual machine learning; natural language pretraining

model; factor graph inference
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Table 2 The scalable gradual inference algorithm

Algorithm 1: gradual inference algorithm

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

Output:  All labels of unlabeled variables

1 while there exists any unlabeled variable in G do
2 V’ « all the unlabeled variables in G;

3 forve V' do

4 Measure the evidential support of v in G;

Select the top-m unlabeled variables with the most evidential
support (denoted by V,,,);

6 for ve V,, do
7 Approximately rank the entropy of v inG;

Select the top-k most promising variables in terms of entropy
in V,,(denoted by Vy);

9 for v e Vi do

10 Compute the probability of v in G by factor graph inference
over a subgraph of G;
Label the variable with the minimal entropy in Vi, with a

11 probability greater than 0.5 marked as 1, otherwise marked
as 0;
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n a7
) .

DI 7R B, AE 2% 1A [R) ) X 7 1] s ) )
X AE 28 358 43 1) FHE T 0 8 e, R 2438 AT B 1Y OC
IR Ry R AET, AL, CRKIET, CBbRT, Ho
CRLARET, AL AR BETHE WA A AR ]
B, R oy < 2RI OB IR], T ik A AR Q2 th
B, PR IE o B ORI DL G R X R
BEA P A B B, LS SR 9 IR S AR
R — AR B Qo[]S M —FE,
LI OGS R RE AR AR ) PR A ) A X A DT
PR TE 1] S, T BB OC B TR R AR A Y [
SRy R A)XF B DC L Ak 171 1] S

SR, 76 S Bl 1 i & 2R, 4 DA b 7 X3 R
) DG R TR] R AE 7R DX R HfE B e g 4R 5 B A
BR. 2ead ot BRI N B Ky 3t
L7 al BB S B R R E A 5 A ) S AH O, AN TR
1) O TR R IR 22 () 58 A Al ST, {7 8 A% 328 ik B 1l A
JINYE L PN, I T A A S 3 RS TR A N TR A s O i
P L3R (n) R, AR SCAE b R A A A G B ) ) 2 S Al
e, e R AR T A S B IR R 4y S AN R Y 2
e 3 Frow, X534 HE R« A [R) 288 531 v G gt 3m) 22 (]
JT REAHRL, AN [5] 21 531 2 [a] 3 O £t 1] S 1] B 18 K
25 5 38 1F R ERAE R HAS B OC B TR] B 45 Sy 1) 4R
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() BOR A T 460y OC B m) B i 4 G B (3 BURAR.
TEAS F A A 0 288 0 bm 28 AR S B im] 1 1% 0, 4
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A, D L) BAT R B AR 5 40 R fal ) X A A
A ATl T 20 Y OGRS )
LA B gl SRR AR PR 3 T OB o 5 78 (i
RoBERTa 45 ) it R 25 J5 1 4 F 4% 4t (1) k-means FlI
BIRCH 4%, P 1 F A1 75 55 125 55 38 vh K i RoBERTa
SEIRK.

(2) DNN H#AF. 38 2 56 Bl = Jo i 2 B n) ) 4 1%
R J2 5 S, TR )2 1 SOG4 W 52 4% [) /] % 7 DL
e 2 OCH 2. A, A SCRI TR | 4R35 7 Ab B U
Iz B A WY 2R AR (40 ERNIE 45 ) 4l i)
AP IR )Z T O FR, IEAE S B A0 B 1) g %
VEE O 2. e I TR B o 75 55 28 % BB IR /] % )
Yo i R IA, SRS T R A o i B LA R
IR AN R F R AE . FL v, 4 Jm R A 32 2 DL AR i i
PR £F1 BE A S A S 01 4 e = R RE AR,y S A A )
2 DA AR BE A AR R S i ph A R REAE .
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Table 3 Examples of keyword feature extraction

Category Keyword clusters from the BQ (Bank question) corpus

[T, R e, R ORL2s, AR, BB TE, R, BRI, ALY, BORTE', WEROR, RRBLRE, AR, B, RORY,

1 R, RO, WUERE, RUE G, RO RO, RO B, SRR R, RO, R, HOIA, R, RO, O,
Kol

, DA, LB, U, AR, BJLH Y ST, RAGRAL A2, LA S L S, VAR, RO, TR,
UL, A I, L

3 a2k, BTk, bk, 2, 2, wf,

4 LR, LRGSR, TH, BB, VIVARY, R, SRR, RIS, U, R R, O e, R, ORI,
ety

5 (R g, I, F R, SRR R, TRAE, A0, SCpR, BORE, IR, 1851, A RFEA 4

T UR B TR AR Y ) ) 4 JRy R AIE N RS R R AE
mr.

1) 4 Ry R AR« Ta) A X5 AR AL BE SRR AIE . 7 [R) /) X6 G
L ) [ R v, R R B R O 1 5 R ) W I L4
A RS 1B, 2 43 52 4R 00 A 10 % 55
fiE. 4 JRy REAF 56 3 X1 I e A BT A SE 8, ARIE T
FEAR (1) 0 308 0 YR A% 3 . AR S il DI 2 4 R T
YIZRaE 5 AR, SR 5 MO 5 A 80 i i s — > 4
i 2 AR B )X i ) B R AE, i A Softmax 4328
PR B B T BUTS B K (Y DL BCARE R, RIS ) /) X )
FHABLRE RRAIE.

2) JRyEB AR : ] A T B K AT 408 G R RRAE (T AR
K RFEAE) . WREEIE AL B 28 A M R AR & Y
] A tof (DG i B “ ANDE L™ ) JEAE— 2, 11 FEAS [
FR&E B 1) )t RS F . RE, A ) g 6 22 1]
AR OC R T AT R KM A [ bR 25
X 5 ZR RRAE A I T ) A o A 285 110 947 20 4 L

16 B RSz 98 b, F) JH ERNIE Fl Glyce #5 %0 $2
B[] A7) 6 B4 R BE ] i R AE . BERT 5 7 [ 2018 4F
WA, JLF Bk BTG 3 T 58 B B SCAR DG e 7 B 2%
> W AR R e 918 4 1) . ERNIE AT Glyce
#B S BERT A4 T+ AR 10 . 38 5 22 Wk S5, 49 1) 3
RoBERTa, ERNIE, Glyce, ALBERT®” I XLNet?*!
SN GRS TR A SCA DT e S5, & B AR AR TR] 52 56
ZAF T, X HAth 52 S04 A ERNIE AT Glyce #5574
N T AR SCSE B T 2 B R SSOR P R HL R PR
S, R A & e B Ad ] ERNIE F Glyce #5858 1,
SCAR DU JE 1) 5t () e AF SR B
32 BERETFEER

FEAE B 00 ) AL, A0 R AR A E X TF— A
SEAF), A K B TR AR AE RT3 T DNINAY A BLE 4R AIE
AR B MR AR E T RS S, g T
DNN [ $5 3T 4B 56 Z2 FRAE, FEAR 8 XA 7.

Bt b, 30 OB R R R AR R R AR 2 A
0T B LA
e if v=1

¢fu(v)={ | F ov=0 4

Horp, v=0/13R R R AR A2 i, BRIV fa] A % 9 D PC AR
A, 1 HUEREL, 0 HARVEHL; we, 7R FRLPR T AU AL .

FAl b, FRATTHE R AT 4B ¢ RAFFAE 2 XA NF
1 R -

W g R
¢fr(vi,Vj):{ ? lf Vi vJ (5)

otherwise

Horbr, wg o8 SR - AL E . IR 40 Z /i TARED,
AN LR b S A -, ER A ek LE Y sigmoid
PRI 50 220 T R IR X6 S48 s 28 RS B s e gL B L
BTATIERE LA F A (we(v)) H:
w(v) = 6r(v) - 7¢ [x¢ (V) — af] (6)

Horr, 0pv) R 7R FRAE 5 6 7 0 A5 BE 5 xep(v) R —
AL d W RREAE ; Tl ap R 7R sigmoid pRER Y
B4 Iy MR AE Bl A, ox0)il
b A 5 25 HARAG T, S 8ol o W 75 ZER 4 AT
)T A8 S 18] F) AR S T i 2 ) s R rh Bl AR A 2

WE 1 FT7R, FrA By SR SR R E e — A
BRI, AELAS () 7 S 451 AS ) A9 R AR {E; (R4 b,
A OGS ] e A R AN B L R, T A
14 A fBLBE R AIE e 52— AN B -, BT A 1 OC R AR
e —AWHEF. BHFA A M S5 A
i refl .

4 SLIGIGIE

41 EWiIZE

A 3L S 56l A 2 T Hp SO R BN 4
(1) LCQMC J2& M T K & 28 B9 — ™ THI [w] - 5 €01 38 11
AR R FIARE S ) /) D C A 4 i B R 51N
A ) 28 v HICHC e 0 () 0 o 3 A 0T ke e
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T 206608 A~ [m) mp %, H Il 2R 4R 4 F 238766 1]
AR, B E AL B 8802 AN Il A X, I 4R AU
12500 4~ [A] 4] X} ; (2) BQ(Bank question) corpus f&
— > TAT 7] 4 il 2 400 358 ) SRR P S i) ) D i 4
P, N—"NTELMIT —EE P IR H & s
ORI Sk, Y 2R 4405 100000 A [a) A %, 46 31E 4
A F 10000 AN [R] A7 XF, KA 4 2 10000 A1) A) % .

TEXT S g, Sefboe vl LAFTH 100% Y11 254k
P, O IEHLER 2 O ik 5 A B & RIR B 2 )
BEAUXT HE. A T 48l B s, S USR] A1) (10%
20% i1 50%) P 2%, X5 L e ] =2 1) A9 4 fg
S BRZ AT TAE—HFE, WS8R, WG R A FL, ok
i £ DG i 1 g

FE T FEUR 00 AL 8% 2 2] 51 R SE BT 4R Y
B, 43 WAL T ERNIE F Glyce filBOH UL 1 KNN
K ZFFAE . 7E 4B KNN 5€ RBFAERT, R T HHIE ¢

FARAE Y AR, I3 40 B DR B A —
T 10 M 1H ; 76505 SE L, AR SCER I A i 48 A4~ 5K
6, B n=6. ¥ it #E BS54, 1) top-m F IR 7E 1
A58 BT A SE IR SRR, TR B R S
553 ARLKR A T 0 SR B 5 PR R R A A A
T ~ 2 74k, Sk — ik BOIE 52 R B 45 K i)
10% ~ 20% S 2 5 J5 22 0 3T oL 4 B, BN I &
m=2000; 2) top-k & 7R 75 71 58 5¢ top-m > 5 il () ifr
U ), I 22 g S R 7 B 2 5 5 S A B S ) 5K
H s PRy 3 L4 B R 22 5001 100 HE A R 45 i L
S P EU R R B, B — Ak B R 1 S AT
LA SRR, BRI B =20 3) B ik FHBEPLES
BN BT L 2 S8 TR SECE S BT
RSB 50, LI BN, i — 2 m S
> R P 4 3 A 50T S I 24 SR 11 5 ) T LR
BiESH0x gg g 4 Jis.

Fa WP D FESHOE

Table 4 Parameter setting of GML algorithm implementation

Parameters

Default values Suggested value ranges

n of KNNs in binary/relational factors

m of the top-m evidential support in gradual inference

k of the top-k minimum entropy in gradual inference

i, the number of iterations for factor parameter optimization

6 [4, 8]
2000 [1000,3000]
20 (10, 30]

50 50

FE 4.4 /N 0BRSS R B, T P B X R
TP . B RAEYE SZHF B top-m e /N T B
i top-k S H A E AU HEREESHKX
), AR R AR R AR E . FEXT L SE g v,
B 1 RE R BLAR & S KB AT I3 ME, BIRiEfT 2
[i] F 14 B 22 S AR/,

42 XfLEELIGER

TEF A0 2R 800 001 B0 T, X He S 56 4
WU S K 6 Ui, ol LA, 7245 4% |,
F& T BERT f9 il JI| %5 55 74 (RoBERTa, ERNIE Al
Glyce) B RETE BT A 48 b5 b #F BT AR T 2 /i A I
JEE i 22 [ B AR D . BE T BERT AR AN [A) A5 AU 22 [i] ,
AE AR |22 SR K. JE Tl gk pLER 2% 2 0 R AE
F1 ARG P8 bR L AL T 56 T BERT AL
DL ES5RBoR, A 8R A R LR 2= > O ik
FIVTR B b 22 I 266 48 BB SRR AR, ¥ 2 B4 27 >0 AR LE
TR BE 2% o] A RE Pk Re L 3.

X Lb g 2E AL 25 2% 20 B8 5 TR B 2 2] B B AE )
FA TR Ee 1) 21 0 F B9 PERE. 1 F 3% F BERT
Y ERNIE 5 5 75 % B 2% > B0 78 o A0 X 38 91 i 4

A CH GML 5 ERNIE B8 gE 17 g, 45 3 an &l 2
Fios. AT LAE W, AR EL B R, GML A9 1 B AR Fa
FE ML T ERNIE. R 5175 248 A0 &, 76 P Eods
4 I, GML 9 1 e 0 35 bt 5 I SR 550 L 1] 1 i 2
T34 . S0 00 25 S AR B, R b B 4l 119 TR 2 > A
Y E AL 2 ) AU R B AN R RIS R

£S5 LCQMC Hflifk L Izsind g S (100% VI 2% )

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

Model Precision/% Recall/%  F1/% Accuracy/%
Text-CNN 69.62 71.84 70.71 70.12
BiLSTM 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




B B A ST HEAIL A A > B R SC IR R DT BT vk

.87.

6 BQ corpus HdidE SN} HLAE R (100% ZREHE)

Table 6 Experimental comparison results on the BQ corpus (100%

training data)

Model Precision/% Recall/%  F1/% Accuracy/%
Text-CNN 67.77 70.64 69.17 68.52
BiLSTM 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

FEPU Mk, e FR U B F.
43 HEXIWER

FETH RS2 56 v, AR SCHE Vi 2R AL AR o7 2 R Y
S ) B — PR AR, SR S AR 5 R R
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GML 9 R # AT AS [RI AR B 1 . v, R Ll G st
A RRAIE, 25 4% 55 T DNN (R DL B FRAIF 3 KNN 4
fIE, BB T R 0 B8 0 B S5 (EE:, SR RR AR 4TS 2R

RETE— & R FE AR T PERE. SLIR s R Won, A S0
87 Ha
86 -( ) ./o/.
85t -# ERNIE (LCQMC) - #- ERNIE (BQ Corpus)
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X 83}
S 82r e L]
:g 811 I/.
2 80 .2}". ..
& 79t
78
77 ¢ n
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75 1 1 1 1 1 1 1 1 1
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L ]
88 H(c) o
o/
87
...m
86 1 /o
L85 e— &
N m
o 84r
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80

5 10 15 20 25 30 35 40 45 50 55
Training set proportion/%
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B B A R T 7] ) DG JE A v 236
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KAE 5 32 15 FE A5 top-m Al e /N T 1845 4~ 3K top-
k, M GML B REXT X = A~ 500 & 1 BUR
Z R A SE 56 o, KNN-n, top-m A1 top-k A% 2RI\ HUE
6. 2000 F 205 7 BRI K S 5 H, WSk 4
7, KNN-n (1 BUE S FE R [4, 8], top-m 1Y HU{E L
A [1000, 300]. top-k Y HUE i [l 24 [10, 30], I =
GML Ay e 728 1k . LCMQC %0 Hs 5 | g il 38 25
e 8 ~ 10 fr7, 1€ BQ corpus i 45 - i I ik 2%
TR, KL TE I Z 1

2 9 FlIZR 10 (L5 B, BEE top-m Fil top-k
SHUE B A1k, GML Bk 9Pk g /N B 3h.
PR R S 25 SR I, GML Y B PR RE X B HOR
U, R T R B A fdeH k.

5 HitRkRE

AR SCHR T — o 3 T AL AR 2 2T 1 Hh S ]
AJVEICJ7 k. 5 12 A B 2= AN 2 TR SCRFE, 8 i
PR~ 78 52 TR DA o 1) X ) 9 2 > L 7 R v
8 FRSEER R D ARSI SR BE L AR 2 2] 7

93 [ - M- ERNIE (LCQMC)
» | -@- GML (LCQMC)
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88 @
871 //'
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. -8
= 85t -
Q\>x ./
§ 84 +
g st o .
< R
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Fig.2 Experimental comparison results under different training data ratios (10%/20%/50%): (a) precision; (b) recall; (c) F1; (d) accuracy
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Table 7 Test results of ablation experiments

Dataset Factor combination method Precision/% Recall/% F1/% Accuracy/%
All-factor 81.67 97.42 88.89 88.76
Without keyword 81.34 96.10 88.12 87.80
LCQMC
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
Without keyword 85.54 87.10 86.33 86.20
BQ corpus . o
Without Similarity 82.40 83.82 83.10 82.95
Without KNN double factor 83.68 84.58 84.12 84.16

228  KNN-n S U i 525645 58 (LCQMC, top-m=2000 & top-
k=20)

Table 8 Experimental results of sensitivity testing for the top-m
parameters (LCQMC, 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 88.91 88.82

9 top-m SHUHURE IR I E5 5 (LCQMC, n=6 & top-k=20)

Table 9 Experimental results of sensitivity testing for the 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

F210  top-k ZHUHUBIE MR SLIRSE . (LCQMC, n=6 & top-m=2000)

Table 10 Experimental results of sensitivity testing for the top-k
parameters (LCQMC, top-m = 2000)

top-k Precision/% Recall/% F1/% 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
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36 X T 03 K e 9 23 A AR R e 5, PO ki
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