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Natural Language Processing

NLP aims to understand human language
Nature of NLP is structure prediction

Part of speech:
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Mrs Cl|nt0n previously worked for Mr Obama but she IS now d|stahczng herself from him .

Named entity recognition:

(Person]  [Date)
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Mrs. Clinton previously worked for Mr. Obama, but she is now distancing herself from him.
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Mrs Cllnton previously worked for Mr. Obama but she is now distancing herself from hlm.
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Mrs. Clinton previously worked for Mr. Obama but she 15 now d|stancmg herself from him .

Advances in Natural Language Processing. Science 2015.



The protests escalated over the weekend <EOS>
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Die  proteste waren am wochenende eskaliert <EOS> | The protests escalated over the weekend
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* Distributed representation
— Embeddings

— Dense, real-valued, low-
dimensional vectors

* Hierarchical structure
— Corresponding to world hierarchy

— Generalization

* Data-driven approach

— Learn from large-scale training
data




Challenges of DL for NLP

. we feel confident that more data and
computation, 1n addition to recent
Ml advances in ML and deep learning, will

B Icad to further substantial progress in NLP.
S However, the truly difficult problems of
S Ml scnantics, context, and knowledge will
T L probably require new discoveries 1in
MR linguistics and inference.

Advances in Natural Language Processing. Science 2015.



Characteristics of Natural Language

* There are multiple-grained units in languages

 Words/Chinese characters are minimal units of
usages, but not minimal units of semantics
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* There are rich knowledge in text
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 Lexical sememes: minimal units of semantics
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 Lexical sememes: minimal units of semantics
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HowNet

* Linguistic knowledge base of lexical sememes,
released in 1999

 Manually create ~2,000 sememes

 Manually annotat3 ~100,000 words with sememes
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* Learn low-dimensional semantic representations

for words

INPUT ~ PROJECTION  OUTPUT INPUT ~ PROJECTION  OUTPUT
w(t-2) w(t-2)
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word2vec

Tomas Mikolov et al. Distributed representations of words and phrases and their compositionality. NIPS 2013.
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* Incorporate sense-sememe knowledge into word
embeddings
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Sememe-Sense-Word Joint Model

Yilin Niu, Ruobing Xie, Zhiyuan Liu, Maosong Sun. Improved Word Representation Learning with
Sememes. ACL 2017.
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* The enhanced word embeddings perform better
on the tasks of analogy reasoning and word

similarity
Model Accuracy Mean Rank
Capital City Relationship All Capital City Relationship All
CBOW 49.8 85.7 86.0 64.2 36.98 1:23 62.64 37.62
GloVe 57.3 74.3 81.6 65.8 19.09 1.71 3.58 12.63
Skip-gram 66.8 93.7 76.8 73.4 137.19 1.07 2.95 83.51
SSA 62.3 93.7 81.6 71.9 45.74 1.06 3.33 28.52
MST 65.7 95.4 82.7 74.5 50.29 1.05 2.48 31.05
SAC 79.2 91.7 75.0 81.0 28.88 1.02 2.23 18.09
SAT 82.6 98.9 80.1 84.5 14.78 1.01 1.72 9.48
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Experiment Examples

 The model can conduct sense disambiguation

based on sememes and contexts

Word: 3 % (“Apple brand/apple”) sensel: Apple brand (computer, PatternValue, able, bring, SpeBrand) sense2: duct (fruit)

¥X FA XY XL EA (Appleis always famous as the king of fruits)
¥R wlm ALk EF B3 (The Apple brand computer can not startup
normally)

Apple brand: 0.28
Apple brand: 0.87

apple: 0.72
apple: 0.13

Word: ¥ #%(“proliferate/metastasize”) sensel: proliferate (disperse) sense2: metastasize (disp

M5 ik J& & #  (Prevent epidemic from metastasizing)
I # ZA B 54 (Treaty on the Non-Proliferation of Nuclear
Weapons)

proliferate: 0.06
proliferate: 0.68

erse, disease)

metastasize: 0.94
metastasize: 0.32

Word: FA4Z(“contingent/troops”) sensel: contingent (community) sense2: troops (army)

AN X RAE BN M- B A4R K (Eight contingents enter the second stage
of team competition)
3K EINE 4298 (Construct the organization of public security’s
troops in grass-roots unit)

contingent: 0.90

contingent: 0.15

troops: 0.10

troops: 0.85
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Language Modeling

* Modeling word sequence with Markov property

The U.S. trade deficit last year is initially
estimated to be 40 billion

e Sememe-Driven Language Modeling
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Experiment Results

 Sememe knowledge can significantly reduce the

perplexity of language models

Model #Paras  Validation Test
LSTM (medium) 24M 116.46 115.51
+ cHSM 24M 129.12. 128.12
+ tHSM 24M 151.00 150.87
Tied LSTM (medium) I5SM 105.35 104.67
+ cHSM 15M 116.78 115.66
+ MoS 17M 08 47 9812
+ SDLM 17M 9175 97.32
LSTM (large) 76M 11239 T1T1.66
+ cHSM 76M 120.07 119.45
+ tHSM 76M 140.41 139.61
Tied LSTM (large) S6M 101.46 100.71
+ cHSM 56M 108.28 107.52
+ MoS 67M 94 91 9440
+ SDLM 67M 94.24 93.60
AWD-LSTM" 26M 8935  83.80
+ MoS 26M 02.98 92.76
+ SDLM 2IM 88.16  87.66
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Example (1)
F4E KE A5 WE WIF T <N> o

The U.S. trade deficit last year is initially estimated to be <N>

Top 5 word prediction
%Z‘E “dollar”’ ’ “:9 o ¥
H j]: “yen” ﬂ “and”

Top 5 sememe prediction
B “commerce” @l “finance” BAT “unit”

% /b “amount” % “proper name”

Example (2)
(e CEE T — WMo .
Albanian Prime Minister has signed an order.

Top 5 word prediction
Al “inside” <unk> £ “at”
& “tower” #1 “and”
Top 5 sememe prediction

B “politics” A “person” TEE “flowers”

HAE “andertake” 7K “waters”
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e Use both external and internal information to
predict sememes

2RI (ironsmith) word
External information l

ironsmith sense

ldeﬁne

HRAZ &8 T
(occupation) (metal) (industrial)

Huiming Jin, Hao Zhu, Zhiyuan Liu, Ruobing Xie, Maosong Sun, Fen Lin, Leyu Lin. Incorporating
Chinese Characters of Words for Lexical Sememe Prediction. ACL 2018. 23



 We propose several models for sememe prediction
with either internal and external information

Method MAP
SPWE
N Evternal SPSE 0.411
/_» SPSE | SPWE 0.565
word |3 CSP SPWE+SPSE 0.577
NV N1/ SPWCF 0.467
4

SPCSE F=* SPCSE 0.331
Legend SPWCEF + SPCSE 0.483

- high-frequency words
==+ low-frequency words SPWE + fastText 0.531

CSP 0.654

24



Experiment Examples

* Both internal and external information can help
sememe prediction

words models Top 5 sememes
P internal A (human), H{\. (occupation), 44 (part), N‘I‘E](time), EF(tell)
Elbckmiked) external A (human), % (ProperName), # /7 (place), EX{/l (Europe), B (politics)
ensemble A (human), Bifi (occupation), 2515 (tell), B [8] (time), F B (tool)
g internal % (ProperName), 3, 77 (place), T (city), A(human), [E#ZR(capital)
(Oscsr) external  Xfifi(reward), Z.(entertainment), & (ProperName), F E (tool), F1F (fact)
ensemble % (ProperName), X Jifi(reward), Z,(entertainment), 4% (famous), #, /7 (place)

25



Related Papers

Yihong Gu, Jun Yan, Hao Zhu, Zhiyuan Liu, Ruobing Xie, Maosong Sun, Fen Lin
and Leyu Lin. Language Modeling with Sparse Product of Sememe
Experts. EMNLP 2018.

Fanchao Qi, Yankai Lin, Maosong Sun, Hao Zhu, Ruobing Xie, Zhiyuan Liu.
Cross-lingual Lexical Sememe Prediction. EMINLP 2018.

Huiming Jin, Hao Zhu, Zhiyuan Liu, Ruobing Xie, Maosong Sun, Fen Lin, Leyu Lin.
Incorporating Chinese Characters of Words for Lexical Sememe Prediction. ACL
2018.

Xiangkai Zeng, Cheng Yang, Cunchao Tu, Zhiyuan Liu, Maosong Sun. Chinese LIWC
Lexicon Expansion via Hierarchical Classification of Word Embeddings with
Sememe Attention. AAAI 2018.

Ruobing Xie, Xingchi Yuan, Zhiyuan Liu, Maosong Sun. Lexical Sememe Prediction
via Word Embeddings and Matrix Factorization. IJCAI 2017.

Yilin Niu, Ruobing Xie, Zhiyuan Liu, Maosong Sun. Improved Word
Representation Learning with Sememes. ACL 2017.



* Packages for representation and acquisition of
linguistic and world knowledge

* The projects obtain 10000+ stars on GitHub

https://github.com/thunlp

THUNLP

FIT Building, Tsinghua U...

[ Repositories 58 AL People 31

Pinned repositaries

= OpenKE

An Open-Source Package for Knowledge
Embedding (KE)

@Python k571 Y23

= KRLPapers

Must-read papers on knowledge representation
learning (KRL) / knowledge embedding (KE)

®Tex w352 Yea

Natural Language Processing Lab at Tsinghua University

hitp:/fnip.csai.tsinghua.... thunip@gmail.com
¥ Teams 0 !l Projects 0 {} Settings
= OpenNE

An Open-Source Package for Network Embedding
(ME)

@ Python W55 Y207

= MRLPapers

Must-read papers on network represantation
learning (NRL) / network embedding (NE)

®Tex Wik Yanz

Customize pinned repositories

= OpenNRE

Neural Relation Extraction implemented in
TensorFlow

@python  dron ¥asy

= OpenQA

The source code of ACL 2018 paper “Denoising
Distantly Supervised Open-Domain Question
Answering"

@®Fython ks Yo
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Summary

* Linguistic knowledge of lexical sememes can break
word boundary for language modeling, and
improve interpretability of neural language models

NLP/Al = Data-Driven + Knowledge-Guide

e DL methods for NLP can also be used for

knowledge acquisition
Acquisition
Data Driven | > Symbol-based
DL < | Knowledge

Guide
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