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Multiple Choice Machine Reading Comprehension Based on
Temporal Convolutional Network

YANG Shanshan,JIANG Lifen, SUN Huazhi, MA Chunmei
(College of Computer and Information Engineering, Tianjin Normal University , Tianjin 300387 ,China)

[ Abstract] As.a challenging task in the field of natural language processing, machine reading comprehension aims to
answer questions related to articles and requires complex semantic reasoning. To solve the problem of information loss and
inability to capture the global semantic relationship in feature' extraction of existing machine reading comprehension
methods, this paper constructs a multiple choice machine reading comprehension M-TCN model based on Temporal
Convolutional Network( TCN) . Attention mechanism is used to-match articles, questions and candidate answers, and the
internal relationship among them is established. At the same time, in order to extract high-level features to reduce
information loss, TCN is used to aggregate the matching representation. The performance of the model is verified on the
RCAE dataset of public reading comprehension. The experimental results show that compared with the existing machine
reading comprehension models including ElimiNet, MRU and HCM , the proposed model increases the prediction accuracy
to 52.5% ,and its comprehensive performance is better.

[ Key words] machine reading comprehension ; multiple choice ; Temporal Convolutional Network ( TCN) ; attention mechanism
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Fig. 1 Structure of the proposed model
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Table 1 Experimental data information

GRS T B LR
Train 6 409 25 421
RACE-M Dev 368 1 436
Test 362 1 436
Train 18 782 62 445
RACE-H Dev 1021 3451
Test 1045 3498
Train 25 137 87 866
Dev 1389 4 887
RACE
Test 1 407 4.934
All 27 933 97 687

% 2 RACE %#E &£ M # 6l
Table 2 Example-of RACE dataset
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Welcome every morning with a‘smile. Let your first hour set
the theme of success and positive action that is certain to
echo through your entire day. Today will never happen
again. Don’ t ‘waste it with a false start or no start at all. You
were not born to fail. Starting the day right can give good
momentum for the rest of the day--- Here are some tips on
getting the most out of the morning. Wake up early. In
theory, there’ s no difference in waking up early or late as
long as you get the proper amount of sleep-:-Our to-do list
might be never ending, but put on top of the list a couple of
urgent tasks that will define the day to be a successful one.
Check your emails. Only once. Getting a lot of emails can
be very distractive. You actually are more productive when

you check them only a few times at fixedtime of the day.

The purpose for the author to write this passage is to _
A. Tell you to get up early every day

i) K B. Offer you the best way to start the day
C. Give you advice about-how to arrange a day

D. Advise you to prioritize your to-do list every morning

BR OB
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AR SCRERYAE L #5479 FE /R 17 CPU L )z NVIDIA
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Table 3 Influence of TCN layers on model accuracy

TCN JZ % A BE/ %
2 51.5
3 52.5
4 52.1

2.2.2 TCN [BUZ Y 5 ¥k £

TCN 52 1 B U 155 7Y $2 U 7 AF g ) K
INEZESH, B AE TCN [RZ 1 S 50K, M
PERER 25, R TON B2 sk £, BAR e S
/N4 1 ZR G0 TR S (R 4 il A5 I 2k A IR EE K
B B S e N1 ik e SRR iU Y P E R G
HE 5 ARSLCHEE T ORE TCON [R2 1 5800 15 AR
FER M 25 % 4 FroR . K 4 AT LLFE
)RS B Bl 25 TCN 32799 8500 398 o 522 30 5% 34 Jn
Ja FEAR B R # . BRI, S2 50 vk F TCN B2 15 A 5
Jy 450,

F4 TCN BETSREXEREERNRM
Table 4 Influence of the number of hidden nodes in

TCN on model accuracy

TCN [z 17 5 & 15 /%
300 52.2
450 52.5
600 52.3

2.2.3 BRI o] R L
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Y ZR UK B8, A5 R R B2 2 T AR E 5 )
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102 i "

LT R

2020 £ 11 A 15 H

§
=
&

30 — 3HH0.01

---- 223 %A0.001
25 —-— 233 40.000 1
20 1 1 1 1 1 1
0 5 10 15 20 25 30

IRk EL
B4 ZIRWNEIABENFIL
Fig.4 Influence of learning rate on model accuracy
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Y% R R R AT PE AL, 52 50 8% GA ((Gated
Attention) "* 4571 ElimiNet ( Eliminate Network ) > fi7
HAF (Hierarchical Attention Flow)"®' 4 %1 MRU ( Multi-
range Reasoning Units)m] 8 7 . HCM ( Hierarchical Co-
Matching ) "7 155 1 15 A% SO E 47 B AR IR LIRS B R
hy A e AR R M B (4 F8 A, S5 AL R S iR N S
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Table 5 Accuracy comparison between the proposed

model and the baseline model %

el RACE-M %{#i# RACE-H ¥(¥if RACE (¥4
GA #im 43.7 44.2 44.1
ElimiNet % 7 — — 44.7
HAF i # 45.3 47.9 47.2
MRU 7 5 57.7 47.4 50. 4
HCM #75 55.8 4872 50. 4
AR SRR TR 56.2 48.9 52.5

TR B AR SRS A A T RE AR A R
AR SR HEAT T AR R A Ak S 58 ok 4R 2R =y AL L il
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HEMEE,

%6 % RACE ME% LMBNELRBER

Table 6 Experimental results of model simplification

on RACE dataset %
A2 i
FBRTE R WL A 43.4
2 BR A R R 44.7
Z Bk TCN # 5 44.6
A8 AR Y 52.5
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ol T R FIBIL )Xo S ) AU A 1 2 S AT DT E
K TON 2 B JZ R R, S2 50 25 R R W], M-TCN
BRI e RACE 4 4k 1 i IO B2 38 21 17.52. 5% ,
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