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An idiom cloze algorithm incorporating contrastive learning
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(1. School of Science and Engineering, Sichuan Minzu College, Kangding 626001, China;
2. College of Computer Science, Sichuan University, Chengdu 610005, China)

Abstract: Idiom cloze test is a subtask in Machine Reading Comprehension (MRC), which aim to test
the model's ability to understand and apply idioms in Chinese text. The existing idiom cloze algorithms
ignore the fact that the idiom embeddings suffer from representational collapse, which leads to low accu-
racy and poor generalization performance on out-of-domain data. In this paper, the authors propose the
NeZha-CLof TN, which consists of four parts: embedding layer, fusion coding layer, graph attention
subnetwork, and prediction layer. The fusion coding layer uses contrastive learning to force the network
to change the feature extraction that avoids the network outputting a constant embedding vector, thus
preventing the representational collapse. The prediction layer combines the output of multiple synonym
subgraphs to obtain better prediction than a single subgraph and to enhance the generalization perform-
ance of the model. NeZha-Clof TN is used in the ChID-Official and ChID-Competition datasets with accu-
racy of 80.3% and 85. 3%, and the effectiveness of each module was demonstrated by ablation experi-
ments.
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Fig. 1 Example of the idiom cloze test
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Fig. 2 The framework of NeZha-CLof TN
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RGP 22 8] B R A A G TRl AETE S RY

FEABABE. PRI 33X P A8 2R 22 T DAy 4 7 30 )
PR RS He s~ 1515 a2 D).

lossty, = 7¢ 201, (i + 15D (21)

il i J2 45 20 A AE 3 0 L~ X 4% T i) o1
BIRER A B R AR oA, X (22) , Horp t e
RY I it # rpm] 2 2], w0 s Ak i A — 2 1 A
B 2.0, T i 6 Py(CrL QD HI P, (Cr Q)
RIS A Py A Po. BB R PR B X (23) 5 as
B> 70 #R R AT 2 SHLRIIRE 4390 R 1. 0,1, 0,
0.5.0. 3, 40 1 4.

Py =P, +P, +§ . (P +PP ), Py €RT

(22)
lossy =a * los sy T Lossnsp T+

¥+ lossé, +6 ¢ lossty (23)

4 X 5§

4.1 BIEERTHEH

AR SRR T BRI 8 o6 T S8 25 Bl 4
ChID™ _F A7 Y 52 56 33k A~ $5 4 48 10 Bl o R J2:
E IR P /N L FCSC B T I SCAR i S A
W1 A). ChID J& 58 B 3 A8 X 2 Tk B2 AL
A AR AR L T 4 58 TTANBHE L BE R
() B AR S A AR 3R 2 73 TTAN S #6  A2s i
HBFE L — 7 B A L 22 T00 10 i 1k i i 4 6, LR A58
R A A T BE BRI A SR A S A FLAD
SEI A R AR AN IR (4 J2 ChID ¥ 48 1Y IE i 24
FH ANSAEBIE TP B, B LAMEEE B K. ChID X
434 ChID-Official #1 ChID-Competition P 4> il
A, — AR A & ChID-Official; & — /NI 25 4
(Train) . — A~ 3E 4 (Dev) | PU A4S I 3F 4 ( Test,
Ran,Sim,Out). YIZREE B 5N 50R 520 711, B E
LB R 20 0005 XA BE AN 20 000; Bl
SEBLIEAECH 20 000 , BEAILAE A9 45158 B T8 A1 S DA Bt
HUHIERAY 5 38 SCIRIE i Be v A5k 20 000, i L]
BB 1 18 I A2 DA -5 1E 25 S S AL BT 10 A AR

T Y s A ME BIE AN B 20 096, BUAME )
A6 1 BT AT 2 MBS NS Fh A IR R 1. B A
A2 ChID-Competition: il 15 58 & 3 25 i) o FE 5K
#it » & ChID-Official MBS IRAS. ZA~Beig 50 R —
4, RV 2H P B 25 JL — Al e vk R 4R A ik
B HRE B PR — IR AR X A3 HLAH R )
BEIE T E 1 25 5% 5 AABCHE 1E B 14 #1 7. ChID-
Competition Za 50 H N ZR4E T4 I a4
ANE AN )R 8470932183231, 3754,
AR ST FHAER A A SN a4,

Yﬁﬁ%;ﬁmugﬁ@gﬁﬁmo% (24)

4.2 BHRE

ALY S B 358 K. CPU 2 AMD Ryzen 5
3500X 6-Core Processor; N1E K/NR 32 G; GPU
1 Mk GeForce GTX 1080 Ti LIGHTNING Z,
BAKNR 11 G #4F R4 M Ubuntu 18. 04. 6;F
KIFIEFE A R PyCharm Professional ; 5 5% 45 3§
#5°5 Anaconda 4. 10. 3;15% 5 Python 3. 8. 12; R E
=S HESE PyTorch 1. 8. 0, il il 4 3 75 45 750 AfE 42
HuggingFace Transformers 4. 12. 5.

PRI T SCHEORHE TN 2R 5 AR, T T
AN SRR /Y Bt bk : NeZha: https://
github. com/lonePatient/NeZha _ Chinese _ Py-
Torch H1#%) nezha-base-wwm. i)l Zx1E = 8 H
FIE A TEW Base 5%, Large AAERZ2RIA Base iR,
SIS A B EZ 4R B Ry 768, TR TE S A
B4 Dropout #°2k 0. 1,223 &k 7e-5, Batch Size
k64,3 4~ Epochs, 46 %5 Bert Adam (2% 2] 3
)7 Warmup Linear, Warmup LR 6%0).
4.3 EIWHER

% 1 J& ChID-Official $# 4 b 1950 5 45
# 1 ', Human LA EAR, SKER, EAR-
RoBERTa, BERT-BL J& Bt Z % SCHk # (i, L
“ =7 RN S JE XS MR, Human 2y ChID-Offi-
cial £d & B ISR FHN T0RAh 9 7 28, 4
FfilER T 200 BV - Test Ran, Sim Al Out, ##37
3 AR SE R 800 AN E I A5 i, T e 0
SEDOBRARE U I R —AE R ARG 7 2. Base
it NeZha-CLof TN £ Large it NeZha-CLof TN H
J& NeZha IR/ T B9 BU)= K /N 768,
Transformer EH N 12 B 1E 8 13k 12 4, 35
O 132 M; 5 & 1Y BRZE R/ 1024, 4K 24
JZ EE Ik 16 4, S8 367 M.
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% 1 ChID-Official ##FE LWL R
Tab.1 Experimental results on ChID-Official dataset
HERR/ o
T i
BEgE Mt KEHLGE 3 S BWAME
Humanl* - 87.1 97.6 82.2 86. 2 -
EARL7 74.6 74.5 84. 4 67.9 65. 5 -
SKERLS! 76.0 76.1 87.0 68. 6 68. 3 -
EAR-RoBERTal"] 78.7 79. 2 90. 5 71.7 72.3 -
BERT-BLL 79.3 79.4 88. 8 72.9 73.1 0. 8X
Base it NeZha-CLof TN 81.0 81.4 90. 2 74. 8 73.9 1.4X%
Large it NeZha-CLof TN 81.5 82.0 90. 2 75.6 76. 6 0.5X

22 1 vh i SRR S RS ME I IE R R T 0 8
T IS X R A5 PSR E 33X RN |
NEHERR R0 22 AR T HAD B IR L BRI 2. 5
A i CmlEE st 1200 5 IE A 2 2818 L
W R AR AT B B A5 TR AR M DX 43 AT % 22 53] - R )
S 2 G A ) 2 AR T B — A R, IR A sk
B DX A CAR] 0 22 ). S8k A B B B0H Sk TR 2
SCHBR B B T 2 A AGE B T £
DA 38 4 1) TE A 2 47 BT 58 T JEL 25 (P X i B R
5 RE PF A AR B B4 72 Ak BE 1. Large it NeZha-
CLof TN #1#% F BERT-BL 731 L4 (+3.7%) fil
SRAME (4. 890) I $ETH R T HoAth = A A CRAE
2. 8%, MK 4 + 3. 3%, BEHLAE + 1. 6%0).
Large it NeZha-CLof TN &5 & JLF 2 Base iR
() 3 A YIZRES ) 85 1 30 WA  (H E A R A3 T
T 1. 1%. W% Base W 1V REFIRLAS , J& A
PR 5T MR A, J5 22 19 5255 1 ) NeZha-CLof TN
#B48 Base .

#*& 2 ChID-Competition #{3FEELIGER
Tab. 2 Experimental results of ChID-Competition dataset

R/ V6
T TN b
SR PAE BAME
BERT-GEA™ 77.3  75.8  70.3 -
BERT-BL 82.2  83.0 - 0. 8%

LIMIT-BERT-char 8] 83.8 83.2 - -
RoBERTa-BL 83.8 83. 6 - 0. 8X

NeZha-CLof TN 87.0 86. 8 82.2 11X

% 2 Z2FA1#E ChID-Competition B34 |11
S5, 5 ChID-Official £#E 5 A ], ChID-Compe-
tition FHEAEH HA 3 A TIIT R ¥ 4. BERT-

GEA F1 LIMIT-BERT-char & 8 fE 7 R BL [ &%
ik {E , BERT-BL #ll RoBERTa-BL Bt B 1% )&
https://github. com/ewrfcas/bert_cn_finetune H7
M 1E.

M 2 AT LIS B 5% 1 AR 4518 . NeZha-
Clof TN 2 Il 5 3 Ji 25 A8 Z2 1 JL A A5 1 v o iy 52
T 1Y s BRASAE LB A B TS [B) R A B A 4
ISR

# 3 JEAE ChID P $ds 8 F 800 T fil 52 50
SRy ST AR U R 7R ) 24 ) S A A K
FEAE A SCH 2 oA T W Bl 45 L -3 (E.
AR TR 3R 3 PR FS 5 IESCh AT 5 —
—XJ

®3 HMIBER

Tab. 3 Results of ablation experiments

HEWR/ %
75 s ChID-Official ChID-Competition
EHIE EHIE
€)) BMAJZ 67.7 71.9
(2) Rl i 2 79.5 83. 4
(3) i SR B R T M 4% 79.9 84.9
4) +HIMZ Y Lossty. 80. 3 85. 3

3 BIAL(D R = E AN A
(75 NeZha). 14 51 6 /45 K4 R 2 500H TR) (9 A
253 B HCBE T AN e B TE: B A ] i SRS TR
PR ) 2t 2 B 0 A% 52 AL E , 3 T e PR e 24 14 i
1% Reimers 21 R Bl A2 BERT 4y 5% AL
WRJLHL A5 2 | = A s T LA AN ) B 28 5 By vk
LA S NI AR SCE B R B AR % AR B A
T C2) AR (1) B LR _F 38 A 2 2  Fn2B sk
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NeZha tHE BRI () IS BRI T 4. 8 %0, I 2k
I JA] ZE K T 40%., HER R & T 17.4% A
15. 9%, AT (3) AEREH (2) f BLmls 39 hn T i XA
AT 45 P TR 7 M4 HER R AR T T 0. 3% Al
1.8 %0, i I BT A AT X AR) 56 2R RE AR R AR 0 XoF 1 i
T SR B AR A BT SCiR) T8 SR BURRAE. A
#1(4) NeZha-CLof TN HuAR 7Y (3) , i i K 43 Sl 42
F+7 0. 5% A1 0. 5% , Hir 7 ChID-Competition 32
HME FWERERIETF T 1. 2%, S E 2 P ol
REFY A2 AL RE 1 04 - eh LI BH G i T AR Y (177 fL RE
H1. LG54 L (5901 NeZha-CLof TN #4843 4%
AT AN AE A AH ECRD 30 , (2 SRS RN 3 1
B ) 11
4.4 HREIHRHH

FRATIX L2 > 451 5% R R0 % 55 R34 50 1 R
KEgPE. A SCHE ChID-Official 244 FIH T 45
URAZER AN R SE 56 2 (B AS [] () 2 T 28K . Epoch
IREL . F 2 # Batch Size &5, 3TN0 551 34 5 ¢
P o 5 A R 2 TR A A DG . X S R S 1k
TEM 48 b7 (Align F1 Uniform) i€ X H 1 Wang
R 30, Align M Uniform () A 45 2 i /) i
i, /N Align %R = % 554 . /N Uniform X} b = 3%
S

it Z UL S5 RN 3 B AL AR R
Align. A 45327~ Uniform, B — 4 53R — K52
B8 AL UM B B TRV 2 7 T 1) R I AR
{14 B e G R e P T 3

91 81.0
81 80.5
7] 80.0 __
L 6] 795 &
5 51 79.0 -33
< 4 785
31 78.0
51 ° 775

Uniform(z=0.1)

B3 ERENGKER

Fig. 3 Scatterplot of accuracy

ARSI AEMEFI A 2ZE A R BYE O T 5 Align
1 Uniform 580 Al 5. o] BUELE M 304 0 —
FEtk ST Align S B H05S FIE B
FEAS) Z [B] BB B , Uniform & () f& 3 235 5 Batch
N HAb R A CRBEAD Z [A B BS. MIEA fiA S
AR S R A 22 8] O RE B R B i, SEPR S

A A 14 B 2 AR AT, IO N T 15 B
2R SRR AE I 3 R A R A R Align
/N Uniform . 2 1§k A 5 1E 8 0E 1A
ZIE) A B AR S I e A TR 8 20 A A 2
M2 15t S i SRAR TR 2 W 2 B A e
Align K Uniform /] sk B R 50T A #R 1] LA
B 5 A ERf R L AEUR R ) i AN BE R4
PN R 2 P I AR S AR R 7 L IE
HOPRAR T By s BT SRR ] E U TR
DX TE A R A A A Z [ 22 531,

5 &

ARCHEH T NeZha-CLof TN A8 8 1% 15 52
25 AT LB 1k B ik A FRAE 93 15 ke
JE IR D L 3SRz AL e 7 AR AE I 3 B Be i
R x| TR A E A= M2 & IR DN
Z R ZFIE G AN e 2 IR LA 5
B R ELAKT L2 2] A BGE AR A ] B
P X FE PR R R A s T SR [ 1 7 0 4
FXF L2 G 1 R R RN S B 5 SO —
HIG BT T RETE BN A HERR R AL
X L S T Rl S g8 DA S AT AR A T E R TR
AR AT AT . b, 20 i SRR PR A 1
TR ) 2t S MI0 O 30 B ) LS S, FT RE AR 4 1
T HA Y TR SCHE F AR B R BT
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