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< ZETRNNFE B 3% 5 7l [Ma et al. 1JCAI 2016]
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< FETRNNALRL F) 3% 5 Tl [Ma et al. 1JCAI 2016]
o HE—NFEME, KRB E={(m, t)}: mAAKRITEF BRI t ORI A AT
]
S CKFFEAAH TR Fa I I TR) [R] RE K1 43 Be 2 T I TR) R] R ) 7 471

/ Softmax: R (Rumor)/N(Non-rumor)

Output

Hidden-2

hy = tanh(Uzxy + Why_; + b) \
¥

< oy = Vhy + ¢

Embedding v v ﬁ)\fﬁl%%g?ﬂﬂklﬁlﬁwmﬁ
WK BRI -idfE;
) O | O I/ 98 B2 BIRIRINC R R/ f

(a) Basic tanh-RNN



RV S Tl

< FE T RNNABL Y ) 1

LSTM

i = o(x Wy +hy_1U; + 1 V)
fe=0(@Ws+h_1Us +c¢;,1Vy)
¢; = tanh(z;W. + hy_1U,)

¢t = fici—1 + 144Gy

O = J(mt Wo +hi 11U, + ¢ V&)

hy = o tanh(c;)

GRU

zt = o(x Uy + hy1 W)

re = oz Upr + he—1 W)

he = tanh(zUp + (he—1 - 7¢)Wh)
h,t = (1 — Z,}) : ht_'[ —+ zZ - ;I-t

VL= P [Ma et al. 1JCAI 2016]

<€

Softmax: R (Rumor)/N(Non-rumor)
© f/

(1]

pin FRTRAl

OO

HEERXE HEEEXN

Xp—1 Xt

(b) 1-layer LSTM/GRU + embedding

or = Vhy + ¢

T. = 1:E

N B AETH R B BT E Tl iE
) B TR] tf-id FAL EE

JE I 9] ) B RE AL B M & 2 ) ;
“EREN100




P i S T

FL T RNNBE Y 1% 5 70 [Ma et al. 1JCAI 2016]

Softmax: R (Rumor)/N(Non-rumor)
2_;:1; =0 (IEUS} + hil_:'lﬁf’il})
OO (IEUE-” 4 hil_}lm_l}) ; - \
,_ 0o = Vh; + ¢
R = tanh (r.sUi” + (RY, --rE”)W(h”) t t

1 (1 1 11 i1
A = (1= 29) - K, + 20 - D

:rfm =a (hil U+ hig Wi ) r. = 1: E

ri? = o (R UP 4 B2 W : - \

? = (U0 +hZ W ) i T S\ BN T IR B P
hTme@”mﬂ( )mﬂ o ; \\\%éﬁwwﬂi;

3 3] [ B R R A 23] ) B 2 T 5

Ri2)
f
@ h(fz} (c) 2-layer GRU + ﬂmhﬂddmg % B 39100

WY =(1—22)-h? +




RV S Tl

< FET-RNNFE A B4 7% = Tl [Ma et al. 1JCAI 2016]
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B RIS PESE: 1) Twitter; 2) Sina Weibo
Table 1: Statistics of the datasets

Statistic Twitter Weibo

Users # 491,229 2,746,818
Posts # 1,101,985 3,805,656
Events # 092 4.664
Rumors # 408 2.313
Non-Rumors # 494 2,351

Avg. time length /event | 1,582.6 Hours  2.460.7 Hours
Avg. # of posts / event 1,111 816

Max # of posts/ event 62,827 59,318

Min # of posts / event 10 10
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> BVAER L ITVE
B SVM-TS [Ma et al CIKM 2015]
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v o XXARWNSE. HP AR
B DT-Rank [Zhao et al WWW 2015]
v’ BEIR1A]: “not true”, “unconfirmed”, “debunk”
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B DTC/SVM-RBF [Castillo et al WWW 2011]
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(a) Twitter dataset (b) Weibo dataset
Method | Class | Accuracy Precision  Recall Fy Method | Class | Accuracy Precision Recall Fy
—— T TR 60650 —— % ] TRET T
DT-Rank N | D6 0,652 0613  0.632 DT-Rank N | A 0726 0749  0.737
TR 0856 0526  0.651 & : 083 08T 030
AL 277 M-
SVMARBE o 0722 0.663 0914 0769 SVM-RBF | . | DEIB 0.815 0.824 0810
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ri
DTC N Ol 0.739 0704 0721 DTC N | 08 0.815 0.847  0.830
. R 0717 0008 0801 . R : 07756 0050 0863
T}
RFC No| 0772 0.870 0634 0734 RFC N | DB 0.047 0730  0.830
: R : 0735 0963 059 ) R — TR 0885 0.861
SVM-TS N | DBO8 0.947 0652 0772 SVM-TS N | 0BT 0.878 0.830  0.857
: R Ry e 0o — R 5 0815 0064 0853
tanf-RNN o | 08T 0.804 0820 0812 tanh-RNN N | 053 0.956 0782  0.861
R - 0555 0853 0860 n . 0,846 0.068 0003
- 5 _ .
LSTM-I N | OB 0.854 0820  0.837 L5TM- N o | 896 0.053 0.858  0.003
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GRU-1 N | DBed 0.872 0820  0.845 GRU-I N | oo 0.953 0.858  0.903
R 0851 0050 0.598 : M 0576 0056 0914
) P
GRU-2 N | 88l 0.930 0800 0.860 GRU-Z N | W90 0.952 0.864  0.906
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B Accuracy, Precision, Recall, F1
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(b) Weibo dataset

(a) Twitter dataset
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<> CBOW/SkipGram [Mikolov et al arXiv 2013]
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<> CBOW/SkipGram [Mikolov et al arXiv 2013]
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<> Paragraph Vector [Le and Mikolov arXiv 2014]
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S ARG HERE I P EmbeddingHi K [Yu et al ACL 2016]
<> A1 (User2Vec#l) : 2T CBOWAIParagraph Vector
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<> EEORGUEAESE B P EmbeddingHi A [Yu et al ACL 2016]

<> B2 (User2Vec#2) : 2T CBOWAIParagraph Vector
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Word Matrix W Wy
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S SEARBWIEAETE TP I P Embeddingdi R [Yu et al ACL 2016]
S P R R AR B R s R A

<> XTI

< BOW: HITAARAR R RIA R, FH P 1) B O e ] AR A AR () 24 4

< SVMon BOW: 3= T-BOW, XI&ANH F HEisVM 42K ae

< Average Embedding: J& T Paragraph Vector=# > it ml &, ) [l & AN m) & 1) ¥ (E

Average Embedding
1FFBOWHI i3

=10 =20 =50 =100
Preci- Preci- Preci- Preci-
<ion Recall | MER ciom Recall | MRR ciom Recall | MRR o Recall | MER

B’i:;i:;ﬁ- 0.5036 | 0.0504 | 00153 | 04917 | 0.0983 | 0.0185 | 04461 | 02231 | 00223 | 03204 | 03204 | 0.0246

T;T;%Ern 05774 | 00577 | 00172 | 05662 | 0.1132 | 00212 | 05122 | 02561 | 00256 | 03675 | 03675 | 0.0282

AvEdEE 5 7 3 7 3
Embedd 0.5963 | 0.0596 | 0.0183 | 05824 | 0.1165 | 0.0219 | 05266 | 02633 | 00264 | 03793 | 03793 | 0.0201
User2Vec#l | 0.6246 | 0.0625 | 0.0189 | 0.6055 | 0.1211 | 00228 | 05511 | 02756 | 0.0275 | 03953 | 03953 | 0.0304
User2Vec#2 | 0.6652 | 0.0665 | 0.0201 | 0.6498 | 0.1300 | 0.0244 | 0.5883 | 0.2942 | 0.0295 | 0.4231 | 0.4231 | 0.0325
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< FEARBIEHESE H B P Embeddingi R [Yu et al ACL 2016]
< A R T R A AR 9% R R e A R

> XFEE T
< BOW: HIRIERI RN AFN G, )™ o) & 9 ok IRl AR A A f )
< SVM on BOW: TBOW, Xf&E/NF i@ svMm Ay IS8

< Average Embedding: J& T Paragraph Vector=# > it ml &, ) [l & AN m) & 1) ¥ (E

k=10 =20 k=50 k=100
Preci- _ Preci- Preci- Preci- _
S | Recall | MRR | "' | Recall | MRR | ' | Recall | MRR | " | Recall | MRR
Bag-of- - _
£ 05036 | 0.0504 | 0.0153 | 04017 | 0.0983 | 0.0185 | 0.4461 | 02231 | 0.0223 | 03204 | 0.3204 | 0.0246
Xt F A B R Words
> b SVM on - - -
15+ B 1 BE i T M 05774 | 00577 | 0.0172 | 05662 | 0.1132 | 0.0212 | 05122 | 02561 | 0.0256 | 0.3675 | 03675 | 0.0282
Average Embedding Ei‘-"ﬂﬂg_f 05063 | 0.0596 | 0.0183 | 05824 | 0.1165 | 0.0210 | 05266 | 0.2633 | 0.0264 | 03793 | 0.3703 | 0.0201
bedding
User2Vectl | 0.6246 | 0.0625 | 00189 | 0.6055 | 0.1211 | 0.0228 | 05511 | 02756 | 0.0275 | 03053 | 03953 | 0.0304
User2Vec#2 | 0.6652 | 0.0665 | 0.0201 | 0.6498 | 0.1300 | 0.0244 | 0.5883 | 0.2042 | 0.0205 | 0.4231 | 0.4231 | 0.0325
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< FEARBIEHESE H B P Embeddingi R [Yu et al ACL 2016]
< A R T R A AR 9% R R e A R

> XFEE T
< BOW: HIRIERI RN AFN G, )™ o) & 9 ok IRl AR A A f )
< SVM on BOW: TBOW, Xf&E/NF i@ svMm Ay IS8

< Average Embedding: J& T Paragraph Vector=# > it ml &, ) [l & AN m) & 1) ¥ (E

£=10 =20 k=50 =100

PIEC | Recall | MRR | =o' | Recall | MRR | T | Recall | MRR | " | Recall | MRR

AR 2 M A, BaE0F 105036 | 0.0504 | 0.0153 | 04917 | 00983 | 00185 | 04461 | 02231 | 00223 | 03204 | 03204 | 0.0246
e E 4 SYNOR | 05774 | 00577 | 00172 | 05662 | 01132 | 00212 | 05122 | 02561 | 0.0256 | 03675 | 03675 | 0.028
poverage | 05963 | 0.0506 | 0.0183 | 05824 | 0.1165 | 00219 | 05266 | 0.2633 | 0.0264 | 03703 | 03793 | 00291

Use?Vec#1 | 0.6246 | 0.0625 | 0.0189 | 0.6055 | 0.1211 | 00228 | 05511 | 0.2756 | 0.0275 | 030953 | 03953 | 0.0304

User2Vec#2 | 0.6652 | 0.0665 | 0.0201 | 0.6498 | 0.1300 | 0.0244 | 0.5883 | 0.2042 | 0.0205 | 0.4231 | 0.4231 | 0.0325
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<> EEORGUEAESE B P EmbeddingHi A [Yu et al ACL 2016]

<> B2 (User2Vec#2) : 2T CBOWAIParagraph Vector

<> XJParagraph VectoriF {79 &, MMARF I &
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< & BhHashtag I IH SCATE X Embedding [Weston et al EMNLP2014]
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< & BhHashtag I IH SCATE X Embedding [Weston et al EMNLP2014]
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< fiBHashtag B8 A 1E X Embedding [Yu et al ACL 2016]
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< & BhHashtag I IH SCATE X Embedding [Weston et al EMNLP2014]
<> JEHICNNBIALRE B Sl g AT Hashtag H Al — (7] & 25 (A R s

< TAGSPACE CNN

D convolution tanh max tanh linear
layer layer pooling layer layer

'

x ;

-

v v
kg | [l | ST O Ho v - {1 ¢| Hashtag e
BT e | N T e e
H

-

. -~

| —
i B e E
1 (I+K—1)xd IxH |« H H|a!l d
w || — 18 EHashtag '
1] T4 i B f(w, 1)

flw,t) = econvl(w) - e¢(t)
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< & BhHashtag I IH SCATE X Embedding [Weston et al EMNLP2014]
<> JEHICNNBIALRE B Sl g AT Hashtag H Al — (7] & 25 (A R s
& TAGSPACE CNN

< FEAYYIIZ%E:  Hinge Loss + Negative Sampling

L =max{0]m | flw|tT) + f(u],1)}.

m=1 Hashtag IF /] Hashtag 11 3]

R




<> SEIGXTEE: i BliHashtag B H SCATE X Embedding [Weston et al EMNLP2014]

<>

R e

EAG/TESY
Posts Words
Dataset  (millions) (billions) Top 4 tags
gfitness,
Pages 35.3 1.6 $beauty,
#luxury, #cars
#FacebookIsl0,
People 201 3.5 #love,  #tbt,
# happy
PONS ARG

Frequence: & T-Hashtagl) S HEF

#Words: 7£Frequencei:filli_ A8 Jc 25 & HILAE I R (R 6] (10 #erazy, #commute, #this)
Word2Vec: iz H/Word2Vec, FfHashtag =411l 5 im]; &S5 0E o Ba] ) = R (.

WSABIE: 5B Y Hashtag 5 HLim] [a] &2 ) R Y,

B 25U D B3] [m) 2 Y 320 {E [Weston et al AAAI 2011]
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<> Hashtag Prediction Task

Method dim P@1l R@10 Rank
Freq. baseline 1.06% 248% 11277
#words baseline - 0.90% 3.01% 11034
Word2 Vec 256 1.21% 2.85% 0073

Word2 Vec 512 1.14% 2.93% 8727

WSABIE 64  4.55% 8.80% 6U21

WSABIE 128 5.25% 0.33% 6208
WSABIE 256 5.66% 10.34% 5519
WSABIE 512 5.92% 10.74% 5452
#TAGSPACE 64  6.69% 12.42% 3569
#TAGSPACE 126 691% 12.57% 3858
#TAGSPACE 256 T.37%  12.58% 3820

Table 3: Hashtag test results for people dataset.

W 87T 0 T

By i

<> SEIGXTEE: i BliHashtag B H SCATE X Embedding [Weston et al EMNLP2014]

Method dim P@l R@10 Rank
Freq. baseline - 4.20% 1.504% 11103
#words baseline - 2.63% 5.05% 10581
Word2Vec 256 4.66% 8.15% 10149
Word2Vec 512 3.26% 0.33% 0800
WSABIE 64 24.45%  20.64% 2619
WSABIE 128 2747%  32.94% 2325
WSABIE 256 20.76%  35.28% 1992
WSABIE 512 30.90%  36.96% 1184
#TAGSPACE 6 34.08%  38.06% 1184
#TAGSPACE 128 36.27% 41.42% 1165
#TAGSPACE 256 3A42%  43.01% 1155

Table 4: Hashtag test results for pages dataset.
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<> Hashtag Prediction Task

<> SEIGXTEE: i BliHashtag B H SCATE X Embedding [Weston et al EMNLP2014]

Method dim P@ ] R@10 Rank
Freq. baseline 1.06% 2. 48% 11277
#words baseline - 0.90% 3.01% 11034
Word2Vec 256 1.21% 2.85% 0073
Word2Vec 512 1.14% 2.93% 8727
WSABIE 64  4.55% 8.80% 6921
WSABIE 1268 5.25% 0.33% 6208
WSABIE 256 5.66% 10.34% 5519
WSABIE 512 5.92%  10.74% 5452
#TAGSPACE 64  6.69% 12.42% 3569
#TAGSPACE 126 691% 12.57% 3858
#TAGSPACE 256 T.37%  12.58% 3820

Table 3: Hashtag test results for people dataset.

Method dim P@ ] R@10 Rank
Freq. baseline - 4.20% 1.59% 11103
#words baseline - 2.63% 5.05% 10581
Word2Vec 256 4.66% 8. 15% 10149
Word2Vec 512 3.26% 0.33% 0800
WSABIE 64 24450 2064% 2619
WSABIE 128 2747%  32.04% 2325
WSABIE 256 29.76%  35.28% 1992
WSARBIE 512 30.90%  36.96% 1184
FIAGSPACE 6d 34.08% 38000z 1184
#TAGSPACE 128 36.27%  41.42% 1165
#TAGSPACE 256 3A42% 43.01% 1155

Table 4: Hashtag test results for pages dataset.

CNNAE Y B A B 4118 X

B M B
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<> SEIGXTEE: i BliHashtag B H SCATE X Embedding [Weston et al EMNLP2014]

B (e, )

¢

PRTEHESE: BT H P AT HI 1055 G0, P35 115652

Method dim P@] R@10 R @50
Word2Vec 256 0.75% 1.96% 3.82%
BoW - 1.36%  4.20% 8.03%
WSABIE 64 D.08%  3.14% 6.65%
WSABIE 128 1.02%  3.30% 6.71%
WSABIE 256 1.01%  2.98% 5.99%
WSARIE 312 101% 2 7659 5 194
#TAGSPACE 64 1.27%  4.56% 0.64%
#TAGSPACE 128 1.48% 474% 0.096%
#TAGSPACE 256  lLoe6%  5.29% 10.69 %%
WSABIE+ BoW 64 1.61% 4.83% 0.00%
#TAGSPACE+ BoW 64 1.80%  5.90% 11.22%
#TAGSPACE+ BoW 256 1.92% 6.15% 11.53%

CNNERY EAT B A1 78 X
B PERE
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< Tl HashtagffE 7 -- T ST EA LA I CNNAEL A [Gong and Zhang 1JCAI 2016]
< RN ERAEEARE, PR TERSME (NE) DT RE
THTHX
< TEECSRUL, e s S AL/ P TR AL/ R RRE S > 2 — R R LR (X)),
F(X)€eR
< XA RLAH N RFE/ P R AE/ SR BB R/, FOX) N5 ) BRI AR RRCE, AUEBR
REBFHEE NEE
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S EEN . R BEEHRRE, R THEBRME (RE) #— D 3TRME
i HY
<> TSR ENLE B FA Embedding £ R [Wang et al EMNLP 2015]

N

antartica has | | itlittle rainfall with | | the antartica | | has| | little | | rainfall | | with | | the
south sout

pole making it a continental desert - making | | it | |a| | continental de&ert

CBOWTHFHLIA] [ R ICH | Rt etrsS i ANk L7 ETXRIANE | ISR ESE

i 1 3 Sk 51 0 B AR A




F P SRR

S EEN . R BEEHRRE, R THEBRME (RE) #— D 3TRME
i HY
<> TSR ENLE B FA Embedding £ R [Wang et al EMNLP 2015]

antartica | | has| | little | | rainfall | | with | | the
C = E a; (w; )W; /

i€[—b,b]— {0}

ex ki |-H s;

a;(w) = - making | | i i
— . g||it||a||continental | | desert
2 jel-bH10) LWT@A%\

$iﬁlw§t§ A (DA INEIEEA




F P SO LA

< EENAS EREEARSRE, PR TERSME (NE) DT RE
FHEX
<> T ENLE B FF Embedding £ R [Wang et al EMNLP 2015]
- SRR HE
& FEE T Wikipedia: 10M L FI530M H1d]
- POSHRVE: H:T HLia] 1] [n) &
< IEE M A R ] ) R A RO

HE POS (CoNLL2007 |POS (English PTB) | {541 (ERECVE
Shared Task) w)

CBOW Attention 54.00 97.39 71.39




F P SRR

< TliEHashtagfEfE - T R7EML | FICNNEZ Y [Gong and Zhang 1JCAI 2016]

< X SR A E R R A R A AR
& AJRRFE: BT B T RS A ONNSUAL S R G
S JRMRRAE: B E B R R U (BRI L R TR A R R

< RKERFILE REFLL G, 18T EEEMIPXT Rk Hashtag ] 70
0000 SoftMax
000000 Convolutional
Folding (elelole) Mm;-} ver ;imf

Attention

R R FENREIE <

o Y ll'"j
Look Up Ol I )

L~ "

A - {\-J

Convolutional %ﬂ:#ﬁfg%‘%ﬁ%iﬂ E/‘J
—> £ JRRHIE

Look Up
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< TliEHashtagfEfE - T R7EML | FICNNEZ Y [Gong and Zhang 1JCAI 2016]

®TH DX‘J& %mﬁﬁﬁﬁ (elelele) SoftMax

F

\ CCOOoOQ) Convolutional
‘n al Folding @] O{ Max over time
H.:E;l'_h—]].l.-'g — _{jl[_h-[ * Wiidh T F.J'J. ,E N / V\ Pooling

. Attention
— - S;
W, = e %f i=1 < § < 1.

0 if S; <71

Convolutional

<€

Look Up

OO0 O

1= & min{s} + (1 — 4) - max{s} hook Up

-~ ™ Ty
P S e
A .Ne
3 ] 1
- . - e,
?'I‘ . 7 T
Wy Wi Wy Wy

BAEEI SN ming/j{“&gf;ﬁfg § i




< TliEHashtagfEfE - T R7EML | FICNNEZ Y [Gong and Zhang 1JCAI 2016]

(COCO SoftMax
[ele]lelsle]e) Convolutional
. | : o~ .
= ql M % fﬂffiz-;rr,_f;[w }l + b)), Folding TS —
/.
Fﬁﬁﬁ@ﬁﬁl E[/‘Jiﬁj Attention
7] =

Look Up




< TliEHashtagfEfE - T R7EML | FICNNEZ Y [Gong and Zhang 1JCAI 2016]

Folding

Attention

Look Up

(OO0 SoftMax

-~

[e]e]ele]e]le) Convolutional
m Max over time

\ Fooling

FRAECNNITFE, L%

Conveolutional

Look Up

—>

e ON !

z; = g(M® - Wiit1—1 + b),

[LIEPNAVS]
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< TliEHashtagfEfE - T R7EML | FICNNEZ Y [Gong and Zhang 1JCAI 2016]

(CO ir:j:_f YO SoftMax
[e]e]ele]e]le) Convolutional éj\%:}iM LP
| pd > h = tanh(M o v[h,: hj]|+ b)
Folding E . ) \ ax over time B’ !
/ S /-! Y PGEIII'?I;
Attention J: ; Convolutional
fit 5 1R] FR) ey B ARFAIE 5 2 RV AR AR B 1B
ol 3a)I|hd
P(y* = alh%;3) = cxpld rlﬂ,)
Look Up Look Up ZJ. ) {33 h ]'

Hashtagl] 7] = 3R 7~
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< TliEHashtagfEfE - T R7EML | FICNNEZ Y [Gong and Zhang 1JCAI 2016]

> SEER A

¢
<>

FRAUE 110K
1] ] &= T4 FH Word2Veci#: 4731 45

< XTI

¢

-
-
-
-
-

Naive Bayes(NB): &1 Fpia]ia] L8R R A 25 DM 40 25 2%

LDA: J& B m] A= ) 2 R Y 77 72% [Krestel et al., RecSys 2009]

Translation model (IBM-1): Hashtag 5 i 18 5 1a] % 5T AR Y [Liu et al., EMNLP 2011]
Topic WA: 2T i Hashtag 5 it e 5L 3a] % 55452 2. [Liu et al., COLING 2012]

TTM: F:T SR [Ding et al., 1JCAI 2013]

CNN: FETCNNFJZr 2R A [Kim et al., arXiv 2014]
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< TliEHashtagfEfE - T R7EML | FICNNEZ Y [Gong and Zhang 1JCAI 2016]
< PEREXTEE

Methods Precision Recall Ey
N 0.217 0.197 0.203
LDA 0.064 0.060 0.062
IBMI1 0.236 0.214 0.220
TopicWA 0.310 0.285 0.292
TIM 0382 0357 0.364
CNN 0.416 0.338 0.373
Attention-5 0.410 0.335 0.369
CNN+Attention-3 0.443 0.362 0.398

g TR BRI ) L A
T CNNFI T VEEBE R 2
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< TliEHashtagfEfE - T R7EML | FICNNEZ Y [Gong and Zhang 1JCAI 2016]

< PEREXTEE

é)%d%ﬁECNNfrﬁﬁ

Methods Precision Recall Fi
NB 0.217 0.197 0.203
LDA 0.064 0.060 0.062
IBM1 (0.236 0.214 0.220
TopicWA (0.310 0.285 0.292
TTM (0.382 0.357 0.364

Attention-5

0.410

0.335

S

CNN+Attention-3

0.443

0.362

R ERHE 5 2 R IE B S B 2B )

MR

1A SR R AR R
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< TliEHashtagfEfE - T R7EML | FICNNEZ Y [Gong and Zhang 1JCAI 2016]

®TH DX‘J& %mﬁﬁﬁﬁ (elelele) SoftMax

F

\ CCOOoOQ) Convolutional
‘n al Folding @] O{ Max over time
H.:E;l'_h—]].l.-'g — _{jl[_h-[ * Wiidh T F.J'J. ,E N / V\ Pooling

. Attention
— - S;
W, = e %f i=1 < § < 1.

0 if S; <71

Convolutional

<€

Look Up

OO0 O

1= & min{s} + (1 — 4) - max{s} hook Up

-~ ™ Ty
P S e
A .Ne
3 ] 1
- . - e,
?'I‘ . 7 T
Wy Wi Wy Wy

BAEEI SN ming/j{“&gf;ﬁfg § i
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¢
¢

i HashtagfELE -- T IVEMNLHIFICNNEZ Y [Gong and Zhang 1JCAI 2016]

PEREXTEE

Methods Precision Recall F,
Attention-1 0.326 0.267 (0.294
Attention-3 0.406 0.332 0.365
Attention-5 0.410 0.335 0.369
Attention-7 0.405 0.331 0.364

CNN-Attention-1 0.395 0.323 0.355 |
CNN-Attention-3 0.435 0.356 0.392
CNN-Attention-5 0.443 0.362 (0.398
CNN-Attention-7 0.438 0.358 0.394

fith 2 7] R R AL 7 2 B T SRR N

HENE B
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<> FH H R Embedding B R B UL 2 FE4L AR [Onal et al., AIRS 2015]
> mE—NENW, RENMEEKEHERHEET, S ERAHE R ARSI AE O
FS5WNEZHME

< ETHA T GEE R Embedding THEAR BEORY R WL Al -5 il il
¢ BRUBRIHTE (MMR)

fvumr(t) g Arel(t;, q)|— (1 — )\1111&15{ sim(t;,t;)

— T

W5 B RIS WMiEE QiR RIS R
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<> FH H R Embedding B R B UL 2 FE4L AR [Onal et al., AIRS 2015]
> mE—NENW, RENMEEKEHERHEET, S ERAHE R ARSI AE O
FS5WNEZHME

< ETHA T GEE R Embedding THEAR BEORY R WL Al -5 il il
¢ T EBTHEEN LT QuaD)

f:fQuAD(ti) — (]- - '}‘;P(fzw) + /\-Z KP(QIQJP(EQIJ H (]- — P(tJML))

/ qi t; €S
B S R N\
IS T A2 A
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<> FIH HIR Embedding BRI ETLH 2 FEAL AT &R [Onal et al., AIRS 2015]
< ETEEE] A, ds AR SR AR LR T AR R R] 2 TR] AR R
SLE ) / N N Vv =
< 50D %ﬂ:Gloveﬁ/z Eﬁﬁlﬂlﬂ ﬁi Resignation | Hillary | Bomb Budget | Museum
< 6 billion Hi7]: Wikipedia & Gigaword Resign Rodham | Bombs Spending | Art

Resigned Barack |Exploded | Fiscal Gallery

<> Xj‘ﬁl/j\ 1)&1‘$ {T W@“Tf% Appointment | Obama | Explosives | Cuts Library
Dismissal Meccain | Blast Package | Exhibition
Resigning Clinton | Detonated | Budgets | Museums
E(w;, K))

T~

JR IR /IS R R Au={w,,W,,.w,_}

T B3 ) B 5w i I KA ]
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I i Embeddingh AR T B8 % FE (L F2 K [Onal et al., AIRS 2015]
& B/ TR AT HERE ELR

0.254 0.289 0.042 0.038 0.298 0.438

MMR+Glove 0.267 0.307 0.044 0.043 0.331 0.481
XQuAD 0.325 0.350 0.065 0.053 0.407 0.510
xQuAD+Glove 0.337 0.363 0.066 0.053 0.428 0.540

BT Embeddingy RUIFN T H B — R REEEWBE XA H R
I8 S8




25 B RNNAISGTEN L HIFE L F 7 Z ) EEAR [Zhai et al., KDD 2016]
ST FE P 0 0 S 5 P P A DE ) 7
FUARF I R SN A (DAL surface pro 4 keyboare B

e e o

AT 77V MR BN WE SR @R ma wE 00 Es
pin]
¢ FTHARBOWEIAIBM25, One-Hotikiks 51,700,000 ££5E  RHEAR -
4 PLSA. LDA S umBas cxan | B o
surfaced, <HTZ M > IEEENT ... | suning.com i

¢ ﬁ i/ﬁ] E& 5 Www.suning.com

surfaced, <3575 0> 1Fa{RIE, = ERRI T 7B RIEE S 1M00-MEm k!

> s FEEEP SRR, o EIb surface pro3 i5 128G-¥mzk... | JD.com
www.JD com
> B, VEHS AN

surface pro3 i5 128G, FiREEENREHE N, BHERE. SR RIE FT st ri|

Amazon.com: surface pro 4 keyboard szwm

1-16 of 5,275 results for "surface pro 4 keyboard" Microsoft Surface Pro 4 Type Cover
(Black) by Microsoft. $109.99 $129 .99 Prime. In stock on October 5, 2016
surface pro 4 keyboa rd https://www amazon.com/s?ie=UTF8&page=1&rh=i-aps k surface pro 4. -

Surface Pro 4 Signature Type Cover. - microsoft.com
EHEHE
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<> ZEERNNAISSYENLH] ILELE H P & i BEA# [Zhai et al., KDD 2016]
<> FEFRNNELUHHECH P&/ S SR B RHE R K

(. d’)  (q,d7)

q == DNN
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encoder

query
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I
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|
|
|
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|
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|
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I
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|

: I

- I

h'q | score(q, d}_-'|<-|— Fig |t DNN ] (]

: |
I
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I
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|
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|
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<> ZEERNNAISSYENLH] ILELE H P & i BEA# [Zhai et al., KDD 2016]
<> FEFRNNELUHHECH P&/ S SR B RHE R K

(. d’)  (q,d7)

hg bde] score(q, d}_."I:

DNN hilest— DNN —t—1

click(q, d) |

query
sequence

FE T SAERFE T 5, WJc HAreR %, —
I AT A T 91 43 1 | @) )
s.t. score(q,d) = hq(q)” ha(d).

query Taery
vector

loss ba; j{,r_;

I
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
I (q, d, ¢

Z o exp(score(q,d™))
: exp(score(q.d+)) + 327, exp(score(q, d; )
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<> ZEERNNAISSYENLH] ILELE H P & i BEA# [Zhai et al., KDD 2016]
<> FEFRNNELUHHECH P&/ S SR B RHE R K

=
T — concatpnate( g, hy)

attention based ﬁﬁm I-EJ RNNﬁZHEJ‘ ’ jﬁ&ﬁiﬂ "(k)?/ﬁ::l? 4%\\
 MEIEASA RN LT URME

T
| 1 1 I
| 1 Tr 1 I
| | b imit I I
: : ! *' : attention net :
T 1 € L : & ' I

I I : | Ti'rl |Fi' 1 1
| | |
| | l‘ 1‘ I

" I 3y I L I
Iz : Eq : Trr‘_:' {FE :
| | ‘l‘ t l
| 1 I
T M e M 5 — !
" I © i Tis hoa i
' ' ! ! I
| 1 I
T } = } 3 e [

! 1 i 1 W| |Fi' | :
| | l, f | |
| | | |

- ] - ] ; |
Ts | Exg | Fj ?r—: I I
| | f |
| | | |
| | | |
{_
I I irit I
| | |
| | |
1 1 |
| | |

word sequence | word embedding hidirectional RNN




F P SRR

<> ZEERNNAISSYENLH] ILELE H P & i BEA# [Zhai et al., KDD 2016]
<> FEFRNNELUHHECH P&/ S SR B RHE R K

Z FIMLPZE BEA HLiA] () B R SCRFIER L B
WEAE, SAFPEAREHERHER F

B AR ERINE

)

Iz

I

S
____hy = concatenate( fi, hi)

attention net

> &EBEMLPNZ

1

E3

o h=3,a.h,

word sequence

word embedding

S E 1E e e "‘ZT

h = Za;hﬁ: as

t—1

bidirectional RNN attention |

v
exp(s(h:;0))

Siexp(s(hi; 0))
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<> ZEERNNAISSYENLH] ILELE H P & i BEA# [Zhai et al., KDD 2016]

S TA K . | size vocabulary average length clicks
< SRE A query | 6.4M 68K 11 T5M
O IR I ads 5.1M 114K 9.3 15M

> AW AR - — DM HIESE. 1sMAdT. 6.4M S RIsAM) T
S MR --- 996K A Ui ik (N AR )

# queries | # ads | # pairs | # positive | # negative

BHS SHEMERRTE <hgq(q).ha(d)> 23K [OT5K | 966K | 318K | 597K
*E{u‘réﬁ‘ﬁ ‘\/” ha () ||% ‘\'/” ha(d) ”% Table 3: Statistics of the testset.

< LI

< BoW: he = o(W]x;
< RNN. BRNN. LSTM. BLSTM: {fBgial/%{E &
One-Hotx®iA

< RPHEYEFE[E € 4004k
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<> ZEERNNAISCYENLE BIAE 2 H A FELA# [Zhai et al., KDD 2016]
<> FETRNNFE B ECH P&/ & SCR PR E R A

| | | | RAEANRIA R R SCRHME R B K fE Max Pooling
1 1 h inie e ’ |
I I | IS |
T : £1 : T?;»L {Fl H
| l ¥ } 4
Iz E i) E Ti'.r-_:- {FE {T
¥ i \
s LS ey I BN ey e STERLHI B R
! I ! i ha h s I iﬁ%
| | ! } y
T, ! £y ! 7 & Zﬂ‘
| | b4 X fq
: = ——
Is : Eg : - F-J ” {:!I— . F '1‘
I I |
| | [ . .
| | o || BT FFIB G B 4 ELast Pooling
| | |
| | |
word sequence : word embedding : hidirectional RNN }
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<> ZEERNNAISSYENLH] ILELE H P & i BEA# [Zhai et al., KDD 2016]
<> SZIGXTEE

## Max Pooling
BE Last Pooling

'l Attention Pooling

[.a]

[==]

i
e

=] =1 =] =]

AUC
b3

e
=1

.68
ol g [l

BoW RNN BRNN LSTM BLSTM

Figure 3: AUC evaluated on the test set of different models.
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<> ZEERNNAISSYENLH] ILELE H P & i BEA# [Zhai et al., KDD 2016]
<> SZIGXTEE

## Max Pooling
BE Last Pooling

'l Attention Pooling

.68
=

BoW RNN BRNN LS¥M TM

=]
[.a]

=]
[==]

e p e 2
=1
e

AUC

Figure 3: AUC evaluated on the test set of eregi-tnodels.

T LSTM 3 BUBR R B R 47 038 SR AR R
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<> ZEERNNAISSYENLH] ILELE H P & i BEA# [Zhai et al., KDD 2016]

¢ igﬁ\Xj‘[: [EY] -

6} old belgium silver ooin br

CErson

irifa biracelet | “
stripes el brac:::
|
.5 ]

plated pracelet

Silwer Cuarker dollar Ol i

bBrawn roiurd magrebc malf clasp

F T BRNNHI SRENL IRk B T B = E A< HIA

Figure 4: Attention score visualization of a query (a) and 5 top ranked ads (b)(c)(d)(e)(f) by BRNIN.
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<> ZEERNNAISCYENLE BIAE 2 H A FELA# [Zhai et al., KDD 2016]
<S> R HITENLEI 0 E & R AR, FETBM2SAE T AT S S A o) 45 I UL AC

A) + k(1 —b+ b8y’

avgdi

1agfd] + (1 —A) -1
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ZE S RNNAT IS ML R AE 26 FH P A i 3% [Zhai et al., KDD 2016]

A FH SRTENILA B o A FR D] AN L, T BM25 AR B R AT i) 5 AH SR 15 B VL AT

01 |- ]
0.695 |- ]
0.69 |- - = ]
Baseline @~ RNN  BRNN LSTM  BLSTM
A=10 A=09 A=01 A=09

Z:TFRNN. BRNN. BLSTMKIErENL ]2

AR RFANERERT
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<> ZEERNNAISCYENLE BIAE 2 H A FELA# [Zhai et al., KDD 2016]
<S> R HITENLEI 0 E & R AR, FETBM2SAE T AT S S A o) 45 I UL AC

0.7 - -
= 0.695 |- -
0.69 -
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Easelme RNN BRNN LSTM BLSTM
A=10 A=09 A=01 A=09

FiESHET0, RPEETLSTMIHEZ]
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<> ZEERNNAISSYENLH] ILELE H P & i BEA# [Zhai et al., KDD 2016]

< R SRIENL B € B L A, B FBM2S BB T B SO AU UL A

T LSTMEISREENLHI worers s

BE A

brooks maland n saddle black

LSTMRERERFFFI I8 X AFE, BN RENERR

supertrapp 3 series univers, al four stroke muffler
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> ETIRE ST AN G 224t [Yan et al., SIGIR 2016]
S ERE S IESE UER
> MNRE AR ) 285 A DL i e A DR 1Y) [ 25

Human-Computer Conversation
‘ | A RR—RFLOANEREAT
Posting: iﬁ;?r‘fll.. THE R o (OMG 1 got myopia at such an “old” age)
(I need Fl‘pﬂll' of giasses because of the myopia...) Bq: A48 ?
Reply;: 4% % R0k 47! Reallv?
(I will offer the glasses for you!) <:> (Really?) x
- . . = 7 -
Replys: T VAR 89, AIHEK ... Ao RANIRBLIEALY !
(You will be recovered. Don’t worry.) (Yeah. Wish a pair of glasses as a gift.)
Bo: £ Z AR5 !
F T U ZRAe: 2R i SCA ) 50t (I will offer the glasses for you!)

AR 2 5 > X A R BAT e £ [ 2
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<> FETIRE AN UG RS [Yan et al., SIGIR 2016]

<> 1s8 FHXURILSTMATCNNZ IR A 25 B P 551G 5 s gt a1 22 30T

197

Word embeddings Bi-LSTM RNN ~|Convolution Max pooling
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> BT IRE RSB ANIX U RS [Yan et al., SIGIR 2016]
< I HXURLSTMATCNNE: AR AL 25 A P X 05 5 o dde [1 5 100 A T

Xt 0] 55 o ] 25 1)

197

4. Convolution Ilhlx pooling
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CNNFR TS+ KA AL,
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-- Concatenation
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cunttwe (LTI T H T AN\
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. Wl
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Antecedent [T 11— [T [T [T H—4l(] (L~ \
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| .
' | o
: | S
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|
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|
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Illlllll
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<> FETIRE AN UG RS [Yan et al., SIGIR 2016]

< I FIXUFLSTMAICNNE: IS R 25 F 7 6 1l 5 i ade [ 22 10E 47
Klax pooling

L TCNNIBIRSE R, EH Byjt
(Bt A ity H ] e B AR AIE

197

Word embeddings Bi-LSTM RNN ~._ Convolution
~ |Concatenation
El:lj_"L IT[‘ | Jfl } ‘D:[] ?rf additional
~a eatures
Refo:‘:1zu];hted|:|:|:|—"| |ll | |1| L1} ] M;E‘-f,
wey g [T (L TTT <10 | BEER. " op
(T T 1M L T
] AN )_
. —1 - NE
[T+ T T ] e
Candidate I i d ~ \ —
eply v [(ITTH——{TTTTTFAITH VN[O
\ M
Ly
— 1 1 A0
[T T |1| | |1| 211 | | P Y
Antecedent [T [ [ [ | [ =—+l[] | HCI n
post p 1 -
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| e
| e
: : |~
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Fully-connected
neural network
(multilayer perceptron)
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|
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|
10| | O
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> ETIRE ST AN G 224t [Yan et al., SIGIR 2016]
<> Iz A LSTMATCNNS DN R 25 F ;2 65k 1k 5 {5428 [l 25 3R 4T 4T 40

Word embeddings Bi-LSTM RNN - Convolution Max pooling
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(LTI T ~—T1]] w/ addfionsl neulal network
Refm'mu]-uedl:lj:l—*l TTT 11T &I featurey -, (multilayer perceptfon)
~ I i : Om S
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Posting: iL#L T & & 0 Ik 4L...

{(Lnead a nsnr of cr'l::ccpq hecanse of the

myopia...)

Reply;: ﬁiiﬁ:HFU%i!
(I will offer the glasses for you!)
Replys: *T VAR E 89, AIFEIHK ...

(You will be recovered. Don’t worry.)

JE AR SR Eedl /e [ 2

Az Bk, KA ALY |

(Yeah. Wish a pair of glasses as a gift.)

Human.Computer Conversation

1 R —FEFROAERET

(OMG I got myopia at suf™ """ =) :

By: fiége? R R SO
N

(Really?) Ij;'l o)

JEPRE REX R A
(I will offer the glasses for you!)

BT VR FE 2= ST NS R S [Yan et al., SIGIR 2016]
A B s BN SR B B E A P ERE

T {TITT T Concenie) ST FIF L P OO i
1 >< s 30 [R5 ¥ L E 4
Refm‘mu]atedlzl:l:l_-l |1[ L L] I—*ED:] T E*’ - 7
weyg TT+——(ITTT <) W 58 17 7 al
I 4 e =i H B i{r
T[T \ MsH4H-H-H &
l|II 11 || || [ | [ 1| "'I‘
b — ——[H |8 8 E
" = = = =) \
Candidate (LT |1[ 1| }_.i:D ‘:Ij’f{h'} N T T H"ﬁ_
reply 1 [(TTH——{TTITTTFF—TH I"\\I \"-.\‘: I: 1 O qfr.-',.p}.f‘:‘j’e
b1 _-:_———— -
~ /”“’f: H B B ;
T[T | N\ T BE—=—
st (3T TT T | Taa /
. [ i 0 P P R/
L: | —;‘Fr{ffr'-.qllj
orgna [T =—
query qo [ [ [ —— 1 []
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BT VR FE 2= ST NS R S [Yan et al., SIGIR 2016]
S EAE B E B SCE S B P E R E

- - Word embeddi Bi-LSTM RNN ~._ Convoluti Max ling
Posting: AL T EE S TR = s = 'f.!.ﬂ‘-ﬁ - i Concdtenation Fully-connected
(I need a pair of glasses because of the|myopia...) (L ——1 T L1 ,] < _ o T T[] }-vf[ad itional Em“;a'll network
> 2 N N7 \ I—-l -.q eaturgs - Y cept )
Reﬁiyihiuﬁf;i f’i’hﬂlz%l Eﬁéﬁ”é&ﬁ?}%/rf@%ﬁi E:i?;mu]ated :1 |[ : : 1 : | g ‘.I% | i Ej.l multilayer perceptron
will offer the gla H oo "G [T F— — . - > , \
Replys: ok s s BB IR T U] | E AR E R
(You will be recovered. Don’t worry.) : "‘\\ 7 ;}: iy %D@%jilﬁl%?ﬁqj:% IEJ El/‘:]
e l\",v"x‘:\/ B @Eﬂﬁ\,f
Candidate I |1 | || Tl T ‘:ijf 5"-.‘. Nl [e—— '1\‘_
eply v [T T T T T +—*TH \ = 0 0 0| 9la]p)\$or
Y ] =1 M LS s
\ ’f—-n:—————.--_—
Human.Computer Conversation —— I B ‘ -+ B j
Ay AT — T F i AR T (LT LITLI T ] <N — = —— |/
(OMG I got myopia at suf™ """, ; g;':fcj;d'ﬂ" [T T+ [1 || |1 | H ] Wl 0O 0O 0O #;’
By: Jeb5? APLEPIONE | | O I~ H-H-BLo
5= i e el e e o B
(Really?) W%’ _ o O O 4! hig,q)
AgrBI, KA IREMALS | T [m=al
(Yeah. Wish a pair of glasses as a gift.) Original I i -
Do 3% a1 queryqo [ [ F——{T [T TT]}
: ' |

(I will offer the glasses for you!)
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<> FETIRE AN UG RS [Yan et al., SIGIR 2016]
<> I AEBE BN SOE B B AR PR R E

Posting: 1407 & £ 0 k41

(I need a pair of glasses because of the myopia...)

Replyy: 3% 3% ARk 45!
(I will offer the glasses for you!)
Replys: *T VAR E 89, AIFEIHK ...

(You will be recovered. Don’t worry.)

Word embeddings
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[TT 1]
wery gi - [T L]

[T+
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{'am olution

> 111
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-atenation  Fully-connected
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b ¥ |
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1

1
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R e VT VL S S SV A

R — e F A AN JE R T
(OMG I got myopia at such an “old™ age)

Bli ﬁ-ﬁﬁ“—% ?

Pl I 'h

o “ﬂﬁn EA R ALY !

Ye‘i h. Wish a pair of elasses as

(I will offer the glasses for you!)

Candidate ED:'—-I
eply 7 [T T}

P BRSO

Antecedent Dj:l—..{

post P

LTI

[TTITT
I

CITTTTT]
LITTTT]
LITTTT]

LIIIIT]

Sl

—

[T

By 3% R | P 240 %5k

Oirizinal I:l:l:l—"'l
@ [T+

|l|l]l[li

!|_

%?% LFI%%%““

X UL AL O3 E




F P SRR

BT IR 22 2 AN R4 [Yan et al., SIGIR 2016]
A B s BN SR B B E A P HE R A

o
Word embeddings Bi-LSTM RNN -._'_[I-:.:m.-nlulion Max pooling N F(qn . T} f— T_‘, (h(an qi) i {f(Q.l, _T.} . g(q:'-: : p} )
P

¢
¢

l_|_|_J—‘|.. ITL | J 'll } ] J_l__l w/ additional peura -
Refﬂ:'mu]atedl [ | —— [ ][] I—‘I 1] fcalures‘r-j it E_D l
query g Pl L 1 ,:1 [
o N . (P
T
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“andidate \ = A\ NTEEYN \ > 7 1
cply T INA A B Bl S RTHE TR S VAR Ot
% ' N AH-H-H-H~—® A 36 [5] 25 BRI I f1)
(TT1— 1o | o\ Bleog |/ UCHE 5 1H
Antecedent — D .:l:l/ \\1. |__ ]
post P T *—‘|:|__|—|:| I%_‘__:_E_; v
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FEF VR ST ANLIGHE R S [Yan et al., SIGIR 2016]

S E A -

B A AR PO SCAR I < 11, [ >
> BHERNE. EIESIE. BHENEIE., HriR A
PR 1| g

> T VCRFEIBENLES Z R %, minibatch = 100
< BLSTMA# F128%E. CNN{# 2564

mini;{nize Z:{ max {0, A + F(qo,r") — F(go,v7)} + A3
0,7

IR
> 11,097% 1k
<> N AT R AE

#Reply

#Vocabulary

Source #Posting

Zhidao | 8,915,694 | 3,705,302 1,499,691

Douban | 10,618,981 | 2,963,226 483,846
Tieba 4,189,160 | 3,730,248 1,046,130
Weibo 186,963 393,654 119,163
Misc. 3,056 1,548 4,297
Total 9,023,854 | 7,293,978 2,857,378
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J&£ 25 ST AWLXTiE 2 4 [Yan et al., SIGIR 2016]

Model pal MAP nDCG@5 nDCG@10 | nDCG@20 MRR
SMT (Ritter et al., [26]) 0.363
LSTM-RNN (Sutskever et al., [32]) 0.441
NRM (Shang et al., [29]) 0.465
Random Match 0.266 0.246 0.247 0.289 0.353 0.083
Okapi BM25 0.272 0.253 0.337 0.302 0.368 0.169
Deepiatch (Lu and Li1, [1/7]) u.as/ U.aly/ ualy 0454 U.oUs U.L7D
LSTM-RNN (Palangi et al., [25]) 0.338 0.283 0.330 0.371 0.431 0.228
ARC (Huetal, [7]) 0.394 0.294 0.397 0.421 0.477 0.232
DeepMatch w/ context adaption 0.603 0.378 0.555 0.584 0.628 0.349
LSTM-RNN w/ context adaption 0.362 0.296 0.354 0.395 0.453 0.237
ARC w/ context adaption 0.400 0.309 0.383 0.422 0.480 0.319
Deep Learning-to-Respond (DL2R) 0.731° 0.416* 0.663" 0.682* 0.717* 0.333

5 AR TR S S AR AYAH B, T BOWIBM25 4 B B 22




Model pal | MAP nDCG@5 | nDCG@10 | nDCG@20 MRR
SMT (Ritter et al., [26]) 0.363
LSTM-RNN (Sutskever et al., [32]) 0.441
NRM (Shang et al., [29]) 0.465
Random Match 0.266 0.246 0.247 0.280 0.353 0.083
Okapi BM25 0.272 0.253 0.337 0.302 0.368 0.169
DeepMatch (Lu and Li, [17]) 0.457 0.317 0.419 0.454 0.508 0.275
LSTM-RNN (Palangi et al., [25]) 0.338 0.283 0.330 0.371 0.431 0.228
ARC (Hu et al., [7]) 0.304 0.204 0.397 0.421 0.477 0.232
DeepMatch w/ context adaption 0.603 0.378 0.555 0.584 0.628 0.349
LSTM-RNN w/ context adaption 0.362 0.296 0.354 0.395 0.453 0.237
ARC w/ context adaption 0.400 0.300 0.383 0.422 0.480 0.319
Deep Learning-to-Respond (DL2R) 0.731° 0.416° 0.663° 0.682° 0.717° 0.333

FE T -BLSTM+CNN [F A58 720 25 B B A
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< EETIRE I ANINTE R4 [Yan et al., SIGIR 2016]
< MERExTEE

pal MAP nDCG@5 | nDCG@10 | nDCG@20 MRR
Query-Reply w/o Query-Context 0.522 0.340 0.476 0.509 0.559 0.296
Query-Posting w/o Query-Context 0.510 0.302 0.404 0.425 0.489 0.285
Query-Reply w/ Query-Context 0.596 0.366 0.528 0.561 0.603 0.327
Query-Posting w/ Query-Context 0.563 0.362 0.483 0.516 0.568 0.316
Full Combination 0.731 0.416 0.663 0.682 0.717 0.333

g e P T SCRHE TR A L BB 45 B AL G T R 103 LS
228 B TEAA O L
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<> TR SRS H) A AR Y [Cao et al., AAAI 2015]

< ORI

Each document has a topic distribution

I . m

politics economy cluture population

D — I

&
O
&

Each topic has a word distribution
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T VRS 52 3] B A E i A [Cao et al., AAAI 2015]
SCAS T AR Y
<> AR ORI SRR
K
plw|d) = Zf_l p(w|t;)p(t;|d),

¢
¢

p(w|d) o ¢(w)| =67 (d)

FLRWAE 25N R SAHATE SN Y
g AR
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TR 22 2] B SCAS AR [Cao et al., AAAI 2015]
3 Gil

¢
& IR AL R, R [ B A AR

Is(g,d™) Is(g,d™) l(d)

It(g) &= sigmoid(le(g)[x Ws)

docuent iopier
T K_1ayed (1) K

$1§J/ ] éﬁg i rFL'J = H N-gram 300
Word2Vec2 > 15 3] embeddipg
layer (Ze) W, W, v, W
I | |
v ¥ pos neg
BiAwlE & E 8 d d d

iy R
Neural Topic Model
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TR 22 2] B SCAS AR [Cao et al., AAAI 2015]
3 Gil

¢
& IR AL R, R [ B A AR

Is(g,d™) Is(g,d™) l(d)

ld(d) |= softmax(Wi(d,:)

topic l—*—H q

. ——
n-gram topic —
layer (/1) | K:_
‘l’ W,

NN / = N M=EranT 3{_}{_]
I*éldﬂ/] ﬁ%%ﬁ embedding

v inpes (fe) W, W, W, W
A FE AT b L d neg d

Neural Topic Model
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4 o L 3R] /3R] 2H ) [R) T ER A
ld(d) = softmaxz(W1(d,:))

lt(g) = sigmoid(le(g) x Ws)

Is(g, d)|= lt(g) x ld(d)"

v
SO i i/ g
[ UG e 5

T VRS 52 3] B A E i A [Cao et al., AAAI 2015]
W

A = =T Y B o w7 7

N-gram lupi{:

h[g d™ ) Is(g,d™)

layer (Ir)
W,
N-gram 300 |
embedding
layer (le) W, W,
I
g d_ll'.l‘-l'.l'-.

4

#"_‘__,-F-‘-_--. _____ el e et T

d e

Neural Topic Model
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> FHTUREE S S SOAR @i [Cao et al., AAAI 2015]
S I R SR ZH ) R R OA, TS RTA] A TR R A MR
Is(g.d?™) Is(g.d™)
clg. P, d"*%) = max(0,Q — Is(g. ") + Is(g, "))y " 57 ™ H\{d}
e e o gram topic,___ e -orpmmese e — doculment fiopic, L=~
T GORREMBAL, (L4 i A gk ey LK | LK ] K Dt K
L 53 (8 7 1% 0 v, |
n-gram | 300)
embedding
layer (/e) W, W, W, W
| |
S s A gl dT d™ d

- PR AL A HLn] /1] g
Neural Topic Model RiEEE
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TR 22 2] B SCAS AR [Cao et al., AAAI 2015]
yGih

i BAE] SR A A A, T AR 3 AR ERAMRAS /MG R, R AR Dy B Y
- AT

¢
¢

I
o Y

{LE
A

1(d) = f(ld(d) x W) = Istgd™ ) Is(g.d™) 11(d) |
l /g 1"”{;“{# Vs
R -gram topie djfﬁffdmummt o ——
layer (/r) | K_W K @ layen (/d) | A
N-gram 300 :
embedding
layer (/e) W, W, W, W
I .
g d;”“ d neg d

Neural Topic Model Supervised Extensio 4 o) \




<> BRSSO E RS [Cao et al., AAAI 2015]
<> SIS EE

Dataset 20 Newsgroups  WikilO+ Sentiment Scale
Train.Size 11149 11550 3337

Test.Size 7403 5775 1669

Avg. Length | 135 1704 176

Task MCC MLC Regression

o X TE

< sNTM: FETIREZE I I B 38 Cunigram/bigram)
NTM: FEFIREEZ SR I A A Cunigram/bigram)
LDA: FrifELDAT: R Y
SLDAC: =T~ LDAMR B A 3 S Y

Word2Vec: & T [r] & 3 1A fr AR Y

e e 2
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<> TR SRS H) A AR Y [Cao et al., AAAI 2015]

<> XTEL TV
SNTM:  J2& VR i 27 =) i I B 0 5= A A7
NTM: 35TV B 2 =) 1) 70 I B 0 3 A A 7Y

LDA: Fr#ELDA T Tk Y

¢

sLDAc: J&-T-LDA Ha B Y - fipe Y

Word2Vec: & T [n] & 3 1k f AR A

e e 2

LT IR B2 57 21 B e B2 U A SNTMUER 5 i
PSSV e

FL TR S 2D I e B Y T R R Y e
FiAth 76 B B AR

s

Accuracy

0.76

0.74

0.72

070

0.68

0.86

0.64

T T T
25 a0 [ 100 125 150

T
175

—a— sNTM —e— sLDAC —&— NTM
—v— DocMADE —— LDA - - - Word2Vec

E[I!IIII
Topic #




< TR 2] OO R A [Cao et al., AAAI 2015]
AR

Class lialt. atheism) Class 16(soc.religion.christian) Class 20ytalk.religion.misc)
LDA(4) DocNADE(31) NTM(47) LDA(66) DocNADE(2T) NTM(59) LDAS) DocNADE(R) NTM(72)
belief moral atheism jesus jesus eod Ids church Ids church
god atheism creation god god jesus istanbul  catholic pope
truth keith human being christ sin catholic faith georgia  orthodox protestant
reason religion true nature 5 lord christ ermeni holy nestorius
atheist sy siem science lord heaven saint york tradition religious belief
christian  islam sacred scripture | sin church bible church doctrine catholic church
bible belief theism bible life homosexuality | ankara movement religious fanaticism
religion muslim proof heaven hell heaven #4 spirit theology

LDAF A i) T2 LR FE AN G = 3, AN G2y 5l Toil AR B
NTM T AT A2 [Ebigram, IJH:/H\$EEEI‘J£W§1EIE HE B T AT LN A
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> ARG TR N TT 3
B One-Hot®iA: M. 4EE K. 15 N RAHK
B BoWla &S A, 2k Bgn][A] i 4H & IR P
o ]
B SRS ERIA AEE BRI R, 4EEREE.
B 0] DUR I o6t ia 2 3 A T AR 3 1A
B RNNER
B REAFHRARNAERF
BT A TR, ] AL FE AR K S B
W CNNELAY
B PR EE, S TEEHE
B T RIS R RRE, YA R SR ST E ML
S RVENLH
B BUTFIDF, X9 BEEEREGHREERFR




Thanks
R

Question&Answer!




	深度学习与社会计算
	幻灯片编号 2
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	幻灯片编号 6
	幻灯片编号 7
	幻灯片编号 8
	幻灯片编号 9
	幻灯片编号 10
	幻灯片编号 11
	幻灯片编号 12
	幻灯片编号 13
	幻灯片编号 14
	幻灯片编号 15
	幻灯片编号 16
	幻灯片编号 17
	幻灯片编号 18
	幻灯片编号 19
	幻灯片编号 20
	幻灯片编号 21
	幻灯片编号 22
	幻灯片编号 23
	幻灯片编号 24
	幻灯片编号 25
	幻灯片编号 26
	幻灯片编号 27
	幻灯片编号 28
	幻灯片编号 29
	幻灯片编号 30
	幻灯片编号 31
	幻灯片编号 32
	幻灯片编号 33
	幻灯片编号 34
	幻灯片编号 35
	幻灯片编号 36
	幻灯片编号 37
	幻灯片编号 38
	幻灯片编号 39
	幻灯片编号 40
	幻灯片编号 41
	幻灯片编号 42
	幻灯片编号 43
	幻灯片编号 44
	幻灯片编号 45
	幻灯片编号 46
	幻灯片编号 47
	幻灯片编号 48
	幻灯片编号 49
	幻灯片编号 50
	幻灯片编号 51
	幻灯片编号 52
	幻灯片编号 53
	幻灯片编号 54
	幻灯片编号 55
	幻灯片编号 56
	幻灯片编号 57
	幻灯片编号 58
	幻灯片编号 59
	幻灯片编号 60
	幻灯片编号 61
	幻灯片编号 62
	幻灯片编号 63
	幻灯片编号 64
	幻灯片编号 65
	幻灯片编号 66
	幻灯片编号 67
	幻灯片编号 68
	幻灯片编号 69
	幻灯片编号 70
	幻灯片编号 71
	幻灯片编号 72
	幻灯片编号 73
	幻灯片编号 74
	幻灯片编号 75
	幻灯片编号 76
	幻灯片编号 77
	幻灯片编号 78
	幻灯片编号 79
	幻灯片编号 80
	幻灯片编号 81
	幻灯片编号 82
	幻灯片编号 83
	幻灯片编号 84
	幻灯片编号 85
	幻灯片编号 86
	幻灯片编号 87
	幻灯片编号 88
	幻灯片编号 89
	幻灯片编号 90
	幻灯片编号 91
	幻灯片编号 92
	幻灯片编号 93
	幻灯片编号 94
	幻灯片编号 95
	幻灯片编号 96
	幻灯片编号 97
	幻灯片编号 98

