A Nalve Survey on
Syntax and Semantics Learning



All about the Natural Language Understanding
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 Word level
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— . Syntax Learning

1. Word (lexical) level

® hI5H
® Part-of-Speech (POS) tagging
® Chunking

® -



® I iE

E TN RR LA 187775

iR, SR (1986), SUEATH R LR —— U CGE AT 1] ] BX B
VN RFERFET X

AL R (2002) BTN-RATEE Z A P ITEMA B, HXAEBEHR
BT FFIITRERNTTA

« Tagging set: {B, I, E, S}. AMBEMEF BEIRINNER.
e HMM, CRF, RNN

Nianwen Xue, Susan P. Converse, 2002, Combining Classifiers for Chinese Word Segmentation. SIGHAN@COLING
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Transition System

e State

» Corresponds to partial results during decoding
« start state, end state, S,

/aO\ /al\ /al I~ nl\
 Actions |
_ _ o An Example :
* The operations that can be applied for state transition S-SHIFT
. : R-REDUCE
Construct output incrementally AL ARG.LEFT

AR-ARC-RIGHT

Zhang and Clark, 2007. Chinese Segmentation with a Word-Based Perceptron Algorithm. ACL



® X4

+ ETE#ARALEDETTA

iR, SR (1986), SUEA BT R —— U CGE AT 1] ] BX B
+ EVIDEIZIEFETTA

AL R (2002) BTN-RATEE Z A P ITEMIA B, HXAEREHR
» BETFRFIITRENTTA

e Tagging set: {B, I, E, S}
e HMM, CRF, RNN

Nianwen Xue, Susan P. Converse, 2002, Combining Classifiers for Chinese Word Segmentation. SIGHAN@COLING
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® POS Tagging

* Sequential labeling

* Transition-based

* (Graph-based

RB [VBD] DINNPI INNPIE[CGI[PRPIWBZ] RB]  (VBG - C-Il

Mrs. Clinton prewously worked for Mr Obama but she is now dlstancmg herself from hlm :




® Joint parsing

* Joint POS with CWS

i | f/‘&’* . !n
| ‘ - »
| | h..-=L_--i-'—""!I —w_______"__
| CCERTEC] oocow
| é
Convihition Concatenate Fookng Mghuy L — j
Lk babie Encede prowrm

Xinchi Chen, Xipeng Qiu, Xuanjing Huang. 2017. A Feature—Enriched Neural Model for Joint Chinese Word Segmentation and
Part—-of-Speech Tagging. 1JCAI. 3960-3966

Meishan Zhang, Nan Yu, Guohong Fu. 2018 A Simple and Effective Neural Model for Joint Word Segmentation and POS
Tagging. IEEE/ACM Trans. Audio, Speech & Language Processing 26(9): 15628-1538



® Joint parsing

* Joint Segmentation/Tagging/Chunking

Character-based chunking

Action: FIN W
chunk buffer word buffer character buffer
[NP fh/NR]
[VP Z]3&/VV] [FLE/NNI O
INP JE5/NR]
[NP 8/NR] [VP Z[3A/VV] [NP 4t 52/NR #13%/NN] [O .
/PU]
[He] [arrived] [Beijing airport] []

Chen Lyu, Yue Zhang and Donghong Ji. Joint Word Segmentation, POS-Tagging and Syntactic Chunking. In
Proceedings of the AAAI 2016, Phoenix, Arizona, USA, February.



— . Syntax Learning

2. Sentence level

® JEIELEBED (AL RA 2 4T)
® (RIFENETIT

® REKBEDHT

o -



® JTIBEMEED

MELEMAE2 4T,  (phrase structure parsing) | 0k A% 4 (constituent syntactic parsing) .
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@ Supervised constituency learning

* PCFG (£#2, Stanford parser)

Dan Klein and Christopher D. Manning. 2003. Accurate Unlexicalized Parsing. Proceedings of the 41st
Meeting of the Association for Computational Linguistics, pp. 423—430.

Yoon Kim, Chris Dyer, Alexander M. Kush. 2019. Compound Probabilistic Context—Free Grammars for
Grammar I[nduction. ACL: 2369-2385

* Transition-based

Yue Zhang, Stephen Clark. 2009. Transition Based Parsing of the Chinese Treebank using a Global
Discriminative Model. IWPT 162-171.

Muhua Zhu, Yue Zhang, Wenliang Chen, Min Zhang, Jingbo Zhu. 2013. Fast and Accurate Shift—Keduce
Constituent Parsing. ACL, 434-443

* Seq2seq
Lemao Liu, Muhua Zhu, Shuming Shi. 2018. Improving Sequence—to—-Sequence Constituency Parsing. AAAI:
48734880

* Self-attention parser

Nikita Kitaev, Dan Klein. 2018. Constituency Parsing with a Self-Attentive Encoder. ACL: 2676-2686


http://nlp.stanford.edu/%7Emanning/papers/unlexicalized-parsing.pdf

€ Unsupervised Grammar Induction

* PRPN

Vikang Shen, Zhouhan Lin, Chin—Wei Huang, and Aaron C. Courville. 2018. Neural language modeling by
Jointly learning syntax and lexicon. In Proceedings of the ICLR.

* On-LSTM

S S
NP VP > | NP VP
N v N Nop v N
X X5 X3 X1 X3 X3 X1 X3 X3
(a) Constituency tree (b) Block view (¢) ON-LSTM cell states

Yikang Shen, Shawn Tan, Alessandro Sordoni, and Aaron C. Courville. 2018. Ordered neurons: Integrating
tree structures Into recurrent neural networks. CoRE, abs/1510. 09536.

* URNNG

Yoon Kim, Alexander Rush, Lei Yu, Adhiguna Kuncoro, Chris Dyer, and Ga bor Melis. 2019b. Unsupervised
recurrent neural network grammars. In Proceedings of the NAACL, pages 1105 -1117.

* DIORA

Andrew Drozdov, Patrick Verga, Mohit Yadav, Mohit Iyyer, and Andrew McCallum. 2019. Unsupervised
latent tree induction with deep inside—outside recursive autoencoders. CoRR, abs/1904. 02142.



® {RKFAIEDHT (dependency parsing)

REEBEFE—NHENERRE: SEEMARLEEE5EFEZENEE (BiF) <R,
— MREXRRZEEZERMNME, 23128018 (head) Fk#FiE (dependent) .

Root

nmod
Xxcomp

Great to have vou on board




® RIFELEDMT

* Transition-based

* S-SHIFT

« R-REDUCE

* AL-ARC-LEFT
* AR-ARC-RIGHT

He does it here —S5—> He does it here —ALE> (ys it here —S—> ‘ dées it here
He

He

dges “—R— dges here <“—AR— dg_ges here +—R— does it here
He it He

Yue Zhang and Stephen Clark. 2011. Syntactic Processing Using the Generalized Perceptron and Beam Search. In Computational Linguistics, 37(1), March.



® RIFELEDMT

* Transition-based

I [ amea | I T I I

an rdecr'xfmr Was made  ROOT
overhasty

4

I =— REDUCE-LEFT{amad)

A I +— SHIFT

Chris Dyer, Miguel Ballesteros, Wang Ling, Austin Matthews, Noah A. Smith. 2015. Transition—-Based Dependency Parsing
with Stack Long Short—Term Memory. ACL: 334-343



® RIFELEDMT

* Graph-based

H{urﬂhdep} &1 L.-[awr} H{m'ﬂ—hsud] S[aw:}

T

()

0y _

X

e o= fead
MLP: h{emeder) plare-head) Iﬂgl Igﬂ “gl [gﬂl
BiLSTM:r;  |[0000/ (0000 — (0000 0088 — - < (0080 (0008 —— (0080 (@800
t 1
Embeddings: x; @00t [Coe| 000 (@00
! A I A

root ROOT Kim NNP

Timothy Dozat, Christopher D. Manning. 2017. Deep Biaffine Attention for Neural Dependency Parsing. ICLK.



® R{FENEIHT
> 4B, WEWNERLLREAMRDERE A IZ.

» EiEX F Recursive model 77 ZfEncoding Dependency structure.

* Tree-LSTM(RNN/GRU)
* Child-Sum Tree-LSTMs for Dependency tree.

 N-ary Tree-LSTMs for Constituency tree.
* TreelLSTM + CRFs

* Syntax aware-LSTM
* SDP (shortest dependency path) LSTM
* GCN

Kai Sheng Tai, Richard Socher, Christopher D. Manning. 2015. Improved Semantic Representations From Tree—Structured Long Short—Term
Memory Networks. ACL: 1556—1566

Wenya Wang, Sinno Jialin Pan, Daniel Dahlmeier, Xiaokui Xiao. 2016. Kecursive Neural Conditional Random Fields for Aspect—based
Sentiment Analysis. EMNLP: 616-626

Feng Qian, Lei Sha, Baobao Chang, Lu Chen Liu, and Ming Zhang. 2017. Syntax aware LSTM model for semantic role labeling. In The Workshop
on Struc— tured Prediction for Natural Language Processing, pages 27 - 3Z2.

Xu, V. Mou, L.; Li, G ; Chen, Y. Peng, H ; and Jin, Z 2015. Classifying relations via long short term memory networks along shortest
dependency paths. In Proceedings of EMNLP, 1785 - 1794.

Diego Marcheggiani and Ivan Titov. 2017. Encoding sentences with graph convolutional networks for semantic role labeling. In Proceedings
of the 2017 Conference on Empirical Methods in Natural Language Processing (EMNLP), pages 1506 - 1515, Copenhagen, Denmark.



® Joint parsing with lexical level tasks

* Joint POS Tagging & dependency parsing

nsubj cop punct
Fofima: | IEuﬁ'rEx-l I?ﬂ‘hri_;
Parsing el e MLP |
component _— T — /\
_-—— I-—--' i-'— =i -
R E 1 p— I STM e oo - +ILSTM e = - = - - +iLSTM >
i X = f ] I
R L___1 BiLSTM L___, i
PROMN VERB ADJ PUNC
POS tagging e Ry
component IMLP_, I MLP |
TI_‘ i _t "
- >lSTM e -} - - - il STM (# - { >
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Word vector = = T TR P j
: | ! 13
representation i ‘ D f‘jh"d‘ " ".“ '.(
- nishe .
P —sub]
‘ ‘ Character-level word embedding /"’/ nsud cop "\\
T g / . /punct
¥ N
' ‘ Word embedding we are finished .
--------- PRON VERB ADJ PUNCT

Dat Quoc Nguyen, Karin Verspoor. An Improved Neural Network Model for Joint POS Tagging and Dependency
Parsing. CoNLL Shared Task (2) 2018: 81-91



® Joint parsing with lexical level tasks

* Joint CWS & dependency parsing

L"[“m} ul.'rif'f?‘l
. T [ . T I -
Bml'l_u‘w | , + a — glare)
Classifier | i
MLP:

rgarc—hcud’] : rgurn—dc;:}

Bi-LSTM:h; —

n-gram character
embeddings: x;

Hang Yan, Xipeng Qiu, Xuanjing Huang. A Unified Model for Joint Chinese Word Segmentation and Dependency
Parsing. CoRR abs/1904.04697 (2019)



® Joint parsing with lexical level tasks

* Joint POS tagging/Chunking and CCG Super Tagging

Chunking CCG lexical categories

\/

Bi-RNN

POS tagging Bi-RNN
\T

Bi-RNN
t

Inputs

Sggaard, Anders, and Yoav Goldberg. "Deep multi-task learning with low level tasks supervised at lower
layers." Proceedings of the 54th Annual Meeting of the Association for Computational Linguistics (Volume 2: Short
Papers). Vol. 2. 2016.



KRB R BRI

- MEREXE WEFHITRENEUAZIEX D,

. 18 C A 4RIE % (Lexicalized Tree Adjoining Grammar, LTAG) .
«  JACIHRESCE (Lexical Functional Grammar, LFG) .

e {AESERENCE (Combinatory Categorial Grammar, CCG) %,

Masashi Yoshikawa, Hiroshi Noji, Yuji Matsumoto. 2017. A* CCG Parsing with a Supertag and Dependency Factored Model.

ACL: 277-287
Maria Nadejde, Siva Reddy, Rico Sennrich, Tomasz Dwojak, Marcin Junczys—Dowmunt, Philipp Koehn, Alexandra Birch. 2017.

Predicting Target Language CCG Supertags Ilmproves Neural Machine Translation. WMT: 68-79



—. Syntax Learning

*3. Discourse level

® RSTZEFZEHIREIR
o HTEHEEMNEEIER
® TEFIERME AIE R



—. Semantics Learning

How to define Semantic ?

¥ -1H2&EF T



—. Semantics Learning
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—. Semantics Learning

#NLPAIE T# W xxx —HE

TEEIRTFMNEK KKKKKKK, KEKKKKK,
(solution:changzhangchangzhangchangchangzhangzhangchangzhangchangzhangzhangchang,
zhangchangchangzhangchangzhangchang, zhangchangzhangchangzhangchangchang)

2.ZME, &35, BERG, MGV, ZHERERFE, B, BERE, T, 28, B2, %EJL, TER,
RIEEETYS, HExd/Ux, X, BUELE, F=EamEES, B, FEH, Rl (FEHBIE) .
SAEEFFLHIN, B, TR+, KENMEWAM, T8, @HiEm. 26, EkREm. ERAS T FRE,
fE+igtt. R/, &=, A=k, RKEFEHAE. A=, REX|E WA, |8, ®iRE+W/, =X
e, ABREE. (BRI

4. ERWERREA—FEMKI001R, /NEXNEZRGE “—REET . " ZREEFN. T2/NERT—RERET, ZWIFEHFET
INERFHXBNEMT1000, NEREE: #ERIBSEBAETH

5. kK BBEERE D EEE
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—. Semantics Learning

#NLPAIE T#
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—. Semantics Learning

#NLPAIE 7#
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—. Semantics Learning

® EEHEATEZRAERAMIER.

® PUEEMZXMAME, FAEZXMIESET, SFRHIMINEIMBRESHTIHE:
© FHEXMEDFTEIAMRERIBE;
© ENEXMEDFTEMENDTRIBE;
© ATHNEEEZESENAEERIIEERT, BEEFEEZRMHTMAKEHIER,

Eﬂﬁﬁﬁ

o XYHMITE. 2018 1SRG 5 EEREAEAIEIL 2 F]F
o Julia Hirschberg and Christopher D. Manning. Advances in Natural Language Processing. Science, 2015.
e Waltz, David L . “Semantic Structures: Advances in Natural Language Processing. ~ L. Erlbaum Associates Inc. 2014.



—. Semantics Learning

1. Word level

o KL HETRIEH
® \Vord Representation

® Normalizarion



o KL HEHHER

* Mention-pair classifier
. Vincent Ng. 2010. Supervised noun phrase coreference research: The first fifteen years. In Proceedings of the 48th annual
meeting of the association for computational linguistics, pages 1396 - 1411. Association for Computational Linguistics.
e [Eric Bengtson and Dan Koth. 2008. Understanding the value of features for coreference resolution. In Proceedings of the
Conference on Empirical Methods in Natural Language Processing, pages 294 - 303. Association for Computational Linguistics.
* Entity-level models
. Aria Haghighi and Dan Klein. 2010. Coreference resolution in a modular, entity—centered model. In Human Language Technologies: The 2010
Annual Conference of the North American Chapter of the ACL, 385 - 393.
e Kevin Clark and Christopher D. Manning. 2015. Entity—centric coreference resolution with model stacking. In ACL.
e Kevin Clark and Christopher D. Manning. 2016a. Deep reinforcement learning for mention—-ranking coreference models. In Empirical
Methods on Natural Language Processing (EMNLP).
* Latent-tree models

e [Fraldo Rezende Fernandes, C’icero Nogueira Dos Santos, and Ruy Luiz Milidiu. 2012. Latent structure perceptron with feature
induction for unrestricted coreference resolution. In Joint Conference on EMNLP and CoNLL-Shared Task, pages 41 —48.

e Anders Bjorkelund and Jonas Kuhn. 2014. Learning structured perceptrons for coreference resolution

with latent antecedents and non—local features. In ACL.

* Mention-ranking models

. Greg Durrett and Dan Klein. 2013. FEasy victories and uphill battles in coreference resolution. In EMNLP.

. Sam Wiseman, Alexander M. Kush, Stuart M. Shieber, and Jason Weston. 2015. Learning anaphoricity and antecedent ranking features
for coreference resolution. In ACL.

» Kenton Lee, Luheng He, Mike Lewis, Luke Zettlemoyer. 2017. End-to—end Neural Coreference Kesolution. EMNLP: 185-197



® FSUBE. IERIER
* Span-graph model

General Electric Electric said the the Postal Service  Service contacted the the company

Mention score (sy) @ @ O O O
Span representation (g) CII) (II)

Span head () +x
BnmrecnonalLeTM{m)OO OO OO @I@ (OOJ (OCB

('I"I"I"i'f"('ﬂ'

Word & charact
embedding (z) 0 ©0 ©e0 00 ©e¢o eeo ©eeo e¢ CD

General  Electric said the Postal Service contacted the company

Kenton Lee, Luheng He, Mike Lewis, Luke Zettlemoyer. 2017. End-to—end Neural Coreference Kesolution. EMNLP: 185-197



® \Nord Representation

« JARYIRFAIR7RoNne-hot representation

ES R A [0001000000000000...]
R4 [0000000010000000...]

- JAMD R FRdistributed representation

Wo e _

1. KvectorB—NTEHERLNAFRE, TAENLIECCENRT,
2. BRKXBBHNEXREZERERAE—DPENEERN=E,

\
A
-

wq

W3



& TN FK~distributed representation

+ ETRERERD R

Glove Vector

« ETERENDHERT
Word cluster
« ETHENEZNDHRR, @W#A ((word embedding)

HEMEESHEE (NNLM) L AERE.
CBOW 8¢ Skip—-gram HI/=i: WordZvec



& TN FK~distributed representation

- RRIFEME

e Glove, wordZvec

o RIS E R, I i I ERE R

<s> PER proposes Fischler 0] measures proposes o) </s
] Lz Jle Jla ] [ ]Jle L&

1 1 § B —

J LR JLe Jm ] [ & J[ da )

* SOTA Contextual Language Model

Fischler

o ELMo (Embeddings from Language Models )

o BERT (Pre—training of Deep Bidirectional Transtormers)
e GPT

e XLNet

o ULMFit

» Peters, Matthew E., et al. "Deep contextualized word representations."” arXiv preprint arXiv:1802.05365 (2018).

=
proposes measures

BERT (Ours)

» Devlin, Jacob, et al. "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding." arXiv preprint arXiv:1810.04805 (2018).



@ Bert family

Semi-supervised Sequence Learning
context2Vec

. Pre-trained seq2seq
'._'_-_._. \\*
['LMF[T ELM
; GPT
Trans

Mfulti nlpﬂ] formner Bidirectional LN
Larger model
MultiFiT J More data
Cross-lingual BE.RT ,
s GPT-2 Lo * Grover

LM

Cros
' dge G
UDify MT.DNN ge Graph

MASS Permntption LM
distillation UMILM

Enowle -
R VideoBERT

CBT
VIiLBERT
ERNIE VisualBERT
g (Isinghua) B212
XLNet _ - Unicoder-VL
RoBFRTa Wenral jentity linker LXMERT
VL-BEET ' !
UNITER By Xmochi Wang & Zhengyan Zhang @ THUNLP

MT-DNNp

ERNIE (Baidu)
BERT-wwm

SpanBERT

KnowBert




—. Semantics Learning Semantic Parsing

2. Sentence level structure Surface form - Logic form

® Domain specific

* Event Frame

* VerbNet, FrameNet, PropBank semantics(SRL)

* Universal Conceptual Cognitive Annotation parsing (UCCA)
* Semantic Dependency Parsing (SDP)

* Abstract mining representation (AMR)

* Universal Decompositional Semantics (UDS)

* Parallel Meaning Bank parsing

* Event Extraction

Lambda Expression
* Sequence-to-SQL

* Sequence-to-math_expression

® Open domain
« JBXFEIEF (Semantic Slot Filling) for Dialogue
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® Semantic Role Labeling (SRL) on PropBank

o FHAFHi5iE(predicate) N IE X A (arguments role)al 4>, BiE:
c  MBXAR (WHEE. XEEF) . (A0-A5and AA)
. MEEX AE (Mits. BFE. AN, BEREZ) . (AM-ad))

AD
A2
AM-TMP m
Someone  always makes  you  happy
make.()2

ARGO agent ARG3 | starting point, benefactive, attribute
ARG1 patient ARGA4 ending point

ARG2 | instrument, benefactive, attribute || ARGM modifier

Martha Palmer, Dan Gildea, Paul Kingsbury, The Proposition Bank: A Corpus Annotated with Semantic Koles Computational Linguistics Journal, 31:1,

2005.

Paul Kingsbury and Martha Palmer. From Treebank to PropBank. 2002. [n Proceedings of the 3rd International Conference on Language Kesources and

FEvaluation (LREC-2002), Las Palmas, Spain.

The Necessity of Parsing for Predicate Argument Recognition. Daniel Gildea and Martha Palmer. 2002. In Proceedings of ACL 2002, Philadelphia, PA.



® Semantic Role Labeling (SRL) on PropBank

- DAl

* Argument role labeling (given predicate)
*  BIO sequence labeling

Span-Graph for SRL

ARGO ARG1 AM-PRP

* Joint(end2end): Predicate & Argument role labeling Many tourists| |visit |[Disney|[to meet /their favorite cartoon characters
*  Span-graph model
i Transition method BIO-based Encoding for SRL

B-AM- || I-AM- || I-AM-
PRP | PRP || PRP

Many tourists visit Disney to meet their favorite cartoon characters

| B-ARGO || -ARGO || B-v| |B-ARG1 [-am-pre | [1-AM-PRP | [1-AM-PRP |

[predicate]
B-ARGO | | I-ARGO | O o |0 B-V| |B-ARG1 | I-ARG1 I-ARG1 I-ARG1
Many tourists visit Disney to their favorite cartoon characters

Luheng He, Kenton Lee, Omer Levy, Luke Zettlemoyer. 2018. Jointly Predicting Predicates and Arguments in Neural Semantic Kole Labeling. ACL
Dependency or Span, End-to—End Uniform Semantic Kole Labeling.

Luheng He, Kenton Lee, Mike Lewis, Luke Zettlemoyer. 2017. Deep Semantic Kole Labeling: What Works and What's Next. ACL (1) 2017: 473-483.
Zhixing Tan, Mingxuan Wang, Jun Xie, Vidong Chen, Xiaodong Shi. 2018. Deep Semantic Role Labeling With Self-Attention. AAAI 2018: 4929-4936



® Semantic Role Labeling (SRL) on PropBank
© DUA2

* Span-based SRL: CoNLL 2005/2012
*  Argument: Phrase span

* Dependency-based SRL: CoNLL 2008/2009
* Argument: Dependency head

A0 1% Al A2 AM-TMP
Marry borrowed a book from John last week
A0 borrow.01 Al A2 AM-TMP

Zuchao Li, Shexia He, Hai Zhao, Viqing Zhang, Zhuosheng Zhang, Xi Zhou, Xiang Zhou. 2019. Dependency or Span, End-to—End Uniform Semantic Role
Labeling. AAAI 2019: 6730-6737



® SRL using syntax information

engine.01

Sequa engines.

repair.01
and | repairs jet
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The cats love hats

* Diego Marcheggiani, Ivan Titov. 2017. Encoding Sentences with Graph Convolutional Networks for Semantic Role Labeling. EMINLP . 1506-1515
» Zuchao Li, Shexia He, Jiaxun Cai, Zhuosheng Zhang, Hai Zhao, Gongshen Liu, Linlin Li, Luo Si. 2018. A Unified Syntax-aware Framework for Semantic Role Labeling. EMNLP : 2401-2411
* Yue Zhang, Rui Wang, Luo Si. 2019. Syntax-Enhanced Self-Attention-Based Semantic Role Labeling. EMNLP/IJCNLP (1) 2019: 616-626



® Joint parsing with syntactic dependency parsing
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=. Spark & Inspiration
1. Deep inside one task, and try to be an expert.

2. Joint A with B.

* Lexical & sentence-level parsing
*  Syntax & semantic parsing
*  With other general domain tasks

3. Cross-learning(Joint Modeling / Joint Structure / Parameter-sharing/ -+ )

*  Cross Task

*  Cross Lingual

*  Cross Domain
*  Cross Standard

4. Try Models
*  Neural Transition-based Models
*  Neural Graph-based Models

5. Try some Tasks where few people take place

6. Advanced and In-depth techniques for retrofitting existing methods

* A *search? Beam search
*  Pruning while decoding

*  Decomposition and constraint optimization

7. Transform into other modeling scheme?



Thanks
QA
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