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Abstract Online public opinion develops rapidly and has a great impact on society. It has always been difficult and im-
portant to lead it in network security. In this paper, we propose the idea of using intelligent reply system to lead the online
public opinion , and then we provide a general overview of the current intelligent reply system. First, we introduce the
current mainstream research methods for the intelligent reply system, including the visual question answering, knowl-
edge-based question answering and inference question answering; second, we demonstrate the task-oriented and un-
task-oriented intelligent reply syst em in terms of different application scenarios. After that we discussed the mainstream
methods of building reply system. Finally we summarize the automatic evaluation methods of the current reply system and
the main problems as well as future research directions in this field.
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Ryan PO 2B (1) 2 S0 P4 i) A, 240 T
N[ G R PR ASE TR 2 S TR R R R3] 1) 3] [ AR
N, K LSTM [R5 (PR 1) A R i g st
BRI 5T () SRR HEAT R A UL T . i 45 R, Al
T LSTM [ 1) 2 A VT B AR L 1 49 [R] 2R Lk S5 1
GRTRBERE = T 33%.



g 25 BREN R RS Lrd

FALT Ryan® ) TAE, yant" i S48 FH A8 F XU )
T8 VR R 258 IO 95 43 ) 49 065 1 g SR A S AR S R,
SR 5 A FH A R 28 I 25 $ B 225 L 5 B Rl AT IT
P, SCrPsEit gl RAR W AE MAP fE A1 nDCG fI1F
Prandf EHAGHE T 25T LSTM [ Z4e kR .

Wl Sy AT B s i) g g g A
W] 5 (1 ) 4 25 R ) T PR RH O A R 2271
Ji S HE A B, A T g% L, WulP R T A
fL VL FE A7 SMN(Sequential matching network), %45
B Sl CNIN )R] A 2 IR R R AR
5 15, AR5 A P 2 V51 ot 428 DX 8 60 55 0 g S R i) ) 1)
T SCARAT BAERE, DAk ORFF A1) 0] IR AH DG A
B LR ERIR, SR RIS T 4N Bt
(1) 22 B0 TR AR Y
4.2 HpIER

R R B RANE], AL R 28 W T TR s Y i
52 RGN MR R . HARBER
PR — R B (PR [R5 22, TR A4t FH 7 B4 1) 1)
FOIZE T A ol i) i PR 5 52

Ritter™ Vi FH 3 T ¥ 1) SMT RSS2l 735 —A
AR RE NS R S8, B N TVP AR UE T, A
ZAEMARGE R S5%HITE 0 N TR
KA.

Vinyals [P VKA 2 31 N B BE R R R 46
2 SIS g5 AR L TR B A )RR I A
REFIE RS NRM [WES VR FR bR N AR A T
SMT #i%d HSI 77 Seq2Seq #28 t [K] b e b 24
A SEBLR Re R R G Fim 7 2.

Az SR

25

w X Y Z <EOS>

A B C <EOS> W X Y zZ

4 seq2seq ZE#
Figure 4 The framework of seq2seq

wn EE TR, Yl Sequence to Sequence [13E

A B Ky, sequence-to-sequence 1% %Y 1 encoder Al

decoder P73 24 %, AR 1 SGLE encoder BipRE i A\

LS o — N[ e K BE R I 5, FEAE decoder B ) &

il At AR R, SRR, X, ot
x7), AR ARER TG0, 12 o, )0

h, = sigm(thxt + Whhht_l) 1)

Yt =Wyhht (2)

ARG (RO G AR R R N A% AT DL AR R O

TINE PSS = o EI ol (" G S OB == R (= 1 ][RI =38
{H /& HE T sequence-to-sequence SEHL R eI 2 R 4
AR K B A I R 5 7 A AN A G T 1) )
1, WARE G AR “ATIE” , “Urr)” S A
WA BEXWBISE . A, BT RAEHEER B
S, AT RETRAS e A 22 e 0 AR R R 2 1 — 2K
P . Sequence-to-sequence A5 1 A1 % A7 %5 FE I K0 S
(g — bR, DR T ) F P BT A SR
(1) AT RE 25 7 AEAN TR A 5 . S EE R AU L,

AFAEIL FAHERTFF, — N @ e 2 ME RS
I 78

(RSl BT
[ 42 [ 23t i [F) L)
Bk itk

fipisa |
B

Hr

SIS
L

5l A5
ESEN

Bl —2
PR
itk

)z i FIECM
fRAET T

5 HRiEEHETEE

Figure S Generate model overview



26 Journal of Cyber Security 15 FV% 4244, 2020 £ 1 H, H5 &, HF 1M

H T RYCL bR, 2R R TR
sequence-to-sequence KRk 7%, 3G 51 AN HIHL
[/ WA 17 TIN5 979 (BT =R g
] I NAVES T TN AR DA A X 3d
[ 53 I i PR 3
4.2.1 S5 H [E] 52 a) R A et

Seq2Seq HE AL MR 1774 “T don’t know.”
S BN E AT/ o0 8 T A = LT e 2
Seq2Seq B d5z ALK R AR Dy H A bR EIORT
b e [ 42 B R AR e A P M xR
JSCAR 2R T8 [B] 52 1) il A R OO A, B OB A
A A IR A 2 2 = AR I RN R, AR IR Y
MR PE L BT 4 A Dok 5 1 R Y A il HL AR
(i [l 2055 31055 ou s A g B 32 TR
Seq2Seq #E B & [P fRE, U35 d FH beamsearch Az H:
AR Ko SR FH 22 il 8 ok 2 e R K (1 1] 52

K TR Seq2Seq AR LR AR IE FH A1 & 1 1n)
F, LA P 5K LA AR A G R v 1 e AL
SR (SR R N SR I NE SR O B B R N1 =
AT R R S | A A A = el . S i sE
402k LK B, MMI(Maximum mutual information)f5: 74
7t BLEU F LV E#REE IS T 15481 sequence-to-
seqence Y,

XingP Ul Tk Seq2Seq MMM 20y Azt ] ]
SR, WX attention ML ks, 3 EE S
AR Seq2Seq HEZEH, SR HFIH 3= AT AR
eI AR T 2R R IR R g AR A = R
R 5 FRUE(Y Seq2Seq LA A MMI BRI T LA,
HAE Perplexity AN TP 7 10 ()2 LA I 2 A T2
HEREAY,

Zhao®}% CVAE(Conditional Variational Auto-
Encoder) 5 28 5 | N5 1 A2 sl vy, A A3 15871 g
7 G b iy 4 £ B0 25 15 o ) 2 e e . BREERUATH — A
I A A A ) 0k 13 PR 11 4 A 4R 7 AR AN [R] 1 [
2o N T i REAC P AEAE R R AE, BEEATTH T bag-
of-word #{JKIETHINZRPERE . LI 45 L], MDY
TALGERE R, AR AL P A [l K 2 R A LA
A=

Zhou i F B2 5 ) 2 6F S35 R 20 g f 6 4T X
A RO 135 3 8 55 22 Fofr 55 [0l 52 A7 G (R B3R AT A,
AR JE A AN ] [l S AL R 4H 5 5 1 2 R e Il R R 4
FEARA WEVEIER . R R SE
FKINZALTL IR AR 2 FEEXS L T4 48 Seq2Seq HEZY
T 9.8%.

4.2.2  FIASHIHLE

DA Ay ] MR /NS [ E 1, BT AL SR sequence-
to-sequence BLAYA LA 2 WAnl R RE ST o i 10)
B H k) OOV (out-of-vocabulary) ] 8, 24 A plips
ULTRPORFRIENE NI NI N e

KT R OOV [a) B AE e BE 20 1 Bl (AN 1R 52,
Gu'™ 7 Seq2Seq HEAL G| N T S BN, LIS
FEC N [ b o B B, s A N4 S
P4 LR IR KR, NS E AL E b
M R A s R R 0, AT A5 AR A 2 g 8 £
—E R B AR R R LA R M ] . AR 5 4L S
T mnn [1) Seq2Seq 7E MM E A T 6L, 75 topl
1 topl10(FET beamsearch) [ HERA R ESHELL T AL
Seq2Seq F MY,
423 FIANAGER

TEAR GO UG A B A, R [A]—AS N AN ]
(1) 77 9% Tm) AH ) R i) 3, T8 R e RT3 G A I 25
FHR VT RE AR %A PR A speaker consis-
tency [l

message Where do you live now?

response | live in Los Angeles,

message  In which city do you live now?

response | live in Madnd,

message  In which country do you live now?

response  England, vou?

message Where were you bomn?

response | was born in Canada.

message  Where are you from?

response  England, you

message Where did you grow up?
response | grew up in Texas,

message  How old are vou?

response 16 and you?

message What's vour age?

e SO SE 18,

message  What 1s your major?

response  1'm majoring in psychology

message  What did yvou study in college?

response  Enghish it

6 Speaker consistency [2]ZR
Figure 6 Speaker consistency questions

H TR PR IS AR B R ) speaker consis-
tency (il @, Lil™LKEPRiE #1555 B PHT KUK 25
A NEFIES] N3 sequence to sequence AL, fifi 15
AR L= A B S -BUn R R . S A5 R LW,
YT S LSTM 34T 14511 sequence-to-
sequence 1% MY perplexity F1 BLEU {H#RHX
13T MR
42.4 FIAXTERHR

£ 5 1) sequence-to-sequence 1 Y 7E A il [F] &2
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I 3 % I 2 B8 ) 24 T il LT 3 R M U Y R
SCAE I, AT AT B0 R R A RS A O
FEAAALT o

Context

Uy gk ) 0 . TEOomER T AT EE
| wanl a boyfnend. Why caa’ta 16lkem gid
find & boyfriend?

1 cipesker i R B—-EFRER160
In's diefiminely not bocause you are 160cm

Uy gk ) HERERES PR
Well | know 1'm ot good-looking

W cipeaker B - TR TSELE
No, it's becase vou phamys hit on
someone higher Ban 1 T5en

Response Canididates

R RAEER v
Wo, ['don't care much about hesght.
FRRNER X

Are you 2 man of 8 winnas”

7 SRIETS

Figure 7 A example of mul-turn conversation

T K R s N B[R] B AR R FE
Sordoni ™M1 24k It 245 HRED(hierarchical-
recurrent-encoder-decoder) ). FH = T i 40 3k 11 84 fig 7]
ARG . HRED B2 th g ht o o AR5t LA SOGT 18 1
S G A — 5 A A e 8 I g s i, HRED
LR AT DU U5 g SN B[R] &2 AR e R R, A
TS A5 A2 BT [R5 55560 0% BT ST 4R RN LS4 100
SOIAHST o

HRED! 458 8 B AR 76 A4 i [m] 2 (K i R rp X i T
XPUE S, AR AR R A 20 T ) TP AN [ 4]
LR AR s, AT R R 3 U B A A il ]
SR RREEAE R, A T Z i 8, ser-
ban'®¥f attention KL N A 22 kAL sequence-
to-sequence Y ALY [ A% 1 1) 1 R ) 1 A
Jo 20 B A AT SR A, AT B 1R A R B 1)
EIp=18

serban® 2 H T ANE Y 2 R DRI, %
FERDIAS 43 [ 2 2% (VAE)®Y (Variational Auto- En-
coder) I 2 JZ RS 15 A T e BEAE ) A2 %
AR AN Z R BEALAR S AR, T AR i SR
IS A g g AR, Toie 2 H B hvrh
Pt ik o N VP b, &5 KA o T 1% 4810
sequence-to-sequence 2 AL HRED.
425 SFIANER

MATEAS L FE B T A% 3868 S B2 40, ik
280 Al A A G B R IR T R AR I I, DRt RE
A5 AT 18 R R FH 7 S ] PR 1 T 5 A S AT A
S 18] 53 B 122 i T ) i) 255 R 00 i i i 1001,

Ghosh M H T 55— AN BE b 1330 5 e 5 L 10388

27

TR Affect-LM(Affect-Language Model). 15 7 fE 1%
TEANFEM T T ER RS 5L, AR A 1
SR RN, R L AR A R A 1o KE AN LVF
W], AHLE TAL SR S, Affect-LM AEBE IR K
(R e P T R

Z R T Affect-LM , Huang! 4% H! 1) ECM B 7!
P UK E BB BB RS . ECM 2
FH I IR0 ] ) 2y PN I SR AZ R 2 R A B AL
W 286 =0 3 A IR RS Y, R A O 155 J ERT 3R AR A
BT A TR ORI RE . N T O R I R G g
A BTG IR A R A Bl A, OF BN EPE g e
i ARSI NRM AL,

4.2.6 FIASMREIR

NATTAE IR H [R5 08 7 A AN L R T 6] 4 g B
FMFTE R, NAZARMTAAT] T 7 S mineol,
Vougiouklis "7 E YRR H—Fft T 503 R A0 22 (1%
AR AR Y, AR R R 38 I Uy ) AR AT 2 8K
PEAE BT BRER A5 BN 225 A o v, A
M= LI E AR 515400 Seq2Seq 5
R, B perplexity {H42 M T 55%.

Yinl®* ¥ YK Vi 1) b 35 SR BE D 51N #
Seq2Seq H. ML XIE4E sequence to dequence [F)fif
T s AT S0k, A AT Vg ) S0 S0 R EE T g
AR AR B [ TE SCRE R, IRRENE [R5 i

AR RS TR, S 4 SRR W] FLAE A B R
TAESEI) NRM R4St

4.2.7 FINBESHT

AT HAL IS, ARES A58
BAG 8 LS5, SR04 01l A2 plAss 28 1) i
1 i 40 A e M ) AR B R, DRI ARG A A el [ 52t
T 28 H 2 ) 1 ) R A RN AT R T AR
)T WG P FAR G . Filip VY% —IRTE Seq2Seq
] decoder ¥y I AN ¥R J& T V5 A R B, JF N T
NLGY,

UHJE, X2TREE AL 8 5 4341 o |\ 3125 Bl
1Y) decoder i, {E1FHERRENSAE decoder ¥ H 4%
AR ARERER T X IR R . Siat 25 AR, 51650
(1) Seq2Seq MEMIAH LY, 1A R 5T [y ] B2 52 4t 5
T 11.5%.

43 MERINERHESIRE

R A H W 2 AR KR ) L BT e vk
REN 5 ) B B A A, 1T AR R AR U4 7%
Sy U CRANFIE” SRR R

J T 50 R AR R TR R AS, B AR T A5 1 [ 0, Rl
B Az OB R AR Y TR S A A e e o A
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RS LR, BRI R R R R A X, 1
FS R AN ) ] 25 SIS A 2B AR I AR R S I 2,
HH R E N EAR R I & B RIER S,
BEATELHE Y, MRAE IR & e 47 R IE PR L3 SRt AT
b, R R R A AR A AR LA % 1 IR 34,
B ANTE, BT LAAE S B I P 20 R A R s A
JR R AR

Alime! i H T A VA AL 5 IR 1) T JC40
BRI ARG % ARG R R A R A

HEFP AT =50 o 4o A R NN T 3 R AL
1) sequence-to-sequence A5 B A5 28 A5 1 1) % S AT
HHE . PRk RSP ER, AL 45 BT AR
b, AEASAEIRY (R B Ik T A 6 1A FR AR TR R A
B,

55 Alime AN[F], Song! WU T —FlopT 1R A4
RSP TT Vo BT S0 AT A ZRASE B 28 3] ) R 1Y)
B, SRJE AT A BRAR I 1) 45 Ze ok 5| 3 AR o A AR
JCE A R 5

R1 HEEEERRITEALE

Table 1 The comparison of intelligent reply system emotion analysis methods

VR ) )
AGITE S L 514 793 {7953
ok 7k
BM25 Baidu douban P@1 0.272 Ref[87]
SVM weibo P@1 0.574 Ref[58]
DNN weibo P@1 49.85% Ref[46] DAL B0 P AT R,
o AL P A [ ) 22 e &
o CNN weibo P@I 61.95% Reffa7)  RPURTEIRIR SLREEURA Wit
Lioag et TANN Twi MAP 055 Refl48 BATRAL B EX BIME RS A
witter 337 eil48] SR A
Lstm Ubunru R10@2 0.745 Ref[50] sz
SMN Ubuntu R10@2 0.847 Ref[52]
DL2R Baidu douban P@1 0.731 Ref[51]
Copynet DS-1 Topl 61.2% Ref[13]
MMI Open Subtitles Bleu 1.74 Ref[54]
persona models TV series dataset Bleu 1.82 Ref[53] - R R AR 75 ) A R
R R
kgCVAE Sw perplexity 16.02 Ref[58] . oo e JHIGECCIARISE, i ELAS
e bR BT A ] R 2 ek R B, A o
MARM Tencent Weibo ~ Accept ratio Ref[59] =R L ) R HE/] 5 ALV, /J:
’ . \ IR AT 2
1 A UM
ECM STC perplexity Ref89] SEART B
HRED Twitter Dataset perplexity Ref[61]
VHRED  Ubuntu Dialogue - 0cdding Ref[63]
metrics
AliMe taobao chat log Topl 0.60.36 Ref[15] TR AN R R i
G, B R T -
e e TR AN RIS Y
AR q ‘ " ol Refl12 o AR ] 2 ZE HEAT Rl 2 i S (0 0 5
. " . A e ) et Y HE A
ong sina weibo eu ef[12] 250 e 2 = &4
SRR

5 JE AR ORI 28 HA R (1) 25 28— 1A B 1 gk
B ERAEMATEAY, M2 R ) 2 56 o A
e N T VR4 A BLEU i E#EEE T R B A bR
HE 1o S 52, A biSeq2Seq I A AE M 5 R
G TERESE = T 13%.

MILABOT! MRS KT IEHLES N, e fik
8 RN A T B SRR AR . I L BUA
PR AR S S AT A AT . SR TR
A B R RIS AR S I 45 G, A FE 2 T BOAR 1) A5
T, ST sequence-to-sequence F5E 7T TG fil il
25 [ L BT 2 2 R AR, (AR TR E NS T I AE S B
M P AS b A R s 2= ST AW T A &, K

=0 A/B WA R, SRR T /MK, sir
ENERL .

5 BERIENAE

FER eI AR GE b il MR ZE (1 ) AUt
R AL M R HEAT PP . R BE IR R R 48
ARl IR E SR N TV . N TP B
e I HERR R, SR AR AN T TN VR (0 R
MR B 5 05 LB B S AN B IS, iy LA AN AT 0]
PREE, PRI B RAS A AN al 3kt G it 2% 5 PP A
K22, DR AT aa ks R IR T M R 4 A
NP ARIE
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1T BEAF K ) 25 3R 40 1Y) e LR ARV, H 2 4
[ i€ W2 RGN B NEN AR UHEIR 2 — MR AA
PR L TAE . AT eI S RS B BVEN vk
WA WL IOl R 1 S RO PR AR
%%, #l BLEU . METEOR . ROUGE % Jji%,
TR EGEV T, R R R TE S
B word2vector!”!,

51 ETFEEIR

DA A & e IRl 2 R GE i [l S22 R 45 i 1, PRk A
BV R RN R G AR I Rl ) i — DR B
PRAR PRI TAE . H Ay s T E S PR 7V S A e
ZE10, JF H 5 R OCIBE B /N o 24 iy i 2 T
VPN ARE EZ A LT LA T

BLEUYM 155 7 vk 2 32 2 B ik ok 2 2 A b
HEZ R n-gram 5, %7155 TE AL E TGKR,
i 16 25 S AR HE RS S (M UL FC AR B M, i 25 &
(] BLEU {8 .

Perplexity ™ & i 5 [ 4R 5 5 b B AT P i 5 A
IR bR, %0775 F 2l v 5 AN I
BRPERAT A R T SENE, AN I AR O] e TR
R e PR B

NIST"#(National Institute of standards and Techn
ology) /7 &% BLEU J7iA M) —Fhisidt o & AN 2
FATRPREUCRCIY n-gram A BCECH Rk, ik
A~ n-gram [¥)15 5 & (information), 20115 Bx LLEEAS
PRI n-gram i BOECH

METEOR W5k i Lavir % BLA [FI 5 A6 VR 45
PP R SO $2 Y, b HE S T 5N 2 (%) I AS i
PR B A Bl R, IF A TR SR UG G AE T fg .
WEFTEIRAR W], 5 Al TR FE AR HE(%1 i BLEU
I NIST)AH L, Hogh A5 N T i) 45 R A m i)
FHRME
52 ETiRAM@E

HILTHZ W W I7EANE, e T-10 ) & 0P
J7VESEAE HIAE S BN word2vecl W B4 AN T 1)
) A, AR A ] ) A B ) ), AL
sentence embedding, fx & MkiEE R 5 bRHEZ E A
ABLRE 53k w] LA A1) - 2% In) £ 1R 4% 5% 0 2 4% 07 AT T
o YT LIS T A B PR VA B Greedy
matching, Embedding Average 1 Vector Extrema — ',

Embedding Average J7 A% F 1) H BT 1] 1) 34)
I6) 5 1R E 2 O S £1) 7 1) sentence embedding, &
Je Al R AR 2B R S AN ) 1 IR AHALLE

Vector Extrema tH /& F| i sentence embedding >k
T E A ARLEE I 0732, AR AN [T Embedding

29

Average J7V%, Vector Extremal”” 75 5 ) H 1) 5 4l X
(177 2CAE A4 b Hb IBOIT A 1] 7 2 A R AR A R AR
JJ sentence embedding %4EMMH, M5 H AT
1) 3

AT LA _E PR 5%, Greedy matching!® I A
A EA) T sentence embedding. 7Y 15 548 H
B P B2 56 ) 5 R DI T 3 ) 1 3] AT R R L
FERRIIC RS, SR word-embedding 1 &.4F4™
] DU TC R R 4 9% 0 2, e L v S K IAEAE A
A I AHABLEE .

53 Hftr%k

Liul"™25 % BLAL 48 (18 e [0l 52 R 48 H Bh P U7
5 NI A W2 T8 R AH OC BEAR /DS, BRI A AT I 26
WE R RENE RGP ArdE.

Liu W T b3 ML 2 > O A% 3 vF
AT, BT 2 04k RNIN A - B 18 5 vk
2 2PN R RS (P 43, SCrh SR 45 R 3R B
REII P 53 o5 R0 N 240 T 1R AH G B s e ik BLEU .

Tao P H DL R =g 45 R

(1) A= R B 52 0T R 5 A T 25 52 (1) A0 [R] 3] 15 1R
R EIRE/S o N (F Y/ SRR I =18

(2) AE R Rl 2 AT g S AR HE R ZE T SUAN R R
FHIT, AHARNS T % AT AR & — MR B 5 .

(3) I A B BEXT T X 70 B R i AR AR 2
AHME R

BT UL E=ANEEEEJE Taol SR o i
RUBER BBV AL R 521 B i, i 1 5
THS AR BB SRR 25 8 (R AH O 2 AR A e [l 52
Il A OQ L, AR AT R R U AR IR AN
SR FAX R P o SE 56 45 R R B TP
1395 5 N TVRO BAS - AR AHIE

6 TERIZEIRIAMN

U RL S SE LR AR [ R G A, HARTS
WA R Z R MR, M A3k
HOG 5 BRI 32 RS HEARF . ubuntu FOGHUE S5 IT
QIR =
6.1 HEFFER

HERE ST — A I s, P R] BALE L i
RATANEIE 140 1) “HESC” , W JE HoAb A = ay BOGS
REHAT VPN A . HERE P B R AS -9 52 2 1)
(1) 5 SRS & A3 Re I 2 R el 2R Rk, W
Ritter™ Jy #4 @ & il B RE M R 451 A 0L
1300000 i (R HERE 0 TETE AR A% ) 12 A H
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6.2 Ubuntu &%}

Ubuntu [ H 2 H A 45 S A R0 A G 1 1)
RN 48, IX B0 % v kb v DL A o 2R e 2 R
BRI ZRTE KL 4TI 4 16 Ubuntu 582 Ryan™
FIAK, ZAHEERMLE 100 TASZExHTER, H
RS 700 J7 AN RI AN R, X TR
L 8, bl 3. NIE AN MG BEIN R
R T KB TR B .

6.3 iFiEN

TR A v TR g AT 1R SIS R Ak A IR 45 284 199
R NI &, H AL I ECE AL )
HE S P B R ATIRES, RJEEZARE T RElg
W) S A iR Rl A2, X R A 1 R A0 o L R
T A QRO /) 1 8. Bl 2R 355 A I (A6 446 2
N RGN AL T KB R SRTE L - Shang )
M CE T 421 post-question XA Ay {5 2t v
Bl X ZIE R T A R e ) S AR B,
3BT 4435959 A Z 0 AE A M2 R G N 2R kL
Liu ™M P € s AR B e i B T K B e 3%
R, AR IEAT T VER label FR1ESE TAE, H
AZEHE 8 AT

&2 AFERIILE

Table 2 The comparison of open data set

KR EE NG 514
Twitter 1300000 Ref[8]
Twitter couple 4232 Ref[85]
Sina weibo 4308211 Ref[80]
Sina weibo 618104 Ref[55]
Ubuntu corpus 930000 Ref[50]
Switch board 2400 Ref[86]
Movie trople 196308 Ref[61]

Wang ™ 7E bk 7 3200 £ NLP 1 ML J5
] )& S P, AR JE R TG S TR IR ARATT FRpIR A FO6 Y.
ISy QA TIAVILRIERY, 0T BHOIR AT 8-
TR, AT 250 B RGN P R A 4 A
[T =g a1 8

7 R4

AR SCHE FE 53 TBIEATER N 70 B (1) H Ak B 56 4 g I
HARGIWE I REIEAT T 538, R4 T T80
R REINI R RS TR B AU R RE Rl B AR gAY
B SEPLE ReInl 52 AR G i R T VR S L st AR A
BRI, A AR A A

B AE A AR GO A B R B R B 5K,
MNATIHE B AR 5 A BT L HEAT IO IE ST 1R

ZARII ], SRR e 2 R S8 AV 2 EFRAN
R o AW G, BATET R E R AT
JUEESRIBF LSRR T — Sz U E A 2D 4%
PRI T RL, A5 R A U AR 55 A

(1) Az p[n] 52 3k B i 45 i) it

AT SR eI A R S gy S E
Seq2Seq FEMY, SR IZAR IR E A A0 ) T 7 AR T8 )
WA bR R, g« FANFNE 7 “UF 7 55
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DAT SHb AR 7 TR0k P 28 e [ 52 2 4 v ik 1) 512 FH
FERBE o DRI A A 28 A e 25 5 1) S 8 e i AT 4R e
Rifil v o
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