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Event extraction is typically modeled as a multi-class
classification problem, These approaches are usually

Event type L
- — limited to a set of pre-defined types.
Melony was married just a mo.nth before she left for I:-I_r.:'.t:
E '\—/ . L SN A .
Argument o con  Trigger word Artifact Destination We propose a novel event extraction framework that uses
Rl event types and argument roles as natural language queries

Figure 1: An example of event annotation. i i i
to extract candidate triggers and arguments from the input

text.
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I 1 . 1 / Multiway Attention \

CLS] [EVENT] [SEP]The was escorted by U.S.soldiers _[SEP]iransport arrival fravels expelled [SEP]
[CLS] [EVENT] [SEPIThe convoy s Bidirectional Attention

i
Encoding - i :
i 1
1l L}
: nERRERRT sEnw |ul o §
! Weighted sum
Attention Enriched Contextual : i
Layer E Representation ; — —t :
L Word Contextual Embedding ) I ST
Binary B & In-context Representation g5 h M |_| M :
1
Classification Event Type Aware : K Jis i
! g @ b @ o o 6 b Contextual Representation n---.'l hgl___"___"_?:?gggmy's___:
—— POS Tag Encoding \“ i “\ #
AT =
Trigger N
A t Detecti b
Mpmen o {} Argument Role Query f‘ m
[ [CLS] The convoywas escorted by U.S. soldiers [SEP]artifact agent place origin destination[SEP] | [F1] (n3) (g5] [(g] [g2] - [g4)
Encoding J = & = vg';/- a
= = = Argument I S
=] = Embedding 5° EEmmestma 1 i e ey
s | = 1 (c) Entity ! (d) Argument Role
B Entity1  Trigger  Entity2Entity 3 | Self-attention 1 Self-attention !
convoy  escorted U.?. soliders g1 g2 g3 g4 G5 ! L '
Entity | ; ! '
" 1
Encoding Trigger-aware ™ ol Bhs i A g S
entity embedding == H ' ;
Multiway h—> (i) : h2 h3 « 91920394 |
Attention | el 1 1 N | 1 | FEemeeesRmng i
st
- ny > \ #~s(H5EEER)! /
B Argument Role Score Matrix

Figure 2: Architecture overview. Each cell in Argument Role Score Matrix indicates the probabilities of an entity
being labeled with an argument role. The arrows in Multiway Attention module show four attention mechanisms:
(a) entity to argument roles, (b) argument role to entities, (c) entity to entities, (d) argument role to argument roles.
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Trigger Detection Context Query for Event Type t

Given an mnput sentence W = {wy,wy,...,wy}, T = {t, 7}, 74, ..., 7k}
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Specifically, for each event type ¢, we collect a Qij = Cos(wh Tj) ,
set of annotated triggers from the training exam- 7
ples. For each unique trigger word, we compute its Wo_ 1 Z
frequency from the whole training dataset as f,, and A N pa
its frequency of being tagged as an event trigger
of type t as f;, and then obtain a probability f;/ f,, = gl
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Model ACEO5-E ERE-EN

Trigger Ext.  Argument Ext. | Trigger Ext.  Argument Ext.
DY GIE++ (Wadden et al., 2019) 673" 42.7* - -
BERT_QA_Arg (Du and Cardie, 2020) 70.6" 483" 57.0 39.2
OnelE (Lin et al., 2020) 72.8 54.8 57.0 46.5
Text2Event (Lu et al., 2021) 71.8 544 594 48.3
FourlE (Nguyen et al., 2021) 133 575 579 48.6
Our Approach 73.6(0.2) 55.1 (0.5) 60.4 (0.3) 50.4 (0.3)

Table 1: Event extraction results on ACEO5-E™ and ERE-EN datasets (F-score, %). * indicates scores obtained
from their released codes. The performance of BERT_QA_Arg is lower than that reported in (Du and Cardie,
2020) as they only consider single-token event triggers. Each score of our approach is the mean of three runs and
the variance is shown in parenthesis.
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Model ACE ERE
Our Approach 73.6 | 60.4
- == men-dGh) Trgger w/o In-Context Attention 723 | 579
BERT_QA_Arg' 31.6 17.0 w/o Event Type Attention 71.1 | 56.9
Our Approach 47.8 43.0 Our Approach 55.1 | 50.4
w/o Entity Detection 530 | 47.6
Table 2: Zero-shot F-scores on 23 unseen event types. Arg. w/o Multiway Attention 534 | 42.8
T: adapted implementation from (Du and Cardie, 2020). w/o Entity SElf'aﬂE’mmn. 53.7 | .48.3
e _ _ _ w/o Arg Role Self-attention | 54.1 | 47.7

GT indicates using gold-standard triggers as input.

Table 4: Results of various ablation studies. Each score
is the average of three runs for each experiment.
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Source Target BERT_QA_Argmus BERT_QA_Argpinary | Our Approach
Trigger Ext.  Argument Ext. | Trigger Ext.  Argument Ext. | Trigger Ext.  Argument Ext.

ERE ACE | 48.9(48.9) 18.5 (18.5) 50.8 (50.8) 20.9 (20.9) 53.9 (52.6) 30.2 (29.6)
ACE ACE 70.6 48.3 722 50.4 551
ACE+ERE | ACE 70.1 47.0 71.3 49.8 56.2
ACE ERE 47.2(47.2) 18.0 (18.0) 47.2 (45.0) 178 ¢17.1) 55.9 (46.3) 31.9 (26.0)
ERE ERE 57.0 39.2 56.7 429 50.4
ACE+ERE | ERE 57.0 38.6 54.6 37.1 52.3

Table 3: Cross ontology transfer between ACE and ERE datasets (F-score %). The scores in parenthesis indicate
the performance on the ACE and ERE shared event types.



Chongging
University of

Marry
Divorce
Trial-Hearing

0.947 (10)
0.941 (9)
0.889 (5)

ATAI

Advanced Technique
of Artificial

Sue 0.4 (4)
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Figure 3: Zero-shot event extraction on each unseen
event type. The number in parenthesis indicates # gold
event mentions of each unseen type in the test set.
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