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Reading demo

The University of Chicago is governed by a board of trustees. The Board of Trustees oversees
and plans of the university and manages fundraising efforts, and is composed of 50 members

President. fourteen

As of August 2009 [update],

the Board of Trustees is Andrew Alper, and the President of the university is Robert Zimmer. In December 2013

announced that the Director of Argonne National Laboratory, Eric Isaacs, would become Provost. Isaacs

Provost in March 2016 by Daniel Diermeier.

How many vice presidents are in the board of trustees in the university of Chicago ?

the long-term development

including the university

the Chairman of
it was

was replaced as

Answer the question

Sample Document

Start & Stop pointers probability distribution over words

Machine Reading Project - NAVER LABS Europe




Reading demo

The first things to arrive were the complimentary banchan (side dishes) and spicy lettuce salad. There were only four

dishes of banchan (kimchi, pickled radish, seaweed, potato salad). small

They immediately took away the empty plates with what seemed like no intention of refilling them.

How was the portions in this restaurant ? Answer

Answer the question
Sample Document

Start & Stop pointers probability distribution over words

Machine Reading Project - NAVER LABS Europe
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In Blade Runner, which company built the replicants ?

Blade Runner (franchise)

Blade Runner

Blade Runner 2049

Replicant

Blade Runner (1997 video

game)

Multi Documents Answering

Wikipedia + BGECEW Clear

Matched documents

Blade Runner

Blade Runner is a 1982 American neo-noir science fiction film directed by Ridley Scott,
written by Hampton Fancher and David Peoples, and starring Harrison Ford, Rutger Hauer,
Sean Young, and Edward James Olmos. It is a loose adaptation of Philip K. Dick's novel "Do
Androids Dream of Electric Sheep?" (1968).

Tyrell Corporation When a fugitive group of replicants led by
Roy Batty (Hauer) escapes back to Earth, burnt-out cop Rick Deckard (Ford) reluctantly
agrees to hunt them down.

" Blade Runner "initially underperformed in North American theaters and polarized critics;
some praised its thematic complexity and visuals, while others were displeased with its
unconventional pacing and plot. It later became an acclaimed cult film regarded as one of
the alltime best science fiction movies. Hailed for its production design depicting a"
retrofitted “future,’ Blade Runner "is a leading example of neo-noir cinema. The soundtrack,
composed by Vangelis, was nominated in 1983 for a BAFTA and a Golden Globe as best
original score.

The film has influenced many science fiction films, video games, anime, and television series.
It brought the work of Philip K. Dick to the attention of Hollywood, and several later big-
budget films were based on his work. In the year after its release," Blade Runner "won the
Huao Award for Best Dramatic Presentation, and in 1993 it was selected for preservation in

Machine

eading Project - NAVER LABS Europe



Multi Documents Answering

How much time is needed to cook chinese noodles ? Wikipedia B Answer

Answer the question

Matched documents

Unlike many Western noodles and pastas, Chinese noodles made from wheat flour are
usually made from salted dough and therefore do not require the addition of salt to the liquid
in which they are boiled. less
than 5 minutes

Chinese noodles

Instant noodle

; iy Chinese noodles made from rice or mung
Malaysian cuisine %
bean starch do not generally contain salt.

|
Beef noodle soup These noodles are made only with wheat flour and water. If the intended product are dried

) noodles, salt is almost always added to the recipe.
Silver needle noodles




Multi Documents Answering

Where henri lebesgue graduated from ? Wikipedia el Answer

Answer the question

Matched documents

; Henri Lebesgue
Henri Lebesgue 376.96

In 1894 Lebesgue was accepted at the Ecole Normale Supérieure, where he continued to
Lebesgue measure focus his energy on the study of mathematics, graduating in 1897.
Ecole Normale Supérieure

Lebesgue integration

At the same time he started his graduate studies at the
Lebesgue constant Sorbonne, where he learned about Emile Borel's work on the incipient measure theory and
(interpolation) Camille Jordan's work on the Jordan measure. In 1899 he moved to a teaching position at
the Lycée Central in Nancy, while continuing work on his doctorate. In 1902 he earned his
Integral Ph.D. from the Sorbonne with the seminal thesis on" Integral, Length, Area ", submitted with
Borel, four years older, as advisor.




Machine Reading

motivations

Human knowledge is (mainly) stored in
natural language
of knowledge transcription

Languages assume apriori knowledge
of the world a.k.a common sense

Language is efficient because of its
contextuallity that leads to ambiguity
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Machine Reading

Definition

"A machine comprehends a passage of text if, for any question regarding that text,
it can be answered correctly by a majority of native speakers.

The machine needs to provide a string which human readers would agree both
1. Answers that question
2. Does not contain information irrelevant to that question.” (Burges, 2073)

Applications

Collection of documents as KB
Social media mining

Towards the Machine Comprehension of Text: An Essay

Christopher J.C. Burges

» Dialog understanding Microsoft Research
N : _ H One Microsoft Way
Fact checking — Fake news detection i WG Y TN

December 23, 2013




Knowledge Base approach =

Target
Textual Ontology

Documents

: Structured
Reading data

Machine Q= /%h Reasoning
5 0% Machine
Answer
‘A system that produces machine operable g
representations of texts” Structured

[1] Machine Reading, Pefas et al, 2011

(a) Query Graph 1 O



Knowledge Base approach

“ A system that produces machine operable
representations of texts ”

... but we have 3 problems here

1. Fixed/Predefined ontologies
2. Fixed/Predefined lexical domain

3. Data duplication by structuration




Information retrieval approach

Google  show me things to do there a |
“Information Retrieval (IR) is finding material, usually e
documents, of an unstructured nature, usually text, oo bt
that satisfies an information need from within large Y R0 A A A S ——
collections usually stored on computers.” Manning, Show Me How: 500 Things You Should Know - Instructions for Life
Introduction to IR. Sro o 4 160t

How there's something | < »
Growth in Question Phrases Year over Year

ead Like Me - Wikipedia, the free encyclopedia
e Show was Create

3 what to do with 1k

Google Voice Search Queries =

Who Wit When Whara Why o ot Up >35x Since 2008 & >7x Since 2010, per Google Trends

P

v

Goage Trends imply queri with have
>35x since 2008 zn launch of iPhone &Googie Voice Search

Google Trends, Worldwide, 2008 - 2016

[2] Introduction to information Retrieval, Manning et al, 2008 e



Classic Deep NLP approach

“Machine reading, yet another (Deep) NLP task 7 ”

... but we have 3 problems here

1. Is (Language dependant) syntax a requirement
to semantics ?

2. Additional (unnecessary) requirement
 Annotations
* Priors

3. Not end-to-end machine comprehension




Machine Reading

as Multi-choice question task

MCTest
* 500 passages
« 2000 guestions about simple stories

RACE
« 28,000 passages
« 100,000 questions from English comprehension
tests

|b] ]
1 1
L(b;ﬁ‘):mZ(S({q,d}i;H)—S{q,d},-)z L(b:0) = Bl E maX{O,S— S{q,dl}i—S[q,dz}f}
i=1 i=1

[5] MCTest: A Challenge Dataset for the Open-Domain Machine Comprehension of Text,
Richardson et al, 2013

[6] RACE: Large-scale ReAding Comprehension Dataset From Examinations,

Lai et al, 2017

James the Turtle was alwawys getting in trouble.
Sometimes he'd reach into the freezer and empty out
all the food. Other times he'd sled on the deck and get
a splinter. His aunt Janc tricd as hard as she could to
keep him out of trouble, but he was sneaky and got
into lots of rouble behind her back.

OUne day, James thought he would go into town and
sze what kind of trouble he could get into. He went to
the grocery swre and pulled all the pudding ofT the
shelves and ate two jars. Then he walked to the fast
food restaurant and ordered 15 bags of fries. He did-
't pay, and instead headed home.

His aum was waiting for him in s room. She told
James that she loved him, but he would have o start
acting like a well beohawved turtle,

After about a month, and after getting into lots of
trouble, James finally made up his mind to be a better
turtle.

1) What is the name of the trouble making turtle?
A) Fries

B) Pudding

C) James

) Tane

2) Wha: did James pull off of the shelves in the gro-
cery store?

A) padding

B) fries

C) food

) aplinters

3) Where did James go afier he went to the grocery
store?

A) his deck

B) his freezer

C) a fast food restaurant

) his roorn

4) What did Jzames do after he ordered the fries?
A) went to the grocery store

B) went home without paying

C) ate them

D) madez up his mind to be a better turtle 14




Machine Reading

as Span selection

SQuAD
« 500 passages
« 100,000 questions on Wikipedia text
« Human annotated

TriviaQA
« 95k questions
« 650k evidence documents
« distant supervision

1 N J A R
CCE:—Ng Z;y}-log(yj)ﬂl =) - log(1 =3

In metecrology, precipitation is any product
of the condensation of atmospheric water vapor
that falls under gravity. The main forms of pre-
cipitation include drizzle, rain, sleet, snow, grau-
pel and hail... Precipitation forms as smaller
droplets coalesce via collision with other rain
drops or ice crystals within a cloud. Short, in-
tense perinds of rain in scattered locations are
called “showers” .

What causes precipitation to fall?
gravity

What is anothar main form of precipitation he-
sides drizzle, rain, snow, sleat and hail?
graupel

Where do water dreplets collide with ice crystals
to form precipitation?
within a cloud

[6] SQUAD: 100,000+ Questions for Machine Comprehension of Text, Liang et al, 2016

[7] TriviaQA: A Large Scale Distantly Supervised Challenge Dataset for Reading Comprehension, Zottlemoyer et al, 2017

15



Machine reading

Reasoning over knowledge extraction

— Textual data can specify reasoning
capabilities

— Goal: build machines that can "understand
" textual information, /e converting it into
interpretable structured knowledge to be
leveraged by humans and other machines
alike.

— Optimized with categorical cross-entropy
loss

1 N J . . A
CCE = —Eg‘;;y}-mg(yj)ﬂl =) - log(1 =3y

Task 1: Single Supporting Fact
Mary went to the bathroom.
John moved to the hallway.
Mary travelled to the office.
Where is Mary? Aoffice

Task 2: Two Supporting Facts
John is in the playground.
John picked up the football.
Bob went to the kitchen.
Where is the football? A:playground

Task 3: Three Supporting Facts
John picked up the apple.
John went to the office.
John went to the kitchen
John dropped the apple.
Where was the apple before the kitchen? Aoffice

Task 4: Two Argument Relations
The office is north of the bedroom
The bedroom is north of the bathroom.
The kitchen is west of the garden.
What 1s north of the bedroom? A: office
What is the bedroom north of? A: bathroom

Task 5: Three Argument Relations

Mary gave the cake to Fred.

Fred gave the cake to Bill.

Jeff was given the milk by Bill.

Who gave the cake to Fred? A: Mary
Who did Fred give the cake to? A: Bill

Task 6: Yes/No Questions

John moved to the playground.
Daniel went to the bathroom.
John went back to the hallway.

Is John in the playground? A:no
Is Daniel in the bathroom? A:yes

Task 7: Counting

Daniel picked up the football.

Daniel dropped the football.

Daniel got the milk.

Daniel took the apple

How many objects is Daniel holding? A: two

Task 8: Lists/Sets

Daniel picks up the football.

Daniel drops the newspaper.

Daniel picks up the milk.

John took the apple

What is Daniel holding? milk, football

Task 9: Simple Negation
Sandra travelled to the office
Fred 1s no longer in the office.
Is Fred in the office? A:no
Is Sandra in the office? A ves

Task 10: Indefinite Knowledge
John is either in the classroom or the playground.
Sandra is in the garden.
Is John in the classroom? A:maybe
Is John in the office? A:no

[9] Towards Al-Complete Question Answering: A Set of Prerequisite Toy Tasks, Weston and al

16




Machine Reading

Datasets

Before 2015:

e MCTest (Richardson et al,
2013): 2600 gquestions

o ProcessBank (Berant et al,

2014): 500 questions

Aﬂeri 2015:

-  CNN/Daily Mail
n Children Book Test
. G WikiReading

. ﬁf“ LAMBADA

| '{

. . SQuAD
+ @3 Who did What

* Maluuba NewsQA

¢ = MS MARCO
* naver DSTC6-TT

17



Building blocks

Recurrent Neural Network

one to one one to many many to one many to many many to many
LSTM with a forget gate ] (] |:| D ] ] D |:| BERER
fe = ag(Wyay + Ushy—y + by) t 1ttt 1 iR Tttt
(- 00 000 00060 0O
0 = 09 (Woze + Uphis + bo) 1 ¥ A T e $
et = froer 1 +ip oo (Wezy +Uchy 1 +be) ] [ ] D D ] D |:| (] F10][]
hy = ot o o (ct) L L] L L I

where the initial values are ¢g = 0 and hyg = 0
and the operator o denotes the Hadamard product (entry-wise product). B
The subscripts ¢ refer to the time step.

Variables

ez; € R®: input vector to the LSTM unit
of, € R": forget gate's activation vector
oy € R": input gate's activation vector
°0; € R": output gate's activation vector
ohy € R": output vector of the LSTM unit
ec; € R™: cell state vector

W e R U e R and b € R": weight matrices and bias vector parameters : . . wise  man.

[10] Long Short Term Memory, Schmidhuber et al, 1997 18




[11] Convolutional Neural Networks for Sentence Classification, Kim et al, 2017

Building blocks

Convolutional Network

Elements: [T 7

7 "~.\~ |— Softmax
* Input sentence: X =x1©SX2® ... BXy, [T 7 77
P Sl . N Fully connected layer
o P * — generated using max
. i _.,-‘” ""-..\ “-\ over-time pooling
« Output local feature: ¢ = /(W Xiizn-1+0) N Sy =
/—/_/f i 4 If .r/ 7 1/
7 5 ~ L Convolutional layer
J \ K v ' [ with multiple filters
« Feature map: c=lc1.co.. o cnni] ¥
’

. / / / -~ / reresomtor
« Max-pooling layer [ with matrixs

Prozac is making me very wvery hungry

« Fully connected layer with softmax output for classification tasks

. Trivial to parallelize

19



Building blocks

Attention mechanism In Neural Machine Translation

X, X X X

x;

Encode each work in the input and output
sentence into a vector

Perform a linear combination of these vectors,
weighted by « attention score »

Use this combination as support to pick the
next word

exp (score(hy, hy))

' - [Attention weights (1)
o1 exp (score(hy, hy)) |

- Z”“'&* |Context vector| (2)
fle hy) = tanh(W,|e;: hyl) [Attention vector| (3)

[12] Neural Machine Translation by Jointly Learning to Align and Translate, Badhanau et al, 2015 20



Building blocks

Self-Attention mechanism

Each element in the sentence attends to other elements from the SAME sentence = context

sensitive encodings!
this Iis an example

Convolution T
[ ] [ ] L] \ L J L] L] .
L ‘% \ L ] [ IS
an
Self-Attention example

S

] -

[13] Attention Is All You Need, Polosukhin et al, 2017 21



Building blocks

Pointer Networks

» Pointer networks are a variation of the seq-to-seq models.

> Instead of translating one sequence into another, the output is a sequence of
pointers to the elements of the input series (i.e a permutation of the input

sequence)

(b) Ptr-Net

(a) Sequence-to-Sequence

[14] Pointer Networks, Vinyals et al, 2015

22



Extractive models

Attention Sum Reader Network

Input text

Embeddings

Recurrent
neural
networks

Dot products

Softmax s;
over words
in the
document

g

Document

Question

..... Obamai and | Putin| ...
s e(0bama) | eland) ée(Putinjé

| said éDbam&i in Prague

| e(said) ;(ohamaje[in) ?{nguej

1 il i i
AR S U T UL TSI S N

Probability of
the answer

P(Obamalqg,d) =
iel(obama,d)

—, S
5 =SJ'+SJ'+5

YOO visited | Prague

0000 ?e(uis.ited]? £(Prague]

[15] Text Understanding with the Attention Sum Reader Network, Kadlec et al, 2016

si o exp (fi(d) - g(q)) (1)
P(w|q,d) Z Si (2)
i€l (w,d)

where I(w, d) is a set of positions where w ap-
pears in the document d.

fi(d) = Fi(d) || (@),
glq) =

(@ = Jq(@) || 71(q).

23



Extractive models

Bidirectional Attention Flow for Machine Comprehension

Output Layer

Modeling Layer

Attention Flow
Layer

Contextual
Embed Layer

Word Embed
Layer

Character
Embed Layer

Start End

| Danss +Softmax

| LSTM + Softmax |

1y

[l
[]

m

O 1]
u

LSTM

[] []

2 Ir

LSTM

o]

Query2Context and Context2Query

Attention
by h, hy
=
L] []
Ol O O d
O O &8 -
X4 Xz X3 X1
Context

Query2Context
palenl r.'1 r.'1 r._l r.'1 U
i
= (LSETTENEL o,
D AIBITM DN

Lrgu age spu sge o (=2 Uy

o
Hi

* u
W

Lageatsags gs g ".ﬂ L

Word Character
Embedding Embedding

| GLOVE | |Char—CNN|

CNN DailyMail

val test  val test
Aftentive Reader (Hermann et al., 2015) 61.6 630 705 690
MemNN (Hill et al., 2016) 634 68 - -
AS Reader (Kadlec et al., 2016) 68.6 695 750 739
DER Network (Kobayashi et al., 2016) 713 729 - -
Tterative Attention (Sordoni et al., 2016) 72.6 733 - -
EpiReader (Trischler et al., 2016) 734 740 - -
Stanford AR (Chen et al., 2016) 73.8 736 776 766
GAReader (Dhingra et al., 2016) 73.0 738 767 757
AcA Reader (Cui et al., 2016) 731 744 - -
ReasoNet (Shen et al., 2016) 729 747 776 766
BIDAF (Ours) 763 769 803 T9.6
MemNN* (Hill et al., 2016) 66.2 694 - -
ASReader® (Kadlec et al., 2016) 73.9 754 787 777
Tterative Attention® (Sordoni et al., 2016) 74.5 757 - -
GA Reader” (Dhingra et al., 2016) 764 774 791 781
Stanford AR™ (Chen et al., 2016) 772 77.6 802 792

[16] Bidirectional Attention Flow for Machine Comprehension, Seo et al, 2016

24



Extractive models

R-Net P(Begin) P(End)
@ N Ill B | | |
Answer Prediction
pﬂ-olingI )
> Extractive model - - *
PP hP
. . ttenti
> Fully differentiable TR e g U8

Based on 4 stacked layers

¥

Language independent

+
|
]
i-
__|
-
_]l—_”_—
]
]
[ IF™
1]
'I
1]
=
ar
("]
i
ar
oy
m
w
1+
®,
h
=
an
a
(n]
=
=
=
oy

-
T T Question & Passage Encoding
Word
E . - - B Croracter
Question Passage
[17] R-Net, technical report, Microsoft Asia, 2017 Figure 1: R-NET structure overview. 55



Extractive modaels
Google QANet

Extractive model

 Fully differentiable

« Non-autoregressive model
« Language independant

« « Attention is All you Need »

Model

Start Probability

End Probability

Stacked Model
Encoder Blocks
Stacked Model
Encoder Blocks
Stacked Model
Encoder Blocks

( Context-Query Attention )

Encoder Blocks
O0O0O 00O

Context Question

Stacked Embedding
Encoder Blocks

One Encoder
Block T

/

A

— ; Repeat
F.

=DM,

[18] Combining Local Convolution with Global Self-Attention for Reading Comprehension, Google Research, 2017 26



Extractive models

Error analysis

Error type Ratio (%) Example
Conlext: ~The Free Movemert of Workers Regulation articles 1 Context: “Over the next several years in addition to host to host
to 7 set out the main provisions on equal treatment of workers.” interactive connections the network was enhanced to support
Imprecise Question: “Which articles of the Free Movement of Workers terminal to host connections, host to host batch connections
answer 50 Regulation set out the primary provisions on equal treatment of (remote job submission, remote printing, batch file transfer),
boundaries workers?” interactive file transfer, gateways to the Tymnet and Telenet
Prediction: 1 to 77, Answer: “articles 1 to 77 public data networks, X.25 host attachments, gateways to X.25
— - data networks, Ethemnet attached hosts, and eventually TCP/IP
Syntacltic . }?a(gl\li:fzr}itl{enﬁispizg‘?sftftg’;iirt was later found on which Luther Multi- and additional public universities in Michigan join the network.
;:ﬁilnphcatlons 28 Question: “What was later discovered written by Luther?” sentence All C.)f this ;}e t milSEgS% f?,r Merit’s role in the NSFNET project
ambiguities Prediction: “A picce of paper”, Answer: “his last statement” startln.g o " ¢ nnd- 5. . . .,
Question: “What set the stage for Merits role in NSENET
Context: “Generally, education in Australia follows the three- Prediction: “All of this set the stage for Merit ’s role in the
tier model which includes primary education (primary schools), NSFENET project starting in the mid-1980s”, Answer: “Ethernet
followed by secondary education (secondary schools/high attached hosts, and eventually TCP/IP and additional public
Paraphrase " schools) ”and tertiary education (universities and/or TAFE universities in Michigan join the network”
problems collch?s). ) ) ) i _
Question: “What is the first model of education, in the Aus- Context: “English chemist Tohn Mayow (1641-1679) refined
tralian system?” this work by showing that fire requires only a part of air that
Prediction: “three-tier”, Answer: “primary education” ];z;g)iztssing he called spiritus nitroaereus or just nitroaereus.”
Context: “On June 4, 2014, the NFL announced that the Q“es,tlo,n: ;[?hn Mayow;chcdm Whit ycar’:?
practice of branding Super Bowl games with Roman numerals, Prediction: “1641-1679", Answer: 1679
a practice established at Super Bowl V, would be temporarily
External suspended, and that the game would be named using Arabic
knowledge 4 numerals as Super Bowl 50 as opposed to Super Bowl L.”

Question: “If Roman numerals were used in the naming of the
50th Super Bowl, which one would have been used?’
Prediction: “Super Bowl 50”, Answer: “L”




Predicted
Utterance

Reasoning models

Gated End-to-end memory networks
m, = A®(x;) u = B®(q)

‘ ( )T gated controller
p; = softmax(u'm;) update

o= Zpicz-
i

T"(u*) = G(W,ﬁ-u"" + b‘})

W = o O THuk) +uk © (1 - TH(uh))

-1}

a = softmax(uT w’ P(yq), ..., UTW’(I)('9'|C|))

Utterances
i

Toeres

Properties
« End-to-End memory access regulation
» Close to Highway Network and Residual Network

{4

[19] Gated End-to-End Memory Network, Liu and Perez, EACL 2017 Utterance =1, 08



20 bADbi tasks:

Benchmark results

Baseline MemNZN
Strongly PE 1 hop 2hops | 3 hops PE PE LS

Supervised LSTM | MemNN PE LS PELS PELS PELS | LSRN Lw
Task MemNN [22] [22] WSH Bow PE LS RN joint joint Jjoint joint joint
1: 1 supporting fact 0.0 50.0 0.1 0.6 0.1 0.2 0.0 0.8 0.0 0.1 0.0 0.1
2: 2 supporting facts 0.0 80.0 428 17.6 21.6 12.8 83 62.0 15.6 14.0 114 188
3: 3 supporting facts 0.0 80.0 T6.4 71.0 64.2 58.8 403 769 316 33.1 219 31.7
4: 2 argument relations 0.0 39.0 40.3 320 38 11.6 2.8 228 2.2 57 134 17.5
5: 3 argument relations 20 30.0 16.3 18.3 14.1 15.7 13.1 11.0 134 14.8 144 129
6: yes/no questions 0.0 52.0 51.0 8.7 79 8.7 7.6 7.2 23 33 28 20
7: counting 15.0 51.0 36.1 235 216 | 20.3 17.3 159 254 17.9 183 10.1
8: lists/sets 9.0 55.0 378 11.4 12.6 12.7 10.0 132 11.7 10.1 9.3 6.1
9: simple negation 0.0 36.0 359 21.1 233 17.0 | 132 5.1 2.0 31 1.9 1.5
10: indefinite knowledge 2.0 56.0 68.7 22.8 17.4 | 18.6 15.1 10.6 5.0 6.6 6.5 2.6
11: basic coreference 0.0 38.0 30.0 4.1 43 0.0 09 8.4 1.2 0.9 0.3 33
12: conjunction 0.0 26.0 10.1 0.3 0.3 0.1 0.2 0.4 0.0 0.3 0.1 0.0
13: compound coreference 0.0 6.0 19.7 10.5 99 0.3 0.4 6.3 0.2 1.4 0.2 0.5
14: time reasoning 1.0 73.0 18.3 1.3 1.8 20 1.7 36.9 8.1 8.2 6.9 2.0
15: basic deduction 0.0 T79.0 64.8 243 0.0 0.0 0.0 46.4 0.5 0.0 0.0 1.8
16: basic induction 0.0 77.0 50.5 52.0 52.1 1.6 1.3 474 51.3 35 27 51.0
17: positional reasoning 35.0 49.0 50.9 454 50.1 49.0 51.0 44.4 41.2 44.5 404 426
18: size reasoning 5.0 48.0 51.3 48.1 13.6 10.1 11.1 9.6 10.3 92 9.4 9.2
19: path finding 64.0 92.0 100.0 89.7 874 | 856 | 828 90.7 89.9 90.2 88.0 90.6
20 agent’s motivation 0.0 9.0 3.6 0.1 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.2
Mean error (%) 6.7 51.3 40.2 25.1 20.3 16.3 13.9 25.8 15.6 13.3 124 15.2
Failed tasks (err. > 5%) 4 20 18 15 13 12 11 17 11 11 11 10
On 10k training data
Mean error (%) 32 36.4 39.2 15.4 94 7.2 6.6 245 109 79 75 11.0
Failed tasks (err. > 5%) 2 16 17 9 li] 4 4 16 7 6 6 6

Table 1: Test error rates (%) on the 20 QA tasks for models using 1k training examples (mean
test errors for 10k training examples are shown at the bottom).
representation; PE = position encoding representation; LS = linear start training; RN = random
injection of time index noise; LW = RNN-style layer-wise weight tying (if not stated, adjacent

Key: BoW = bag-of-words

weight tying is used); joint = joint training on all tasks (as opposed to per-task training).

29



Dialog State tracking
Examples & Definition

Slot User may give as a constraint?
area Yes, 15 possible values
children allowed | Yes, 2 possible values
Utterance Food food Yes, 28 possible values
2 has internet Yes, 2 possible values
S _Hello, How may I help you: has tv Yes, 2 possible values
Ul daP i t tinth th rt of : name Yes, 163 possible values
need a Persian restaurant in the south part o 0.2 Persian ;
near Yes, 52 possible values
town. pricerange Yes, 4 possible values
. . Yes, 3 possible values (restaurant, pub, cof-
? ) ’ ;)
S What kind of food would you like? type feeshop)
: . addr No
U Persian. 0.8 Persian one No
S I'msorry but there is no restaurant serving persian pubecas §°
price [§)
food
Informable slots in DSTC3 (Tourist Information Domain)
U How about Portuguese food? 0.4 Persian
S Are you looking for Portuguese food? 0.6 Portuguese Slot User may give as a constraint?
Uy ] area Yes, 5 possible values
es. 0.1 Persian food Yes, 91 possible values
S Nandos is a nice place in the south of town serving ~ 0-2  Portuguese name | Yes, 113 possible values
pricerange | Yes, 3 possible values
tasty Portuguese food. addr No
phone No
postcode No
signature | No

Informable slots in DSTC2 (Restaurant Information Domain)

[20] The third Dialog State Tracking Challenge, Henderson et al, 2016 30



Dialogue State Tracking

State of the art

Generative

« {Factorial} HMM
« Particle Filter

Discriminative

 Rule-based
« CRF/Max Entropy
« Deep Neural Network

t t—T+1 0...t=T)
;
/1\
fa
5 N
S

Figure 1: The Neural Network structure for computing
E (t, v) € R for each possible value v in the set S;, ;. The
vector f is a concatenation of all the input nodes.

[21] A generalized rule based tracker for dialogue state tracking, Yu et al, 2014

[22] Deep Neural Network Approach for the Dialog State Tracking Challenge, Henderson et al, 2014
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Dialog State Tracking

Open Challenges

1. Longer context
[ Good Morning, how can | help you ]

2. Looser SUpervision schema [ I need a car for March 10t to go to Paris ]

3. Reasoning capability | Ok, I'm checking this

and find me a cheap hotel for ’

4. Minimize intermediary reps
— Fixed Ontology (
— Fixed KB

(-_-) “ 1

[23] Dialog State Tracking, a machine reading approach using deep memory networks, Perez and Liu, EACL 2017




Dialog State Tracking

Machine reading approach

Index | Actor | Utterance

| Cust Im looking for a cheap restaurant in the west or east part of town.

2 Agent | Thanh Binh is a nice restaurant in the west of town in the cheap price range.
3 Cust | What is the address and post code.

4 Agent | Thanh Binh is on magdalene street city centre.

5 Cust | Thank you goodbye.

6 Factoid Question What is the pricerange ? Answer: {Cheap}

7 Yes/No Question Is the Pricerange Expensive ? Answer: {No}

8 Indefinite Knowledge Is the FoodType chinese ? Answer: {Maybe }

8 Listing task What are the areas ? Answer: {West,East}

Table 1. State tracking as machine reading task

[23] Dialog State Tracking, a machine reading approach using deep memory networks, Perez and Liu, EACL 2017
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Dialog State tracking

with End-to-End Memory Network Answer | Cheap |
L___A ______ 1
‘Memory Module . g lPrewn | ‘.
: y [ Weighted Sum ] O.1m1 + 07m2 + 02?7’&3 R — :
| J— - > W) :
i ) R 9l
| {0.1,0.7,0.2} ! S !
| A B S !
E [ Dot product + softmax }( : : ,&’\1 Q i
| | ! i
E my, ma, m?)} E : :
o - o TVinat s e |
: 1: Hi, howcan | | L2 I’'m looking for ' ' 3:doyou have ;! Pricer;gei :
i Helpyou? :  Acheap restaurantin : a preference
""""""""""" i Thenorthoftown . . forthetype? | Question

___________________________________________________

Input story

[23] Dialog State Tracking, a machine reading approach using deep memory networks, Perez and Liu, EACL 2017



End-to-End Memory Network

Results on DSTC-2 — Goal Tracking and Reasoning

[24] Dialog State Tracking, a machine
reading approach using deep memory

networks, Perez et Liu, EACL 2017

Variable d Yes-No | I.LK. | Count. | List.
20 | 0.85 0.79 | 0.89 0.41
Food 40 | 0.83 0.84 | 0.88 0.42
60 | 0.82 0.82 | 0.90 0.39
20 | 0.86 0.83 | 0.94 0.79
Area 40 | 0.90 0.89 | 0.96 0.75
60 | 0.88 0.90 | 0.95 0.78
20 | 0.93 0.86 | 0.93 0.83
PriceRange | 40 | 0.92 0.85 | 0.90 0.80
60 | 0.91 0.85 | 0.91 0.81

Model Area | Food | Price | Joint
RNN - no dict. 092 | 0.86 | 0.86 | 0.69
RNN + sem. dict. 091 | 0.86 | 0.93 | 0.73
NBT-DNN 090 | 0.84 | 0.94 @ 0.72
NBT-CNN 090 | 0.83 | 0.93 | 0.72
MemN2N(d =40) | 0.89 | 0.88 | 0.95 | 0.74




Dialog

state tracking

Machine reading approach

On “one supporting fact” task (DSTC-2 dataset): 83% acc vs 79% for the sota.

Table 11: Attention shifting example for the PriceRange slot from DSTC2 dataset
Actor | Utterance Hop 1 | Hop 2 | Hop3 | Hop4 | Hop 5
Cust Im looking for a cheap restaurant that serves chinese food | 0.00 0.14 0.01 0.00 0.00
Agent | What part of town do you have in mind 0.02 0.17 0.05 0.00 0.00
Cust [ dont care 0.00 | 0.00 0.14 0.00 0.00
Agent | Rice house serves chinese food in the cheap price range 0.00 0.02 0.03
Cust What is the address and telephone number 0.07 0.15 0.00 0.00
Agent | Sure rice house is on mill road city centre 0.03 0.01 0.13 0.02 0.00
Cust Phone number | 0.00 0.01 0.03 0.00 0.00
Agent | The phone number of rice house 15 763-239-09 0.37 0.45 0.00 0.00
Cust Thank you good bye | 0.00 0.00 0.00 0.00 0.00
What is the pricerange 7 Answer: cheap

[24] Dialog State Tracking, a machine reading approach, Perez and Liu, 2017
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Review reading

Inspiration from relational visual question answering [Johnson et al, 2017]

Q: What is the shape of the Q: What color is the object Q: What color ball is close

large item. mostly occluded that is a different size? A: to the small purple cylinder?
by the metallic cube? A: purple v A:gray v
sphere v/

Q: What color is the metallic Q: What is the object made Q: What is the color of the
cylinder in front of the silver of hiding behind the green ball that is farthest away?
cylinder? A: cyan v/ cube? A: rubber v A: blue v

\‘.

Q: How many square Q: What object is to the far Q: Are the yellow blocks the
objects are in the picture? right? A: cube v same? A: no v
A4/

Q: What color is the center

Q: Can a ball stay still on Q: How many other objects
top of one another? A: yes object? A: blue v are the same size as the
(no) X blue ball? A: 7 v/

Q: What color block is
farthest front? A: purple v

Q: Are any objects gold? A

Q:How many matte cubes Q:How many spheres are

Q: What object looks like a
caramel? A: cube v

Q: What shape is the
smallestt object in this

Q: How many small objects

Q: What color is the largest

p.s. Here are some more examples of the model’s predictions. See how the model correctly handle questions that involve obstructions,
object uniqueness, relative distances, superlatives, varied vocabulary.
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Review reading

ReviewQA: a relational aspect-based opinion reading dataset

Hotel: BEST WESTERN Corona
Title: Convenient Location. Helpful Staff.
Overall rating:  Yrivvrivd

Comment: | just needed a place to sleep and this place was ideally
located for my meetings. Plimlico tube is only a few minutes walk.

Room was small but clean. Staff very helpful. Breakfast OK.

Ratings
Service  Yriririvk Location  Yeirirvevy
Rooms %% % Cleanliness  Yrixirvrk

Task Natural Language Questions

5  Whatis the rating of service?
Is the client satisfied with the location?

w

&
Yes

7 Does the customer prefer the service or the room?  Service

| # documents | # queries

Train 90.000 528.665
Test 10.000 58.827
Total | 100.000 | 587.492

Task id | Description/Comment Example Expected
answer
1 Detection of an aspect in are- s sleep quality mentioned in this  Yes/No
view. review?
2 Prediction of the customer Is the client satisfy by this hotel? Yes/No
general satisfaction.
3 Prediction of the global trend s the client satisfied with the Yes/No
of an aspect in a given review. cleanliness of the hotel?
4 Prediction of whether the rat- |s the rating of location under 4?  Yes/No
ing of a given aspect is above
or under a given value.
5 Prediction of the exact rating What is the rating of the aspect A rating be-
of an aspect in a review. Value in this review? tween 1 and
5
6 Prediction of the list of all Can you give me alist of allthe a list of as-
the positive/negative aspects positive aspects in this review?  pects
mentioned in the review.
7.0 Comparison between as- Is the sleep quality better than Yes/No
pects. the service in this hotel?
7.1 Which one of these two aspects, an aspect
service, location has the best
rating?
8 Prediction of the strengths What is the best aspect rated in  an aspect

and weaknesses in a review.

[25] ReviewQA: a relational aspect-based opinion reading dataset, Grail and Perez, 2018

this comment?

38



Fact checking

Given a claim, retrieve evidence documents for and

against it

Given evidence documents, find relevant paragraphs

and sentences in it

For claim and each evidence paragraph and

sentence: detect stance of paragraph sentence

towards a claim/target

Headline [ “Robert Plant Ripped up $800M Led Zeppeli

Body Text Snippets of different Stances

[ “... Led Zeppelin’s Robert Plant turned down £500 MILLION to reform supergroup. ...”

“... No, Robert Plant did not rip up an $800 million deal to get Led Zeppelin back together. ...

‘ “... Robert Plant reportedly tore up an $800 million Led Zeppelin reunion deal. ...”

“.. Richard Branson’s Virgin Galactic is set to launch SpaceShipTwo today. ...”

[26] http://www.fakenewschallenge.org/ , 2017

Disagree
Discuss

Unrelated

Stance detection:

Tweet: Be prepared - if we continue the
policies of the liberal left, we will be #Greece
Target: Donald Trump
Label: favor
Fake news detection:
Document: Dino Ferrari hooked the whopper
wels caffish, (...), which could be the biggest
in the world.

Headline: Fisherman lands 19 STONE
catfish which could be the biggest in the
world to be hooked
Label: agree

Natural language inference:
Premise: Fun for only children
Hypothesis: Fun for adults and children
Label: contradiction

# Headline-body pairs
# Headlines

# Bodies

# Bodies in test set

49972 ( Headline ] { Body Text
1648 . o s /
1683 26% Weighted Score

169 Related

# Headline-body pairs in test set 5025

Average # tokens of headline 12.6

Yes
75% Weighted Score

Average # tokens of body 427.5 Agree - — Relationship~

Unrelated  Discuss
73.1% 17.8%

Agree  Disagree
74%  1.7%

Discuss

Table 1: Statistics of FNCI dataset

Figure 2: Score Metric for FNC1
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http://www.fakenewschallenge.org/

Open Questions

Multi-document Open-Domain Question answering

Q: How many of Warsaw's inhabitants
spoke Polish in 19337

|

e N Document e Document

ol GO  Retriever i ... Reader

L Q) eyt e oot o et e

2 — |y » 833,500

“ - S vesbs eitn v SAosm i ey e )
WIKIPEDIA , X
The Free Encyclopedia O t
/7
$ f

Figure 1: An overview of our question answering system DrQA.

[27] Reading Wikipedia to Answer Open-Domain Questions, Chen et al, 2017
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Open Questions

Multi document reasoning

Most Reading Comprehension methods

limit themselves to queries which can be
answered using a single sentence, paragraph,
or document.

Enabling models to combine disjoint
pieces of textual evidence would extend the
scope of machine comprehension

Text understanding across multiple
documents and to investigate the limits of
existing methods.

Toward ensemblist operations (union, intersection,

selection ...)

The Hanging Gardens, in [Mumbai], also known as
Pherozeshah Mehta Gardens, are terraced gardens ...
They provide sunset views over the [Arabian Sea) ...

Mumbai (also known as Bombay, the official name until
1985) is the capital city of the Indian state of Maharashtra
It is the most populous city in India ...

The Arabian Sea is a region of the northern Indian Ocean
bounded on the north by Pakistan and Iran, on the west by
northeastern Somalia and the Arabian Peninsula, and on the
gast by India ...

Q: (Hanging gardens of Mumbai, country, ?)
Options: {Iran, India, Pakistan, Somalia, ...}

[28] Constructing Datasets for Multi-hop Reading Comprehension Across Documents, Riedel et al, 2017 41



Open Questions

Adversarial Examples

« Add a sentence or word string specifically
designed to distract the model

« Drops accuracy of state-of-the-art models
from 81% to 46% of Exact Match accuracy

« Current issue of deep models, already
observed on image tasks

AddSent
What city did Tesla move to Prague
] 8 ?
in 1880 (Step 1) (Step 2)
Mutate Generate
question fake answer

What city did Tadakatsu move to Chicago
in 18817
(Step 3)
Convert into
statement

Tadakatsu moved the city of
Chicago to in 1881.

(Step 4)

Fix errors with
crowdwaorkers,
verify resulting
sentences with
other crowdworkers

Adversary Adds: Tadakatsu moved to the city
of Chicago in 1881.
Model Pregicts: Chicago

[29] Adversarial Examples for Evaluating Reading Comprehension Systems, Liang et al, 2017 42




Conclusions

Machine reading paradigm, a next step toward natural language

comprehension

Promissing results are already available

Deep learning is (currently) a major enabler of this recent development
Machine reading is a playground for (deep) machine learning research
Very active community (Datasets, papers and codes)

A lot of challenges with numerous possible impacts
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