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T AIETEZ VS Bi-LSTM W& GeiE RS

%

WIES ] 5 BRES A BREOR K RE FH A 57, AR i B Bkl ™z . A SC
T —ET Bi-LSTM F R AL G PR RE SCAS AT . X1 P AR )
SCRY L XTI IR SR, BT DUE TR AR

TERR AL PR B, FAT TR SO b G ) 5 64 T 40 R A 25 ARl A 3. 3
i word2vec FRIFWIA M M EFRR . AT H#H—SIZIRERN S EAEPEUEE, &
R0 A Bi-LSTM o, F531] 5 23] [l Bk 61

R T A AR AN SUAE R, FRATTR RIS T TR 2 ) ] ) e AR
BEfT AR, IFHETINBCTYY, FREA R 2R T PCA 56— g, Rl 2B i A) i)
A, Bl sentence2vec, R SLIRMEIER , i hA]mE)E, A Fl-score #£7F
T 19.776%, ACC 427} 7 19.061%, VEAERZEHE.

KT — AR E AT AL, FRATTRF ) /) ] o) 2 PR 25 ) ) o i R P A TR ey, 15
P VCECR R . )G, 5 maa s iB Y A e & s (kA ssk-F-4)
AR EER SRR, AT T—FhEIHTH attenton-over-attention A1 A & [ &
BB E NS LR .

AT R — S softmax H—4k, MTTFSE] i) RS 25 LA H = 1 7
RIS, B VCECH M) & 17 softmax JH—4k, RIS EN BT
TR, IR, PSR E. &h, ROOTEERER ISR, X
PSRRI R M & FTXFIE, A W) e 46 85 8 1) B AR i m] DA ff b
P TR MR R T HX WA E A5 R VCECRR B, R fEAE
RVCEC AR, it 22 LI o B A A, RFVCEC A BRI (A T H A, TSR 4
P25

SERHIER, 5 AR KX B RN E A, AT TTE N AR Fl-socre
Py 22.351%. FESEHmad AR, FAT AN H T BTG R n AR AL B T A R 2 K
KARE BRI T BB, peAh, T MRABIA Az R, REH BT
RSN, FRATETEATER WebQA Fin A FBLAS 2% 2] RIS A Tl ) B TscEidi 48 1
BEAT T HEREIN, M AR B E AT TR A . g i ilitgR, Fl-score 2
0.854, HIIERH N 81.201%, Bl T AU B A 2401k

KEF: FEEMEE  word2vec  Bi-LSTM  sentence2vec — attention-over-attention



Abstract
Deep learning and natural language processing technology are developing rapidly, and
their application in life is more and more extensive. This paper builds an intelligent
text reading model based on Bi-LSTM and attention mechanism. For questions and
documents, the model can be located in the document to help us answer the question.
In the data preprocessing stage, we extract sentences from data source, divided sentences
into words, and obtained the initial word vectors with word2vec.To make use of context
information, we put initial word vectors into the Bi-LSTM to get the better word vectors.
To highlight the sentence semantic information, we used word frequency to measure the
importance of each word vector in a sentence, weighted, then remove the first principal
component got by PCA ,we get the sentence vector from candidate answers. This method
is also called sentence2vec.Measuring by many experiments, the model$ F1-score increase
19.776%, and ACC increase 19.061%.
With given a group of answers and query, we computed a matching score by their dot
product and got a match matrix. Different from normal model only considers simple
heuristic method, we adopted a creative attention-over-attention mechanism to measure
how well the questions match the candidate answers. We applied a column-wise softmax
function to get the attention matrix of query to answers as well as a row-wise softmax
function to get that of answers to query. Calculating the average of row-wise attention
matrix, we got an attention vector of answers to query. We calculate dot product of
bi-direction attention and finally got a final attention vector.
We can know the importance of each word in query for choosing the answer exactly with
this mechanism. Each component of the final vector represents the match of answer in
corresponding position and the query. Regard the value as the matching score, we can
determine the threshold an use it to get result labels. Experiments proved that compared
with simple heuristic model, our method increase Fl-score by 22.351%.
In the experiment, we analyzed how to set parameter in detail. Compared with the model
based on the traditional method or convolution neural network. our model is better. In
addition, in order to test the generalization ability of the model, we tested our model not
only on given data but also on WebQA dataset and Insurance Library dataset. With the
given test set,our Fl-score is 0.854, and the accuracy is 81.201%, which prove the validity
of our model.
key word: intelligent reading system word2vec Bi-LSTM sentence2vec attention-

over-attention
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1.1 2458 X

KT BB, MERFEAPALE, FE22 2] 0, AR Z AL G SR 1 e
AR R AR FEA T, ATEE B2 FEEscrr . 83, BN
o BREMBILRITET ZA, BE2HOLT, IV HFEM SRR AL )7 BOk
RIS AL Lo, i A PR SOk P i — S B R MR R T AT T R TR TR BE R,
X AT ERG R NIA A SCHR . iR /M, A IR TR R ARRE Hp — LR
GRATT, FEAAEAEI B KA/ M. (B2, O ARV TC e e — a3 adi
R BRSSP WA AR R 1] A N AR, 5
MBS, WAV EB W ERT I E M8 5. I, Fo0 1A BB BE P34
ARBEMS AL TT TR LT B

N T R RESCAZ IR, 22 BT LA R BB BTSSR 1B o AL B 1L
FRAE N F T T B ARTE S A BT SS , H AR (LA AL RENS BEAR I SCAY BEA B, TR ]
ES SO KA T SR rLas Xt ih 5 B0 PLREE T o ML P S BAR SR B A AR LA
R MERGE. HLasBES B RET BT A BRAE N, (At AEAS HAR s
Rl FREB T M R R, L, PABISERRAE . SCARRIZ I LTI L a3
R E IIROR, HAT RN WO E .

1.2 {23 Hbs

TN E R — AR BERY SCASIZ A . BT AR B B B se i /AT, A Bh AT 2
FP R PR . BARBIE A b, T R AR R SOk, AR R DAE 3 5
SCR P RERGFA TR0 R I fEAT , B0 ELRR A I R TR o 2 S

A, FRATT AR e 1 R 8 178 TS 28 ) A S e AT DA ARy — > = Jc 4l
<D,Q.A>. ZJedlii3Ci D, M Q MR A WERAEM. 1 KRR R 4 i
HOR, BANTEILESR A B SRR A5G, TR A A, T A
AR Q FrEES3H D e BT XEE.

1.3 fziim e

AN P Lz 32 20 PR, PUAL B o Mg &5 28 3 il o b PiAb B4
g, KA, RRAdlm e (word2vee). EERIED IS ML LS, N T ik
—HEH BT UEE, UGB R i [ R BiELSTM R4, S 1 idt—2 M R AL
EAVRAITE AR R, X EAUET sentence2vec, fi o i IR S LEIRT Bi-LSTM A/
a5 BB A RIENCEA TP mtde, BEE, fHikpigs



L. TAgbag

2.1 4y

TSSO R A
2 R R R, AR
PR I I R A, AN SR ERRIER
Jil Python % g — A~ 30447l

Bit——jieba 43, X} ) AN
E%*@%—ﬁﬁﬁﬁ%ﬁ%ﬁ FikhER
Eljjzﬁj\lﬁ—‘l o I‘Iﬂﬁ A 1.%-‘1—’? i
jieba 43 FI #5235 b B 2.1 R
. . . 3.word2vec
A7 VU E B R e S A ]
LR B 47 5 A AT R Y TR 2%
G IE— A T E . H, BIEEZVES
SEANRL A R S T, LOLSTM
. - o 2.sentence2vec
AT A GE T ) 7 YRR T X B Y 3.attention-over-attention
KA, RIF B A 55 4IERITCR
LSRR, Z e E T
HIR AR IR TR V)4 4
W B{E
2.2 LEE Fith &2

TESCAAE B A, 452 ] 1) 22 1
ARLE Ty e Hee sk, 5 HCA ] AR
HBA A5 bn & A, AT
e, PR DL
W EIE, e scd iy 3. B9 T i, g7 & sy “the., this, an, a. of”
5o XTI RAETAL BB BOSCRF HM R, BEGRXS SOAS, R RESCAS, B G
S0 . AR SO IR, BUE DY) 1A LS Rl s o s 45 ik P

SR ok i bt

2.3 word2vec

N T RFER AR Z M A0TSR, FATE SR BB S5 30 0T RALRENS
B

— B AR RICE MRS MR R XA RN GEER RN,
H i RZHOTEN 0, A —AN4EEMEN 1, XA4ERER TR, Xl
MM GASIEL (One-Hot) . MM ERTT LM, (A EmES LHAL: Bk,

>



One-hot Z P 4ERCHIFSLR M E , W TG, FrAEfededE iy, 4R rRK
A HIK, One-hot i ML EPIMAZ BIAGZIGLEY, ZK TIEFHHIE SRR,

Word2vec J& Mikolov £ 2013 4F4 i 1 F - HuaUf i I 2 i il Bl 1
87 1 s 5 ANt ) SRS = > v S 9 ] [ o, 0] i) A E TR SO B R
IR, B &) AT B ARE S PR & AR5 . Word2vee 8 1 PRI ZRAR
M, 5lE CBOW Hl Skip_gram #28, NE2F7R. o CBOW AR ] EF SCH
2 HiiA], M0 Skip_ gram BRI 24 Hir i B0 H_E T SC

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT
Wl:t 2} ‘ W[i'?}
wit-1) . . « wit-1)
. SUM .
™, ‘ i
: - wit) wit) -
4'.'.‘
wit+1) VA w1y
w(t+2) [ 4 w2
cCBOW Skip-gram

Bl 20 Wifp word2vec FIAM 4478 EIA]

FAVEEH Skip_gram HEENHR GBI L RS, Skip-gram FLALA 125 B Arik & (8
R E SR : .
1
T Z Z logp(wt-i-j‘wt)
t=1 —c<j<c
Hpr, e @A, T ZINGIARK RN BEAR) Skip_gram BEATHE S AHRZR
=

) T
p(lUO|’lU[) o €pr(vwo le)
- w
>t €p (v, i)

Horb vy H vy, BRG] w B AN &, WO Rl

SR 0 ) [E1 23 3k 8
3.1 Bi-LSTM J2

N R RE AR FFE A IR AL TRl R SRR, AT TBE Falad B2 word2vec
TN ) R B ANEERZE R o[RS T AR AT REZ 1y B SGEZ B B, FRAT & ik
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£ T Bi-LSTM ixX—1i%,

3.1.1 RNN fiI LSTM

TEFR 2 M 2% (Recurrent Neural Network, RNNP) 34E 3 By 5 B AT po e At 2%
WEZ R %% (Deep Neural Network, DNN) i 3 B AR TE S AL A %8, AT
DNN, RNN fEfa)2 B3 T—45i5t, Bl RNN RZMHE AR T2 i — W2
By, X0 RNN GRS @ IR R BUE BY R 21 2 sl E S, T T RNN JLIZY6E,
REBCAF I FAE B R SO L. X SEr S A4S RNN JEm & H TX 3 05 5 3 d st
MEBHR, FrAr RNN #EA —MEE LM g5 508, fEfriE RNN
XANHE BRI — AN EE R R, Bla—4> tanh 2.

®_

K 3: RNN g4

RNN BB DR H, Atg 2 Esa . Eooed e, e 12 N i
o RNN RGEr, RNN X B SCH PRI AR, X 2320 RNN A5 DNN
115 5yt B U 1A LU B B SRR EE A, A0 RNN LK DNN A%,
RIS T 1 RNN BRI ZR0E RO, 78 5 H BURR BEH SRR B 1 A, 307
MR R G TR 2. 5 =52 RNN XK RAJG = i SGRm A, 2440 %
AN R 7 B A [ i AW RIS, RNN A RS2 RE J1 & U (R B AN
ZMFRL, YRR, —Ea0RiiciZ G Bt poss, X RIHOm Y 5
R B 4 2 FEOAAIE LB hy TG A LR, Foiks A LSTMI jx— RNN

AR



KIEHIHCAZ M 2% (Long Short-Term Memory , LSTM) , J&— R[] #1422 [ 45, &
AL BEAN ST IR [7] 81 o ) B AL S S AR RS B S B2 S5 A5 RNN A EE, LSTM
FERIEF AT — AW EEA N SR “ABEs”, XA BEEE A S5 H Bobk 2
fo — AR P RURCE T =], BT BT TR T AR, X
BRSO <177 S5MSEE T LSTM sl nfE B aE 1. —MEEIEA LSTM 1
Wz, AT DRI IR IR A . RARERINAENEEA 28T, AR

(EFSYLBE RO WE 3ugoN

® ® ®

QR
[ A )'EL/:\ A I
© ® ©

Kl 4: LSTM 40 4t#y

H—IEAE ¢ BRI (i) AT (fe) #RUARIAZS Y (BIHAT Y A5 25 S8 24
we)y LA ¢ — 1 BRI (he — 1) AWE (0) fEMHIA, T 3 e A
L E)VATCR

Biclz: BWiElzESE T LSTM i 2 MR GOIRESH ZF7ER . Hax0y:

ft =0(Wp - [hi—1, 2] + by)

MIATHER A DB BB FEIER, FTRAES I V2 RICIH T, $EmiE X
HERIE -
BAZ WA VEE T LSTM RFZHE A 2R 5 B IR EAE B A RS . 1
AR
ir = o(Wi - [he—1, 2¢] + b;)
c; = tanh(W, - [hy_1, 2¢] + be)

o= frxci—1Firxc

IR R LSTM Gl th 1120 e 75 2 e, Hat A 0n:

O = O'(Wo[ht_l, I’t] + bo)

hy = o * tanh(c;)

3.1.2 Bi-LSTM

HI T HARTE S TR SO 20, 1A R EEE ST R IR ) 8, tnl REH BIAE A
Fe. iy LSTM af PAfgde RNN Bygies i, (HE K e RS mi SCH s -, ni
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TCEMCE AR 5 SCHRAR R SC, X FEAEREEE I BT, LSTM /38R W] g 2 23 A 1 5 )
R TR S, R R e p g AU K S A2 RS (Bi-LSTM) . Bi-LSTM ] A
IR AT A AL — IE— 0 R A, B A LSTM HLITaH sl — A8
i) LSTM BIG, DAUSEIRAME R 2R IC e =00 R SUE B H AL, —EfRE L
fiftd RNN 58] LSTM (Wistisfi . SRA T Bi-LSTM (B &5 SLinka s, e
[?) LSTM. RNN ZCRA R4 T, & n AT SRR 218 G T4, e
b s S WA E T AE IR ERE, WA TR RIIE R, BRI R
AIMIRZTE L. WESFTR

] 5: Bi-LSTM [W 254544

Y5 = word2vee EEIIIFHEN e(z),x € D, Q, M Bi-LSTM [W# T AR N

h (sj = LSTM(e(x)j

W d A LSTM B4ERE, W2t Bi-LSTM W 2% J5 1 [ m) FH2 ) v () 3] 1] 2t ]
%:2/7?7@ hdoc S R|D|*2d *n hquery S R|Q|*2do

3.2 ik A2

Arora 55 NAE 2017 $2H 1 —F A7 B SR8 A R0 v S ) s Sk . Bl A
TSR A PR R TAGE, A5 PCA 53 SVD J7 ik b ) &



M e Koo XA BT YA w1 SCARRI AT 55 PO PEREZY 10% & 30%, il 1
i RNN Al LSTM Ay ZRAYHE 7 ik AR BIRRAR IR LR

% 1 AR IR

Algorithm 1 f][n &FEREE

Input: Word embeddings {v,, : w € V'},a set of sentence S,parameter a and estimation
probabilities {p(w) : w € V }of the words.

Output: Sentence embeddings {vs : s € S}

1: for all sentence s in S do
2: Vg |—i‘ Y wes #(w)vw
3: end for
4: Form a martix X whose columns are {v, : s € S},and let u be its first singular vector
5: for all sentence s in S do
T

6: Vg 4 Vg — UU" Vg

7: end for

o TAEVERE BB T 6, TATAUR BiLSTM f0fih y AR A
&, W sentence2vec BYA, RFEAIIa] [ AR A ), B4 e B AT EE IR
hd007 ﬁ:i&ﬁ?—F—ﬂ}ﬁ}Eo

3.3 HENZE

X Bi-LSTM, HAg i uin PR vl DA 2 Moy SN T8 &, BON TR 5 k52
HER MG — IR APIRES, XA IR A U R B 2 25 5 5 R A E Y
AR T3 — PPl B & PR 77 VR R A i R IR S AR N, B2 R
(Attention HL#) .

FF26 AT RN M AFERE hguery FIHI SR =225 20 A) 0] BACH) MU FERE haoc, FATIT
S — O PE RO R, 2 B Il 5 SO o g — A3 A ) ) R A — ARl R DR, B
K T R PR R 3R

M<ZaJ> = hdoc(i)T ’ h‘(IueTy(j)

TEAFE OO PERCREFE M )5, FATBINIEAT softmax #4F, SRIREESI AR
A, F PO A g v BT g A1 B E A G T T e RIRST e g v 1 B
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TA], R R ] ) BN TR R A
a(t) = softmax(M(1,t),..M(|D|, 1))
a=la(l),a(2),..,a(|Q|)]

Horp a(t) € RIPV FoRmHa] ¢ il 5 s ay 56 1) A o BN TRl I 7

3.4 ATT-over-ATT 2

AR R R R EA E R 2  (MSRARIEERTY ) ARk s~ T 2y e v
Bl Ja R S BT, BATT 55— P Lk A s e AR R . B ek
TSRS ER T, RIS T 1a] ¢ faE— A0, FRATTIT AR H () A i B A J]  Th 4
DASE 45 7 BN AT I, (i) g e A ] B

FATREXS 2 =L PAT 2NN M AEFEEE 4T softmax H—Ak, RIFHEE A%t 41
I BAANFAIZ IR RS 1. B B(t) € RICH g At il A i BAASTRI G TERE g, B

B(t) = softmax(M(t,1),...... ,M(t,1Q]))

GO ST B, PTRABARNS B() BACr-y, Bl

|D|

B=—3B()

3.5 MM RZ

AL BV AR, FRAVER] T W22 B S = o FlR) B 50 ) v
BB, wE, BATTE o 5 0 WAEBCRIER SRR T, RIS R Tk
LS. JLRARBIE6RT R, H 1 8] 9 ek hiEmins, il BRI
f) 5,6 A1 9 WEA KA T R

s=alp

GEAERURAES B ¢ 2R M AIA AL, TR ISL SRR o(t) FERT R
A AT, A R AR DTS T AR TR, LR o K
BAERIAR B 152,

el BOE MR EIE, RAfiE, BIEHEGTRE—mRm 2R E T A, K
TIREERICH LR, ST ZBIERICH XK.

AT i AR 22 28 B A TR R s TR ORI, RIHERE R B A 25 )
ST IR, AT DA % e IR A R A T RENE P B

p(v|D,Q) = (s:)"" (1 — s) 14 v eV
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oo “EoSZpoo cCooocoon: . cfecooor =
| J | J LTJ Lng
AJRNE [ sentence2vec ]
RN ®
| A

1% i

17 A

8 o
ATT-over-ATTER

A

! 2]

G

ERCEE

I T— ®

B 7 A2 2 A

LN oA g

AT AR ESCR AT B I TSC IR I IE , 5 R TR DA B AT
JE27 2 I AT B AT, AT UE BRI A S BRI S AR, TR] I 28 -5 e A 2
R LS RO R 5 A5 2K S B PR RE A AR i

4.1 SEPH

S PRI AR 1 B B A 2B -

FE 28 python A

o tensorflowl®: Hi Google Jo/INHATHFSE FURT TR % Hl e TFIHL IR 3 i
21 tensorflow, FeATW H T HH Bi-LSTM., Attention, Word2Vec,Softmax X 28R fFF 23]

13



2 LR ICE

CPU Intel i7
B GTX 1080
AT 16GB
BIERSE Ubuntu 16.04
python 3.5.2
CUDA 8.0
cuDNN 5.1
Tensorflow 1.2.1

o numpy!':NumPy %2 Python B—FpIFEMEEHEY R, Xfh T HAT %
FEREFIALBE R BV RS, LG Python H BAGHESFR (nested list structure) Z5H4 2L
% ., & TensorFlow [ Hi EH<H .

o jieballl: FEFALFE S T SCH AR 43«

R R T G A R A 3 (T R R NVIDIA Hi 52574 CUDAR
F1 cuDNN12l

4.2 JSE R IR
(1) H98J5
TEEL T H 8y DA json FEIr 45 Y testdata_sample.json fil test_data_ complete.json
RLy 55 T <QAT> ZIRAU T RATEN AL .
(2) ¥ WebQA!3

A EEREA AT, fET WebQA Bk, HgRMok “anfif K
R R ICA T, e e AR IBUERA R . RIS W8, sttt Bas St T
Ik, SfAPEFHIEYE. WebQA Hi8: 48035 question,evidence,answer =337 4 il :
question g ] PRI, evidence Syt W AR, BRI ZH)SCAEL . answer &—4>
HRINEL (HNEEATEEZA), WRMEM A SR, IBAEZRZ ho_answer].
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(3) WL STBRR A Il i 1)

ZIERHE S MMl Insurance Library YR EMIE 5. X0 PRI AT T
TR QA TERHZE , TERIIZE B N A0 IS TR A P P o o o ) 25 5 o B TR P AT
HRRA Ok N 3Rt

4.3 SRR b

XFASCRAER, AR F (Precision) . HulA (Recall) . WY
FI%L F1-Score, MR (accuracy) . MRR. MAP SRIFHIATERA R IPCR . DAL
FEVR R TR 2 AT Sy U ST A5 A B E SC— RIS, 3R

3 IR

X ARx
v ElRy TP FP

Kz FN TN

o TP (True Positive): 1EJSIiH # A M IESE

e F'P(False Positive): 1285 H % H & h 12

e ['N(False Negative): 1F28I01 H # J Wk 12

o T'N(True Negative): 123 H i 2 WA 112

(1) KdE#R (Precision)

e IR ARG RIS MRS EUR— AR, BIVKS: th AR 5¢ SCHR-5 46 H Y 4 5C

MR E 23 L
TP
P=q

TP + FP)
(2) HAMl#E (Recall)
#1113 (Recall) /@465 ) BAR 5 SCREONM SCRS 128 b I AR & SCRRRE U, Al

R R A A
TP

~ (TP + FN)
(3) #EM#E (Accuracy)
IE#fR (Accuracy) s8R IEHIAGZR H HYA K T0 K SRS, o5 SORYPE P BT SOy

By,
TP+ TN

T TP+FP+FN+TN

(4)F1-Score
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Jr2EH) F1 R HER R AN A R AR E, BATTRE AN
2PR

Fl=
P+ R

(5)MRR

G AT R G B ) B — D) AT —A40, RIEIRCE BRI & 2] 1
S, RS SR EZanRE, H MRR PR RS RGN 2B H—1
IEERNCE, H—DEMSRBEER, MRR PRods, R

1 Q| 1
MRR = +——
Q| ; rank;

Hrp, Q WFEA query B4y, |Q Frm Q W query N, rank; FoRFENR @ 4> query
B IEE R

(6)MAP
RE SCEAAS [ VRSN S PR 56 R B TR 2R A AP
|R|
AP=Ta

Hr A, R 2y 5 ZRGEGRIPA KA, IR H A5G, |ALIR] Fom AR R
AR, rank; I rank, FoRnizacBIEAE A MR HHEA
MAP WA E— A G PRI AP {73y, R

|
>, AP(K)

MApP = k=t
Q)

Hrp, Q WA query B4, |Q] Fm Q T query M.
4.4 Ve E S8R Or
4.4.1 MRS
FATEI T T Attention-over-Attention #LH]F AR H LSTM £ RE AL, &
SEUN LRI % SER B AN ZRAFTR:
4.4.2 EEwE

BB 2830 i J5 1Y) attention-over-attention AL iil75- 21 {2 X W Av 4247 5 A A ) DT L
P P, FoM1HZE—EE 6, 24 P >0 i, HIWHZEA A XmE, Bl 1
K2, WHWHZE IR EIE, R R 0o [FISRE R e BUS{E o,

HIEISTT DA i, ARG R AN [ 28, FRATTH 0 = 0.5 VE N Ja i A
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