ET QU-NNs Y[R IR R4 K o) Y AR &
[LEANE) I
(1. WAXE HEINSESRARZER, WA KFE 030006;

2.UAKRE HEERESTNFEEAEHENESASLEE, WA KJ/E 030006)
P HUG LR AR R NLP SR — T AT, F TR R 2 SRR A R AT AL, TR K%
ST, G iR S i) R I S G G 1, DR AT B IR AT AT AL . A SR QU-NINs A
TR B 5 B AR P A S T R AR AT TRR, ARSI « SR . ZEJE . TNE M 55 A
JZo BT IZSRE SOMHERE EE PR R AR R BRI BB, BRATTAE R A IR N SR AN S LR rh 2y 31 it

RN ) A R VRS TR AR, TRIB SR A B R T VR B R BN S R TURAS BT T R . TEAH OGS
PE4E % QU-NNs (Question Understanding-Neural Networks) #ERSHEAT 75206, S2a6 2% BN\ o] SRAS1E A0
I TE DA B P A 45 SRR i 2%-10%.
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Integrating Question Understanding in Neural Networks
to Answer the Description Problems of Reading Comprehension

TAN Hongye'?, LIU Bei'

(1.School of Computer and Information Technology of Shanxi University, Taiyuan, Shanxi 030006,China;
2.Key Laboratory of Ministry of Education Intelligence and Chinese Information
Processing of Shanxi University, Taiyuan, Shanxi 030006, China)
Abstract: Machine reading comprehension is a research hotspot in the field of natural language processing. Most
of the current researches are researching problems with short answers. Problems with long answers, such as
description problems, are unavoidable in the real world. Therefore, it is necessary to study such problems. This
paper explores the solutions to the description problems in reading comprehension using QU-NNs model whose
frameworks are the Embedding layer, the Encoding layer, the Interaction layer, the Prediction layer, and the answer
Post-processing layer. Due to the high degree of semantic generalization of the questions, the understanding of the
questions is particularly important. So we integrate three features of quesion(question type, question topic,
question focus) in the Encoding layer and the Interaction layer of the model. The quesiton type is identified by a
convolutional neural network, and the question topic and question focus are obtained through syntactic analysis,
and using heuristic method to identify the noise and redundant information in the answer. Experiments were
performed on related data sets and show that adding question features and removing redundant information
increased the results by 2%-10%.

Key Words:reading comprehension;description problems;quesiton understanding;neural network
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FUFHIR ) 3T JUAEMLAS B S B AR 2 31 T 2R A A 2 000, S N TR RE
NLP sk it — M Fe #0k . Infiik . Facebook. Google DeepMind. B M TR KERA
SEIGE . Stanford University S5 T025 1T A F 5 K205 BRI, HOEAS 75 EH
el SR ER AR AR, $RTE T ALAS DR ERAR (AT KT, (R TR S HEMAN TR RER E

AR A P B RS, WE EE, BRI AT 4308 cloze [A]#, 43 RAN
2. &% cloze 84 CNN/Daily Mail™. %i# PeopleDaily/CFTP 45 ¥ a4k, w04
MCTest™®). CLEF w52 PRI M5 S 45 , 1 ) 2584 SQUAD™® . MS MARCO. /i DuReader™
1 CMRC2018 1TMIT45 545 Hnse, MK EHHRE R Z RIOKME, XDk &8s N
YesNo [A] @, ] 598 S (SR, B I SR HE IR 2 n) . &1 X cloze il R ] B 5 51
8 I R T AR 2 A X A8 BT TSt 1] 25 A P 3 28 ) G ) SRS 2
LR BUAT) —hmE AR TFAR, WFR 1R BB, (HZ38 0 A B SL AR i
JUZAEAE, TR HAR R 5 R H TSR, KIL 52.4% i FRAR JE Tt R 2 ) e,
SCHR[OY S0 b 5 5 S i 78 0 v PR NS R FH 0 20 e 2 S, S il T DA 1] ] =2 1) 1) - AH
BURE e 7 1)) Hi 4k, #RJE ) CFN (Chinese FrameNet) #EAT f B MESSbRTE, JHHETHELRE
VUHE K HEARAE SUO6 BT Se5eide AL, 55 R AT HE P SR AT HE P49 B s 4
X, BT EFHEEIREERNE =, ToE It b () # 2 Z AR, (R AL 48 051525 5 i R Bk
RS, BT DAAS SR S i 4D o0 426 19X 4 0 8 o 328 288 i 0 ) A 85 AT W A

x 1 ARG

L] — 2 ) SR B AT 42
[ QIE2ZERY |
R MR, BRI R AR A B R TR AT VRS BT A, B SOUR SRR A N A
A A E P (TE 0 20 40K LS AT DA IE 3 ), 2 (R R P e 4
HYEFFY A (2-dimensional bar code) 2R FIFFEE /LT ETE 1L — & HE G T4 15 ) M
175 B8 BE i R 175G B A CEIH#) L T52  F R v B 1 e SR 07 17 1
FRRHIMER, (EHE T 15 X BT L TG AR ZE o X2 e 15 5, 0L I R 1% 25 2 177 1%
# F 3R L SEH (8 3040 P RIS BA XA FAT S B A 2R s Thae . RACHEITE e B
THERD R QR Code,QR 4K Quick Response, & — ML JLEE R B & _EABRAT I —Fhgmid 5 20, Bt
5481 Bar Code % JEASREAF BE 2 M5 B M AER AR TE 2 B AL ...
H 5 kU5 : DuReader’

ARSCHRY TR 32 A« T o i A 22 0 A PRS0 ) 15 B8 A v 3R 2K ) R R AR AT T
A R PSR P RN 70 R B A, IR ) R A 25 8 T RS A |

HRTUARAE BRI S 25
2 HHXIME

H i b S B AR R R 98 3 ZE7E CNN/Daily Mail™ 1 SQUAD i 4 b 4T, 56 T X He 4/
EARZ MBI PR, BRI — MBS MAE. wiLE. L EMINE. ik
NEXPE BT A7 RN i Z RN B A BN U5 R, 2 HE 7 5 R S5 M LA,
FEEE T RN, PN E AR AL T2 B s IO 5, MR E AR 2 1 S BB S B AN A

FEMHNZ, FastQAMHIIN T J5 SCia A 75 H BILLE [ S e ) — A 45 A B SR 5 ol B A
AL FORLAB R AIE, NS T W B 5 S0 2RSS s jNet™ i ] TreeL.STM i jil B k4T 4, =% &
TR AE R, FRFERBIRI G SN T R A (when, where 55) FRESE, $5E T RELALG)

! http://www.hfl-tek.com/cmrc2018/
2 http://ai.baidu.com/broad/subordinate?dataset=dureader
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TEGRILE, R ZHOEAE F BRI LSTM 8L GRU S Ji SCAM i) 8 b (1 R AN Al kA7 2,
AR HS A BT SCE R, 1 QANETM i I B 22 M 2% (CNND M1 I ML
)RR JE SCHREAT i, 2B T LSTM Ml GRU MOERR4FME, RORIRTE T BRI SRk i .

R H ), BRRHGI NE R I, B 5 A T AT o8 B0 B A 3] 5 )
AN A] CEl i) B AE SO IPTRRFEEE , Hermann 28 A M4 H1 1) Attentive Reader #5747 F
tanh BR 3T S {8 Chen 28 ASIZEZ M0 RU E Rl 32 11 T Stanford Attentive Reader 1574,
HRH bilinear By 2 /Ml 11 Attention sum Readert™ 57 Ly 5 vt , B 3244 il BN
SCRY_E R SCFRORHEAT S, FEHET softmax JH— 1L /53 2 Ji{; Dhingra 2 AMHE L
Gated Attention Reader #7% F ik T #1 (hadamard product) TH5R7E R /118, ShAEHIER
JIE, WSO T 2R ERIE, i Ja— BRI T IH 1k, S236gh R BRIz T
MIHEFRAE s ARLL DA EBERL, Cui 25 AVOMR Y T —Fh 2 S IE & I HLH (Attention over
Attention) , ANX G R [ U SCRY VRS ), B35 B8 SRS in) ()3 E R 77, BV SIZER ) R SC
RYIA LGV, SEIR s UM L LUEREANAT — 1037 Seo 2 NI 1) BIDAF 7 th 5]
N T RUEE = AU, 3T iZ0E R 15 3] query-aware [ R SCFRR, R Hid N\ @R 2 3k
ATE SUE BB S, RABRRE BN LT XE RN %R, RNET #RMG T —
i self-matching vER ML, HonT & R SR PR B ARG R

TEWUME, XT cloze [, BLAYRI A B ZTHRE R JMEHTERZ TN, A
W B AT o KA 13 4 g et I, A R R 3 A SRS R D R B VR R A
PR BB B IR e i O XA g AN B 1) &8, Match-LSTM
R OLER L T T R 2 22 T 4% 20 Sequence Model 1 Boundary Model. 73 % H B AT 5 KMk
R BT, BBIMEZETREEANETN, 58 RaBEREECh R mmg R E,
S TR 4L Boundary Model ZU S 4F, T DCN AP0 g i 1 —Fft 2 S 36 T o

DL A2 o 2 S R AR TX P N R AR B IS T AR RICR, (HX SR R AT AE 7R LR AN 2

1) AL BEMREIE RAFAE T RSO IR, 6] 75 BAE B Z 1 I TERE N 7T

2) RSN A RURHAE I T2, S s 10 A ) B AR R\ B AR T

3) WA IEBINHE S B EHEAM, 10 Percy Liang 25 APU7E SQUAD HHE s\ 7 xHiE
f, FERE AR 16 AMEAIHEAT TR, 255 FL(E S PR T 40% 4 .

EFXEEE 5, FRATAER T A RN A 2R T (Question Type) , IEER ] @ &

(Question Topic) Ailjal @4 & (Question Focus) 15 /8, Horp [l ST BT DU 5 3 SE ) 2

G FFAREA, ) B R I ] R Y B R SR A, A R W ) P R R R
TS, X EeE L, AT LA SR R Gt i B FEA# (Question Understanding) , AT B VRS
PIHREIE R
3 ke @AY RRE

AT AR 2 ) 8 i 2 b e SCh: g — MRl Q Fl—AMEIE SR D, Hirsg
RGMNCHS D IR —AN5 MR RE R A={ar, a -+, a}, HFa kD HH—Ha]
i, €D a2 MIESLEAES:, AR EIE oy 2 [HITE D W25

3.1 EF QU-NNs R4 2 0] R AR B HE SR

W 1R, BAVE FHEZE RN Z D2 28 H 2 T2 178 2 J5 A HE 2 ) QU-NINs
(Question Understanding-Neural Networks, EJJ gt A 5] &5 55 A2 () 022 o 2 AR ) 65 75 fii 25 33k
IR, T BRI E EAE (QUD , ARG ISR L e 8 3 R ) R X =
FRRFAER SRS b, TEA PR IR B0 = REAE e X [ R A 715 SO T BRAR . A58 4 L 11
SER TS AUARE B ARA], RIE RG0S FE . T BIDAF B, HATHRANJZH
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B 1 35T QU-NNs i3 28 n) 51 fr 225 HE 42

RO R B BRI R : T 5R A R AUE S, R ) B2 (] o) i — NN,
B Q = {01,01,0-.Am}» e g Jy ISR, m Jy [ ) i) 80, Q € R™™ o 3RS D = {p1,pa...pn}
He n NSCRIERRL, DeR™ (d AREMZERE) .

Yuhg R fiH R LSTM (Bi-directional Long Short-Term Memory Network) 437 %7 ]
RFISCR AT s, P J7 ) b LSTM idan AT PHEVE A R MA IR R, 70 19 3 1]
BRSO IR IR : Qr e R ™, D" eR™™, HAp®MAMEAAE T L TTXEER

BN EE LN RKRER: NSO S R RE S H)Z. 5 BIDAF mﬁm@%, £
THE SO § 0] 5 e @ 5§ AN TR AHALRE. Sij I, RATT% R 3B ) 4] 1) 22 A%
% Qimportance CRHXT T+ 1 AR By ) 0P AHALARE () 520, 1 B SEERE o tf-idlf R0 AN i) 80 32 L £ (S
BILFYE . thidf 23T RIFEHG— AW E B, BARIFMZARE ), (EAE
FH A0 S5 5 4R o 1) AL 3 A i) 0 A T ] AR B FH D (%) 77 9 At — A9 [11) B 22
FE, X PIRRE B[R FH AT DS 4 () 22 75 ) i@t ] 1) 2R L

b, DM RscRrh s i AR R R i, Q) R ER AR A | ANE X R A 4R 2
()% -
a(D!, Q)=a(D!+(@xQ ) @

Ky QF (o4 — 4 e #5a LA Qi (B o)A S B2, Pl DF 5 Q) REAT 4G 543 319 /A I 11
LR, QREZERHHEITAR AKX (3 .



Oi_igr 1T(qeV 1 g (QTopic +QFocus + QType))
a-Gy_igr if (@€V 1 ge(QTopic +QFocus))

Gimpornce =1 D if (@ &V 1 g e (QTopic + QFocus)) (3
c if (q € QType)
0.001 else

Hi, Q=0q, Quigr T q MBI tFidf B (AKX 4) , VNEE, a b, c AWEL #H
g A& W £ H, HAHF A T QTopic . QFocus 1 QType ( QType €
{how,why,compare,explanation,evaluation,brief,other}) =, JIHL 0.001 (%) 8 — AR
ik, Jv7-FH, H0.001)

(@), oy 1AD
D| 1+|AD(q)|

Horp, tf(q)2 1 q 3k D H RS, DIASCRS D FIAVAEL, |ADPNETA BISCRS (Al
Document) , |AD(q)|RI ELE 17 q I SCRS S

FEFABUERE S, THE AR A7 (R SCRYX ) 8 )33 & 77 (Context2Query) A1 ] &t
SCRYMIEER /1 (Query2Context) ) = Ha eR™ (A5, Hi SEIRE i 17) R E
I R SCRS R | AMAETE R I, beR" (AN 6, Hrh maxey(S)FR/wHL S HikEH 4
T B KA RoR AT A SO MR 0 NMAMEEINE, R TFZEEhitE
query-aware [ JR LRI, FEAERXR LSTM HETHE UG BRI RS, &SRS ) A1 S
R BT SRR

4

Qs —iaf =

a, = softmax(S; ) e R™ (5)

b = soft max(max ., (S)) e R" (6)

WM ZE: T Boundary Model BARTME %, B R ANERIFMHAGE R E . B4
H R B R IX R, HANE W2 S LR 11 ) 8

BEREREE: ACRH—A B R ITEE RS UG R, @i AN AR
RN NI SCAR B, MM AR W, ARSET “HERR” “KRFIR" FHiNT
A . FR, SCARPGFEEE R B (M SAEEEEHMES) , K8HHT
B R S EEE R B A E S B, TR s AR

I A3 I A AR AN X A5 3T IR A, ) S s R ) 8 A A )V A AT SR, L ARG
F0L 3.2 75,

3.2 [EF4FHEIR A

3.2.1 [r) S

ir] RS A W] DAIG BRI EE 1R 25 R AP IR, X R AA —E R SEH . AN TIRZR A
AN [ Z H IR [ R 1) 5 TR FH AR BT LR 4R BE 4y R, FRATPRE IR S 7 7 B YK
¥, Wk 2 fs:

F 2 Ay 3 KR
Question Type N
LRERIE A ?
ARSI I DIRFS Sl § o/
What a7 P B S 2 TR A 2

How




G BRI IRRA 47

Wh BRI KB A Al ?
’ PR A TR
FUKFIEUKI X 5 2
Compare
FE FRAT A It I R 42

AL, OB TG R 2, ZF B Rl —m#, SEEAE; AE S, SN
AR (R AR B G, L 22 A W) e ) AN 5 5 v ], R s iR i i 0 A RN A B 1l 1) 2 — o ME P 1) o
AR H ETE S 2 0] B B 22 i) CNIN(Couvolutional Neural Networks) %Y, i 373k
ITTE SRR R, 58RO ) BEIRA 2050 2K

ASCR A CNN AT 1) R A PR 5, B ) A LA s A B8, it A=
WALERERE, &JaiEid softmax iR 50 & AN RIS, B 20 ) iR Ay .

H T “what” 8 BB S, AT — PR IE RBE WL B “ R« “PFI

R AT AR X PUREA, 1R 3 Bun. Bk, PSRRI PUR 728 973 (how) |
[L#% (compare) « JR K (why) « f#ERE (explanation) « ¥4 (evaluation) . fjik (brief) . HAh
(other) o

2 3 “what” ZE|| @S

PN g I ST
EEL R %
R . e, s R
gifs. . FHoR iy ik
BOR. AL AEJR. BRAEe-e HoAt

I 85 = SR i) 50 A ) 00 PR DGR, Il A Y ) L ) 32 B S s R A A
v 250 R B ) 3 R AN D T o a0 P R 25 R A AT A F R R R I I <45 540 Sl A I
RO BRI A 55, R RS S, TN RGO KBS BT, FRAEE EA T
R GBI EHEE .

I AV B IR R R Q={wy, Wa, =o+, Wb URIAE 2, TS S i) iR 2R QW Al
RS @Ay, AL 2, AR, JER ) FIREEE T

WHE wEQW, (wj, wp) FAEKRMFRFR, M wi AMEEL, & WeET, MFHKES w,
TFAEMRAT IR R BIAAE R R A SR wi i1 CATT) wy, T w R e) 8, i 2 FiTR
GFE: 2 AR OANAELE R R SE I3, UK ) B B Ja — AN R B Inl ], [l )« e 8
FIHRA G AR, B ImFE N EE 1))

W Q 4 compare KB, (wy, wy) fEFEIF] (COO) KF, M wy, il wy, i) 3
B, anfE 3 fiow.

HED H EDj\ T
N Y SN W

Root PGt ] GiR R 4 ? Root % f Bk ff) X3 ?
B2 RS AR s iR [l 3 Compare 2 i /8 3 E 1)

AR ELAAR SIS P A R TV K 41 LTP A T A)VRARAT 50T -

3 https://www.ltp-cloud.com/



4 FLWHSH

4.1 SEERIENT

4.1, 1 ARG

M Dureader %4 4E R T 2150 SRR CIIZREE 1450 2% S0E£E 500 %, I
AR 200 250 X CNN #4714k, &ad 2 ks, HSAESHREN: FrE4EER 64,
HRUIZRECH ReLU, WJEARE0E N 256, fLALEN Adam, #EK/Nk 32, EARIKECH 40,

2% 2% 4 0.001,
4. 2.2 a7 3 AR r) A 5T UR )

4.2.3 QU-NNs F& %

S8 rh SR P PR TR 240 [ Bt word2vee X b SC4E R B RHEGR AT I8 B . A
TS5 T B 4 2 Wei Hel® M2 H 1) Dureader %t 4 o (R HiR S804, R 30A A TT
WEMBER, AT SEIREE R, RATHEUEEEAT TRI5, mA&EIRS RN JIZGE
161834 i UiELE 4378 . WA4E 2000 j s [FINERATHMEL 7RI KR H Y CMRC2018
[ 1 BRAE P A R S () R R B A S IR B (4600 2% m) 2,  H A IR AR A AR 7
B4 200 4. 200 %) o SEIGTRM I7VE R Wei Hel®7E He 5t 45 |- St s il ) Blue-4%
A1 Rouge-LPWr4 Jy ko vl i) 52 B v 1 2 00 Se e P i 2 IR R & BEE Y a=3,
b=0.5, c=1. HMSH. R EYEE N 300, BRZTT 5 %0Ch 150, RALHN Adam, HER/
N 32, IEMRIKECH 10, 21 0.001.

4.2 KBWERSH

4.2.1 )RR
K 745 CNN X ) @47 4338, SEIREE Uk 4 fios:
7 4 T ) 4 R

[fiEit] precision recall Fl-score
How 91% 88% 89%
What 76% 84% 80%
Why 83% 83% 83%

Compare 100% 86% 92%

MK 4 A]EH, Compare K EIHERZILE] T 100%, 1 What FE ) @AERMFK, 7
MrdE KL Compare ZEEURCA &M, H—MEEas XA« bb7 2, mA) i
FRYE, T What 28 jn] 0] ) 77 TR 2 HE 24500 F A B BLEE i3], an“ g SO s s 7,

IER TR A
4. 2.2 Jn) @ = RURN r) R AR TR )

HrfctE A B b 018 S B IR B R B 2, (E BRI ROR S 2 SR EK .
5 0] A A A R 45 R

Presion Recall F1_score

93.01% 84.87% 88.80%
4.2.3 QU-NNs 7!

N T RAEA ST INRIE A Rt DAASIMEATRFE R BIDAF BALE 5256 1) baseline.

N T VPN AN [FRE S S B4 R gEme, FRATEE 7 =X tsess, seiss Rank 6. £ 7 Bt
7No




OTE baseline HF i 7] B RUEFAE (QType)

@AE baseline =l [ # 3= BUA r) @L£E £ (QTopic+QFocus)

®E baseline 7N [a] BSSAY | ) 5 U ] 25 15 (QType+QTopic+QFocus)

HSEI @ @@ ] LA H, AN FRIMFAE A RN X SEI6 45 5RA — 2 B2, TR RN ) RS AL

ZE DX 1) for SE R, BT L) @R AROHR I E S R B —E 5l SAER s I n] 8 3 R ) &
LG, HRPED T SMETLRIEE, EEERIE.

@ B INN ZFPRRAE e A T (1) 4 SRR AT J5 b3 (Post-processing) BN B g % AT
RAGE. LR WK 6 ik, ROUGE-L {EF1 BLEU-4 H I R4Em, AL EHLIkE
HEMERAEEAE, M EAERZ SR ESEE, ISR B BARME
BMEZMIXE(EE . CMRC2018 &3 T & v B U b e BE AR B 48, B BRI,
ATCHE I 2 A3 RS IR R B R AN AL

2 6 DuReader %4 sz 36 45 R

il Devset Testset
ROUGE-L BLEU-4 ROUGE-L BLEU-4
Baseline 41.69% 35.63% 41.57% 35.17%
(@ Baseline+QType 42.33% 37.79% 42.01% 38.23%
(@ Baseline+QTopic+QFocus 42.15% 36.90% 41.91% 35.92%
®) Baseline+QType+QTopic+QFocus 42.92% 38.19% 42.06% 36.81%
@ QU-NNs
(Baseline+QType+QTopic+QFocus 44.19% 41.56% 43.25% 40.02%
+Post-processing)

# 7 CMRC2018 iz szig 45 5

st Devset Testset
ROUGE-L BLEU-4 ROUGE-L BLEU-4
Baseline 45.39% 25.94% 44.12% 24.82%
(@D Baseline+QType 57.04% 38.91% 53.95% 33.52%
(2 Baseline+QTopic+QFocus 49.43% 32.70% 49.95% 29.37%
®) Baseline+QType+QTopic+QFocus 60.22% 38.07% 59.15% 36.29%

M 6 FIK 7 ML G ABAE CMRC HdE4E FACR TR, s rfdi g il
CMRC Hfis S ANANTE, i R IR BE T, 9] URFAE BE S0 TR s BN P T i A A AR
RORBAF, 7 Inas i B B A Bl T RGP IEMA . ASCHRAFERAEH: (D
SCAPRAANS [ 5 ) AR L, SEUGh PR X OO B BT L. (2) TR ERBERE
A2, fa] B R N U AR AR SR T8 S A o TR, A2k T SRR B R T 2 e
5 B RHE R

5 BE

ARSTEE R e e BE AR P AR S I, R T P BE AR RN TR v, 2 NS (] R A

GRIIERR, XSEILRA —ERIRTHE R o (EBCH X SO IR AR AT A, LSRR 58
(77 AR, B A E SR U B 5 5 U R 115 B I AR S S I AR
Hh FRATT & MR SR TN SCASEAT B A R 25 S U A oy, DL B S BRI R R
FIAE 7%, RIS AS R E) AT B . Bl o0 S SR B T KB 2 S IR A i
X REUREMER.
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