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Abstract

We etend the dasdscd single-task adive
leaning (AL) approach. In the multi-task ac
tiveleaning (MTAL) paradigm, we seled ex-
amplesfor several annatation tasks rather than
for a single one & usualy dore in the on
text of AL. We introduce two MTAL meta-
protocols, aternating seledion and rank com-
bination, and propose amethod to implement
them in pradice We experiment with a two-
task anndation scenario that includes named
entity and syntadic parse tree aindations on
three different corpora. MTAL outperforms
random seledion and a stronger baseline, one-
sided example seledion, in which ore task is
pursued using AL and the seleded examples
are provided also to the other task.

1 Introduction

Supervised machine learning methods have success
fully been applied to many NLP tasksin the last few
decales. These techniques have demonstrated their
superiority over both hand-crafted rules and ursu-
pervised learning approaches. However, they re-
quirelarge amountsof labeled training datafor every
level of linguistic processng (e.g., POS tags, parse
trees, or named entities). When, when damains
andtext genres change (e.g., moving from comman-
sense newspapers to scientific biology journa arti-
cles), extensive retraining on rewly supgied train-
ing material is often required, since different do-
mains may use different syntactic structures as well
as different semantic classs (entities and relations).
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Consequently, with an increasing coverage of a
wide variety of domans in human language tech-
nology (HLT) systems we cax exped a growing
need for manual annaations to suppat many kinds
of application-spedfic training data.

Credaing anndated data is extremdy labor-
intensive. The Active Leaning (AL) paradigm
(Cohn et a., 1996 offers a promising solution to
ded with this battlenedk, by alowing the learning
algorithm to cortrol the selection of examples to
be manually annaated such that the human label-
ing effort be minimized. AL has been succesgully
applied arealy for a wide range of NLP tasks, in-
cluding POS tagging (Engelson and Dagan, 1996,
chunking (Ngai and Yarowsky, 2000, statistical
parsing (Hwa, 2004, and named entity recogrition
(Tomanek et a., 2007).

However, AL is designed in such away that it se-
lects examples for manual annatation with resped to
a single learning algorithm or classfier. Under this
AL annaation pdicy, one hasto perform a separate
anndation cycle for ead classfier to be trained. In
the following, we will refer to the annaations aup-
plied for a dassfier as the annatations for a single
anndation task.

Modern HLT systemsoften utilize anndationsre-
sulting from different tasks. For example, amachine
translation system might use feaures extraded from
parse trees and named entity annaations. For such
an application, we obviously nedl the different an-
notations to reside in the sametext corpus. It is naot
clear how to apply the single-task AL approach here,
since atraining example that is beneficial for one
task might nat be so for others. We wuld annaate



the same corpus independently by the two tasks and
merge theresulting annaations, but that (aswe show
in this paper) would possbly yield sub-optimal us-
age of human anndation eff orts.

There ae two reasons why multi-task AL, and
by this, a combined corpus annaated for various
tasks, could be of immediate benefit. First, annda-
tors working onsimilar anndation tasks (e.g., con-
sidering named entities and relations between them),
might exploit annaation data from one subtask for
the benefit of the other. If for ead subtask a sepa-
rate corpus is sampled by means of AL, anndators
will definitely lack synergy effeds and, therefore,
annaation will be more laborious and is likely to
suffer in termsof quality and acarracy. Second, for
dissimilar annaation tasks — take, e.g., a mmpre-
hensive HLT pipeline incorporating morphdogical,
syntactic and semantic data — a dassfier might re-
quire feaures as input which constitute the output
of ancther precealing classfier. As a mnsequence
training such a dasdfier which takes into acourt
several anndation tasks will best be performed on
a rich corpus annaated with resped to al input-
relevant tasks. Both kinds of annaation tasks, simi-
lar and dssimilar ones, constitute examples of what
we refer to as multi- task anndation problems

Indeed, there have been efforts in creding re-
sources anndated with resped to various annaation
tasks thoughead of them was carried out indepen-
dently of the other. In the general language UPenn
anndaation eff orts for the WSJ ®dions of the Penn
Treebank (Marcus et al., 1993, sentences are anno-
tated with POS tags, parsetrees, aswell asdiscourse
annaation from the Penn Discourse Treebank (Milt-
sakaki et al., 2008, while verbs and verb arguments
are anndated with Prophbank rolesets (Palmer et d.,
2005. In the biomedical GENIA corpus (Ohta et
al., 2002, scientific text is annaated with POS tags,
parse trees, and named entities.

In this paper, we introduce multi-task active
learning (MTAL), an adive learning paradigm for
multiple annaation tasks. We propase anew AL
framework where the examples to be annatated are
selected so that they are as informdive a posdble
for a set of clasdfiers instead of a single clasdfier
only. This enablesthe aedion of asingle combined
corpus annatated with resped to various anndation
tasks, while preserving the advantages of AL with

resped to the minimization of anndation eff orts.

In a proof-of-concept scenario, we focus on two
highly dissimilar tasks, syntactic parsing and named
entity reaogntion, study the df eds of muliti- task AL
uncer rather extreme condtions. We propase two
MTAL mea-protocols and a method to implement
them for these tasks. We run experiments on three
corporafor domans and genres that are very differ-
ent (WSJ: newspapers, Brown: mixed genres, and
GENIA: biomedical abstrads). Our protocols out-
perform two baselines (randam and a stronger one-
sided selection baseline).

In Sedion 2 we introduce our MTAL framework
and present two MTAL protocols. In Sedion 3 we
discussthe evaluation of these protocols. Sedion
4 describes the experimental setup, and results are
presented in Sedion 5. We discuss related work in
Sedion 6. Finally, we point to open reseach issues
for this new approach in Sedion 7.

2 A Framework for Multi-Task AL

In this sedion we introduce a sample selection
framework that aims at reducing the human anno-
tation eff ort in amultiple annaation scenario.

2.1 Task Definition

To measure the dficiency of selection methods, we
define the training qudity T'Q of anndated mae-
rial S asthe performance p yielded with areference
learner X trained onthat material: 7Q(X, S) = p.
A selection method can be considered better than an-
other one if a higher TQ is yielded with the same
amount of examples being annaated.

Our framework is an extension of the Active
Leaning (AL) framework (Cohnet al., 1996). The
original AL framework is based on qlerying in an it-
erative manner those examplesto be manually anno-
tated that are mast useful for the learner at hand. The
TQ of an annaated corpus slected by means of AL
is much higher than random selection. This AL ap-
proach can be considered as single-task AL because
it focuses onasingle learner for which the examples
areto be selected. In amultiple annaation scenario,
however, there ae several annaation tasksto be ac
complished at once andfor ead task typically asep-
arate statistical model will then betrained. Thus, the
goal of multi-task AL is to query those examples for



human annaation that are most informative for all
learners involved.

2.2 One-Sided Selection vs. Multi- Task AL

The naive gproach to select examplesin a multiple
annaation scenario would be to perform a single-
task AL selection, i.e., the examples to be enndated
are selected with resped to one of the learnersonly.*
Inamultiple annaation scenario we cdl such an ap-
proach one-sided selection. It is an intrinsic selec-
tion for the referencelearner, and an extrinsic selec-
tion for all the other learners also trained onthe an-
notated material. Obviously, a corpus compiled with
the help of one-sided selection will have agoodTQ
for that learner for which the intrinsic selection has
taken place. For al the other learners, however, we
have no guarantee that their TQ will not be inferior
than the TQ of arandom selection process

In scenarios where the different anndation tasks
are highly dissimilar we can exped extrinsic selec-
tion to berather poar. This intuition is demonstrated
by experiments we condwcted for named entity (NE)
and parse annatation tasks® (Figure 1). In this sce-
nario, extrinsic selection for the NE annaation task
means that examples where selected with resped
to the parsing task. Extrinsic selection performed
abou the same as randam selection for the NE task,
while for the parsing task extrinsic selection per-
formed markedly worse. This shows that examples
that were very informative for the NE learner were
not that informéive for the parse learner.

2.3 Protocols for Multi- Task AL

Obviously, we can exped one-sided selection to per-
form better for the reference learner (the one for
which an intrinsic selection took place) than multi-
task AL selection, because the latter would be a
compromise for al learners involved in the multi-
ple anndation scenario. However, the goal of multi-
task AL is to minimize the enndation eff ort over al
annaation tasks and nd just the dfort for a single
anndation task.

For a multi-task AL protocol to be valuable in a
spedfic multiple annaation scenario, the TQ for all
considered learners shoud be

10f course, al selected examples would be axnctated w.r.t.

al anndation tasks.
2SeeSedion 4 for our experimental setup.

1. better than the TQ of randam selection,

2. and better than the TQ of any extrinsic selec-
tion.

In the following, we introduce two protocols for
multi-task AL. Multi-task AL protocols can be con-
sidered meta-protocols because they basically spec
ify how task-spedfic, single-task AL approachescan
be combined into one selection dedsion. By this,
the protocols are independent of the underlying task-
spedfic AL approades.

2.3.1 Alternating Selection

The alternating selection protocol alternates one-
sided AL selection. In s; conseautive AL iterations,
the selection is performed as one-sided selection
with resped to learning algorithm X;. After that,
ancther learning agorithm is considered for selec-
tionfor s, conseautiveiterationsandso on Depend-
ing on the spedfic scenario, this enables to weight
the different anndation tasks by alowing them to
guide the selection in more or less AL iterations.
This protocol is a straight-forward compromise be-
tween the different single-task selection approadces.

In this paper we experiment with the spedal case
of s; = 1, where in every AL iteration the selection
leadership is changed. More sophisticated cdibra-
tion of the parameters s; is beyondthe scope of this
paper and will be dedt with in future work.

2.3.2 Rank Combination

The rank combination protocol is more diredly
based onthe ideato comhine single-task AL selec-
tion dedsions. In eat AL iteration, the usefulness
score sy (e) of eat urlabeled example e from the
pod of examples is cdculated with resped to ead
learner X; and then trandated into a rank rx (e)
where higher usefulness means lower rank number
(examples with identical scores get the same rank
number). Then, for ead example, we sum the rank
numbers of eat anndation task to get the overall
rank r(e) = >_7_1 7x;(e). All examples are sorted
by this combined rank and b examples with lowest
rank numbers are selected for manual annatation.®

3As the number of ranks might differ between the single an-
notation tasks, we normalize them to the coarsest scde. Then
we can sum up the ranks as explained above.
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Figure 1: Leaningcurvesfor randam andextrinsic seledion on bdh tasks. named entity annaation (left) and syntadic

parse anndation (right), using the WSJcorpus senario

This protocol favors examples which are goodfor
all learning algorithms Examples that are highly in-
formative for one task but rather uninformative for
ancther task will nat be selected.

3 Evaluation of Multi-Task AL

The nation of training quality (TQ) can be used to
quantify the dfedivenessof a protocol, and bythis,
anndation costsin asingle-task AL scenario. To ac
tualy quantify the overall training quelity in amulti-
ple annaation scenario one would have to sum over
all the single task’s TQs. Of course, depending on
the spedfic anndation task, one would not want to
quantify the number of examples being anndated
but different task-spedfi ¢ units of annaation. While
for entity anndations one does typically court the
number of tokens being anndated, in the parsing
scenario the number of contituents being annctated
is a generally accepted measure. As, however, the
adual time nealed for the enndation of one exam-
ple usualy differsfor different annaation tasks, nor-
mdizing exchange rates have to be spedfied which
can then be used as weighting fadors. In this paper,
we do nd define such weighting fadors?, and leave
this challenging question to be discussed in the con-
text of psychadlinguistic reseach.

We ooud quantify the overal efficiency score E
of aMTAL protocol P by

E(P) =) a; - TQ(Xj,u)

j=1
where vu; denates the individua anndation task’s

4Such weighting fadors nat only depend onthe aandtation
level or task but also onthe domain, and espedally onthe cog-
nitive load of the annatation task.

number of units being annaatel (e.g., constituents
for parsing) and the task-spedfi c weights are defined
by a;. Given weights are properly defined, such a
score can be gplied to diredly compare different
protocols and quantify their differences.

In pradice, such task-spedfic weights might also
be considered in the MTAL protocoals. In the dter-
nating selection protocol, the numbers of conseau-
tive iterations s; ead single task protocol can be
tuned acording to the o parameers. As for the
rank combination protocol, the weights can be con-
sidered when cdculating the overdl rank: r(e) =
> j=1Bj - rx;(e) where the parameters 3; . . . 3, re-
flea the values of a3 ... «, (thoughthey need na
necessily bethe same).

In our experiments, we asumed the same weight
for all annaation schemata, thus dmply setting s; =
1,5, = 1. This was dore for the sake of a dear
framework presentation. Finding proper weights for
the single tasks and tuning the protocols acardingly
is asubject for further reseach.

4 Experiments

4.1 Scenario and Task-Spedfic Selection
Protocols

The tasks in our scenario comprise one semantic
task (annaation with named entities (NE)) and ore
syntactic task (annaation with PCFG parse trees).
The tasks are highly dissimilar, thus increasing the
potential value of MTAL. Both tasks are subject to
intensive reseach by the NLP community.

The MTAL protocols proposed are meta-
protocols that combine the selection dedsions of
the underlying, task-spedfic AL protocols. In
our scenario, the task-spedfic AL protocols are



committee-based (Freund et al., 1997 selection
protocols. In committee-based AL, a committee
consists of & classfiers of the same type trained
on dfferent subsets of the training data® Each
committee member then makes its predictions on
the unlabeled examples, and those examples on
which the committee members disagree most are
considered most informative for learning and are
thus slected for manual annaation. In our scenario
the example grain-size is the sentencelevel.

For the NE task, we gply the AL approach of
Tomanek et al. (2007. The committee consists of
k1 = 3 clasdfiers and the vote entropy (VE) (Engel-
son and Dagan, 1996 is employed as disagreement
metric. It is cdculated onthe token-level as

1 Z V(Z,t) log V(Z,t) (1)

1=0

V Epor(t) =

N log k
where w is the ratio of k& clasdfiers where the
label [; is assgned to atoken ¢. The sentence level
vote entropy V' E,,; is then the average over al to-
kenst; of sentences.

For the parsing task, the disagreament score is
based ona committee of £, = 10 instances of Dan
Bikel’s reimplementation of Collins' parser (Bickel,
2005 Collins, 1999. For eat sentencein the un-
labeled pod, the agreement between the committee
members was cdculated using the function reported
by Reichart and Rappopat (2007):

AF(s) =~ Y

il€[1...N] il

fscore(mi,my)  (2)

Where m,; and m; are the committee members and
N = % is the number of pairs of different
committee members. This function cdculates the
agreament between the members of ead pair by cd-
culating their relative f-score and then averages the
pairs scores. The disagreament of the committeeon
asentenceissimply 1 — AF(s).

4.2 Experimental settings

For the NE task we employed the dassfier described
by Tomanek et al. (2007): The NE tagger is based on
Condtional Randam Fields (Lafferty et a., 2001

SWe randamly sampled L = % of the training datato creae
eat committee member.

and hes arich feaure set including orthographical,
lexical, morphdogical, POS, and contextual fea
tures. For parsing, Dan Bikel’s reimplementation of
Callins' parser is employed, using gdd POS tags.

In eadh AL iteration we select 100 sentences for
manual anndation.® We start with a randamly cho-
sen sedl set of 200 sentences. Within a corpus we
used the same seed set in al selection scenarios. We
compare the following five selection scenarios. Ran-
dom selection (RS), which serves as our baseline;
one-sided AL selection for both tasks (cdled NE-AL
and PARSE-AL); and multi-task AL selection with
the dternating selection protocol (alter-MTAL) and
the rank combination protocol (ranks-MTAL).

We performed ou experiments on three dif-
ferent corpora, namdy one from the newspaper
genre (WSJ, a mixed-genre corpus (Brown), and a
biomedical corpus (Bio ). Our simulation corpora
contain bath entity annaations and (constituent)
parse annaations. For ead corpus we have apod
set (from which we select the examples for annda-
tion) and an evaluation set (used for generating the
learning curves). The WSJcorpus is based onthe
WSJ part of the PENN TREEBANK (Marcus et dl.,
1993; we used the first 10,000 sentences of sedion
2-21 asthe pod set, and sedion 00as evaluation set
(1,921 sentences). The Brown corpus s also based
onthe respedive part of the PENN TREEBANK. We
creded a sample consisting of 8 of any 10 consec
utive sentences in the corpus. This was dore &
Brown contains text from various English text gen-
res, andwe did that to creae arepresentative sample
of the corpus domains. We finally selected the first
10,000 sentencesfrom this sample aspod set. Every
9th from every 10 conseautive sentences padkage
went into the evaluation set which consists of 2,424
sentences. For both WSJand Brown only parse an-
notations though noentity annaations were avail-
able. Thus, we eriched bah corpora with entity
anndations (three antities: person, location, and ar-
ganization) by means of atagger trained onthe En-
glish data set of the CoONLL -2003shared task (Tjong
Kim Sangand De Meulder, 2003.” TheBio corpus

5Manual annaation is smulated by just unveiling the anno-
tations aready contained in our corpora.

"We employed a tagger similar to the one presented by Set-
tles (2004). Our tagger has a performance of ~ 84% f-score on
the CoNLL-2003 dita; inspedion of the predicted entities on



is based onthe parsed sedion of the GENIA corpus
(Ohta et a., 2002. We performed the same divi-
sions as for Brown, resulting in 2,213 sentences in
our pod set and 276sentencesfor the evaluation set.
This part of the GENIA corpus comeswith entity an-
notations. We have ollapsed the entity classes an-
notated in GENIA (cdl ling, cdl type, DNA, RNA,
protein) into asingle, biological entity class

5 Resaults

In this sedion we present and dscuss our results
when applying the five selection strategies (RS, NE-
AL, PARSE-AL, dter-MTAL, and rankssMTAL) to
our scenario on the three @rpora. We refrain from
cdculating the overall efficiency score (Sedion 3)
here due to the lack of generally accepted weights
for the considered annaation tasks. However, we
require from agoodselection protocol to exceel the
performance of randam selection and extrinsic se-
lection. In addition, recdl from Sedion 3 that we
set the dternate selection and rank combination pa-
rametersto s; = 1, 5; = 1, respedively to refled a
tradeoff between the annatation eff orts of both tasks.

Figures 2 and 3 dkpict the learning curves for
the NE tagger and the parser on WSJand Brown,
respedively. Ead figure shows the five selection
strategies. As expeded, on bah corpora and bdh
tasks intrinsic selection performs best, i.e., for the
NE tagger NE-AL and for the parser PARSE-AL.
Further, randam selection and extrinsic selection
perform worst. Most importantly, both MTAL pro-
tocols clearly outperform extrinsic and random se-
lection in all our experiments. This is in contrast
to NE-AL which performs worse than randam se-
lection for all corporawhen used as extrinsic selec-
tion, and for PARSE-AL that outperforms the ran-
dom baseline only for Brown when used as extrin-
sic selection. That is, the MTAL protocols suggest a
tradeoff between the anndation eff orts of the differ-
ent tasks, here.

On WSJ bath for the NE and the parse anndation
tasks, the performance of the MTAL protocols is
very similar, thoughranks-MTAL performs dlightly
better. For the parser task, up to 30,000 constituents
MTAL performs amost as good as does PARSE-
AL. This is different for the NE task where NE-AL

WSJand Brown reveded agoodtagging performance

clearly outperforms MTAL. On Brown, in genera
we see the same results, with some minor differ-
ences. On the NE task, extrinsic selection (PARSE-
AL) performsbetter than randam selection, but it is
still much worse than intrinsic AL or MTAL. Here,
ranks-MTAL significantly outperforms alter-M TAL
and amost performs as good as intrinsic selection.
For the parser task, we seethat extrinsic and ran-
dom selection are equally bad. Both MTAL proto-
cols perform equally well, again being gute similar
to theintrinsic selection. On the BIO corpus® we ob-
served the same tendencies as in the other two cor-
pora, i.e., MTAL clearly outperforms extrinsic and
randam selection and supgies a better tradeoff be-
tween anndaation eff orts of the task at handthan one-
sided selection.

Overadl, we can say that in al scenarios MTAL
performsmuch better than randaom selection and ex-
trinsic selection, and in most cases the performance
of MTAL (espedally but not exclusively, ranks-
MTAL) is even close to intrinsic selection. This is
promising evidence that MTAL selection can be a
better choicethan one-sided selection in multiple an-
notation scenarios. Thus, considering al annaation
tasks in the selection process (even if the selection
protocol is as Smple asthe dternating selection pro-
tocol) is better than selecting only with resped to
onetask. Further, it shoud be noted that overall the
more sophisticated rank combination protocol does
not perform much better than the simpler alternating
selection protocol in al scenarios.

Finaly, Figure 4 shows the disagreament curves
for the two tasks onthe WSJcorpus. As has drealy
been discussed by Tomanek and Hahn (2008, dis-
agreement curves can be used as a stopping crite-
rion and to monitor the progress of AL-driven an-
notation. This is espedally valuable when noanno
tated validation set is available (which is needed for
plotting learning curves). We ca seethat the dis-
agreement curves sgnifi cantly flatten approximately
at the same time as the learning curves do. In the
context of MTAL, disagreement curves might not
only be interesting as a stopping criterion bu rather
asaswitching criterion, i.e., to identify when MTAL
could beturned into one-sided selection. This would
be the cae if in an MTAL scenario, the disagree

8The plotsfor the Bio are omitted due to spacerestrictions.
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ment curve of onetask has aslope of (close to) zero.
Future work will focus onissues related to this.

6 Related Work

Thereis alarge body d work on single-task AL ap-
proaches for many NLP tasks where the focus is
manly on better, task-spedfic selection protocols
and methods to quantify the usefulness orein dif -
ferent scenarios. As to the tasks involved in our
scenario, several papers addressAL for NER (Shen
et a., 2004 Hachey et a., 2005 Tomanek et a.,
2007 and syntactic parsing (Tanget al., 2001 Hwa,
2004 Baldridge and Osborne, 2004 Beder and Os-
borne, 2005. Further, there is somework on gues-
tions arising when AL is to be used in red-life anno-
tation scenarios, including impaired inter-annaator
agreement, stopping criteria for AL-driven annda-
tion, and issues of reusability (Baldridge and Os-
borne, 2004 Hachey et a., 2005 Zhu and Howy,
2007, Tomanek et a., 2007).

Multi-task AL is methoddogically related to ap-
proadches of dedsion combination, espedally in the
context of clasgfier combination (Ho et al., 19949
and ensemble methods (Breiman, 1996. Those &p-
proaches focus on the combination of clasgfiersin

order to improve the dassfication error rate for one
spedfic dasdfication task. In contrast, the focus of
multi-task AL is on strategies to select training ma
terial for multi clasgfier systemswhere dl clasdfiers
cover different clasgficaion tasks.

7 Discusson

Our tregment of MTAL within the mntext of the
orthogorel two-task scenario leads to further inter-
esting reseach guestions. First, future investiga-
tions will have to focus on the question whether
the positive results observed in our orthogordl (i.e.,
highly dissimilar) two-task scenario will aso hdd
for amareredistic (and maybe more complex) mul-
tiple annaation scenario where tasks are more sim-
ilar and more than two annaation tasks might be
involved. Furthermore, several forms of interde-
pendencies may arise between the single annaation
tasks. As afirst example, consider the (functional)
interdependencies (i.e., task similarity) in higher-
level semantic NLP tasks of relation or event recog-
nition. In such a scenario, several tasks including
entity anndations and relation/event anndations, as
well as gyntactic parse data, have to be incorporated
at the sametime. Ancther type of (data flow) inter-
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Figure 4. Disagreement curves for NE task (left) and parse task (right) onWSJ

dependency occurs in a second scenario where ma
terial for several classfiers that are data-dependent
on ead other — one takes the output of ancther clas-
sifier as input feaures — has to be dficiently anno
tated. Whether the proposed protocols are beneficial
in the context of such highly interdependent tasks is
an open issue. Even more challenging is the idea
to provide methoddogies helping to predict in an
arbitrary application scenario whether the dhoice of
MTAL is truly advantageous.

Ancther open question is how to measure and
quantify the overall anndation costs in multiple an-
notation scenarios. Exchange rates are inherently
tied to the spedfic task and damain. In pradice, one
might just want to measure the time needed for the
annaations. However, in a simulation scenario, a
comman metric is necessary to compare the perfor-
mance of different selection strategies with resped
to the overal annaation costs. This requires gsud-
ies on haw to quantify, with a comparable cost func-
tion, the df orts neaded for the annaation of atextual
unit of choice (e.g., tokens, sentences) with resped
to different annatation tasks.

Finally, the question of reusahility of the aano
tated material is an important issue. Reusability in
the context of AL means to which degree @rpora
asembled with the help of any AL technique can be
(re)used as a genera resource, i.e., whether they are
well suited for the training of clasdfiers other than
the ones used during the selection processThis is
espedally interesting as the details of the dassfiers
that shoud be trained in a later stage ae typically
not known at the resource building time. Thus, we
want to select samples valuable to a family of clas-
sifiers using the various annaation layers. This, of
course, is only possble if data anndated with the

help of AL is reusable by modified though similar
clasgfiers (e.g., with resped to the feaures being
used) — compared to the dassfiers employed for the
selection procedure.

The issue of reusability has arealy been raised
but not yet conclusively answered in the aontext of
single-task AL (seeSedion 6). Evidencewas found
that reusability up to a cetain, though na well-
spedfied, level is possble. Of course, reusability
has to be analyzed separately in the context of var-
ious MTAL scenarios. We fed that these scenarios
might both be more dhallenging and more relevant
to the reusahility issue than the single-task AL sce-
nario, since resources annaated with multiple lay-
ers can be used to the design of alarger number of a
(posdbly more complex) learning algorithms

8 Conclusions

We proposed an extension to the single-task AL ap-
proach such that it can be used to select examplesfor
anndation with resped to several anndation tasks.
To the best of our knowledge this isthefirst paper on
this issue, with a focus on NLP tasks. We outlined
a problem definition and described a framework for
multi-task AL. We presented and tested two proto-
cols for multi-task AL. Our results are promising as
they give evidencethat in a multiple anndation sce-
nario, multi-task AL outperforms naive one-sided
and randam selection.
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