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Abstract
Manycorpus-based methodsfor natural language processing are based on supervised training,
requiring expensive manualannotation of training corpora. This paper investigates reducing
annotation cost by selective sampling. In this approach, the learner examinesmanyunlabeled
examplesand selects for labeling only those that are mostinformativeat each stage of training.
In this wayit is possible to avoid redundantly annotating examplesthat contribute little new
information. The paper first analyzes the issues that need to be addressed whenconstructing a selective samplingalgorithm, arguing for the attractiveness of committee-basedsampling
methods.Wethen focus on selective samplingfor training probabilistic classifiers, whichare
commonlyapplied to problems in statistical natural language processing. Wereport experimental results of applying a specific type of committee-basedsampling during training of a
stochastic part-of-speech tagger, and demonstratesubstantially improvedlearning rates over
sequential training using all of the text. Weare currently implementingand evaluating other
variants of committee-basedsampling, as discussed in the paper, in order to obtain further
insight on optimal design of selective samplingmethods.

1

Introduction

Manycorpus-based methods for natural language processing are based on supervised training, acquiring information from a manually annotated corpus. Manual annotation, however, is typically
very expensive. As a consequence, only a few large annotated corpora exist, mainly for the English
language and not covering manygenres of text. This situation makes it difficult to apply supervised learning methods to languages other than English, or to adapt systems to different genres of
text. Furthermore, it is infeasible in manycases to develop new supervised methods that require
annotations different from those which are currently available.
In some cases, manual annotation can be avoided altogether, using self-organized methods, such as
was shownfor part-of-speech tagging of English by Kupiec (1992). Even in Kupiec’s tagger, though,
manual (and somewhatunprincipled) biasing of the initial model was necessary to achieve satisfactory convergence. Recently, Elworthy (1994) investigated the effect of self-converging re-estimation
for part-of-speech tagging and found that some initial manual training is needed. Moregenerally,
it is clear that self-organized methods are not applicable for all natural language processing tasks,
and perhaps not even for part-of-speech tagging in some languages.
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In this paper we investigate the active learning paradigm for reducing annotation cost. There
are two types of active learning, in both of which the learner has some control over the choice of
the examples which are labeled and used for training. The first type uses membershipqueries, in
which the learner constructs examples and asks a teacher to label them (Angluin, 1988; MacKay,
1992b; Plutowski and White, 1993). While this approach provides proven computational advantages
(Angluin, 1987), it is usually not applicable to natural language problems, for which it is very
difficult to construct synthetically meaningful and informative examples. This difficulty can be
overcome when a large corpus of unlabeled training data is available. In this case the second
type of active learning, selective sampling, can be applied: The learner examines manyunlabeled
examples, and selects only those that are most informative for the learner at each stage of training.
This way, it is possible to avoid the redundancy of annotating many examples that contribute
roughly the same information to the learner.
The machinelearning literature suggests several different approaches for selective sampling (Seung,
Opper, and Sompolinsky, 1992; Freund et al., 1993; Cohn, Atlas, and Ladner, 1994; Lewis and
Catlett, 1994; Lewis and Gale, 1994). In the first part of the paper, we analyze the different
issues that need to be addressed whenconstructing a selective sampling algorithm. These include
measuring the utility of an example for the learner, the number of models that will be used for
the selection process, the method for selecting examples, and, for the case of the committee-based
paradigm, alternative methods for generating committee members.
In the second part of the paper wefocus on selective sampling for training probabilistic classifiers.
In statistical natural languageprocessing probabilistic classifiers are often used to select a preferred
analysis of the linguistic structure of a text (for example,its syntactic structure (Black et al., 1993),
word categories (Church, 1988), or word senses (Gale, Church, and Yarowsky,1993)). Classification
in this frameworkis performed by a probabilistic model which, given aa input example, assigns a
probability to each possible classification and selects the most probable one. The parameters of the
model are estimated from the statistics of a training corpus.
As a representative case for probabilistic classifiers we have chosen to experiment with selective
sampling for stochastic part-of-speech tagging. Wefocus on committee-based methods, which we
find particularly attractive for natural language processing due to their generality and simplicity. So
far, we have evaluated one type of committee-basedmethod, and found that it achieves substantially
better learning rates than sequential training using all of the text. Thus, the learner reaches a given
level of accuracy using far fewer training examples. Currently, we are implementing and comparing
other variants of committee-based selection, as specified in the next section, hoping to provide
further insight on the optimal design of a selective sampling method.

2

Issues

in Active Learning

In this section, we will discuss the issues that affect the design of active learning methods, and
their implications for performance. Our focus is on selective sampling methods, though some of
our discussion applies to membershipquery approaches as well.
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2.1

Measuring

information

content

Theobjective
of selective
sampling
is to select
thoseexamples
whichwillbe mostinformative
in
the future.How canwe determine
the informativeness
of an example?
One methodis to derive
an explicit
measure
of theexpected
information
gainedby usingtheexample
(Cohn,
Ghahramani,
and Jordan,1995;MacKay,1992b;MacKay,1992a).For example,
MacKay(1992b)assesses
informativeness
of an example,
fora neural
network
learning
task,as theexpected
decrease
in the
overall
variance
of themodel’s
prediction,
aftertraining
on theexample.
Explicit
measures
canbe
appealing,
sincetheyattempt
to givea precise
characterization
of theinformation
content
of an
example.
Also,formembership
querying,
an explicit
formulation
of information
content
sometimes
enables
finding
themostinformative
examples
analytically,
saving
thecostof searching
theexample
space.
Theuseof explicit
methods
is limited,
however,
sinceexplicit
measures
aregenerally
Ca)
model-specific,
(b)quitecomplex,
andmayrequire
various
approximations
to be madepractical,
and(c)depend
on theaccuracy
of thecurrent
hypothesis
at anygivenstep.
Thealternative
to measuring
theinformativeness
of an example
explicitly
is tomeasure
it implicitly,
by quantifying
theamount
of uncertainty
in theclassification
of theexample,
giventhecurrent
training
data.The committee-based
paradigm
(Seung,Opper,and Sompolinsky,
1992;Freundet
al.,1993)doesthis,forexample,
by measuring
thedisagreement
amongcommittee
members
on
classification.
Themainadvantage
oftheimplicit
approach
is itsgenerality,
asthereis noneedfor
complicated
model-specific
derivations
of expected
information
gain.
Theinformativeness,
or utility,
of a givenexample
E depends
on theexamples
we expectto see
in thefuture.
Hence,
selection
mustbe sensitive
to theprobability
of seeing
an example
whose
correct
classification
relies
on theinformation
contained
in E. Thesequential
selection
scheme,
in
whichexamples
areselected
sequentially
on an individual
basis,
achieves
thisgoalimplicitly,
since
thetraining
examples
examined
are drawnfromthesamedistribution
as futuretestexamples.
Examples
maybe selected
fromtheinputstream
if theirinformation
content
exceeds
a threshold
(Seung,
Opper,
andSompolinsky,
1992;Freund
et al.,1993;Matan,1995).
Alternatively,
theymay
be selected
randomly,
withsomeprobability
proportional
to information
content,
as we do in this
paper,inspired
by Freund’s
(1990)methodforboosting.
Another
selection
schemethathasbeen
used(LewisandCatlett,
1994)is batchselection,
in whichtheb mostinformative
examples
in a
batchof n examples
arechosen
fortraining
(theprocess
is thenrepeated
on either
thesameor a new
batch).
In orderforbatchselection
to properly
relate
to thedistribution
of examples,
however,
an
explicit
modelof theprobability
distribution
mustbe incorporated
intotheinformativeness
measure
(thisis alsotruegenerally
formembership
querying).
Otherwise,
thealgorithm
mayconcentrate
itseffort
on learning
frominformative,
buthighly
atypical,
examples.
2.2

How many models?

In theimplicit
approach,
theinformativeness
of an example
is evaluated
withrespect
to models
derived
fromthetraining
dataat eachstage.Thekeyquestion
thenis howmanymodelsto use
I, modelbasedon thetraining
to evaluate
an example.
Oneapproach
is to usea single,
optimal
dataseenso far.Thisapproach
is takenby LewisandGale(1994),
fortraining
a binary
classifier.
I By ’optimal’,
we meanthatmodelwhichwouldactually
be usedfor classification.
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They select for training those exampleswhoseclassification probability is closest to 0.5, i.e, those
examples for which the current model is most uncertain.
There are some difficulties
with the single model approach, however (Cohn, Atlas, and Ladner,
1994). First is the fact that a single model cannot adequately measure an example’s informativeness
with respect to the entire set of models allowed by the training data. Instead, what is obtained
is a local estimate of the example’s informativeness with respect to the single model used for
evaluation. Furthermore, the single model approach mayconflate two different types of classification
uncertainty: (a) uncertainty due to insufficiency of training data, and (b) uncertainty due
inherent classification ambiguity with respect to the model class. Weonly want to measure the
former, since the latter is unavoidable (given a model class). If the best model in the class will
uncertain on the current example no matter how muchtraining is supplied, then the example does
not contain useful information, despite current classification uncertainty.
Froma practical perspective, it maybe difficult to apply the single-model approach to complexor
probabilistic classification tasks, such as those typical in natural language applications. Even for
a binary classification task, Lewis and Gale (1994)found that reliable estimates of classification
uncertainty were not directly available from their model, and so they had to approximate them using
logistic regression. In other natural language tasks, obtaining reliable estimates of the uncertainty of
a single modelmaybe even more difficult. For example, in part-of-speech tagging, a ’classification’
is a sequence of tags assigned to a sentence. Since there are manysuch tag sequences possible for a
given sentence, the single-model approach would somehowhave to compare the probability of the
best classification with those of alternative classifications.
These difficulties are ameliorated by measuring informativeness as the level of disagreement between
multiple models (a committee) constructed from the training data. Using several models allows
greater coverage of the model space, while measuringdisagreement in classification ensures that only
uncertainty due to insufficient training (type (a) above) is considered. The number of committee
membersdetermines the precision with which the model space is covered. In other words, a larger
number of committee members provides a better approximation of the model space.
2.3

Measuring

disagreement

The committee-based approach requires measuring disagreement among the committee members.
If two committee membersare used, then either they agree, or they don’t. If more are used some
method must be devised to measure the amount of disagreement. One possibility is to consider the
maximumnumber of votes for any one classification--if
this number is low, then the committee
membersmostly disagree. However, in applications with more than two categories, this method
does not adequately measure the spread of committee memberclassifications.
Section 4.3 below
describes how we use the entropy of the vote distribution to measure disagreement.
Given a measure of disagreement, we need a method which uses it to select examples for training.
In the batch selection scheme, the examples with the highest committee disagreement in each batch
would be selected for training (Lewis and Catlett, 1994)~. The selection decision is somewhatmore
complicated when sequential sampling is used. One option is to select just those examples whose
2RecaJl, though, the problem of modeling the distribution
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disagreement is above a threshold (Seung, Opper, and Sompolinsky, 1992). Another option, which
may relate training better to the example distribution, is to use randomselection (following the
method used by Freund (1990) for boosting). In this method, the probability of an example
given by some function of the committee’s disagreement on the example. In our work, we used a
linear function of disagreement, as a heuristic for obtaining a selection probability (see Section 4.3
below). Finding an optimal function for this purpose remains an open problem.
2.4

Choosing

committee

members

There are two main approaches for generating committee-members: The version space approach
and the random sampling approach. The version space approach, advocated by Cohn et al. (1994)
seeks to choose committee memberson the border of the space of models allowed by the training
data (the version space (Mitchell, 1982)). Hence models are chosen for the committee which are
far from each other as possible, while being consistent with the training data. This ensures that
any example on which the committee membersdisagree will restrict the version space.
The version space approach can be dit~icult to apply since finding modelson the edge of the version
space is a non-triviai problem in general. Furthermore, the approach is not directly applicable in
the case of probabilistic classification models, where all models are possible, though not equally
probable. The alternative is random sampling, in which models are sampled randomly from the
set of possible models, given the training data. This approach was first advocated in theoretical
work on the Query By Committee algorithm (Senng, Opper, and Sompolinsky, 1992; Freund et
al., 1993), in which they assume a prior distribution on models and choose committee members
randomly from the distribution restricted to the version space. In our work, we have applied
the random sampling approach to probabilistic classifiers by computing an approximation to the
posterior model distribution given the training data, and generating committee membersfrom that
distribution (see (Dagan and Engelson, 1995) and below for more detail). Matan(1995) presents
other methods for random sampling. In the first, he trains committee memberson different subsets
of the training data. It remains to be seen howthis methodcompares with explicit generation from
the posterior model distribution using the entire training set. For neural network models, Matan
generates committee membersby backpropagation training using different initial weights in the
networks so that they reach different local minima.

3

Information gain and probabilistic

classifiers

In this section we focus on information gain in the context of probabilistic classifiers, and consider
the desirable properties of examples that are selected for training. Generally speaking, a training
example contributes data to several statistics,
which in turn determine the estimates of several
parameter values. An informative example is therefore one whose contribution to the statistics
leads to a useful improvement of parameter estimates. Weidentify three properties of parameters
for which acquiring additional statistics is most beneficial:
1. The current estimate of the parameter is uncertain due to insui~icient statistics in the training
set. An uncertain estimate is likely to be far from the true value of the parameter and can
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cause incorrect classification.
value.

Additional statistics

wouldbring the estimate closer to the true

2. Classification is sensitive to changes in the current estimate of the parameter. Otherwise,
acquiring additional statistics is unlikely to affect classification and is therefore not beneficial.
3. The parameter takes part in calculating class probabilities for a large proportion of examples. Parameters that are only relevant for classifying few examples, as determined by the
probability distribution of the input examples, have low utility for future estimation.
The committee-based sampling scheme, as we discussed above, tends to select examples that affect
parameters with the above three properties. Property 1 is addressed by randomly picking parameter
values for committee membersfrom the posterior distribution of parameter estimates (given the
current statistics). Whenthe statistics for a parameter are insufficient the variance of the posterior
distribution of the estimates is large, and hence there will be large differences in the values of
the parameter picked for different committee members. Note that property 1 is not addressed
whenuncertainty in classification is only judged relative to a single model (Lewis and Gale, 1994).
Such an approach can capture uncertainty with respect to given parameter values, in the sense of
property 2, but it does not model uncertainty about the choice of these values in the first place
(the use of a single modelis also criticized by Cohnet al. (1994)).
Property 2 is addressed by selecting examples for which committee membershighly disagree in
classification. Thus, the algorithm tends to acquire statistics where uncertainty in parameter estimates entails uncertainty in actual classification. Finally, property 3 is addressed by independently
examining input examples which are drawn from the input distribution. In this way, we implicitly
model the expected utility of the statistics in classifying future examples. Such modeling is absent
in ’batch’ selection schemes, where examples with mammalclassification uncertainty are selected
from a large batch of examples (see also (Freund et al., 1993) for further discussion).

4

Implementation

For Part-Of-Speech

Tagging

Wehave currently begun to explore the space of selective sampling methods for the application
of bigram part-of-speech tagging (see (Merialdo, 1991)) 3. A bigram model has three types of
parameters: transition probabilities P(tl--*tj) each giving the probability of a tag tj occuring after
the tag ti, lezical probabilities P(tlw) each giving the probability of a tag t occurring for a word
w, and tag probabilities P(t) each giving the marginal probability of a tag occurring. Wehave
implemented and tested a committee-based sequential selection scheme, using random selection
as described in Section 2.1. We generate committee members randomly, by approximating the
posterior distributions of the transition and output probabilities, given the training data. Some
details of our implementation are given below; the system is more fully described in (Dagan and
Engelson, 1995).
3Bigrammodelsare a subclass of HiddenMarkovModels(HMM)
(Rabiner, 1989).
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4.1

Posterior

distributions

for

bigram parameters

In this section, we consider howto approximate the posterior distributions of the parameters for
a bigram tagging model. 4 (Our method can also be applied to Hidden Markov Models (HMMs)
in general.) Let {ai} be the set of all parameters of the model (i.e, all transition and lexical
probabilities). First note that these define a numberof multinomial probability distributions. Each
multinomial corresponds to a conditioning event and its values are given by the corresponding set
of conditioned events. For example, a transition probability parameter P(ti--+tj) has conditioning
event ti and conditioned event tj.
Let {ui} denote the set of possible values for given multinomial variable, and let S = {hi} denote
a set of statistics extracted from the training set, whereni is the numberof times that the value ui
appears in the training set. Wedenote the total numberof appearances of the multinomial variable
as N = ~’~i nl. The parameters whose distributions we wish to estimate are ai = P(u~).
The maximumlikelihood estimate for each of the multinomial’s distribution parameters, ai, is
&i = ~. In practice, this estimator is usually smoothed in some way to compensate for data
sparseness. Such smoothing typically reduces the estimates for values with positive counts and
gives small positive estimates for values with a zero count. For simplicity, we describe here the
s.
approximation of the posterior probabilities P(c~# = all S) for the unsmoothedestimator
Weapproximate P(ai = ai[S) by first assuming that the multinomial is a collection of independent
binomials, each corresponding to a single value ui of the multinomial; we then separately apply the
constraint that the parameters of all these binomials should sum to 1. For each such binomial, we
approximate P(~i = ailS) as a truncated normal distribution (restricted to [0,1]), with estimated
mean p = ~ and variance #2 = _~.~.s We found in practice, however, very small differences
between parameter values drawn from this distribution,
and consequently too few disagreements
between committee membersto be useful for sampling. Wetherefore also incorporate a ’temperature’ parameter, t, which is used as a multiplier for the variance estimate ~2. ill other words, we
actually approximate P(c~i = ailS) as a truncated normal distribution with mean p and variance
cr2t.
To generatea particular multinomial distribution, werandomlychoosevalues for its parametersc~i
from their binomial distributions, and renormalize them so that they sum to 1.
To generate a random model given statistics 8, we note that all of its parameters P(ti--~tj) and
P(t]w) are independent of each other. Wethus independently choose values for the model’s parameters from their multinomial distributions.
4Wedo not randomize over tag probability parameters, since the amount of data for tag frequencies is large enough
to make their MLEsquite definite.
Sin the implementation we smooth the MLEby interpolation with a uniform probability distribution,
following
Merialdo (1991). Adaptation of P(al -- ai[S) to the smoothed version of the estimator is simple.
SThe normal approximation, while convenient, can be avoided. The posterior probability P(ai ---- ailS) for the
multinomial is given exactly by the Dirichiet distribution (Johnson, 1972) (which reduces to the Beta distribution
the binomial case).
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4.2

Examples in bigram training

Typically, concept learning problems are formulated such that there is a set of training examples
that are independent of each other. Whentraining a bigram model (indeed, any HMM),however,
this is not true, as each word is dependent on that before it. This problem may simply be solved
by considering each sentence as an individual example. Moregenerally, we can break the text at
any point where tagging is unambiguous. In particular, suppose we have a lexicon which specifies
which parts-of-speech are possible for each word (i.e, which of the parameters P(~[w) are positive).
In bigram tagging, we can use unambiguous words (those with only one possible part of speech)
as example boundaries. This allows us to train on smaller examples, focusing training more on the
truly informative parts of the corpus.
4.3

Measuring

disagreement

Wenow consider how to measure disagreement amonga set of committee memberswhich each assign
a tag sequence to a given word sequence. Since we want to quantify the spread of classification
across committee member, we suggest using the entropy of the distribution of classes assigned
by committee members to an example. (Other methods might also be useful, eg, variance for
real-valued classification.)
Let V(t, w) be the number of committee members (out of k members) ’voting’ for tag ~ for the
word w. Then w’s vote entropy is
VE(w)-

t

V(t,w)
V(t,w)
-~ log
k

To measure disagreement over an entire word sequence W, we use the average, VE(W), of the
voting entropy over all ambiguouswords in the sequence.
As a function for translating from average vote entropy to probability,
function of the normalized average vote entropy:

we use a simple linear

qabe(W)=

log k

where e is an entropy gain system parameter, which controls the overall frequency with which
examples are selected, and the log k term normalizes for the number of committee members. Thus
examples with higher average entropy are more likely to be selected for training.

5

Experimental Results

In this section, we describe the results of applying the committee-based sampling methodto bigram
part-of-speech tagging, as compared with standard sequential sampling. Evaluation was performed
using the University of Pennsylvania tagged corpus from the ACL/DCICD-ROM
I. For ease of
z.
hnplementation, we used a complete (closed) lexicon which contains all the words in the corpus
ZWeused the lexicon provided with Brill’s part-of-speech tagger (BriU, 1992). While in an actual application the
lexicon would not be complete, our results using a complete lexicon are still valid, since evaluation is comparative.
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Figure 1: Amountof training (number of ambiguous words in the training sentences) plotted (yaxis) versus classification accuracy (x-axis). The committee-based sampling used k = 10 committee
members, entropy gain e = 0.3, and temperature t = 50.
Approximately 63%of the tokens (word occurences) in the corpus were ambiguous in the lexicon.
For evaluation, we compared the learning efficiency of our committee-based selection algorithm
to that of sequential selection. In sequential selection, training examplesare selected sequentially
from the corpus. We make the commonassumption that the corpus is a random stream of example
sentences drawn from the distribution of the language.
The committee-based sampling algorithm was initialized using the first 1,000 words from the corpus
(624 of which were unambiguous), and then sequentially examined the following examples in the
corpus for possible labeling. Testing was performed on a separate portion of the corpus consisting
of 20,000 words. Wecompare the amount of training required by the different methods to achieve
a given tagging accuracy on the test set, where both the amount of training and tagging accuracy
are measured only over ambiguous words.
In Figure 1, we present a plot of training effort versus accuracy achieved, for both sequential
sampling and committee-based sampling (k = 10, e = 0.3, and t = 50). The curves start together,
but the efficiency of committee-based selection begins to be evident when we seek 89%accuracy.
Committee-based selection requires less than one-fourth the amount of training that sequential
selection does to reach 90.5% accuracy. Furthermore, the efficiency improvement resulting from
using committee-basedsampling greatly increases with the desired accuracy. This is in line with the
results of Freund et al. (1993) on Query By Committee sampling, in which they prove exponential
speedup under certain theoretical assumptions.
Figures 2 and 3 demonstrate that our results are qualitatively the same for different values of the
system parameters. Figure 2 shows a plot comparable to Figure 1, for sampling using 5 committee
members.Results are substantially the same, though the speedup is slightly less and there is more
oscillation in accuracy at low training levels, due to the greater coarseness of the evaluation of
information content. In Figure 3 we show a similar plot on a different test set of 20,000 words,
for sampling using 10 committee members and an entropy gain of 0.5. Again, we see a similar
efficiency gain for committee-based sampling as compared with sequential sampling.
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results
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Figure 3: Training vs. accuracy for k = 10, e = 0.5 and t = 50, for a different test set of 20,000
words.
Figure 4 compares our random selection scheme with a batch selection scheme (similar to that of
Lewis and Catlett (1994)). In the batch selection scheme a large number of examples are examined
(the batch size) and the best n examples in the batch are used for training (we call n the selection
size). As discussed above in Section 2.1, we expect randomselection to outperform batch selection,
since randomselection also takes into account the frequency with which examples occur. As can be
seen in figure 4, this hypothesis is borne out, although batch selection still improves significantly
over sequential sampling.

6

Conclusions

Annotating large textual corpora for training natural language modelsis a costly process. Selective
sampling methods can be applied to reduce annotation cost, by avoiding redundantly annotating ex-
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Figure 4: Comparison of random vs. batch committee-based sampling. Amount of training (number
of ambiguous words in the training sentences) plotted (~-axis) versus classification
accuracy (z-axis).
Both methods used k = 5 committee members and a temperature of t = 50; random sampling used
an entropy gain e = 0.3; batch sampling used a batch size of 1000 and selection size of 10.

amples that contribute little
new information to the learner. Information content may be measured
either explicitly,
by means of an analytically
derived formula, or implicitly,
by estimating model
classification
uncertainty. Implicit methods for measuring information gain are generally simpler
and more general than explicit methods. Sequential selection, unlike batch selection, implicitly
measures the expected utility of an example relative to the example distribution.
The number of models used to evaluate informativeness
in the implicit approach is crucial.
If
only one model is used, information gain is only measured relative
to a small part of the model
space. Whenmultiple models are used, there are different ways to generate them from the training
data. The version space approach is applicable to problems where a version space exists and can
be efficiently
represented. The method is most useful when the probability distribution
of models
in the version space is uniform. Randomselection is more broadly applicable, however, especially
to learning probabilistic
classifiers.
It is as yet unclear how different random sampling methods
compare. In this paper, we have empirically
examined two types of committee-based selective
sampling methods, and our results suggest the utility
of selective sampling for natural language
learning tasks. Weare currently experimenting further with different methods for committee-based
sampling.
The generality obtained from implicitly
modeling information gain suggests using committee-based
sampling also in non-probabilistic
contexts, where explicit modeling of information gain may be
impossible.
In such contexts,
committee members might be generated by randomly varying some
of the decisions made in the learning algorithm. This approach might, for example, be profitably
applied to learning Hidden Markov Model (HMM) structure
(Stolcke and Omohundro, 1992),
addition to estimating
HMMparameters.
Another important area for future work is in developing selective
sampling methods which are
independent of the eventual learning method to be applied. This would be of considerable advantage
in developing selectively
annotated corpora for general research use. Recent work on heterogeneous
uncertainty sampling (Lewis and Catlett, 1994) supports this idea, as they show positive results
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for using one type of model for exampleselection and a different type for classification.
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