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Abstract In an information society, we have many opportunities to use machines and computer software in var-
ious fields. Before using these technology, we read the operation manuals at the beginning, but it is difficult for
us to use them as we want. From this view point, in this study, we aim to construct a system that can help users
use them by answering their questions interactively during the operations. As a preliminary step, an interactive
support system is constructed for Othello games. In order for the system to answer user’s question satisfactory, it
is necessary to accurately understand the user’s intention from the question. In this paper, for that purpose, we
propose to estimate question type and question keyword class from user’s question sentences using the LSTM model
with attention mechanism. We also propose joint models for simultaneous estimation of question type and question
keyword class.

Key words question answeing system, LSTM, attention mechanism, joint learning

Z ek, HEARERE W, 2T, RFKETE, 2—¥—

Lol oi MY AT L% HS ETHELZERMIZ, VAT L EEREKEERIC

BRI R THBEURTIE, BREZMEL TS 07T L%
COVATLEMIBENL N, B~ aT7 VeI
2750, ZTNEITTHEWVENS IZNEETH D, FEERIZHENAR
MOEEN TV Z DLWV, ZORICAHEDY R— 2155

BEZTW Z 2T, AHIOHERZT THREREIZT VA
TLOMEEHMNE LTHY, ZTOREKE LT, Ao r—
LENGEE UNEERZYR— 2EZXTWE. 03, Ak
O =Lz E LR — R T =L V=T Y 2 2F5HLET

1 —



TIR%L, FBIZTVA LD s LR Lo T bDELE
AT=HTH5.

—fRi, BREEEMY AT LI, - —DFEFELS
a—HF—DER & EWHGEZ M 572012, intent detection
(EM) & slot filling 2475 . Intent detection \$¥555D
SR, slot filling ¥y —7r Y A5 RY v FHEYE LTE
2B ZEhWHED. Intent detection Tl&, SVM[1], T+« —
T=a—F)xv N7 —2 (DNN)[2] #%, slot filling TlE, Y
AL vbh=a—I)xy b7—2 (RNN)[3], BEARAA= 21—
ShEv kU —2 (OCNN)[4] AL FHE ATV S, BET
I%, encoder-decoder =a— 7).y N7 —2 M slot filling T
FKHHETNE L SIZR->TET VWS [5]. T 51T, attention
Wgi& [6] Z RIS 5 Z &£ T, encoder-decoder ETIVHS, T a1—
RFEANT=ZDT T4 A b ZEARHIFEEAIRS L 512745.

ATk, HHEEDOHERNTONGEN LY R— 25X TH
v, A—-F—-OHMX»rSHEMA A TLEMF—T7—- K7 F X
EHETHILT, AV -0BMENERET . BRXA
THERE L intent detection, BRF —7 — N2 5 ZHE X slot
filling TH B L RIgT I eniiks. Feld, B X1 TOHE
IZH W% attention-based Long Short Term Memory(LSTM)
5N, BlIF—7— 277 ZAOHEEIZHNS attention-based
LSTM encoder-decoder ETIVAIRET 5. T/, Bz 7
DHEET NV EEMF—T— N7 7 2ADHEET IV EFRAL,
il 5 % AR ISR SR D, joint ET IV ERET 5.

2. INFETOMRDEER

2T LART, BRIGE Y AT LEIL—IR—ATHEEL -,
ZDYVAT L%, BRIENTR e BIEERBTHE I TV
B clk, 2 - -oEMENE LT, a—-¥—-0EM
X EMEAA TLEMF—T7—RFRI I AD, F—T—FZR
Ry T4 v rchithansd. B 7oL s >, BHMHx—
T—=RI7I AL 21 e U7, BRIZA T ERMF—7 —
R Z A&, A0 7ar I Ln5s0R7 A= E5bETH
BEREBIZIEI NG,

BB RER T, BRI r S EINENT A — X &M
EENSIHRTAEET Y T L — " oiifEhsd. &ffic
o GEBRINAZEE TV 7L — MIEMF—7— K25 20D
i (BfiF—7—R) &, A0 0l 54056015 A—24&
EHOIADGZ T, VATFLADOMZEEERT S, L —ILiF 202
FEFER L 72,

FEERITHEL -V AT LD 21T o728 25, k% 2R
MPHEUTz, EBEOT VA iz In-EM %o LR,
ELAEIZZEETH 0, if-then L — )V THER 2 T4 5 12 IZBRFR
MBBZ WMol £, JRONMD R AA VEKZ D
£ BHEE EXTEY, L—IUR—-ADFE, FAA Vi
’}1/~)1/>a’:4’E67:c FhiEzm s s, U EDOMEZ RT3

2, FAASVEHERZEZ 7200 T, YATLPEETEMN %
ﬁﬁ*ﬁ’@%é%%ﬁ%é EEZT.

Q&A System

Speech Question
Recognition Analysis

\ Inference Engine
(anwer generation)| Chat System

Question

Ans!

Knowledge

User DB

B 1 YATLAORE
Fig.1 Outline of our system.

3. REVRAFT LA

3.1 YRATLOHE
FaDVATLOMEEZM 112RT. £3, 2 —F—0EM
AVE IR ERICIE X 5. F LT, ERfrofE e F+v o
TUaTSAMEDNAT A =R, T ODHFT — & R— 2D
WEHAWT, oY itk ok EEE2ERT 5. £2,
BRIBIEIC B W CERS M TH D, LBz o Hidm
IV VDR D ICHEHIEE Y AT ADEIE R AR T S, AR
T, BRSO HERE LTS,

3.2 ERMETER

AR TIEHAGEEZE O &S 7280, HARER BRI
MeCab ZFH LT, a—¥— DB %2 BREENIZHMEL T
W5, Bz4 TEMF -7 - I AL, -V —-DER
X DRI P SHEI NG, BHX 1 TITEMOMETH D,
-V -DOAEPREMENEZRT. B2 72LT, Zh
ETOMFEDLDEREL, A5 15 BEHEE#R L. AN
& RS,

o M YATFTLADOREIEREICEUTEL 2MICETS
1|

o AT Avofgm EofEICET 5 E-

o MR AenicfT 2 BRSO —fBRIK R 5
¥ —v— R 5 21%, HEXXHIZENEF—7— R0 kAL
FETHY, ARt UREEEHELTWE. UFIChlERT

o JHEE: X #TH, BMERY, AudEMHAE

o JEHE: b7,a8 72 ¥, Ak O LOMEDEDS

3.3 HMYATHE

BEx A1 7%, 2 1239 & 5 7% attention-based bidirec-
tiobal LSTM [7] THEEE NB. ZOEF LI, LSTM €71
IZ attention HHEZBALZHDOTHS. £, BREXHDOH
JERESE ,;(i=1,2,...,m) 7" one-hot HLFENR T MIVIZAEHI NG,

HGENZ ML, word embedding 12 & > THEEIICEH X
N, RRFINIZEFIVIZ AT SIS, bidirectional LSTM @
NEATFIDEENE hy EHHTIDRNE by £, FEHANTA—XK
Wy, Wo ZRHWTHEAEL, h; 125 5.

h; = Wihz; @ Wahei (i =1,2,...,m) (1)

XDD D 2RT <eos> WAL INHE, TEFNIEZT DR
TO LSTM DFENE ho ZH 19 5. attention A a; 1,
<eos> MLHTD AN DEENE h;(i=1,2,....m) & h, 25, AR

) N



Yo

softmax, argmax

a 7/L. k,
iy
a‘[w3,w4,wsj (W W )5 ) R (W, Wy, Wy
() 1 [ h,
ww) () ARNAA
b Ry hyof by, hyd by, hyol Ry,

(5™ e 5TV mm - - - G 5TV G 5TV
- — LS‘;M J— LS;M ]

X1 X2 Xm <eos>

2 BRA THFE#ITS attention-based bidirectional LSTM E

T,
Fig.2 Attention-baed LSTM model for question type estimation.
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Table 2 The distribution of question keyword class in the training

data.
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Table 3 Experimental results of question type estimation.
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Table 4 Experimental results of question keyward class estima-

tion.
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Table 6 Entropy of question type estimation model and question

keyward class estimation model. (The smaller the en-

tropy, the higher the reliability of the model.)
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EHARTOS%IEF LD, Bfl¥F—7—F27 7 2ADH#ERIL
FEEHTE AR T22% M EU7Z. F£72, model6 1%, BRIXA 7
DEEHRD, FEARTEHARTI%E RN U0, HiF—7—F
7T ADHEERMN 2.8% M E L7z, ZORR»S, #EHEDMES
L LTI, 6 BNRWVWEWSHERIZAR o7z, £/, Ta— ¥
WBWTETUADANIZ hey ZIMZ S (8.5) ZLiZ&oT,
B¥—"7— N7 5 ADOHELRNA LU, fawme LT, HERY
RA THEZTOGEIEMOET VE, BlF—7—-F o F
AHEE 24T D BE T joint FHET N EZHWEZARRELYL, &0
DT LMotz TN, joint FEETHROZET LD
REEIREFET 2 EZoN5.

S181%, SEO joint HEEETIVIZ, N AL VA OREG
HWEMADZ LIZE > TEHICHEREM LI EEIL%2H
ZTW5. 72, attention WX ENZITEMTH D0 %,
attention BANY MV EFIND Z L TRETT2Z L 2idA 5.

g AR O—EIX, JSPS BfE JP17K00236 DBk %
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