Reading Wikipedia to Answer
Open-Domain Questions
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Open Domain Question Answering(ODQA)

- DA HRE BE, B

(ex: Wikipedia) Of| M 220 Cjst &HHES 2= Task.
- MRS : “Machine Reading at scale”

- Document Retriever : A& AA

- Document Reader : d& 2= Open-domain QA

SQuUAD, TREC, WebQuestions, WikiMovies

open-domain QA and of machine comprehension Q: How many of Warsaw's inhabitants
of text. In order to answer any question, one must spoke Polish in 19337
first retrieve the few relevant articles among more
than 5 million items, and then scan them care- l
fully to identify the answer. We term this setting; e Document Document
machine reading at scale (MRS). Our work treats 4 w9 Retriever Reader
A — ———— 833,500
N v,w ’ A
- t
WIKIPEDIA

The Free Encyclopedia f



1. Introduction

Types of questions

A Z3H) Abstract

This paper proposes to tackle open-
domain question answering using

. . . Wikipedia as the unique knowledge
1) Factoid type questions [what, which, when, who, how] g e snsyyer fovamy Fachoid question

Q. tigtel=o| === O{C|27F? — A, ME [Named Entity] is a text span in a Wikipedia article.

2) List type questions
 UEAE 37|0ME oH =23 2|53 =71 — A. Attention, BERT, XLNet, -

3) Confirmation questions [yes or no]

Q.22 - A Y|
4) Causal questions [why or how]

Q. Zti2|= &ff A =/R=71? — AL WSAII} L 27} 8El 7| i 0|,
5) Hypothetical questions [no specific answers]

Q. 2rof ottt =ot0| S L& {2 A E71? (what would happen if ~ 2 A[2l5t= &) — AL 777
6) Complex questions

Q. Bt 7t4 52| |22 BAevt? — A ?22?

A Survey on Types of Question Answering System



1.

Introduction

Wikipedia 2t?
- S L AR HEY &~ Qe e 2 AlS AAE
- AMEO| 2ARU0ITHE UEO| HAULH, AFEECH= AFRO| §17| Het 22 E|0/US

WikipediaE knowledge sourceZ A2
1) UWHRS J2iE 2= A 2fst! §IAE H|O|E{Tt ALE

— KB(Knowledge Base)E CtE dataz #Hatet 4~ Q= general model
2) Only Wikipedia for KB

— |IBMZ DeepQABP_ 2 large-scale QA A AE2
A, w4, 2 5 CHfet & C|O[E{ A= AHE SO
0

— 2Al=, 2M0 g0l Tieh evidence/t ot RE LIEH B2, H2toiA| JEHS ZOILY| OHARS
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i
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0ok
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Challenges
- Large-scale open-domain QA
- Machine comprehension



2. Related Work

Open-domain QA

- CHZFO| H|HY H|0|E{0f|A] Z=0f Clet dE= 2= A
- Text REtrieval Conference(TREC) Of| Al A|2H=l task

- QA main

Machine Comprehension Z0f2| &
- Had LR Attention-based, memory augmented neural networks)

- Chet HO|H Al S QuizBowl (827t FAH AR 4712| HEHZ| S StLIS HE-AFA|HEEL
=Al), CNN/Daily Mail(Z|A), CBT(0{2l0] 2#), SQUAD (2{7|T[T[O})

- Ryu et al. 2|7|T|C|0t2} semi-structured datas Z &5l ALE


https://trec.nist.gov/
https://trec.nist.gov/data/qamain.html

2. Related Work
ChFst &2l QA pipeline

- Microsoft's AskMSR: A4l 7l 7|8F QA A|ABIo=Z 2F 1 HEO| Cifet ¢H0{eh sf| A2 L=
H|0]& == (data redundancy)di| 7| gt

- L\Bfl\g/lz’s DeepQA: unstructured data(BIAE)Q} structured data(G|O|E{H|0| A, 2EZ2Z|) R5

- YodaQA: DeepQA 0|50 S2st QEAA factoid QA A|AEIOZ IAIO|E G|O|E{H||O| A,
Q|Z|T|C|OtOf| A AR 7t

Multitask learning
- OOl & QEEPI Ol B2 03] taskE SAI0f| st5A17|= L= HEAUE= taskE

- Task AO|M eh5¢t 7HE2|E Task BZ transfer . _
- assificationd} image segmentation® & Cf visual task0|22
E{Alo] 235t image classification2 2 SHSEl 71E2|E 3 R5t= idea

i=lal


https://www.microsoft.com/en-us/research/publication/web-based-question-answering-revisiting-askmsr/
http://www.research.ibm.com/deepqa/
https://github.com/brmson/yodaqa

3. Our System : DrQA

Document Retriever

- The Document Retriever module for finding relevant articles
- BN EM s

- Using bi-gram hashing and TF-IDF matching

Document Reader

- A machine comprehension model, Document Reader, for extracting
answers

- HQH ZE D=
- Multi-layer RNN (LSTM)



3.1. Document Retriever

- TF-IDF + N-gram
Articles?t Questione TF-IDF weighted BoW=Z 42t EM S ZAH
- Bi-gramO||A 71 =2 ds= EY
THO| & ME 2ot el
- 2 AR o 28 E 57l9] wikipedia articlesE returnstes AlE
- OO0l 2|0 Murmur3 hash €112|S2 &Z2510 £t 022 =



3.2. Document Reader
- (=2 2T YA|) 7|1A Olsh taskdA neural network model2] 4= 9l
Z oM FHS LRACE.

O=2 CAM

- Multi-layer RNN
- A Question : I7iel E2EE2 14

{a, ..., o
- A Paragraph : m7Zlel EE52 74
- {p, ..., P}

- n7i2| paragraph(CthH & & A 0| FO{H2 ©f, Zt2+2| paragraph=
at 2 A2 CHE 24 o =2 o222 HF Agtst= RNN 22 7251t



3.2. Document Reader

1. Paragraph Encoding
a. Word embeddings
b. Exact match
c. Token features
d. Aligned question embedding

2. Question Encoding
3. Prediction



3.2. Document Reader - Paragraph Encoding
- &=H(Paragraph) Wi 2= EZ= feature vector= Het

- Feature vector RNNQ| Input2 23t = context Y22 &2 p,E A4S
- Multi-layer bidirectional LSTM

{p17 .o ,pm} - RNN({f)la o000 af)m})1



3.2. Document Reader - Paragraph Encoding

pi = Ot 4714 2222 0|F0{ &
- 1. Word Embedding
femb(Pi) = E(pi)
- 3002} 2| GloVe : 840B Web crawl dataz2 =&
- 7|22 word embedding2 11, 7t& A3 2= 100072] Z-& THO{0]| CHSH A Bt fine tuning
“What, how, which, many” 2} Z2 Cto{= QA A|AEIO| M SHAIHOI HSQ

- 2. Exact Match

= fezact-match(Pi) = I(p; € q)

- Question0f| S&¢t T0| g2t paragraph?| p £E22| 042l 022 binary features &
- Original, lower-case, lemma form M|7tZ| BL2| exactly matching O£

- Extremely helpful 3{Ct1 &t



3.2. Document Reader - Paragraph Encoding

- 3. Token features

- Jftoken(pi) = (POS(pi),NER(p;), TF(p;))

- &AH(Part-of-speech, POS), 2H1A|Y 2IAI(NER) B2} TF(Term Frequency) &8s &7t
- 4. Aligned question embedding

falign (pz) = Zj ai,jE(CIj) an alngned question embedding fuign (i) =
>_;aijE(g;), where the attention score ay;

' captures the snmlanty between p; and each

s exp (a(E(p;)) - a(E(g;))) ’ question words g;. Specifically, a; ; is com-

: Ej’ exp (‘-‘(E(‘Pi)) ; C‘(E(‘Ij’))) puted by the dot products between nonlinear

- Exact matchlt L& SHe =, FAL0{(e.g., car and vehicle) 0f| Ci st soft-alignments=
7tsSHA| ot
c.f. soft-alignments : At2te| word 2 word 2t#2! 10| Z7|A|7t 21 alignment(=A)& &5
< hard alignments : AF20]| 2|51 & ex) | / am / hungry -> Lt / = / B DTt



3.2. Document Reader - Question Encoding

Combine the resulting hidden units into One single vector

q:Zj[)jQJ {q1,...,q} — q.

p, — _xp(W-aq))
4 > jrexp(w - q;’)’

w 1s a weight vector to learn.

bj . question word?| 2t 22 % Z encoding



3.2. Document Reader - Prediction

- Paragraph=2t question?| FAFIS 25111 answer H212|
start, end & &= O|I=5t7| ?[all 2702 classifier 2-&¢at

1. Paragraph vector2t Question vectorS Y& 2H=Ct. (from document retriever)

2. Predict start and end positions  Py..(i) « exp (piWsq)
Pend(i) X exp (piWCQ)

(best span)= AEH

Bl

3.score 7t 2Ot El £ /U= B

Pstart(i) X Pend(‘i’)



4. Data

e 3 types of data
o  Wikipedia
o SQUuAD
o QA datasets(CuratedTREC, WebQuestions, and WikiMovies)



4.1 Wikipedia(Knowledge Source)

o 2O ZHZ 2ot AAHLE A= {5 O 2[Z|T|C[0t2] 2016-12-21 dump

o ZI I|O|X|= plain textZt 2=

o 2= JLXoLE HO|E (= % A

e 5075182709 7|AI=
-+

2 S) AlA
,008,962712| unigue uncased token typel &

o



4.2 SQUAD

e Stanford Question Answering Dataset(SQUAD)
o 2|7|I|C|O} 7|Bte| 7| A|O|SHE ?[et dataset
o Training set : 87k
o Development set: 10k
o Large hidden set : SQUAD creator8t 2 7ts
¢|7|I|C|oF Z0||A] 2E= HEge 2 {1
B2 ek el 20
O|2EHO| 2o modeld| A credit £0
AFE metrics : string match(EM), F1 score(token levelO|A{2] precision &
recall 788+ 548



4.2 SQUAD

o 234 Ci2tol| £0{2l standard machine comprehension task& /gt Document
ReaderZ o5t Host=0| Ol

e SQUAD development set2 QA pairOf|2t AtZ

o EO| oY 220 CHESH= ResourceZ2AM 2|7 |T|T|OF 4| AR

o AAHIEZ AW et M 10| ZHIE answer spang YA



4.3 Open-domain QA Evaluation Resources

SQUAD G|O|E{= At2tO| 21 © 1 S 5t= 0l
ars

CI2 gAlO 2 25| datasetOl| A Q] SH& 2t Bt
Datasets

o CuratedTREC
o WebQuestions
o  WikiMovies



e (uratedTREC

(@)

4.3 Open-domain QA Evaluation Resources

(@)

TREC QA taskOl|M2| benchmark 7|8t
2180712 d& &gt

e \WebQuestions
o Freebase KBOIAl Aol SEZ 2loh A&t
o Google Suggest APIZ AE2ct 4202 M
o  Entity name2 O|&3H 2t SE2 text= Bigt
o Dataset2 Freebase IDE &2
e \WikiMovies

StA| &+ 1 plain texte| 2!
O

A3} =012 96k 2o SEF 4
o Knowledge source2M42| Wikipediall £

Yoz Algg



4.3 Open-domain QA Evaluation Resources

e QA datasetO|A training data Of|A|

Dataset Example Article / Paragraph
SQuAD Q: How many provinces did the Ottoman | Article: Ottoman Empire
empire contain in the 17th century? Paragraph: ... At the beginning of the 17th century the em-
A:32 pire contained 32 provinces and numerous vassal states. Some
of these were later absorbed into the Ottoman Empire, while
others were granted various types of autonomy during the
course of centuries.
CuratedTREC | Q: What U.S. state’s motto is “Live free | Article: Live Free or Die
or Die"? Paragraph: "Live Free or Die” is the official motto of the
A: New Hampshire U.S. state of New Hampshire, adopted by the state in 1945. It
is possibly the best-known of all state mottos, partly because it
conveys an assertive independence historically found in Amer-
ican political philosophy and partly because of its contrast to
the milder sentiments found in other state mottos.
WebQuestions | Q: What Pan of the atom did Chadwick | Article: Atom
discover? Paragraph: ... The atomic mass of these isotopes varied by
A: neutron integer amounts, called the whole number rule. The explana-
tion for these different isotopes awaited the discovery of the
neutron, an uncharged particle with a mass similar to the pro-
ton, by the physicist James Chadwick in 1932, ..
WikiMovies Q: Who wrote the film Gigh? Article: Gigli

A: Martin Brest

Paragraph: Gigli is a 2003 American romantic comedy film
written and directed by Martin Brest and starring Ben Affleck,
Jennifer Lopez, Justin Bartha, Al Pacino, Christopher Walken,
and Lainie Kazan.



4.3 Open-domain QA Evaluation Resources

o ZIL|O|E{AIO|| AFEEl 2& At
Dataset Train Test
Plain DS
SQuAD 87.599 71,231 10,570‘L

CuratedTREC | 1486 3464 694
WebQuestions | 3,778% 4,602 2,032
WikiMovies 96.185* 36,301 9,952

e Document retrieval results

Dataset Wiki Doc. Retriever
Search | plain +bigrams
SQuAD 62.7 76.1 77.8

CuratedTREC 81.0 85.2 86.0
WebQuestions | 73.7 75.5 744
WikiMovies 61.7 54.4 70.3




4.4, Distantly Supervised Data

e QA datasets= 29| & A0t Zaltst SQUADY| 2te40| §IO{A] training
Document ReaderZ 218 AI2E £ 9l
e Training set A2t ZTZ M| A

(@)

o O O O

(@)

2522t 0|2t 1,500 22} Chet | 7|

Named entity7t Z20|A Lt2H, named entity?} = CHet I| 7|

2t retrieved pageOf Al 2& Y2 Th2of Cfa 222t 20 token windowA0|2] unigram &
bigram & 0|2¢%r 1} &= 2= 2|0 A+ 20, 71 80| 2l top5 T 7HX| Y
Non-zero overlap0| U= &0 Sl= O|A| T 7|

O|0f| BFR| Qb= A2 distant supervision(DS) training datasetOf| &7}



5. Experiments

e Document Retriever 2} Document Reader moduleS £2|5HA
o | 2|7|Im|C|otof CHSt open-domain QA(DrQA)E 2ot 2 E9

5.1 Finding Relevant Articles
5.2 Reader Evaluation on SQUAD
5.3 Full Wikipedia Question Answering

Bt
23t

Of| CH



5.1 Finding Relevant Articles

Dataset Wiki Doc. Retriever
Search | plain +bigrams
SQuAD 62.7 76.1 77.8

CuratedTREC 81.0 85.2 86.0
WebQuestions 137 75.5 74.4
WikiMovies 61.7 54.4 70.3

Table 3: Document retrieval results. % of ques-
tions for which the answer segment appears in one
of the top 5 pages returned by the method.

2120} A Top-5TH 0| 2| Of
Z|A 1>H O AYO| LIEILIE=
A (text span)2| H|E

7|2 Wikipedia
Search(ElasticSearch 7|gh

B ds oFy

bigram hashingS 0|231& }
O =2 ds=2 B¢

Okapi BM25ALE retrieval2}
word embedding
spaceO|Me| ZALRI He|E

AMEet AL F2 85

o



5.2 Reader Evaluation on SQuUAD

e SQUAD E|AEX0of Tt

0x

s 87t

-> 70% (Exact Match), 79.0% (F1 score)

Method Dev Test
EM F1 EM Fl
Dynamic Coattention Networks (Xiong et al., 2016) | 65.4 75.6 66.2 75.9
Multi-Perspective Matching (Wang et al., 2016)1 66.1 758 65.5 75.1
BiDAF (Seo et al., 2016) 67.7 77.3 68.0 77.3
R-net! n/a n/a 71.3 79.7
DrQA (Our model, Document Reader Only) 69.5 78.8 70.0 79.0




5.2 Reader Evaluation on SQuUAD

e paragraph encoding feature0f| aligned question embedding2t
exact matchOf 2ot A2 2 &Z AAHWS I 5 A5t7 7t 2

Features F1

Full 78.8

No ftoken 78.0 (-0.8)
No fe:z:act_match 77.3 (-1.5)
No faligned 77.3 (-15)
No f aligned and .f ezact.match | 9.4 ('194)

Table 5: Feature ablation analysis of the paragraph
representations of our Document Reader. Results
are reported on the SQuAD development set.



5.3 Full Wikipedia Question Answering

o M 7tZ| {2 DrQAE H|W
o SQUAD: SQUAD £¥ H|O|E{Z &tE&

o  Fine-tune(DS): SQUAD H|O|E1E Af zg S 2-4|0|E{Alle] &3 O|0|E{ 2 IS Y (fine-tuning)
o Multitask(DS): SQUAD & H|O|E| + DS& Rt= & EiIOIEﬁ Bl
o 2t £2|= Top-1 exact-match accuracyS LEFH
Dataset YodaQA DrQA
SQuAD +Fine-tune (DS) +Multitask (DS)

SQuAD (All Wikipedia) n/a 27:1 28.4 29.8
CuratedTREC 31.3 19.7 25.7 25.4
WebQuestions 39.8 11.8 19.5 20.7
WikiMovies n/a 24.5 34.3 36.5




6. Conclusions

o A XA : Machine reading at scale(MRS)

e WikipediaE unigue knowledge sourceZ 0| &

e Search, distant supervision, multitask learning 2 £ & machine reading
comprehension system= 22611 task&E sl &2



5= Document Reader Implementation Details

3-layer bidirectional LSTM

h=128 hidden units for both paragraph and question encoding

Stanford CoreNLP toolkitE O|&¢t EZ2t, HAM 2=, SAIENL, 7HAE Q1A
batch_size = 32

dropout with p =0.3
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