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FALMER : ks DEEZTASIRIE

IRiE S+ XIEiRIEE -
- Stepl: BEIIFREEHESENKANETANER , ARNEDSE , ZIWOKIER.
- Step2: EFMEMOUZESITQFERLR | RFEEBEFROAIFKS. BESHRILXERAME , BERCEREARE.

" IBREF , FZBI06FRIBHESE ¥ —MRKG | IB—F " —FFZRIMIT/NMNREITFEAR  HEERE  RR
H3ZT5187T , ARREHHMBBREXT , 2065 EENREE , EFESHE , EEREALIAE ,
HEEIE | ARIEBRFTREIREII MRS AL | 8 SEMEREENTE  EEREREE?"
BIRHZE. > "SRR EITFEA , ARWEREENIIE , 88

-> " BZBIOGFHIRTIESE T {RIE , BABURMR, OREREE? "
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NP HEEJRFERERGZE : —HhEHETU ( extractive ) , S—FhE%ERIU ( abstractive )

MEGEITextRankiHBYY, |, ZREFIPREARNN, CNNETLIE , B5IA\Attention, Self-Attention, H1z34ERHE
ER9HN | XLEIRA KBRS |, SFEZENEROFHNEGEZ . SHFRRE/REENNE , REEILEIFIE.

EHiddeIStatc i Outputaye

Inputaye

Attention mechanism

DECODER

ENCODER

Seqg2Seq with Attention

EHFNoisyChannel Modell98FE4&757% , 2005

Global Inference for Sentence Compression An Integer Linear
Programming Approach , 2008

BETHREHIRED TP IOEDERER SRR S , 2012

A Neural Attention Model for Abstractive Sentence
Summarization,2015,facebook, FBf& & A B i ERIFFLL
Z1{E

Incorporating Copying Mechanism in Sequence-to-Sequence
Learning,2016,4 918V 5 AF5L38 =, CopyNet
LCSTS- A Large Scale Chinese Short Text Summarization

Dataset, 2016, — MR M AEERIEIES

Get To The Point; Summarization with Pointer-Generator
Networks,2017,Google
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FRALNER : f51cidmz DEEZTASIRIE

EMBE : SiE>EAERE> KERZES > EIEERIN > LA EHiR/ENiER
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HIAL: BE/nhd BT B4R/ FRIE/mbx By ? | AL FRERS
A2 BF/rzv E5E/nhd WR/y ? RN AEREES TN ?
i EER LR RIES ? i e
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¢ 18R --(HED)--> ##ERLH# > PiEtRER
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FRALNER : f51cidmz

DPEEZGASIRIE

FHRIR , STETEE RS,

« Mention Pair models : EprERIERE (FEIE )
SmE#IERANE (=8 ) MIE—FKpair , X3

B pair Zo R EKI S
« Mention ranking models : ExitEmention
{Efaquery , X3FrEcandidateftfrank

« Entity-Mention models : —FEE{LFEHIREEY
KEFTERNentity RESXHE X, RIEXNEL
TIEEE |, ER—1 3P RImentionBfEAE—
Nentity, (EXFGERLBRAERES

Score s
Hidden Layer h; ?Wiha + b ‘
LOOOOOOOC‘)OOOOOOQ

Hidden Layer h, [ ReLU(W;h, + b)

OO00O0O00O0O00OO0OOOO0!
Hidden Layer h, | ReLU(W:h, + by)

:OOOOOOOQOOOOOOO:

Input Layer h, ReLU(Wh; + b))

[OO 00| [O=0) [OO=00)(O=-0) [O'"O]]

Candidate Candidate Mention Mention Additional
Antecedent  Antecedent Embeddings Features Features
Embeddings Features

FEIREF S A F mention-rankingtgftik%
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o *E?Eﬂ]iﬂﬁ;&}%@ ﬁ?%l 8 hits New Save Open Share Reporti

Office 365

- XIFREDES | TEEIETE _

Selected fields 4 title: Office 365 bij Combell: je kantoortoepassingen altijd bij de hand! category: Combell nieuv

L /\\_é o s 15 ws, Tools, Microsoft, office 365 language: nl date: Mon, 30 Jan 2017 12:50:23 +0000 author: Rom
Jj 1D - 1 E \_‘L 1'3 ? _source ) ) s guage: : N :50: u : )

_id: 13271 _type: post _index: blog _score: 7.846

Available fields o
° ﬂ }\! \ﬂ@aé el 4 title: Office 365 with Combell: your office software applications always at your fingertips! cate
H 1I:| t _index ws, Hosting, News, Tools, e-mail, Microsoft, office, office 365 language: en date: Mon, 30 Jan 2¢
o @ author: Dorien Marinus guid: 6603 _id: 6603 _type: post _index: blog _score: 7.663
_score
~ \ ~
L ) I E}&E‘J*H{u,x” #%;i t _type 4 title: Differences between an Office 365 mailbox and Hosted Exchange: what is the best choice? ca
BIAthon Tools, e-mail, exchange, Microsoft, office 365, outlook language: en date: Thu, 09 Feb 2017 11:0¢
author: Romy guid: 6652 _id: 6652 _type: post _index: blog _score: 6.701
? category
/7B/\||3—
- B3 —k - - . . -
? date 4 title: Verschil tussen Office 365 mailbox en Hosted Exchange: wat te kiezen? category: Hosting, 1
3 - change, Microsoft, office 365, outlook language: nl date: Thu, @2 Feb 2017 12:40:05 +000@ author
? gui

345 _id: 13345 _type: post _index: blog _score: 6.516
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O RFNRE B WX ICED : z=4pyzs DEEZFASIRIE

Siamese CBOW

)l SFaERE |, AR IBESN A CERAARE |, XITRERIFIFEEaE T |, RISt |, IRERES
Contrastive Loss, LEIFMHAZENARAEFIEREEN., ECEBERNFIEORERL , BRPRIETREEE
erkamE | BRIEMESBEUNET M EE(FENMREEERYIE.

e Siamese CBOW- Optimizing Word Embeddings for Sentence Representations , 2016 , Yandex
* Learning Text Similarity with Siamese Recurrent Networks , 2016

» Siamese Recurrent Architectures for Learning Sentence Similarity , 2016 , MIT

prediction

— \\“_\ﬁ\—
P —_—
o ing average, average; , average ,, , average ., 4 average .,
marix W__— " \ N\~ /W \ /W \ /W \ /w\
/T W2 WL C1-0C3 -3 CY -9 - Coel -0
word embeddings sentence i word embeddings sentence i-1 word embeddings sentence i+1 negative example 1 negative example n

Figure 1: Siamese CBOW network architecture. (Input projection layer omitted.)



N N

1: ﬁ%ﬂ]%ﬁﬁln

Embedding : i@ME , FR=E , L TFXERSE

* Character-based Neural Networks for Sentence Pair
Modeling,2018, character-based ngram
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JURD © ZEEmzgibits

- tER/ARIARESE

R 78

- BRIERINGEAR , T REAREHE , SIAT)IZ

1&fbert , EmFRAL

A EHRBIST S

* CBOW/LSTM/RNN/CNN, transfer learning
XIMLZoutputBfu B EHattentionf AR EIEXIE /MY

ZipoimthR9E

2017 Kaggleil@Ef#/RPZE : Siamese MaLSTM



TS RFREIE N UCEL : BERT for QA

DPEEZGASIRIE

NLPIYX{ESS

1) F5FRE | $18/POS Tag/NERAENXIRETE ; 2) PFES | XADXK/IBROTES ; 3) AIFKFRFINT , Entailment/QA/
BEAESHIES ; 4) £ES | ISSEIE/ X ARES,

Bert as a service: Mapping a variable-length sentence to a fixed-length vector using BERT model

https://github.com/hanxiao/bert-as-service#building-a-qa-semantic-search-engine-in-3-minutes

BERT- Pre-training of Deep Bidirectional Transformers for Language Understanding, 2018, Google

Fine-tune3Z5IA1E{E5S:

HEEEN Processor
FEHIRElabelfJget_labelsFIZREER
SIARY
get_train_examples,get_dev_examples#[]
get_test_examplestRZEi, EHoBl&Emain
BRZSBYFLAGS.do_train, FLAGS.do_evalf[]
FLAGS.do_predictf/TER#ZE .

R FRARKES

[5e) 52 B AARAT 5%

\ BERT

o o= &

BERT

- G-

=20 0= 6

Sentence 2

(a) Sentence Pair Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC,
RTE, SWAG

StartEnd Span

0o G-

BE- D=0

(c) Question Answering Tasks:
SQuAD v1.1

Single Sentence

(b) Single Sentence Classification Tasks:
SST-2, ColLA

FEAIREERAE S

Single Sentence

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER

Bert : W{ARSLE TbFHESS ?
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MatchPyramid

« BET onEEEGIRE , RAnHEEREEE | XigzEa94E
X, HTIREEGREEHE. BBA , MalLASRRSREZENEINESR
REGR |, BBANTRANRIEAEAMNNDT , EEUUEHEFHREM*N
A | SElLARSBTUEEET .

- BHERRZEIEE

v WIREBFEEREZEL , /N0
v ITRIRAENRZIER
v ITEIERERNATR
o« STUERngram$FE , MLPILSHEILES S

Text Matching as Image Recognition_MatchPyramid , 2016

Matching Score
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FERFMREIE X ILELE : MatchZoo PEEZASIREE

MatchZoo , A Toolkit for Deep Text Matching

« FFRBRYPython IRE RET TensorFlow FFARIN AILE T E,
* https://github.com/NTMC-Community/MatchZoo

# code example

>>> model = MVLSTM() Model Construction Training and Evaluation
>>> model.params['Istm_units'] = 32 : 1. Objective functions:
>>> model.params['top_k'] = 50 Data Preparation 1. Representation- regression
>>> model.params['mlp_num_layers'] = 2 Files: . :owsed‘m(’del classification
. . Interaction-focused :
>>> model.params['mlp_num_units'] = 20 1. Word rodel ranking
>>> model.params['mlp_num_fan_out'] = 10 dictionary 2. Metrics: MAP, NDCG ...
>>> model.params['mlp_activation_func'] = 'relu’ 2. Corpus file
>>> model.params|['dropout_rate'] = 0.5 3. Relation file
>>>model.guess_and_fill_missing_params(verbose=0) Batch modes:
>>> model.build() 1. Pointwise

2. Pairwise Basic Keras Ops: Extended Ops:
3. Listwise 1. Conv 1. 2DGRU
2. Term Gating

>>> model.compile()

>>> model.backend.summary()

>>> model.fit(x, y, batch_size=32, epochs=5)
>>> model.predict(test_x)

Figure 1: The Architecture of the MatchZoo toolkit.
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HEF : Deeprank DEEZFASIRE

A n-gram &0 , JTLUBHIEEIKRI ETFIGENX
£ query #1 document BIIE X [AIENRERIVEFHZERFTIFHERERHA MLP E#1T learning to rank

AILATE learng2rank HEEUEGE BT @RI NI NERISE
4% end-to-end fY matching + ranking {£5%

SONISNCOMSUK oy maps  represeniaton  matching o layer soimex
Query : EEFIRIR516 AR AT 2 Ju- - EE N
© S, HEAOER A5 16NRIERR AT AR * | H
RIS 2 e w [T %
B, AISRARITRIG ALERSIER: | (ERREARS16 N = |
a‘gw D ? 2
, AR N2 ET R LRSS ? 15

features Xreat



HERF . Deeprank PEEZASIRIE

Query Document

DRMM +PACRR

« Context-sensitive Term Encodingsti&qdtB{LIE
& , HFREEngram(S& |, firstk , kwindow

*  FEmax-poolingiRENESEBILUER | iz

Query Terms' IDF

row-wise )
k-max pooling ~concatenation

softmax

Query Terr-n Encodings
- (ERAERAIMLPREIRIZIbIT HE—1qg-term ,ﬁwm T /]
1 ®| Query Term Encodings : : - . :
encoding ( FBFEYE—1T ) BIDEL , BEIT—1L A e B - ) ://
: J :: Layer — :
tEEBRIquery SdociEXMESE D . S Reovance 11 evancs _ e}
| ' Score el o
08 K o !
' || (A)PACRR i _[e].
N S ' 1(B) PACRR-DRMM of !
A Deep Relevance Matching Model for Ad-hoc Retrieval,2017,DRMM .~ = o

PACRR- A Position-Aware Neural IR Model for Relevance Matching,2017,PACRR
Deep Relevance Ranking Using Enhanced Document-Query Interactions,2018, DRMM+PACRR



HERITAS : ErEE DEEFASIRIE

. EEEKY S EREEES(EE Knowledge in Dialogue System: Intent Graph
1E$@Z%E§Hj1@%ﬂ7§o Disambiguation
- Depth Extension
+ Example: REZ/DE ? [Belated | ______,

| : Breadth Extension
: Las Vegas |
|
. BEETERE—EED e

= X "EE" ZERNXEEHE "
ere to buy an

ey v A= 1 1 1 M Alask | ? Alask

FRiES (disambiguation ) . e ) MRS

== : H hi

Lkt ( depth extension ) | \ 2 N

EKtEAMZERE ( breadth PR l ------- |

Golden
Retriever

: & | [ — . (Health rl -I:Feed I
extension ) ~  Alaska Travel | i . E Vaccine for Alaska How to feed
i Guides i ! Alaska Climate E Malamute Alaska malamute?
Alaska i E Alaska Malamute Can Alaska
Attractions i Alaska Maps | malamute eat rice?
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- BEOE : ToplEx

- HEFA : Top3&=E

« KEXA) . EFAEIRINHEERIEZHE

- BERIAIE : IHRGRER , FERATLLKEREwiki
o« R ERI+ TR

- it

BRI E BERE M S

Top LR BERE ST S

I3z =t Top3 /R BERE M S
AR BN R R ER BEREmESETEH

FIRBER BERE M S
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IR1 : AnyQzery DEEFTASIRIE

- H—RIIZ , MWitEEERENX
- iBdjsonfE BN HAILARERIERERLERE | SiERE | KRN HBESE,

Question Analysis =

v

Retrieval Indexing
Semantic Term ‘
Retrieval FEGEVE
Matching Re-Ranking
Semantic : Lexical '
! Nl Linear Model

GBDT Model

I
| I
§ SimNet [ i
I
: fl cosre |

I
___________ e e ey ]




Bg==2 : Matchzoo Models PEEGA SRS

Model List

Representation-focused model:

 DSSM: Learning Deep Structured Semantic Models for Web Search using Click through Data.

* CDSSM: Learning Semantic Representations Using Convolutional Neural Networks for Web Search.

* ARC: Convolutional Neural Network Architectures for Matching Natural Language Sentences.
 MV-LSTM: A Deep Architecture for Semantic Matching with Multiple Positional Sentence Representations.
e Siamese-LSTM : Siamese Recurrent Architectures for Learning Sentence Similarity.

 DUET: Learning to Match using Local and Distributed Representations of Text for Web Search.

 ABCNN: Attention-Based Convolutional Neural Network for Modeling Sentence Pairs.

Interaction-focused model:

 GLM: A Word Embedding based Generalized Language Model for Information Retrieval.

* DESM: A Dual Embedding Space Model for Document Ranking.

e MultiGranCNN: An Architecture for General Matching of Text Chunks on Multiple Levels of Granularity.
« DRMM: A Deep Relevance Matching Model for Ad-hoc Retrieval.

 CONV-KNRM: Convolutional Neural Networks for Soft-Matching N-Grams in Ad-hoc Search.

* match-LSTM: Learning Natural Language Inference with LSTM.

 DRMM-TKS: A Deep Relevance Matching Model for Ad-hoc Retrieval (*A variation of DRMM).

* BiMPM: Bilateral Multi-Perspective Matching for Natural Language Sentences.

* DLCM: Learning a Deep Listwise Context Model for Ranking Refinement. NEW, TO BE APPEARED IN SIGIR 2018
e ESIM: Enhanced LSTM for Natural Language Inference * ACL 2017.



fIsR3 : Ty DEEZTASIRIE

» sentence representation : E[ENWNATBEIAIFEK , KA T cnn-based method , 3 Representation modelf[]
Interaction modeliBEERIAT | WRMEEUN T EEN , HiEmERembedding #1T concatenate ;

- EEGIIBFIMERL , SINTHIEEMAZERE , XN ERERUARISEEENERTEE ;
« SIAXITIR |, 1&58 shared EATIREE

Cross-Domain Correlation Source Label Domain Target Label

Modelling Domain Relationships for Transfer

Learning on Retrieval-based Question

Answering Systems in E-commerce , 2018 ,

. o . G40 ©oo o) o [9 i
Alibaba. FBHIERVERF LIS , B T i T @E B @3 o ﬁ
AliExpress % =Ll state of artiEEURS(K(E oureer e e AN AN H -
i< \éffw SSlourceDomai:2 T';argetDomai: \" LT_/ %(—J!j : H!




fIR4 | BFamREsEsEE—KBQA DEEZTA SRS

RS SLRIA RN R BRI
ETANRENSRIREER | FEBRE MOER - (1) AMTEERBIENX , FRTEV A LRI TR
(RRAEFIRT) | (2) TR aER R RERE AR EE NS ERS (1BXKEX) .

- ETERINGE | BRIESER-->EEIR5I(Intention Recognition)--> LS (Entity Linking) + X &R
(Relation Detection) -->&iaiEG1H{2E(Query Construction)-->iR[E)%5REFE (Answering Selection)
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MIR5 : intmmmatias DEEZTASIRIE

- BTSRRI S ERAIERE N (R —MIRQF— ji= PEn)
NS QHEXAINHED, BalSEI QI RIAIE RA) ARSI, -
FEREE LB HEEURIERTL

. DURREAA N A R WS SR E R B A
B2 Bk, flg0Attentive-reader, Impatient-reader

o RENZU R BN RN MR PN HE SR BliRE S
AR E 2. BN —AHESE
= Embedder+Encoder+Interaction-layer+Answer. 3=
EERIF :Match-LSTM,R-NET,BiDAF

« AR ERFAEXEN | VEREEERRREN SR

I Answer Prediction

Passage Self-Matching

Question-Passage Matching

Question & Passage Encoding

SRHIHES BT 3/ AR —HH LR , —255
haracter
I SRR, Bases 2 Ta o he B O Ee

Question Passage
FRAVFTIAL5) B R ARSI ( Yes / No £8Y). B

=8 « SUZAYR-Net,S-NET,R3-NET Proximate State of Art: R-NET structure



BISR6 : Learning to Rank PEEZFA SRS

- BSRZEINGEZHE

m BAMIE | HASRE | S EEEE REEE

E SRS [BIRIHFFFAFE, AETEE—

PrankRankProp.0 s v pmmse zi=m, a7 iR

pointwise BN O(n) 2%, =S

APBEM s e, IsmERE.
E BRI Z EIRFRRER, BORE THE
Ranking —EE N XHER XRER, HAE S
. BERFEX & S v e s N
pairwise BT RS O(n2) —RiaRR SVM,RankNet,Rank 7315513k FAYAIE, BarHERFAlE AYSEE.
Boost REVREZ, IARERIK, BREHAIF
JEE.
ERE—EH TAEMENFIIXR T2
listwise  THTEREX B9 o) S0y SR LambdaRank,  FFEHEFAEAISLER. RERIEZELRII

B FIFR ListNet, AdaRank  ZrESEIRUIIGIRATEE_ EAELT S 12511%
RUIRISEREL B BFREIE X



MyR7 : DeepRank DEESZASIRIE

DRMM : Deep relevance matching model. Relevance matching is different from semantic matching!
1. Matching Histogram Mapping

2. Feed forward Matching Network

3. Term Gating Network

Matching Score

/::\ :iT:\ 81| 82| 83

Feed Forward : : : Term Gating
Matching Network Network

Score Aggregation

Matching Histogram
Mapping

Local Interaction
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Thank You for Listening
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