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Machine Reading Comprehension Model Based on MacBERT and
Adversarial Training

ZHOU Zhaochen' , FANG Qingmao® ,/WU Xiachong'* , HU Ping*, HE Xiaohai'
(1. School of Electronic Information, Sichuan University, Chengdu 610065, Sichuan. China;
2. Sichuan Academy of Chinese Medicine Sciences, Chengdu 610041, Sichuan, China)

[ Abstract] Machine reading comprehension is\designed to allow machines to understand natural language texts,
resembling humans, and perform questiorizanswering tasks accordingly. In recent years, owing to the development
of deep learning and large-scale dataSéts. 'machine reading comprehension has received widespread attention.
However, input problems in practical applications typically involve various noises and interferences, which affect
the prediction results of a model. To improve the generalizability and robustness of a model, a machine reading
comprehension model based on'Masked language modeling as correction Bidirectional Encoder Representations from
Transformers (MacBERT) ‘andyAdversarial Training (AT) is proposed. First, MacBERT is used to convert input
questions and texts into word embeddings and vector representations. Subsequently, a small perturbation is added
to the original word vector based on the gradient change of the original sample backpropagation to generate an
adversarial sample. Finally, the original and adversarial samples are input into a Bidirectional Long Short-Term
Memory (BiLLSTM) network to further extract the contextual features of the text and output the predicted answer.
Experimental results show that the F1 and Exact Matching (EM) values of this model on the simplified Chinese
dataset CMRC2018 improve by 1. 39 and 3. 85 percentage points, respectively, compared with those of the baseline
model. Meanwhile, the F1 and EM values on the traditional Chinese dataset DRCD improve by 1. 22 and 1. 71
percentage points, respectively, compared with those of the baseline model. Moreover, the F1 and EM values on
the English dataset SQuADv1. 1 improve by 2. 86 and 1. 85 percentage points, respectively, compared with those of
the baseline model. The experimental results are better than those of most existing machine reading comprehension
models. Based on actual question-answering results, the proposed model outperforms the baseline model in terms
of robustness and generalizability; additionally, it performs better when the input problems contain noise.

[Key words] machine reading comprehension; Adversarial Training (AT); pre-trained model; Masked language
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modeling as correction Bidirectional Encoder Representations from Transformers (MacBERT) ; Bidirectional Long

Short-Term Memory (BILSTM) network
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Fig.1 Structure of machine reading.comprehension model based on MacBERT and adversarial training
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Fig.2 Structure of BERT text embedding model
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Fig.3 Structure of single LSTM model
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ESPReader 82.50 85. 40 83.95
BERT,,. +BILSTM 69. 25 81.18 75.22
BERT,, +AT 71.47 82.55 77.01

BERT,,. T BILSTM+AT 71.85  82.86 4 77.36

% 7 i LUE L7 SQuADvI. 1 Ziiede [
LR BERT,,. 7EIA BILSTM Johy EMVE 1 F1
(B3 ) L BB A &5t 0. 76 1 0, 094> 11 49 45, 16
INAFTHCIN LR B EM A B 1B 51 b 562k 455 70
i 2. 98 Al 1. 46 4B T RUER BT A BILSTM
XL LR 5 9 EM B ATERD {50 51 48 S 2R A 0 g
th 3.36 A1 1. 77 AN EH A A . X U TR AR X e S
BIRERIBA I RE L EH T 2MiESE . HES
ESPReader B HLIA A — i 2200, EZ R T
P Z AAEAE G TR G5 W A8 22 57, O HL B SC 4 L i)
I3 AR 5 TR SCHEIU A TR A TR AF
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R T R b SR BT B AR T S | A BILSTM
AP A o) 55 50 B 1 52 1) o B T B X e )]
R e 58 WXL IR R PGD BEAT X HE L 3 fil i
EEE R 8 fiR, Hirp, PGD Xt il 2Rk ARk L
4 3, CMRC2018 1 DRCD %4 £ 1Y baseline
MacBERT,,.. » SQuADv1. 1 ¥4 i baseline
BERT . o
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Table 8 Results of ablation experiment %
Btk a7 EMf{H  Fl{f biotie
baseline 71. 35 87. 89 79. 62

baseline+BiLSTM 71. 45 87.93 79. 69
baseline+ AT (our) 71.82 88. 96 80. 39
2018 baseline+PGD 71.69  89.31  80.50

baseline+BILSTM+AT
72.35 89. 29 80. 82

CMRC

(our)

baseline 88. 87 93. 95 91. 41
baseline+BiLSTM 88. 96 94. 04 91. 50
baseline+ AT (our) 89. 96 94. 64 92. 23

DRCD

baseline+PGD 89.78 94. 56 92.17
baseline+BILSTM-+AT
90. 01 94. 72 92. 37
(our)

baseline 68.99 81.01 75. 00
baseline+BiLSTM 69425 81.18 75.22
SQuUAD  paseline+ AT(our) 71.47  82.55  77.01

vl 1 baseline-+ PGD 71.22  82.41  76.82

baselines+BiLSTM-+ AT
71. 85 82. 86 77. 36
(our)

78 MTPIAH .

D) XF CMRC2018 #4 4% 4 , baseline 7E I A
BiLSTM j5 EM i T 0. 10 N E 435, F1 (4R
BT 0. 04 AN 43 A5 baseline 78T A X Hi I 45
EM {E#5 T 0. 47 NE AL FLEES T 107 4
H 41 & s baseline 78 [A] B AT A BILSTM X}t Y1 5
Ja EMAE#ESE T 1,00 N E 435 F1EE S T 1. 40
ANEST . X UL TR AL ZE A BILSTM J5 42
BT BN SUE B R E AR T AE I AT B S B 5t
Tz ALRE I E .

2) X} F DRCD %{ #& % baseline 7F il A
BiLSTM J& EM {25 T 0. 09 7~ H 4 4. F1 {2
BT 0.09 NH %) 5 baseline 7E A X #HL I 45 )5
EM {E#Em T 1. 09 a4 F1 AR T 0. 69 4>
H 41 & s baseline 7E [A] B AT A BILSTM X} 5t Y1l 5
Ja EMAE#E ST 114 N E S FLEES T 0,77
ANE AT, UL T AR AR H A BRI AL
ARG PERE L 8 F PR .

3) X TF SQuADvl. 1 4L« baseline 750 A
BiLSTM J5 EM {H# T 0. 26 4~ H 43 A4, F1 (iR
BT 0. 17 NH 40 55 baseline ZE 1A X PL 2k 5
EM #2517 2. 48 M E /3 FLHIRE S T 1. 54 4
T 53 14, s baseline 7[Rl A BiILSTM 1 X 471 11 45
J5 EMEEES T 2.86 AN EH 4rmi . F1{E$E R T 1. 85
ANE . XU PRI A g SR 4RI
AEHPERE G T 2B S JF HERER T K F
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Table 9 Impact of adversarial disturbance on the model %

PO/ RZIEE S EM & F1 {8 W
baseline 71.35 87. 89 79. 62
baseline+AT 71. 82 88. 96 80. 39
baseline+AT_0.5 71.45 88. 83 80. 40
baseline+AT_2. 0 71. 94 89. 23 80. 40
baseline+AT_3. 0 71.45 88. 91 80. 50
baseline+AT_4. 0 71. 26 88.52 80. 23
baseline+AT_6. 0 70.11 87. 89 79.79
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Table 10 Comparison of predicted answers of models
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Table 11 Comparison of predicted answers of models after ¢hanging the question
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