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Active Learning Based Semi-automatic Annotation of Event Corpus
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Abstract: In the area of Natural Language Processing, building corpus by hand was a hard and time-consuming
task. Active learning promised to reduce the cost of annotating dataset for it was allowed to choose the data
from which it learned. This study presented a semi-automatic annotation method based on active learning for

labeling events in Chinese text. Particularly, it focused on uncertainty-based sampling and query-by-committee
based sampling algorithm to evaluate which instance was informative and could be labeled by hand in the
unlabeled dataset. The selected informative instances were labeled manually for obtaimng a more effective
classifier. Experimental results not only demonstrated that active learning improved the accuracy of Chinese
event annotation, but also showed that it reduced the number of labeling actions dramatically.

Key words: Semi-automatic ammotation, event corpus, active learning, uncertamnty-based sampling, query-by-

committee sampling

INTRODUCTION

With the development of Information Extraction (TE),
event extraction, as a subtask of IE, is become more and
more important. Tt has attracted much attention in recent
yvears (Ahn, 2006; Ji and Grishman, 2008; Ritter et al.,
2012; Arendarenko and Kakkonen, 2012). Most of the
relevant developmental work has focused supervised
machine learming method in which the event corpus 1s
required. However preparing the corpus (for example, the
Automatic Content Extraction (ACE) (Doddington et al.,
2004) and TimeBank (Pustejovsky et al., 2003) event
corpus) iz an expensive undertaking since manually
annotating event corpus 1s a hard and time-consuming
task. It i1s a pity that very little of the work has been done
on the semi-automated annotation of event corpus to
accelerate the corpus annotation progress and reduce the
burden of the annotator, while the event extraction
systems have been extensively studied.

Active learming Settles (2010), Balcan et af. (2010) 1s
a subfield of machine learming. The learmng algorithm 1s
allowed to choose the data from which it learns and gives
suggestion of which data are valuable and should be
tagged. The mstances are selected since they have made
unreliable predictions of the learned model. Without
supplying the learner with more labeled data, it can
produce a classifier as good as possible. Nowadays,
active learning has been successfully applied to the tasks
of speech recognition, extraction,
classification, filtering and so on.

information

The objective of the present study is to investigate
the use of active learming based semi-automatic
annotation technique that could be used to optimize the
progress of event annotation.

EVYENT CORPUS

Although, event corpus 18 widely distributed, there
are mainly two annotation models in the available event
corpus. One 18 Tine bank model, in which an event 1s a
node in a network of temporal relations. Every event
which denotes by a specific term, temporal expressions
and temporal relations is annotated in the Time Bank
model. Tt focuses on the temporal relation of events. The
other 138 ACE model, n which an event 1s more complex. In
additton to temporal relation, the event arguments
(such as participants and place) and the event properties
(such as polarity, tense and modality) are all mvolved in
this model.

In the previous work, Fu et al. (2010) studied the
Chinese event taggability. The study proposed a serial of
taggmg rules, developed an annotation tool, collected 200
news articles of Chinese and annotated the articles
manually. Difference with ACE (which 13 limited to specific
event types), the study has annotated all the events
which are mvolved m the articles. An example of the
annotated Chinese event article is shown in Fig. 1.

As 18 shown in Fig. 1, the corpus is tagged by XML
(Extensible  Markup Language). The detail
specification of Chinese event anmnotation scheme in
BNF (Backus-Naur Form) is given below:
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<?xml version="1.0" encoding="GB2312"?>

<Body><Title> B2 W] 7 o rEmRE

<Content>

<Paragraph )
="relTime">/\ H
L-fr2</Locat\on ).{ EVa

<Denoter

type="emergency"

eid="e5">3< |4
type="operation
type="emergency"
type="emergency”
type="movement"
eid="e9"»<Object>if

<Object>#iZE1F </ Object> &
|-</Denoter>H</Event>.

</Event=,

</Denoter>_
fl</Object=#

Wk L ke Title>

<ReportTime type="absTime">2008408 H 30 H 18:00</ReportTime>

{i7)<Sentence><Event eid="el"><Time
S 41 iF</Time>, <Location [0
< ter type="emergency">

</Denoter =< /Event>. </Sentence></Paragraph>

<Paragraph>< entence><Event eid="e3" ><Part|cwpant type 'a ent
type— action"># —.*/Denoter“<Part|C|pantt\,fpe— recipient”»z;
eid="e4" ><Par‘t|‘:|pant>w’)" (3} J\</‘F'art|<:|pant>~<Denc>ter type=' statement >
\ <Object>#14li</Object>I{ £ T

</Sen‘[ence »<Sentence><Event eid="e6">|l1]
JEvent>, <Event eid="e7"><location>E i< jLDcat|Dn><Denoter
<Event eid= "e8
<Location type—”destmauon
<Denoter type="stateChange">"ff</Denoter>,

NAZERETMEK. [U)IEE LR RS

</Denoter></Event>, <Event

i0# lPart|C|pant><Denoter

1% fA 01 N\ </Participant=</Event>, <Event
-ﬂx:J\</Denoter></Event> <Event
'T'I_<Denoter

J<Denoter

><Part|cwpant 2117 [ </Participant>F i <Denoter
</Location></Event>, <Event
</Event><Event eid="e10"><Time

type="relTime">F</Time>. <Denoter type="stateChange">{ft E</Denoter>IE#; ., </Event></Sentence></Paragraph>

</Content>

</Body=
Fig. 1: An example of annotated Chinese event article
Fvert X: oo 12008FESAI2E LI | &% 8.0% /A wE
atiributes .= eid Polarity y: Time Locationj Null Null Null Event denotes
eid ::= EventID
EventID ::= e<integer> Slﬁrt End
Polarity ::= ["Positive "] | "Negative” 1 Event extend :l'
Child Nodes ::= <Denoter> [Time] [ Location] [Participant] [Object]
Denocter ] ] ] ] ]
attribute ::= Type Fig. 2. A example of Chinese event annotation which 1s
Type ;1= "Emergency” | "Movemere™ | "Statement” | "Act” | "Operation™ | treated as sequence labeling task
"State Chemge ™ | "Perception”
Tirme
attribute ;= Type as arguments in nearby events. For simplicity, the
Type 1= "absThne" | "relTime" | "time Interval” e T . o
ngﬁ o sTime" | "relTime" | "time nterv identification of the “attribute” tag is not involved in this
attribute ::= Type study. Figure 2 illustrates how the Chinese event
Type ::=["Origin" | "Destination"} annotation can be treated as a sequence labeling task in
Participant this stud
attribute ::= Type 3 study.
Type ::= [" Agent" | " Recipient™]
ggflﬁte = Type SEMI-AUTOMATIC ANNOTATION WITH ACTIVE
Type ::= ["Agent” | "Recipient"] LEARNING

EVENT ANNOTATION

As well as part-of-speech tagging, tlus study
considers the Chinese event annotation as a
sequence labeling task. Not only the event arguments
(for example, “time”, “location” and “participant™), but
also the event “denoter” (a word or phrase in the text
expresses an event happening) and “event extend” are
required to be tagged. In particular, the 1dentification of
event extend is crucial in the annotation task for it will
determine whether or not entities in the text can be used
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As 18 mentioned before, the Chinese event corpus
was labeled by hand. The annotation work has consumed
12 man-months on manually labeling the 200 news articles.
However, the corpus of 200 news articles is too
wnsufficient to support a robust machine learner. For
accelerate the annotation progress and enrich the corpus,
this study presents a method of semi-automatic
annotating of Chinese event in free text based on active
learming. In particular, the method focuses active learning
for sequence labeling on Conditional Random Fields
(CRFs) (Lafferty ef al., 2001). Itallows the ennotator label
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Fig. 3: Framework of semi-automatic annotation of event corpus

the mstances rapidly and easily and enhances the
system’s prediction, while reducing the amount of
effort spent on labeling events. The framework of
semi-automatic annotation of event corpus is showed in
Fig. 3.

The framework contains the following steps:

Train a CRFs model with initial hand-labeled events

COrpus
»  Apply the CRFs model to unlabeled data
s  Evaluate potential informative  instances

ETRTS

(“time”, “location”, “participant”, “denoter
extend” and so on) to be labeled

Remove top n mstances from unlabeled data and give
to annctator

Add the n instances which are labeled by the
annotator into tramning dataset

Retrain CRFs model with the traming dataset
Repeat step 2 to step 6 until stopping criterion is
satisfied

37
>

event

In the method, the CR¥s 1s employed to annotate
event and its arguments. The CRFs are statistical
graphical models which have demonstrated state-of-the-
art accuracy on the sequence labeling tasks. This study
uses linear-chain CRFs, which correspond
conditionally trained probabilistic finite state machine.

Difference from “ordinary” machine learning, the
active learning which 13 employed in the method gives
suggestion of which data are valuable and should be
tagged for obtaining a model as well as possible, without
supplying the learner with more data than necessary. This
study employs two strategies of uncertainty-based and
query-by-committee based sampling to evaluate unlabeled
data.

to

Uncertainty-based sampling: An active learming must
have a strategy of measuring informative mstances. One
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of the most common general frameworks for measuring
mformative mstances 1s uncertainty-based sampling. In
this framework, an active learner queries the instances
about which is least certain how to label. A simple
uncertainty-based sampling for sequence models 1s Least
Confident (LC):
Que (X =1-P (Y¥[X:6) (1)
Where Y* 15 the most likely label sequence. It can be
efficiently computed by using dynamic programming
(for example, Viterbi algorithm). The approach queries the
mstance for which the current model (LC) has the least
confidence m its most likely labeling. For CRFs, the
confidence can be calculated by using the posterior

probability of the following equation (Lafferty et al.,
2001).

P(Y\X;O):%exp[ (2)

T K
22 6,1, (YH R )]

t=1 k=1

where, X = x,...x, 1s an mput sequence, Y = y,...y, 1s a label
sequence. 7 is the per-input normalization that makes the
probability of all label sequences sum to one; f, (.., Ve
X)) 18 a feature function which 1s often binary-valued and
0, 1s a leamed weight associated with feature f,.

Query-by-committee based sampling: Another general
active learning framework 13 query-by-committee based
sampling. In this framework, the most informative instance
is the most disagreement about how to label in the
committee. The committee models are trained on the
labeled data, but represent competing hypotheses. Each
committee member s allowed to vote on the labelings
of query candidates. In this study, the committee
of CRFs This  study
employs Sequence Vote Entropy (SVE), (Settles and
Cravery, 2008) which have demonstrated the best strategy

is consisted models.
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in query-by-committee based sampling, for measuring
the level of disagreement. Tet committee of models

6 = {n, ..} represent different hypotheses that are
consistent with the labeled data, the SVE query instance
as follows:

3)

Qspe (X)=->" P(Y|X:6)log P(Y | X;6)
TeM®

where, N, 15 the wnion of the N-best parses from all
models in the committee 6 and P (Y[X:0) = 14},
P (Y[X; m*), or the “consensus” posterior probability for
some label sequence.

EXPERIMENTS AND ANALYSIS

The chinese event corpus (which is collected from
sina, yahoo, sohu and so on) 1s used for the experiments.
Tt contains 200 hand-labeled articles (set 1) and 600
unlabeled articles (set U). There are 3133 events and 4878
event arguments (total 8011 mnstances) mvolved mn the L.

The articles are parsed by the LTP system
(developed by TR-Lab in HIT, http://irhit.edu.cn/) to
obtain the feature information of word POS and
dependency relation. Besides, word position and context
information within a window of size 3 are also contained
in the features for training the CRFs learner.

Firstly, the set . is used to train an initial CRFs
model, then apply the CRFs model to the U, employ the
active learming algorithms (LC and SVE) to evaluate
potential informative instances, remove top n (in this
study, n = 10) instances from unlabeled data and label it
manually, add the n instances to tramning dataset and
retrain CRFs model M. The progress is repeated until get
500 informative instances for each algorithm.

In the set U, 500 instances are randomly selected,
labeled by hand and moved mto set L. The set L 15 then
used to train a CRFs model. The model 1s predicted on test
set T (randomly select 1000 instances from 17 as test set)
as baseline. This study also predict the model M on T and
evaluate the experimental results menually for ascertaiming
the usefulness of the active learming approaches
(LC and SVE) explored in this study. In Fig. 4, this study
first shows that active learning is beneficial in Chinese
evernt annotation.

Annotation accuracy: Figure 4 presents the comparison
results of LC, SVE and baseline on event annotation. It
can be seen that, with the informative instances adding to
the training set, the active learning methods (both LC and
SVE) make a significant improvement (8.20% of 1.C and
8.14% of SVE) on system accuracy of event annotation.
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Fig. 4: Accuracy for event amnotation of baseline, least
confident (I.C) and sequence vote entropy (SVE)
(higher the better)

Although, the baseline get improvement (2.75%) with the
randomly selected samples moving into training set, the
active learning methods achieve better performance than
baseline on the iteration progress. In addition, it also can
be observed that the SVE performs better than LC on
semi-automatic annotation event corpus.

Labeling action: Beside the traditional method of
calculating annotation accuracy, this study also
introduces the concept of atomic labeling action
(Culotta and MecCallum, 2005) for evaluating how the
semi-automatic annotation can reduce the labeling effort.
In the case of event annotation, there are three atomic
labeling actions: Start, end and type, which are
corresponding to labeling the start boundary, end
boundary and type of an instance (event or event
argument). Consider the following example.

<Event>

<Time>2008& 5.5 125</Time>,

< Location> #IRMW</Tocation> ¥4 8.0 5Bz
< Denoter> piZ</Denoter=

</Bvent>

It contains 4 start, 4 end and 4 type actions. Figure 5
shows that the presented methods can reduce the number
of labeling action.

The corresponding labeling actions of baseline, T.C
and SVE are calculated when system accuracy reach 71, 72
and 73%, for quantifying the contribution of active
learning on semi-automatic annotation of event corpus.
From the Fig. 5, it can be seen that both LC and SVE need
less labeling actions than baselne (for example, when
system accuracy reach 73%, baseline requires 1464
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Fig. 5: Labeling actions for event annotation of baseline,
least confident (LC) and sequence vote entropy
(SVE) (less the better)

labeling action, L.C requires 204 labeling actions and SVE
requires 147 labeling actions only), since the 1.C and SVE
select informative instances and produces better CRFs
models than baseline. It demonstrates that the active
learning algorithm is helpful for semi-automatic annotation
of event corpus and reduces number of the labeling
actions.
CONCLUSION AND FUTURE WORK

Corpus amnotation manually 13 a hard and
time-consuming task. Tt is meaningful to explore a
semi-automatic method for event annotation in free text.
This study has presented an active learming based
semi-automatic annotation of event corpus. Tn particular,
it has explored uncertainty-based sampling (I.C) and
query-by-committee based sampling (SVE) strategies for
measuring the informative instances in unlabeled data and
suggestion to annotator. These mstances have been
labeled and used to retrain more efficient CRFs models.
Experimental results have demonstrated that 1t improves
the accuracy of Chinese event annotation and reduces the
number of labeling actions dramatically. Future work will
explore more active learning algorithms on event
annotation and integrate them into a union annotation
platform.
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