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o Query
Representation

Neural

Query Network

HFGaFEREHE Matching score

Neural

Document Network

Document
Representation

Query
HFZTHEZNA L signals Aggregation Matching score

Document

Matching




BT OFRTHGIA

Posterior probability
computed by softmax

P(D;|0) P(D;| Q) P(D,|0)

Relevance measured

by cosine similarity R(Q, D) R(Q, D»)
Semantic feature 128 128
/3 300 300
Multi-layer non- f ?
linear projection [5 300 300
Word Hashing . & 30k 30k
Term Vector X 500k 500k
Q D/ D2 Dn

DSSM: Learning Deep Structured Semantic Models for Web Search using Click-through Data (Huang et al., CIKM’13)



BT OFRTHGIA

Relevance measured

by cosine similarity sim(X, Y)

, 4 45
Semantic layer h 128 128 st HEKRNS
+ + -s"ll
Max pooling layer V 300 300 5
r A N\ 4 o Dy 7] j :
. J
Convolutional layer G = z
S -
r N N
Word hashing layer  f, frabee) Y T e, |
Word sequence X Wi W, ..., WP WiLW7, ... W]
= X Y

CNN-DSSM
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qrnn | qrnn?2 qrnn3
attl Q hiddenl att2 Q hidden2 Q hidden3
Quey = =
Embeddings: == é E o Query*_ DOCE/JQ _ﬁé — KQRN N
— — EEEEE m R_RH s L%%UET%EI’JIE)UFFHEA 7]
- ; : = sigmoid
— — ] . o - .
4 ‘—’ Attention#] & Z = QueryF1DocBiE
= = - N—8%E , FHQueryEfDoc E RN
_ __ O FHIEES]  1IENEREEEEH
Doc = — — HEEEE
Embeddings: == : E
— E =
= E —

D hiddenl D hidden2 D hidden3

ZExRT~F> QRNN-ATT
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Doc Embedding

— — = | DLSTM Layerl

—» ) DLSTM Layer2

Query QLSTM QLSTM QLSTM
Embedding Laierl La}ierZ LaIeB

| P = | DLSTM Layer3
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LSTM CNN QRNN
} {
Linear Convolution Convolution
LSTM/Linear — I M Max-Pool > fo-Pool = >
7 7 7 7 7 7 7 7
Linear  [NNNSNNNNNNENE  cConvouton NN Convolution |
LSTM/Linear = - M |— Max-Pool Y fo-Pool = >

v v v v v v v

0
w2

Query : Q hidden z :_i QRN N* mil'%tjﬂﬂ%uag%mﬁg
® o 0o 0o Q- FHIFR , MEINEFLSTM
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. Robust 04

82560519 , 50

iE?i?agEi?&%EEﬂ)ﬁfﬁﬁ%ﬁiﬁ&?iﬁi%akﬂﬂfiﬁE
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*ﬁﬂnp':
EG A ':'EI’J

RENGES I N TSR

, 1RIR

EJ.

UNVESEN NS

L, ERF Tl

, 1R
Iéﬁéﬁl

Traditional IR BM25 0.255 0.418
DSSM 0.095 0.201
Representatio CDSSM 0.067 0.146
n Learning
ARC-1 0.041 0.066
Deep Learning MV-LSTM 0.119 0.185
Approaches to
Matching ARC-2 0.067 0.147
Matching
Function MatchPyramid 0.189 0.330
Learning
Match-SRNN 0.203 0.374
Robust 04
(= REMXALEGA TTEVFHR 2016)




J3iALCR -

ERR@5

Al

0.366
0.364

0.362

0.36
0.358
0.356

0.354
0.352

0.35
0.348

EEREgEn - CNATT

Method ERR@1 ERR@5
Traditional IR BM25 0.181 0.331
EAEQRNN-
Representation AT 0.198 0.350
Learning ——
- =H=QRNN- 0.208 0.363
Deep Learning ATT
Approaches to =V
Matching Matching T.?TI\/I 0.196 0.349
Function Learning E——
— = B
L STM 0.202 0.355

Sogou longtail dataset

SERBEFRRFEINTFOEZS , BEEUISN , #REFIJJARIEAERE

‘Representation LearningtRBIgENEE

A0 F 1

RITZEERE

, TETHRESHU S EE




N BS R EE

21



=g

= /\ S LB =) A

\

+ AN | BEXE | A B8 e HE

BZ&fe, 1979F1B18A AT &EEMIt™, PESEFRTHEBENRF. BF
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o

7I‘TL

2015F 2B 2015F2J5

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

e ProcessBank (Berant et al,

{ CNN/Daily Mail
K3 Children Book Test
+ {5 WikiReading

2014): 500 questions e %% |LAMBADA
® :L\P SQuAD
o Who did What

n
* Maluuba NewsQA

» 25 MS MARCO
* NAVER DSTC6-T

From: “Towards the Machine Comprehension of Text” by Danqgi Chen, 2017.
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From:

1ItEHY - By LR
I8y . HERILE
I —>

“Towards the Machine Comprehension of Text"

by Dangi Chen, 2017.



P(End)

Answer Prediction

pooling

Passage Self-Matching

Question-Passage Matching

Question & Passage Encoding

Word

Question Passage

R-NET: MACHINE READING COMPREHENSION WITH SELF-MATCHING NETWORKS, ACL 2017

25



Google QANET

Model

( Start Probability ) ( End Probability )

)

)

A A
( Softmax ) ( Softmax
T T
( LinTear ) ( LinTear
Concat ( Concat

)

Stacked Model
Encoder Blocks

Stacked Model
Encoder Blocks

Stacked Model
Encoder Blocks

( Context-Query Attention )

Stacked Embedding
Encoder Blocks

Stacked Embedding
Encoder Blocks

( Embedding ) ( Embedding

)

Context Question

One Encoder
Block T

(9 )
( Feedfoward layer )

£

( Layernorm )

*’%‘9

( Self-attention

( Layernorm )

L T

T G{-) Repeat

@)

1

( Layernorm )
L A

\ ( Position Encoding ) /
A

Yu, Adams Wei, et al. "QANet: Combining Local Convolution with Global Self-Attention for Reading Comprehension." arXiv preprint
arXiv.1804.09541 (2018).

20



Google QANET

DATA AUGMENTATION BY BACKTRANSLATION

Autrefois, le thé avait été utilisé surtout pour les
moines bouddhistes pour rester éveillé pendant la méditation.

(translation sentence)

English to French
NMT

K translations l

French to English
NMT

K22 paraphrases

Previously, tea had beeﬁ used primarily for
Buddhist monks to stay awake during meditation.

In the past, tea was used mostly for Buddhist
monks to stay awake during the meditation.

(input sentence)

(paraphrased sentence)

27



KnReader— Incorporating Commonsense Knowledge

Task setup Commonsense knowledge

Story | o
horse [IsUsedfor] riding
The prince was on his white horse, 4
with a in his hand g T [Causes] deatn
ess \ / ]
e pImIcCIpEL . ayvay - human [HasAlfiand
and prepared for his long trip..-----{-} __.
Question | _.mount [RelatedTo]
He mounted his XXXX and rode away.
Candidates
| hand

Commonsense knowledge or factual
background knowledge about entities
and events

1. Knowledge Retrieval
Performs fact retrieval and selects a number of facts

2. Knowledgeable Reader

Use Attention Sum Reader as one of the strongest core
models for single-hop RC and extend it with a knowledge
fact memory that is filled with pre-selected facts.

Knowledgeable Reader: Enhancing Cloze-Style Reading Comprehension with External Commonsense Knowledge, ACL 2018

238



KnReader— Incorporating Commonsense Knowledge

Document Question
_—— Answer placeholder

Cgtx —— N rode  his  JO0RR%

Context ‘ ‘ ‘ ‘ . ‘
Representation " N ) ® 0 O

= NN N AN N TN
ctx

Knowledge facts memory
Actx O éj/ é)/ é)/ %j/ g e
atx rctx+kn of horse UsedFor ride | representations
ctx+kn q ‘; — 2 e e

---------

Token-wise connection

E o - : " r
- B ' H

| OO0 T 0
E§ seoe multiply 2]
P(horse|q,d) = Z a; = a; + Qjue | é = WeU::“d '
agg-l-kn iel(harse.d) E s‘?fr.d-‘ UsedFor‘ ..... - s Pl ‘
R ctx "o 6 OFNONIOL
@\@\é\ GT\GAK 7. o Bl Bt O,_.@:.)_.O
actx-l-kn | ‘ 10.__,:‘ gO____.' N N N

ctx+knd rqctx+kn ' s -
horse IsA animal ¢

= 1l el o (=~

A~ A~ —~0 :m: O

Contet o o olllcreielonae

Knowledge EOE 305 305 FQ'PQT @ﬂ _____
Representation NN foub] prel cobj

/ SRR DS I ot et oottt Lot ','
Cgtx+kn O
e o ctx ctx tx+kn ctx+kn Token-wise connection
Q. sembie = Wi Acext Wzactx-l-kn"' WBagtx + W4actx+kn

Knowledgeable Reader: Enhancing Cloze-Style Reading Comprehension with External Commonsense Knowledge, ACL 2018
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EK-Rnet

2

Question
Pooling

5

Begin Prob End Prob

> . >. Answer Prediction
A A

06

Passage contains
answer Prob

PP attentlon

—1 1 377 >—=] Lk
B | BEhan. 28

0 HD

Question-Passage
Matching

Question & Passage
Encoding

Word
Character

Manual feature

EK-RNett&8! , tHLLIRIGRnetiRE! , EHHREFRENKET (90% ) |,

1 sruy 25, REMIERS

1. BiApassageB SERAIMIR

Passage Self-Matching 2 . T'_' ? . iE‘J i% A \,_;_.ﬁ H:IIJ:%E )\9 |\3‘|':|Z|3%I:I i/ \1|;| ,;, .

JILAT, SCIRSSEL

ablEFA30%

3
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1m, mfmﬂy%ﬁ** %ﬁéﬂm’ﬁ:ﬂ:aﬁ{n 1?L_¢)_ IJ HHﬂ
ELMOEgr A |, EI0_ET3F 9&%7
NTAR]BEANFZEEFREE , 28
RATRAEE o . @ NEFRFEEHITAIRT
\ J
BE  RHRA SIS REEEH S SRS RICEEEHM-LSTM
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HM-LSTM

LEAE=F] :
s ) G ]\ SEFEMR + EREIMVERR

\\\\//j Loss

{ |\I:|)§'tl\l;]\/toerrk } — —yrellogprel — (1 — yrel)logl_prel — logpstart

/T\ — logpend

[ Drei: Match Score ]

Bilinear
Network

[

L &R INE +TFEEVE

/ [:H:H: Attention \
Matrjxw # # # 2?;\)\@_7ré&7”:JE,sjj¢fLﬁ|J

@S
Attention ‘ w
Matrix ‘ P

i — M

e e EeeE §es 3 L T EXAERER T ELMO
. e e o e e = e o ePassage

2EETEE: EBEEE EEE
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Word EmbeddingHYiikpa

—AB N
o LI EFKNNEERFRIAES ; WMEEER F SR,
o IBEEMXLE , HMNEBEZIH ;, AFKER | MFEEZINEE.

o produce filets of smoked bass ; exciting jazz bass player

e Jobs is the CEO of Apple; He finally ate the apple.

Word Sense Disambiguation

35



BERT

OpenAl GPT

ELMO

36



Embeddings from Language Models

o {E5Word Embeddings
o BE—MMaARXYN—MAAE

e EMLoO
o AAFIGFRIINEESEE , ARRIEERBAMNZIESREFAILIEE]
il B&% T N E NS
o XJTFAELTFYHIE—MANFRTEA—FRY

Peters, M. E. et al. Deep contextualized word representations. NAACL (2018). 37



Embeddings from Language Models

EWT\DIQQ

ELMO 2B S

X [aJHY LSTM 1
o fl— 1 EehES

—q_\_ —tf—

]

:4:511 /

=

)

=

{'_'

X |

RIER KAUPA

N

S5 ER

J |

AN

=l

1

Peters, M. E. et al. Deep contextualized word representations. NAACL (2018).

e SR

38



Embeddings from Language Models

o ¥I¥IE 1 Token

=7 .
Ry = {xEM WEM WEM|j=1,...,L}
LM |
= {hy; |7=0,...,L},
— ’ ,
where hﬂ{l i1s the token layer and hﬁ’]y = |h ﬁjy ; t,ﬁ’]y |, for each biLSTM layer.

o FIIEMSERESS . 1%?1[!51%‘%1‘%@59@—#1Iﬁl%i#_fr—’l\**ﬂ
ELMOZaSk _ E( Rk; @task) _ ,Ytask Z SgaSkhIlc;,]y\'/I .
7=0 o
o BISERY NLP {5309 , nILA1E ELMo B MISIEHHERI B MESSIEEAYE
FAERANEERENESERR?L.

39



Embeddings from Language Models

INCREASE
TASK PREVIOUS SOTA OUR MR (ABSOLUTE/
BASELINE BASELINE RELATIVE)
SQuAD | Liu et al. (2017) 84.4 || 81.1 85.8 4.7 1 24.9%
SNLI Chen et al. (2017) 88.6 || 88.0 88.7+0.17 0.7/58%
SRL He et al. (2017) 81.7 || 81.4 84.6 3.2/17.2%
Coref Lee et al. (2017) 67.2 || 67.2 70.4 3.2/9.8%
NER Peters et al. (2017) 91.93 +0.19 || 90.15 9222 +0.10 2.06/21%
SST-5 McCann et al. (2017) 53.7 || 51.4 54.7 £ 0.5 3.3/6.8%

40



Generative Pre-Training
o AATransformerpBABELSTMIE/NESREY
. EIFHRKITEE S
o BIMISEIERAEESIEFFIESEREEAMRESIIZBTR

Radford, A. & Salimans, T. Improving Language Understanding by Generative Pre-Training. (2018).

41



Generative Pre-Training

One Encoder T Unsupervised pre-training
Block
S TR ho = UW, + W,
] [ (revatovars e ) h; = transformer_block(h;_1)Vi € [1,n]
£

r—>§) Li(U) = Zlog P(u;|ui_g,y ..., ui_1;0)
0 o ( Self-a:ention ) )
ﬂ e Supervised fine-tuning

=3 E, S @ nepe P(y|z',...,2™) = softmax(h]"W,).
)
£
e Ly(C) = E log P(y|z*, ..., ™).
OpenAl GPT S e
K ( PositionAEncoding ) )
\ L3(C) = L2(C) + A * L1(C)

Radford, A. & Salimans, T. Improving Language Understanding by Generative Pre-Training. (2018).



Generative Pre-Training

Classification Start Text Extract }» Transformer — Linear
Entailment Start Premise Delim | Hypothesis | Extract }» Transformer — Linear
Start Text 1 Delim Text 2 Extract | —{ Transformer
Similarity s Linear
Start Text 2 Delim Text 1 Extract | — Transformer
Start Context Delim Answer 1 Extract |~ Transformer = Linear

Multiple Choice | Start Context Delim | Answer 2 | Extract | > Transformer (| Linear ﬁh

Start Context Delim Answer N Extract | > Transformer > Linear

Radford, A. & Salimans, T. Improving Language Understanding by Generative Pre-Training. (2018).



Generative Pre-Training

Method MNLI-m MNLI-mm SNLI SciTall QNLI RTE
ESIM + ELMo [44] (5x%) - - 89.3 - - -
CAFE [58] (5x) 80.2 79.0 89.3 - - -
Stochastic Answer Network [35] (3x) 80.6 80.1 - - - -
CAFE [58] 78.7 77.9 88.5 83.3

GenSen [64] 71.4 71.3 - - 82.3 592
Multi-task BiILSTM + Attn [64] 12.2 72.1 - - 82.1 61.7
Finetuned Transformer LM (ours) 82.1 81.4 89.9 88.3 88.1 56.0
Method Story Cloze RACE-m RACE-h RACE
val-LS-skip [55] 76.5 - - -
Hidden Coherence Model [7] 77.6 - - -
Dynamic Fusion Net [67] (9x) - 55.6 49 .4 51.2
BiAttention MRU [59] (9x) - 60.2 50.3 53.3
Finetuned Transformer LM (ours) 86.5 62.9 57.4 59.0

Radford, A. & Salimans, T. Improving Language Understanding by Generative Pre-Training. (2018).



Bidirectional Encoder Representations from Transformers

o {1/ Transformer BY9RIB=ERIE/NESRE | B EPELEXNFHY
o IESEREIT)IZR

o EIHIESRE MLM
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Leaderboard
SQuUADZ2.0 tests the ability of a system to not only answer reading comprehension
questions, but also abstain when presented with a question that cannot be answered
based on the provided paragraph. How will your system compare to humans on this
Layers Dev F1 -
Finetune All 96.4 - e i s
First Layer (Embeddlngs) 910 Human Performance 86.831 89.452
Second-to-Last Hidden 95.6 Stanford University
LLast Hidden 04.9 (Rajpurkar & Jia et al. '18)
Sum Last Four Hidden 95.9 1 BERT (single model) 80.005  83.061
Concat Last Four Hidden  96.1 Google Al Language
Sum All 12 Layers 95.5 2 SLQA+BERT (single model) 77.003  80.209
Alibaba DAMO NLP
Table 7: Ablation using BERT with a feature-based ap- http://www.aclweb.org/anthology/P18-1158
proaf:h on CoNLL-2003 NER. The actlYatlons from the 2 BERT base_aug (ensemble) sasme A
specified layers are combined and fed into a two-layer N Y
BiLSTM, without backpropagation to BERT.
4 MIR-MRC(F-Net) (single model) 74.803 77.988
Kangwon National University, Natural

Language Processing Lab. & ForceWin, KP Lab.
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