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Abstract

Active learning (AL) is getting more and more popular as a methodologymsiderably reduce the annotation effort when building
training material for statistical learning methods for various NLP tasksrudial issue rarely addressed, however, is when to actually
stop the annotation process to profit from the savings in efforts. Thistiguds tightly related to estimating the classifier performance
after a certain amount of data has already been annotated. While leaumirgs are the default means to monitor the progress of the
annotation process in terms of classifier performance, this requirbeladbgold standard which — in realistic annotation settings, at least
—is often unavailable. We here propose a method for committee-bastmalproximate the progression of the learning curve based on
the disagreement among the committee members. This method reliesparaeeunlabeled corpus and is thus well suited for situations
where a labeled gold standard is not available or would be too expengieain. Considering named entity recognition as a test case
we provide empirical evidence that this approach works well underlation as well as under real-world annotation conditions.

1. Introduction trained on the annotated data really performs. An optimal

State-of-the-art NLP components are increasingly based opfoPPIng c_onqmon for any annotation would be to locate
supervised machine learning methods. This raises the neéaat p0|_n_t in time when no further w_nprovement n terms
for large amounts of training data. While for the generalO cla_ssn‘ler performan_ce can be achieved by adq!uonal an-
language English newspaper domain syntactic (Marcus djotations. Smce Iee}rnlng curves show t_he classifier perfor
al., 1993), semantic (Palmer et al., 2005; Pustejovsky. et gimance at dlﬁgrgnt time steps, i.e., for different amourfits o
2003), and even discourse (Carlson et al., 2003; MiItsakak"i",nmt""t,ed tralmng examP'eS’ we can observe that progres-
et al., 2008) annotations are increasingly made available>'o": Given this observatlon data we may stop the annota-
any language, domain, or genre shift pushes the severe blfo" Process when the leaming curve completely converges
den on developers of NLP systems to supply comparabl{"d IS not ascending any more. .

sized high-quality annotations. Even inner-domain shifts " Most real-world annotation scenarios, however, such a
such as, e.g., moving from hematology (Ohta et al., 2002}ell-defined stopping point based on the convergence of
to the genetics of cancer (Kulick et al., 2004) within the classifier performance does not exist. Instead, additional
field of molecular biology may have drastic consequence&nnotations often result in sllght improvements of the-clas
in the sense that entirely new meta data sets have to pr&ifier's performance. Accordingly, one should rather con-
duced by annotation teams. Thus, reducing the human efider thetrade-off between further annotation efforts and
forts for the creation of adequate training material is agnaj 92inS |n.classn‘|er performance to decide Whether' adtjltlona
challenge. annotations are worth the effort for targeted application.
Active learning(AL) copes with this problem as it intel- This trade-off can be read from the learning curve which,
ligently selects the data to be labeled. It is a Samp”ndJnfortunately, will not always be available. Re-sampling
strategy where the learner has control over the training mastrategies, e.g., cross-validation or bootstrappingalisu
terial to be manually annotated by selecting those exam@Pplied to estimate classifier performance, assume inde-
ples which are of high utility for the learning process. AL Pendently and identically distributedi{d.) examples to
has been successfully applied to speed up the annotatiG@mple from. But examples selected by means of AL do
process for many NLP tasks without sacrificing annotatiopnot meet this requirement. So, to estimate classifier perfor
quality (Engelson and Dagan, 1996; Ngai and Yarowskymance a separately annotated gold standard with i.i.d. ex-
2000; Hwa, 2001; Tomanek et al., 2007a). amples is often used to obtain a learning curve for AL. Yet,
Once we decide to use AL for meta-data annotation and s solution comes with expensive extra annotation work.
reasonable, stable level of annotation quality is reached We present an approach to approximate the progression of
after having run through only a fraction of the documentsthe learning curve without the need for a labeled gold stan-
compared with the traditional annotation approach wherdlard. We situate our discussion in the context of a simula-
a randomly and independently selected amount of docution and a real-world annotation scenario and will find out
ments is sequentially annotated — an obvious question turri§at the second scenario imposes some restrictions on the
up: When do we stop the annotation process to cash in theonfiguration of the approach. The paper is structured as
time savings? Stopping after a certain amount of time ha#ollows: In Section 2., we describe our approach in detail.
elapsed or a certain amount of data has been annotated @her work on stopping conditions for AL-based annota-
clearly not the best choice since such criteria, easilyiappl tion is discussed in Section 3. Experimental results for the
cable though, do not take into account how well a classifiefask of named entity recognition are presented in Section 4.



2. Approximating the Learning Curve The SA curve is directly affected by thimulation effect
&@nd thus cannot be used as a reliable approximation of the

the trade-off between annotation effort and classifier per!€aMing curve in a real-world annotation scenario where
formance gain, we here propose an approach to approxii€ Pool will be much larger and much more diverse. In
mate the progression of the learning curve which comes at/Cl @ setting there will always be useful (and, by this,
no extra annotation costs. This approach is designed fdra"d) €xamples which AL may find, thus keeping the se-
use in committee-based AL (Seung et al., 1992). A com/ection agreement constantly high.

mittee consists of classifiers of the same type trained on 1h€ Solution we propose is to calculate the average agree-
different subsets of the already labeled (training) dagchE  Ment for each AL iteration on a separatalidation set
committee member then makes its predictions on the podhich should reflect the real data distribution and must
of unlabeled examples, and those examples on which th@0t be used in the annotation process itself. As for most
committee members express the highest disagreement dM-P tasks there is no limit to unlabeled data and no an-

considered most informative for learning and are thus gehotations are required, the validation set comes at no extra
lected for manual annotation. costs. Plotted over time we get tialidation set agree-

To calculate the disagreement among the committee menfl€Nt(VSA) curve. This curve is based on the same data in
bers several metrics have been proposed including the vofg?¢ AL iteration making the agreement values compara-
entropy (Engelson and Dagan, 1996) as possibly the modle betyvegn different AL iterations. Since thg examples of
well-known one. Our approach to approximating the learnthe validation set are not used in the annotation process we

ing curve is based on the disagreement within a committe&@n further guarantee that this curve is only affected by the
However, it is independent of the actual metric used to calP€Nefit the selected and labeled examples have on training
culate the disagreement. Although in our experiments wé classifier. Now, from a VSA curve which is only slightly
considered the NLP task of named entity recognition (NER)ascendlng between selected measurement points we can in-

only, our approach is not limited to this scenario and can bder that the respective learning curve has only a low slope
expected to be applicable to other tasks as well. at these positions, too. Although interpreting the actual
In Tomanek et al. (2007a) we introduced teelection ~2dreement values of the VSA curve is still problematic, its

agreemen(SA) curve — the average agreement amongst th@rogression .behavior can be used to est.imate whether fur-
selected examples plotted over time. When the SA valueg‘er annotation is worth the human labeling effort. In Sec-

are close to ‘1, the committee members almost perfectl)pon 4., we will provide empirical evidence that the VSA

agree. So, any further AL iteration would resemble a ranCurve is indeed an adequate approximation of the progres-

dom selection. Experiments have shown that at the poin?ion of the learning curve and that the SA curve fails in the
where the SA curve converges on values close to ‘1’ thdeal-world annotation scenario where examples are selecte

respective learning curve converges on its maximum valudom a much larger pool.
as well so that further annotations would have (almost) no
impact on the classifier performance. As a result, we con- 3. Related Work

cluded that we can derive, from the SA curve, the pointWhile there is a large body of work on AL proper, there are
where the classifier performance is not increased any morenly few papers reporting on stopping criteria or methods to
by further annotation efforts. Hence, when this curve ap-monitor the progress of AL-driven annotations. Schohn and
proaches values of ‘1’ it can be interpreted as a stoppin@ohn (2000) consider an AL approach for Support Vector
signal for annotation. Machines (SVM) where examples are selected according to
However, this positive finding is due to an inherent featuretheir proximity to the hyperplane. They propose to stop the
of AL simulations In typical simulation settings, the pool annotation process when, in the current AL iteration, none
of annotation items is of a very limited size — normally only of the unlabeled examples are closer to the hyperplane than
a few thousand examples. This is so because for simulahe support vectors. While this approach is restricted to AL
tions, a pre-annotated corpus is used and the manual annfmr SVMs, Vlachos (2008) presents a stopping criterion for
tation is simulated by just moving selected examples fromuncertainty-based AL (Cohn et al., 1996) in general. The
the pool to the training set unveiling the labels. As a con-confidence of the classifier at the current AL iteration is
sequence, the total number of positive and hard examplegstimated on a large, separate validation set. The author re
which are preferentially selected by AL, is rather limited. ports that such a confidence curve follows a rise-peak-drop
In the NER scenario, examples to be selected are complefttern: It rises in the beginning, then reaches its maxi-
sentences. Sentences containing (many) entity mentiomaum values, and after that it constantly drops. The stopping
can be considered as “positive” ones. Especially when vergondition is then defined as the point when the confidence
infrequent entity classes are to be annotated, a corpus witlurve starts dropping, i.e., the point when the learningeur
consist of a large proportion of “negative” examples whichhas converged. This approach is similar to ours in that it
contain no entity mentions at all. In our experiments, weemploys the usefulness measure of the AL selection and in
observed that sentences which contained many and conthat it applies a separate validation set to calculate the co
plex entity mentions were already selected in early AL iter-fidence curve on. However, while it provides an exsiop-
ations. Thus, the more AL iterations are run, the less harging condition, it cannot provide a means to estimate the
and positive examples are left in the pool. As a conseprogression of the learning curve. This is equally impdrtan
guence, only in early iterations, AL really has choices tosince, in practice, one might want to stop the annotation be-
select useful examples. fore such a final stopping condition is met, e.g., when the

Given the idea that from the learning curve one can real



trade-off between additional annotation costs and gain irj scenario corpus seed pool | gold
classifier performance is falling below some threshold. simulation CoNLL 20 | 14,000| 3,453
For uncertainty-based AL, further stopping criteria emyplo | simulation PBVAR 20 | 10,020| 1,114
ing a confidence estimate of the current classifier were prg-real annotation, CDANTIGEN | 853 | ~2m | 2,165
posed by Zhu et al. (2008). The first one is based on apreal annotation CYTOREC 256 | =~2m | 2,165
uncertainty measurement on all unlabeled examples of a

pool, the second one uses the prediction accuracy on thEable 1. Corpora used for the experiments (size of seed set,
selected examples, and the final one builds on the classR0ol, and gold standard in the number of sentences)

fier's expected error on all unlabeled examples. Since these

approaches are not based on a separate validation SetWe g effect is truly beneficial, especially for real-world-a

sume that their reported success rates are largely due to tkr\%tation projects, due to much lower training times and, by

S|Imu_lat|on. eﬁ?Ct.’ "ed" the “m'teﬁ numb(ra]r ?f hardd eﬁ(arrr]]—. gwis, shorter annotator idle times (Tomanek et al., 2007a).
ples in a simulation data set. Whereas the first and the thir or the AL simulation, we employed two simulation cor-

criterion could also be applied in a separate, unlabeled va ora: The ®NLL corpus, based on the English data set
idation set to avoid this shortcoming, the second one woul(l¢ 1he CoNLL-2003 shared task (Tjong Kim Sang and De
require an annotated validation set— not really an advamagl\/leulder, 2003), which consists of newspaper articles an-

over plotting a learning curve. Fu.r'Fher on, Zhu Fft al. US€rotated with respect to person, location, and organisation
their approaches as stopping condition by comparing the Mntities. This pool consists of about 14,000 sentences. As

spect!ve values agamsﬂaedthreshold. We .fmd this prob_— validation set and as gold standard for plotting the learnin
lematic because a priori chosen or heuristically deterdunecurve we used CoNLLs evaluation corpus which sums up

values are highly task- and data-dependent. In a real-worlgJ 3,453 sentences. The RER corpus consists of biomed-
annotation scenario it is almost impossible to adequatelycaI abstracts and was derived from theNRBIOIE corpus

define such values in advance. (Kulick et al., 2004) by keeping only those annotations re-

V\Ilh'lef‘_"‘” Tf above-.ment|one.d aplmozches focu; on S'r‘gllqi'jlted to variation event mentions. We have randomly split
classifier AL strategies, ours is tailored to committeeslas s corpus into a pool set and a validation/gold set. In our

AL. simulations, 20 sentences were selected in each AL itera-
4. Experiments tion and the simulations were started with a random seed

o set of 20 sentences. Our results are averaged over three in-
To empirically test whether our proposed approach WorksOle endent runs
well as an approximation of the learning curves we ran sev- P ' : : :
. ) : - For the real-world annotation scenario, we considered two
eral experiments both in a pure simulation mode, where the : . : :
: | - Sub-corpora from the entity annotations described in (Hahn
manual annotation was simulated by unveiling the labels ) .
: . . . . et al., 2008): The cytokine and growth factor receptors
already assigned in the simulation corpus, and in a real- : : . :
’ corpus (&YTOREC) is annotated with various entity sub-
world scenario where human annotators were asked to an- . . i .
.. classes of special receptor entities, while the antigens co
notate the sentences selected by AL. For both scenarios the : : : .
i N us (CIANTIGEN) contains annotations of various im-
selection agreement (SA) and the validation set agreemen'%unolo ically relevant antigen entities. For both annota
(VSA) was calculated for each AL iteration. gically 9 '

tion projects, the pool from which AL selected the exam-
4.1. Experimental Settings ples to be labeled consisted of approximately 2 million sen-

) -
For our experiments on approximating the learning curved€nces taken from BBMED® abstracts, the validation set

for AL-based selection, we chose named entity recognitio?d gold standard was composed of 2,165 sentences. In

(NER) as the annotation task in focus. We employed th@ach AL iteration, 30 sentences were selected for manual

committee-based AL approach described in Tomanek et afinnotation. The corresponding seed sets were considerably
(2007a). The committee consistslof= 3 Maximum En- larger than in our simulations and were assembled by the
tropy (ME) classifiers (Berger et al., 1996). In each AL iter- heuristic described by Tomanek et al. (2007b). Table 1
ation, each classifier is trained on a randohdgawn (sam-  Summarizes the corpora used for our experiments.

pling without replacement) subsét C L with |L/| = % 42 Results

L being the set of all examples seen so far. Disagreement is_ , )

measured by vote entropy (Engelson and Dagan, 1996). [Rigures 1 and 2 display the learning and agre(_ement curves

our NER scenario, complete sentences are selected by ALO" the GONLL and the PB/AR corpus, respectively. The
learning curves are depicted for both AL (solid line) and

While we made use of ME classifiers during the selection, i ) X ; .
we employed a NE tagger based on Conditional Randorﬁandom selection (dashed line) revealing the increase-in an

Fields (CRFs) (Lafferty et al., 2001) during evaluationdim notation efficiency when AL is used to select the examples
to determine the learning curves. We have already showH; be annotated. As for tlhe agdreemengcurves, Webpl(_)t detl?
that in this scenario, ME classifiers perform equally well fo It € ?Xa?t agre_elment va _uesf_( lots) aT'd? curve obtained by
AL-driven selectioras CRFs when using the same features!2Cal Polynomial regression fitting (solid line).

On the @®NLL corpus, the learning curve converges on
The random selection of the training material for the classi-ItS Maximum f-score# 847%) after about 125,000 tokens.

fiers explains why our agreement curves sometimes have outlierd:Nis is reflected by the SA curve which is not ascending any
A suboptimally sampled committee results in suboptimal classi-
fiers and thus in high agreement values. 2ht t p: // www. ncbi . nl m ni h. gov/
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Figure 1: Learning curves (solid line: AL selection, dashed: random selection) and agreement curves foNCL

learning curve validation set agreement curve selection agreement curve
o
> —
8 | o
S . ° - ]
n 3 B & ©
E E 2
R g 3 - &
o 2 o 2 —
— - [aN)
@_ —
g 1] g . S
o I T T 1 o I I I I I I I I
0 50000 100000 150000 0 50000 100000 150000 0 50000 100000 150000
tokens tokens tokens

Figure 2: Learning curves (solid line: AL selection, dashed: random selection) and agreement curves fovArB

more at about the same number of tokens. A similar pattershort as possible but was calculated afterwards for this ex-
is depicted in the VSA curve though it provides an evenperiment> On both corpora, agreement as well as learning
clearer picture of the progression of the learning curvis. It curves start with the complete seed set (256 sentences, with
only slightly ascending after about 50,000 tokens, i.ea at about 10,00 tokens for ¥roRecC and 853 sentences, with
time when the slope of the learning curve already becomesome 35,000 tokens for GANTIGEN).

very low. From both the learning and the VSA curve we On the CDANTIGEN corpus, afteB0, 000 tokens being an-
can read that after 50,000 tokens any additional annotationotated the learning curve has not completely converged
is very costly compared to its benefits in terms of increasedbut additional annotations do not pay off either. The VSA
classifier performance. curve mirrors this behavior since it keeps on ascending with
On the P corpus, the maximal fscore=(s0%) s p 2 IR TRCR 08 20 B RAEE e o
reached after approximately 50,000 tokens, then there is~ ™

a small decline which after about 100,000 tokens stabi>O"PUs: The learning curve is only slightly ascending after

lizes at the maximum value. The SA curve reached value% ti)?r?)trf dsbooﬁéo\ljggsct?\\//: aeea?na?ﬁgtgfgur\j::z :in?(l)(?s?y
around ‘1’ after about 00, 000 tokens, but is misleading y - Again,

here since it does not reflect that the learning curve haHnpOSSIbIe o interpret. Though its slope decreases a bit

already reached a maximum before. The VSA curve, howgfter roughly 40,000 tokens, it keeps ascending thereafter

ever, more comprehensively approximates the behavior ol?mh .SA curves exhibit. an oscillgting bghgviorthat does not

the learning curve. It has a clear bend after some 50,006Ontaln any clue to_gwde gtopplqg deC|S|on_s.

tokens and converges after approximately 100,000 tokens\.Ne have seen that in the simulation scenario the two agree-
ment curves (SA and VSA) share a similar curve progres-

Figures 3 and 4 display the learning and agreement curvesion due to the simulation effect (cf. Figure 1 for the

for our experiments in the real-world annotation scenario.

No learning curve for random selection is shown since only  3pe g the randomness when sampling the committee (see

AL selection Was_perfprmed to_aVOid unnecessary humagpove), we averaged over three runs where we calculated the
efforts. Further, in this scenario, the agreement was nofgreement curves. After every fifth AL iteration (i.e., 150 sen-
calculated during the selection to keep selection time agences selected) we calculated both the SA and the VSA curves.
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Figure 3: Learning curve (AL selection) and agreement cuifge CYyTOREC
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Figure 4: Learning curve (AL selection) and agreement cufge CDANTIGEN

CoNLL corpus). But even in the simulation scenario the ther annotation efforts will mostly result sobme although

SA curve might be problematic and hence misleading asnild, classifier improvement. Whether the respective gain
can be concluded from our experiments on thesRBcor-  justifies the efforts (and costs) depends on the task at hand.
pus. In the real-world annotation scenario these SA curveés far as the learning curve and its approximation is con-
are clueless to approximate the progression of the learningerned, the relative gains can be estimated. Such an ap-
curve. However, our experiments suggest (see Figures groach might be more adequate for practical use cases
and 4) that the VSA curve is a good estimator for the prorather than a single-point stopping condition which does
gression of the learning curve and also works in practicenot incorporate trade-off considerations of any sort.

while the SA curve fails as a reliable predictor in our real- g ther, we have discussed that AL simulations are subject
world annotation scenario. Still, even the more predictivey; the simulation effect. From our experiments we con-
VSA curves merelguidebut do nt_ntfmahzestoppmg deci-  ¢lude that approaches to monitor the progress (in whatever
sions. So it is left to the annotation manager’s over;all 8Smanner) of AL-driven annotation should always be based
sessment to balance the trade-off between annotation Cos§p 4 separate validation set instead of the material djrectl
and expectable quality gains for the learner. involved in the AL training process. As the validation set
does not need to be labeled and for almost all NLP applica-

5. Conclusions ) L : L ;
] ] ) tions unlabeled material is available in virtually unliemt
In this paper, we discussed an approach to approximate the)| mes this approach comes at not extra costs.
progression of the learning curve for AL-driven annotation

Such an approximation can be used to estimate the rela-

tive quality gains of further annotation efforts. This migh

render valuable decision support for the question when to Acknowledgements

actually stop an annotation process, in practice, and is es-
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