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« MUC (Message Understanding Conferences, 1987-1997)
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LSTM: Neural Architectures for Named Entity
Recognition (Lample et al. NAACL 2016)
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CNN: Relation Classification via Convolutional
Deep Neural Network (Zeng et al. COLING 2014)
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Auto-encoder: Learning Entity Representation
for Entity Disambiguation (He et al. ACL 2013)
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DMCNN: Event Extraction via Dynamic Multi-Pooling
Convolutional Neural Networks (Chen et al. ACL 2015)
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24 Tagging Layer

M D-Atention

BiLSTM Layer
Eubedding Layer ‘ ‘ — ‘ -
Input cameraman died when an American tank fired (Sentencz i)

SHHEY

Collective Event Detection via a Hierarchical and Bias
Tagging Networks with Gated Multi-level Attention
Mechanisms (EMNLP 2018)
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Inter-sentence Relation Extraction with Document-level
Graph Convolutional Neural Network (ACL 2019)
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Michael Jordan also
studied Bayesian ...

Polysemous Candidates Unconstrained Candidates
y [ _ * (NBA Player) % * Justin Bieber
[ ! 3 = [Researcher) «+* = Justin Trudeau *
Modern Baseball played an The Veterans Committee “Modern '
intimate surprise set at Shea Baseball’ Hall of Fame ballot is out Textual Contexts: Contexts: (visual) concerts, -
= machine learning, (lexical) juustin

IRBA or #Z=EKPA ? MF or IIEANRIE ?



FHIE: XAFHES
- FERAVERE: (XF

Multimodal Input B-PER I-PER I-PER I-PER
encoded
Florence and the Machine Q text

surprises ill teen with _ﬂg)—’m

private concert

CRF

Modulation
Gale

word
embedding

char
representations
Florence and the Machine

Visual Attention Model
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Tagging in Multimodal Social Media
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Chinese Named Entity Recognition

via Collaborative Graph Network
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(ACL 2019)
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Distant supervision for relation extraction without labeled data ( Mintz et al. ACL 2009)
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Fine-tuning Pre-Trained Distantly Supervised Named Entity Distant Learning for Entity
Transformer Language Models to  Recognition using Positive-Unlabeled Linking with Automatic Noise
Distantly Supervised Relation Learning  (ACL 2019) Detection (ACL 2019)

Extraction (ACL 2019)

DIAG-NRE: A Neural Pattern Diagnosis Framework for Distantly Supervised Neural Relation Extraction (ACL 2019)
Self-Attention Enhanced CNNs and Collaborative Curriculum Learning for Distantly Supervised Relation Extraction (EMNLP 2019)
Improving Distantly-Supervised Relation Extraction with Joint Label Embedding (EMNLP 2019)

Looking Beyond Label Noise: Shifted Label Distribution Matters in Distantly Supervised Relation Extraction (EMNLP 2019)
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Supporting Set

(A) capital_of (1) London 1s the capital of the UK.

(2) Washington is the capital of the U.S.A.

(B) member_of

(1) Newton served as the president of the
Roval Society.

(2) Leibniz was a member of the Prussian
Academy of Sciences.

(C) birthname

(1) Samuel Langhorne Clemens, better
known by his pen name Mark Twain, was
an American writer.

(2) Alexei Maximovich Peshkov, primarily
known as Maxim Gorky, was a Russian and
Soviet writer.

Test Instance

(A) or(B) or (C)

Euler was elected a foreign member of the
Roval Swedish Academy of Sciences.

FewRel: A Large-Scale Supervised Few-
Shot Relation Classification Dataset

with State-of-the-Art Evaluation
(EMNLP 2018)

5 — | Encoder | —p 5

52—-} Encoder | —p Sz

H "
' H X
' ' :

—> | Encoder | — S

1—r Fader | — 0

Multi-Level Matching and Aggregation

Local Matching
and Aggregation

Instance Matching
and Aggreqation

o

Closs

Matching ad

Network for Few-Shot Relation
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FewRel 2.0: Towards More Challenging Few-Shot Relation Classification (EMNLP 2019)
Adapting Meta Knowledge Graph Information for Multi-Hop Reasoning over Few-Shot Relations (EMNLP 2019)
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Joint Type Inference on Entities and
Relations via Graph Convolutional
Networks (ACL 2019)
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Revisiting Joint Modeling of Cross-
document Entity and Event
Coreference Resolution (ACL 2019)

GraphRel: Modeling Text as Relational Graphs for Joint Entity and Relation Extraction (ACL 2019)
Multi-Task Learning for Chemical Named Entity Recognition with Chemical Compound Paraphrase (EMNLP 2019)
Learning the Extraction Order of Multiple Relational Facts in a Sentence with Reinforcement Learning (EMNLP 2019)
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E1:The 520.000 shares held by Nagafu Ruihua were frozen by the people's Court of Dalian eity in May 5. 2017.
E2:The period of freekzmg is 3 yeats.
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Event mention : Su (... pledge to CITIC... )
Event arguments :{

TRI: pledge: ORG: CITIC ;...

END: 12 months }

Kungliga Hovkapellet

g 1 - n \ sdee 1o CITIC ' : pledge; ORG:CITIC;...}
1| Kungliga Hovkapellet (The Reoyal Couwrt Orchestra) is a St pleaedu Bl e - '_”{.l p]_“d'i“( R('_U ]
: x g i .oy 5 Su+1:The pledge period 1 Sa+1:{END: 12 months}

Swedish orchestra, originally part of the ool Court in Sweden's

: s : 12 months. L
capital Stockhoim. [2] The orchestra originally consisted of both 5 $ Outpu $ Output

musicians and singers. [3] It had only male members until 4727,
: A ¢ | - —
when Sophin Schroder and Judith Fischer were employed as = i
vocalists; in the 1830, the harpist Marie Pawline Almman became C
the first female instrumentalist [4]| From f73], public concerts Sn : @
? % ; A N = CRF --- =
were performed at Riddarfieset in Swockholm. [5| Since {773,
when the Roval Swedish Opera was founded by Gustay {1 of
Sweden, the Kungliga Hovkapellet has been part of the opera's

company. Bi-LSTM
Subject: Kungliga Hovkapellet; Royal Court rchestra E O !
mjfft: Royal Swedish Opera B Tt __F: ............................................ i
Relation: part of Supporting Evidence: 5 Word2vec .- [ 'H;r' 2] [ 'W'[' 1 J [ """""""""""
Subject: Riddarhuser Sentence(CH) |- E ?EF e
Object:  Sweden
Relation: cou ¥ Supporting Evidence: 1. 4 Sentence(EN) .- pledge to CITIC
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DocRED: A Large-Scale Document-Level DCFEE: A Document-level Chlnese Financial Event Extraction

Relation Extraction Dataset (ACL 2019)  System based on Automatically Labeled Training Data (ACL 2018)

Document-Level N-ary Relation Extraction with Multiscale Representation Learning (EMNLP 2019)
Connecting the Dots: Document-level Neural Relation Extraction with Edge-oriented Graphs (EMNLP 2019)
Doc2EDAG: An End-to-End Document-level Framework for Chinese Financial Event Extraction (EMNLP 2019)
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