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l’ Who is the wife of Barack Obama?

Web Images Videos Maps News

55,700 RESULTS Any time =

itz

Barack Obama - Spouse

Michelle Obama

(m. 1992)

Michelle Obama - Wikipedia

https:/len.wikipedia.org/wikiMichelle_Obama ~

Barack Obama wrote in his second book, ... She met with Peng Liyuan, the wife of Chinese President Xi
Jinping, visited historic and cultural sites, ...

Michelle LaVaughn Robinson Cbama (born
January 17, 1964) is an American lawyer and
writer who was First Lady of the United States
from 2009 to 2017, She is married to the ...

They married in October 1992, and have two
daughters, Malia Ann (born 1998) and Natasha
{known as Sasha, borm 2001). Michelle Obama's
mother, Marian Robinson was ...

Who is Barack Obama's wife - Answers.com

www.answers.com » ... » Barack Obama » Who is Barack Obama's wife? ~

Who is Barack Obama's wife? SAVE CANCEL. already exists, Would you like to merge this ... Both of
Barack Obama’s parents are deceased. His father ...

Images of who is the wife of barack obama?
bing.com/images

MichelleObama
hGender..__‘
/ \ Female USState
Placesived  Spouse 1992.10.03 4
- Type
StartDate I
e )
Event21 Event8 Hawaii
/ l
ContainedBy
-~
Location Type Marriage UnitedStates ContainedBy
l ContainedBy
) '-.-..'.--_._‘.—.-F.'.-
Chicago BarackObama PlaceOfBirth——-Haonolulu
- ) —
Locatmn“ ‘_‘Placeslivﬁf// \
Event3 T)-pe/ DateOfBirth Profession Type
1 / / \ 1
Person 1961.08.04 Politician City

w e M

Wikipedia  Instagram Twitter

Spouse: Barack Obama (m. 1992)

Born: Jan 17, 1964 {age 53) - Chicago, IL

Height: 5' 11" (1.80 m)

Children: Sasha Obama (Daughter) - Malia Obama (Daughter)

Education: Princeton University - Harvard Law School (1985 - 1988) -
Young Magnet High School

Parents: Marian Shields Robinson (Mother) - Fraser C. Robinson [l
{Father)
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English QA Datasets

KBQA
WebQuestions (Stanford)

https://nlp.stanford.edu/software/sempre/

SimpleQuestions (Facebook)

https://research.fb.com/downloads/babi/

TableQA
WikiTableQuestions (Stanford)

https://nlp.stanford.edu/blog/wikitablequestions-a-complex-real-world-question-understanding-dataset/

PassageQA
WikiQA (Microsoft Research)

https://www.microsoft.com/en-us/research/publication/wikiga-a-challenge-dataset-for-open-domain-question-answering/

CommunityQA

Question Pairs (Quora)

https://data.quora.com/First-Quora-Dataset-Release-Question-Pairs

Task 3: Community QA (SemEval)

http://alt.qcri.ora/semeval2017/index.php?id=tasks

Machine Reading Comprehension
SQuAD (Stanford)

https://rajpurkargithub.io/SQuAD-explorer/

MS MARCO (Microsoft)

http://www.msmarco.orq/

CNN/Daily Mail (DeepMind)

http://cs.nvu.edu/~kcho/DMQA/

Cited by MSRA Duan Nan
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Chinese QA Datasets

= KBQA
= NLPCC2016-KBQA (NLPCC & Microsoft Research Asia)
» http://tcci.ccf.org.cn/conference/2016/pages/page05 evadata.html
= NLPCC2017-KBQA (NLPCC & Microsoft Research Asia)
= http://tcci.ccforg.cn/conference/2017/taskdata.php

= PassageQA
= NLPCC2016-DBQA (NLPCC & Microsoft Research Asia)
= http://tcci.ccf.org.cn/conference/2016/pages/page05 evadata.html
= NLPCC2017-DBQA (NLPCC & Microsoft Research Asia)
= http://tcci.ccf.org.cn/conference/2017/taskdata.php
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* One-hot representation
» ffR [1,0,0,0,0,0,0,0,0]
° /f%lz{—il\ [OIOIOIOIOIOIOI]'IO]

* Distributed representation

« 1% [0.792, -0.177, -0.107, 0.109, —0.542]
o {5} [0.856,-0.523, 0, 0.2, -0.2]
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Question Answer
Representation Representation
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M1, MLPZ ERENH

accept connected with ( ) = +1 sum =0
input other neurons - AGUM =0 1 sum < 0
Activation function

B - -

Output

m
sum = Z X;Wj
i=1
compute transfer output, if

output activated Perception (REAIHN)

177 REdm I e B, AR VR A D XA e [ 4% ] LG PR A ] R 4



RPN 282 CNN F5: A5 48 Z8 rx] 2%

C3: f. maps 16@10x10

INPUT gézfgig,lare maps 54:f maps 16@5x5
32x32 S2: f. maps C5: layer . OUTPUT
6@14x14 120 Fa?{ layer 10

Full connection Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

Z]- LeNet-5b PR LEH°

RS . AUEIL TS CNNT R SRR UK, X 2
o B R A A L5
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RNN vs CNN

* RNN
o« PR
LIRSS
o N7 B BRI ) KR

o HE
* E@, '%’/ﬂt
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* CNN

* AT IRAR

* N-gram|
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(Hu et al,, 2015)

convolution fixed-size vector
pooling ’
more convolution
and pooling

|
!
W
g - o |
c ode N
[T : MLP
5 0

[>O O O—
(LTI " E; © i
u Degree
U?)'<|[|H|H||]|[|H s
ee H Drawback: defer the interaction between

guestion and answer in the final MLP

sentence
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RNN

(Wang and Nyberg, 2015; Tan et al,, 2015; Hsu et al,, 2016)

Vo Uy

it = J(Wixt + Uiht—l + b:‘,)

fe = o(Wpxe + Uphe_y + by)

Mean/Max Pooling Mean/Max Pooling

%\ %\ oo e TR

Ce = tanh(Wpxy + Uzhe_q + b)
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L = max{0,1 — cosine(q,a,) + cosine(q,a_)}

question answer candidate
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CNN : - ZEJLAC Y

o
(Hu et al,, 2014)
different feature
sentence S, types
1D luti //‘ more 2D convolution
convolution . '
=== 4 max-pooling & pooling
II
"y >
@ } HEY N
(] -
2 Oo—»
5 R Matching
g ! . Degree
2D convolution
| I |
| | |
Layer-1 (1D convolution) Layer-2 (2D-pooling) Layer-3 (2D-convolution)

Advantage: let question and answer
interact in early stage



CNN+Attentive Pooling

QUESTION CANDIDATE ANSWER
WEs WEs
Retrieval Retrieval
v v
Convolution Convolution
or biLSTM or biLSTM
K v
0= A=
/ tanh(Q"UA \ ; ;
(? ) » Attention allows question
and answer to interact with
G- each other
* Pooling takes the most
Column-wise Row-wise , influential ones for ranking
max pooling max pooling
1, = Q-softmax r, = A-softmax

CNN with Attentive Pooling



RNN + Attention

(Miao et al, 2016; Tan et al,, 2015; Hsu et al., 2016)

Vo Uy

X1 X2 X3 XL—1 XL X1 X2 X3 X XN=-1 XN

question answer candidate



RNN+CNN

(Tan et al, 2015)

Output

I Pooling I

T

| Convolution Layer |

—

=
—

question answer candidate



CNN+RNN

The UL l

movie N, ORE
is ’ — 1> :@
awesome |
\4 ! ' —
Lxd
iput x S . A 4
 window feature sequence l

feature Faps LSTM

Figure 1: The architecture of C-LSTM for sentence modeling.



CNN+Tensor

question'

answer

V.
s(Q,A) = Lle(VgM[l:HVA +V [Vﬂ + b)

Matching
Score




RNN with Tensor

(Wan et al,, 2016)

|

Bidirectional LSTM

Interaction Tensor

s(Qi 4)) = f(vgiM“:r]VA]. 4 V[

O
O
O
o = O
O
O
@
L | |
k-Max Pooling MLP

VQ;
VA]-

]+b)
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WikiQA

Evaluation Results Tran Dev [ Test

# Question 2,118 296 633

# Sentence 20,360 2,733 6,165

Dataset # Answer Sentence 1,040 140 293

Ave.S/Q 9.61 9.23 9.74

= WikiQA # Question 873 126 243
Metric (Have Answer) 41.22% 42.57% | 38.39%

Ave. S Length 25.29 24.59 24.95

Type Method MAP MRR

bi-gram CNN Yang et al., 2015 0.6520 0.6652

CNNr Severyn and Moschitti., 2016 0.6951 0.7107

CNN Attentive pooling CNN Santos et al., 2016 0.6886 0.6957

Attention-based CNN Yin et al., 2016 0.6914 0.7127

DocChat Yan et al., 2016 0.7008 0.7222

CNN + Features Tymoshenko et al., 2016 0.7417 0.7588

LSTM +Attention Miao et al., 2016 0.6855 0.7041

RNN NASM Miao et al., 2016 0.6886 0.7069

IARNN-Occam (context) Wang et al., 2016 (a) 0.7341 0.7418

CNN+RNN conv-RNN Wang et al., 2017 0.7427 0.7504

RNN+CNN with Mult Interaction Wang and Jiang., 2016 0.7433 0.7545

Key-Value Memory Network Miller et al., 2016 0.7069 0.7265

h Pairwise Rank Rao et al., 2016 0.7010 0.7180

Lila L.D.C Wang et al., 2016 (b) 0.7058 0.7226

CubeCNN (Pairwise Rank) He and Lin., 2016 0.7090 0.7234
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Tensorflow Google AR, AT
Torch/PyTorch Facebook FAE R
Theano SRR K5 bengio%s B, gwixils
Caffe P AR A B 4

P\ [5] I 2425 57 357 Tensorflow/PyTorch/Theano/Keras HEZE 12! !
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Knowledge Base (KB) T YR

B yselect: knowledge
'\

~ Freebase M/
//\______

o
el s N\
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—— B

* Entity
Objects/Values in the world

* Predicate
Relation between two connected entities

*  CVT (Compound Value Type)
Not a real-world entity, but is used to collect multiple
fields of an event

* Fact
Triple, which connects two entities
Event, which connects multiple entities via a CVT node
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Count-based and embedding-based

Table 1. The result of our approach.

mmethod MAP MER
Average Word Embedding 0.4610 04610
Machine Translation (0.2410 0.2412
Paraphrase 1.45886 0.4906
Word Owverlap n.5114 0.5134
Count-based features 0.77a0 0.7756
Embedding-based features 0.7467 0.7470
All features (1.8005 0.8008
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Wang, B., Niu, J., Ma, L., Zhang, Y., Zhang, L., Li, J., ... & Song, D. A Chinese Question Answering Approach Integrating Count-based
and Embedding-based.



CNN with Enhanced Embedding
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Figure 1: An illustration of IRGAN training.
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