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Abstract
The long-term goal of machine learning research is to generate methods applicable to reasoning
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and natural language to build intelligent conversational systems. This experiment evaluates reading
comprehension by answering question-and-answer questions about everyday events. Model train-
ing is completed using four types of data from Facebook Al's BABI tasks, and the RNN model, LSTM
model, and BERT model parameters are set using a digitally encoded sparse cross-entropy loss
function, and a multicategorical single-label categorical_ accuracy function is used as an evalua-
tion metric to predict the number of corrections in the sample dataset. The experimental results
show that the accuracy of predicting answers in the RNN model is significantly higher than that of
the LSTM and BERT models.
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1. fAER

BEE REAE IR, F R KRE, A0EEEREATEERRL], X FEERRN K Z
HL#% 2 P A% (machine reading comprehension, MRC) [2]. L& Bl FEAR[3]H, — AR Rl AR T 5
A BN SCRIAEOAE WL B SRR AR Y H AR R b TH LRSS, IR 1] M SR R A TR 2
REHERIIME RN R

NLEGE RG] LI F R FIR[AE NS 5, & iR (Commonsense) & f 2 X [H] — Fh 47385 3 4778 1 H
WA, Ehn: RBHARFHFEE, BIHERS R ESE, X —Sm iR AR 35155 1 (Common sense of
life situation) & i T~ H 5 A2 6 H B SEI AL IS, EFRATILSEARTE h &8 HIL, 5 RIS
AHEERBNE, RHRERMAF R EEE R PR E D X TAFRE SRRk, BIEHFAR R
(R P 25 B, 0 75 AR UG 0 R 1B BRI ERRE DL R T IR iR 2 FE A

ARSI AR T S R BORVE B R (P RE . 7 S bADI tasks ZHEEE[5],  JEEHE 7 Hd 4
Time. Associations. Logic. Context PURhZEHY, %I /3 iIl R4 AR 4E « Hxt N-grams S trigram model,
W] [ BN R BN, A R NG . S ANBARDS BRI AT S D, RS
XAyl AT AR, K EE L AR AT SRR . R A RNN AL, LSTM #2ALAI BERT #54!
BRI B BTN S, BT loss #5753, & U5 2k Bk % sparse_categorical _crossentropy 15451 5% B 4k,
FET SR IS T A SO R, B2k R BR 1 from_logits BN True B, 226y pred 46 WHER,
K H softmax BR%, & WAEATH, @E 55 True 45 REASE, X loss HEATALEE, ERIAZESRF,
WHEARW TR, HAn AFEAREL, true Ay true, pred Hy_pred.

loss = %Z. true, (— lim pred, + Ie’7) (1)

X RUFEAT IR AR, YR FE A8 H RNN B, LSTM #EAL A BERT 7Y %o JiF SC A $tfs 4
5E T max_epooch )& 5EME 20 ¥R, 43 BIGHEREAT %k sz i, = AR5 categorical_accuracy X
AREHE AT IEMRE TN ASEIG IR 7 7R 1 B
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Figure 1. Research methods
B 1 MRFGE

2. SEIGEER
2.1. SCIQIRER

AR SLEGAE ] TeslaGPU_M60_16G, EA7HFK_10 #%, CPU_128G, WAEIHHAT ISR, IRASHEZL(H
H Pytorch1.1.0, 5 iRAAE A Python 3.7,

22. WS

AR RSB H B 2 B Weston 25 AR H, 5T Facebook Al f¥] bADbI tasks $i#ii4E, & X7 = +4IK)
THRAMERE, ¥ K 20 FIASFI O BRAARGE ) o ARSLIGEEIL 4 A M (AR VR 15 BE task [R/NEEAR A TREASIZR, 0
<1 PR.

FT A (R0 B 1) 1) JR s 1 T 208 T 4 (queestion type, clause, support). 5121

1 John is in the garden.

2 Where is John? garden 1

XANKEL R NN T4A], clause = (true, god, set_property, john, is_in, garden), J&iR—/Ma#8, question
= (evaluate, Clause, {1}). 1% “Is john in the garden?” IXF (1] i L . 17 /23 7~ A question = (yes_no, Clause, {1})-

Z 4 ™ task BRI ZRFEAEU S N 40000, MAFE 4% 4000. 284443 514 Time. Associations. Logic.
Context, 737 % H #7774 38, 48, 22 144,

Table 1. Sample test sets of different types
1 MRETREAE S

KA i e Mtk
1 This morning Mary moved to the kitchen.
Tim 2 This afternoon Mary moved to the cinema. Where was Mary before the Kitchen 1
€ 3 Yesterday Bill went to the bedroom. cinema? che

4 Yesterday Mary journeyed to the school.

Associations ! :rje:f: ﬁeiidb;iiftc()) o:E:'(I);ﬁC?”' Who received the football? Bill 1
1 Greg is a rhino.
2 Julius is a rhino.
3 Lily is a swan.
4 Bernhard is a swan.
Logic 5 Julius is white. What color is Brian? White 5
6 Lily is yellow.
7 Brian is a rhino.
8 Bernhard is yellow.
9 Greg is yellow.

1 Mary took the football there.

2 Sandra picked up the apple there.
3 Mary travelled to the hallway.
4 John journeyed to the kitchen.

Context Where is the football? Hallway 3
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23 EEEH

ASEIG K RNN FR7  LSTM #R AU AT BERT AR AL KA T A v A5 B IR A I 2k, I = AMRELARL 51286 Fir R
FEIILRISEUWE 2 Fim. AL RERS S LT Igk, BLEGHEE, 00453 RNN AL, LSTM 4
RUFN BERT A, O PURNEAY (K 80s P9 25 20 BAC R AL AR TR rpgb AT 4, 03 FLRE AR BG4 T V-0 1E
1.

Table 2. The same parameters for all three models
2. ZMERNERSH

SRR ZHE L ZHEIUE
dropout_rate Dropout 2 le-1
max_epochs B RIEA IR EL 20
batch_size Ejin g BLi NN 64
learning_rate R le—4
embedding T [ Bk 128
2.4, HBIRSE

PEIHPLE 2% (recurrent neural network, RNN) & FAb38 7 515 i 2 M4, Y5 H T Saratha Sa-
thasivam T~ 1982 AF-4i& tH {82 I JE /R 4l ) 2% 8 R Ao 22 X 28 [6] o Sl DR AT 7 5245 R A B M il i ok 3k, A8
2 T BRI ) B SR NSRS 1 BT S IR AR, RNIN ZI i T 85 B A 22 4 265 (14 Bk J2 22 (R4 pst AF L2 T8 1) e
2, BRI E R NAEFE TN 1 S HE T B — R ZIRREUE . RNN & — AN EEH 5K 1
TP HN R PR P 2%, FEIRFE S > [7]400380 o 48 A B ZE AT o JBPR 22 I 28 1 1 /2 X 28 T e 25 2

SN, S5 anlE 2 Frs.

D ) w > D, > D, > Dy

| © © ©

Figure 2. RNN architecture diagram
[ 2. RNN £5#9[E

~(=)

<

Hebig Us WL VBRI AR RIS ZE. RERIESEMREZ25 N L2058, AR
I R IR, BEE N IRIVEA L R IRITE A 2 T HEE 2 MRS R S M i 4
P25 o

h :tanh(W "X D W +b““) )

y = softmax (W h, +b¥) (3)
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Sepp Hochreiter 25 A\ T 1997 4E#2 H K40 B 10 12 9 2% (Long Short-Term Memory Neural Network, LSTM)
[8], LSTM s&7F RNN ff3&ah Fab i, SE&EmI1. AT T 458 . LSTM =2 R& T
N T 228 BT 1R B PG FA X 26 S50, BERE AT HiH s OR R I I O, FE BRI 4521 1 T2 1

. & 3 M LSTM [IgHE .

A

© © o

Figure 3. LSTM architecture diagram
3. LSTM Z5#4&

B[] (forget gate) Al A ] (input gate) 2 {5 i A28 0 26 5 A R PR A7 KI5 2 (1 S B o 18T TR
SR Z S x_t BLR b — I 20 R ) h_ (1) e P RS NI 2 IR AS N T TR x_t A h_(t-1)
GURE R LEACAZ F AN B AN 2 (0 L TCRES B IR SOBT LTIRAS C_te favth I TIW AR D e RS E 2, IF
7R A R 2 A

i, = sigmoid (W;h,_; +V;x +b) 4)
f, = sigmoid (W, h_, +V,x +b) (5)
o, = sigmoid (W,h,_, +V,x +b) (6)
C, = sigmoid (W, h,_, +V; % +b) @

BERT (Bidirectional Encoder Representations from Transformers)&—/M& & & [9], ZFIH T
Transformer f¥] encoder #4>, LA CLS NITUA#Sy, SEP NILLEAHS /3 fridkiT . BERT AALERH T w4
TRNZAT S AT, — DN RBANE S A, 55— D2 HW T —BIISCAR. M BERT #EMR ¥ T2 ET

BERT Tl Zi#i R L 454 T GPT (Generative Pre-Training) %4 [10]1LL f2 EMLO BB (i AH S0, 51N
1 Transformer ()gmtsisiy, JeEdR EIFIAES Itie B T ES . &l 4 2 BERT B4,

25 KWERSSHH

Hid RNN B 56 #0454 tasks1-4 JEAT I8 I GRi2R 8 . a0l 5 For, INZREE 5 26 (8 R T I 78
Wb, RS TN, BAREAITGETFRR, T task2 I8 H B B R RIS .

T LSTM RS A da4E tasks1-4 HEATUIZRAS N GRin oA, w6 B, UIZREE R B I AE AT )
TEPR/D , B task2 LAAR, oA =AM B EAA INERI 3 3 . 78 10 AN, Context 34 421 iniA £ 17.5%,
SRIE TR T .
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Figure 4. BERT architecture diagram
4. BERT Z5#4[&

Loss rate for RNN for tasks 1-4
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Figure 5. RNN model task1-4 loss rate
[ 5. RNN # 8! task1-4 R ZR

Loss rate for LSTM for tasks 1-4
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Figure 6. LSTM model task1-4 loss rate
6. LSTM 128! task1-4 ik
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s &

iid BERT BN il tE tasksl-4 FEATYIZRAF HUIGRARME, W 7 Pon, BEARTEDL taskl. task2
A taskd LS — NI T4, T task3 7255 JLANIN 2 Jaiia 1122, $ik{E )y 1.38.
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Figure 7. BERT model task1-4 loss rate
7. BERT 2% task1-4 sk %

A SR Keras.metrics FHf categorical_accuracy 1 AVFHriEdR. categorical_accuracy 4t [#) 2
y_true &4 onehot #7%%, y_pred A& IIEGL, X200, THEETA BIE ERSER IR . AR
BOAEREAKL LT IERRE AT, 45 DU REE IEm T s 5. R 3 fis.

Table 3. Evaluation results of different experimental models
2 3. TEISLIHRBIIENILE R

Hm R RNN LSTM BERT
Time 0.46 0.37 0.08
Associations 0.74 0.51 0.17
Logic 0.54 0.53 0.25
Context 0.40 0.34 0.16

JERE G L RNN AR | LSTM AR SR BERT A5 7R 5o DU AR i s 5 i TR B 12047 B A T £ 52 36 225 SR ok
%, RNN BERUGF/NREA (O vE A R B = T LSTM R AU R BERT #57Y, HARJAE#RK T LSTM #Z4 Al BERT
AL, TRl RNIN AR o) T 50 T30 6 W04 PO R0 R U, BERT fEREA SR D B R, 2R A,

3. ghig

AR, BT ATE TR R AIRES, LT babi task H DU RS AL )/ INE A B 2 HEAT VI 2R AN
B W2 RNN, KRR CIZ 4% LSTM FNE 5 Ron B BERT JEATHIAUER, SR)5 1 & & 2
HIZHAE bR BRI T S2BRIZE, SR sparse_categorical_crossentropy 3¢ X @15 AR R AE DU tasks HIFRZ,
AT T, BJaREAEEIE S categorical_accuracy BEATSE RTINSt b =SB0 s B, WA
T RNN FEROG T /NREAR I A S 1 35 TR HE A R 4T
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