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Abstract cues. This brings a multi-disciplinary flavor to the
problem, drawing interest from both Natural Lan-
guage Processing and Machine Learning communi-

ties.

When faced with the task of building machine
learning or NLP models, it is often worthwhile
to turn to active learning to obtain human an-
notations at minimal costs. Traditional active
learning schemes query a human for labels of

Many methodologies proposed in these disci-
plines share a common limitation that their perfor-

intelligently chosen examples. However, hu-
man effort can also be expended in collecting
alternative forms of annotations. For example,
one may attempt to learn a text classifier by
labeling class-indicating words, instead of, or
in addition to, documents. Learning from two
different kinds of supervision brings a new,
unexplored dimension to the problem of ac-
tive learning. In this paper, we demonstrate
the value of such active dual supervision in
the context of sentiment analysis. We show
how interleaving queries for both documents
and words significantly reduces human effort
— more than what is possible through tradi-

mance is bounded by the amount and quality of la-
beled data. However, they differ conceptually in
the type of human effort they require. On one
hand, supervised machine learning techniques re-
quire human effort in acquirinéabeled examples
which requires reading documents and annotating
them with their aggregate sentiment. On the other
hand, dictionary-based NLP systems require human
effort in collectinglabeled features for example,

in the domain of movie reviews, words that evoke
positive sentiment (e.g., “mesmerizing”, “thrilling”
etc) may be labeled positive, while words that evoke

negative sentiment (e.g., “boring”,“disappointing”)
may be labeled negative. This kind of annotation
requires a human to condense prior linguistic expe-
rience with a word into a sentiment label that reflects
the net emotion that the word evokes.

As a canonical running example for the theme of We refer to the general setting of learning from
this paper, consider the problem séntiment anal- both labels on examples and featureslaal super-
ysis(Pang and Lee, 2008). Given a piece of text agision This setting arises more broadly in tasks
input, the desired output ispolarity scorethat indi- where in addition to labeled documents, it is fre-
cates whether this text expresses a positive or negguently possible to provide domain knowledge in the
tive opinion towards a topic of interest. From a maform of words, or phrases (Zaidan and Eisner, 2008)
chine learning viewpoint, this problem may be posedr even more sophisticated linguistic features, that
as a typical binary text classification task. Sentiassociate strongly with a class. Recent work (Druck
ment, however, is often conveyed with subtle linet al.,, 2008; Sindhwani and Melville, 2008) has
guistic mechanisms such as sarcasm, negation aeimonstrated that the presence of word supervision
the use of highly domain-specific and contextuatan greatly reduce the number of labeled documents

tional one-dimensional active learning, or by
passive combinations of supervisory inputs.

1 Introduction
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required to build high quality text classifiers. tively provides associations of a set of words with
In general, these two sources of supervision attie positive or negative class.
not mutually redundant, and have different annota- Pooling Multinomials classifies unlabeled exam-
tion costs, human response quality, and degrees jies just as in multinomial Nge Bayes classifica-
utility towards learning a dual supervision modeltion (McCallum and Nigam, 1998), by predicting
This leads naturally to the problem attive dual the class with the maximum likelihood, given by
supervisionor, how to optimally query a human or- argmaz.; P(c;) [ ]; P(wilc;); where P(c;) is the
acle to simultaneously collect documemtdfeature prior probability of classc;, and P(w;|c;) is the
annotations, with the objective of building the high{robability of wordw; appearing in a document of
est quality model with the lowest cost. Much of theclassc;. In the absence of background knowledge
machine learning literature on active learning hagbout the class distribution, we estimate the class
focused on one-sided example-only annotation fquriors P(c;) solely from the training data. However,
classification problems. Less attention has been denlike regular Né&ve Bayes, the conditional prob-
voted to simultaneously acquiring alternative formsbilities P(w;|c;) are computed using both the la-
of supervisory domain knowledge, such as the kindeled examples and the labeled features.
routinely encountered in NLP. Our contribution may Pooling distributions is a general approach for

be viewed as a step in this direction. combining information from multiple sources or ex-
perts; where experts are typically represented in
2 Dual supervision terms of probability distributions (Clemen and Win-

kler, 1999). Here, we only consider the special case

Most work in supervised learning has focused 0Bt combining multinomial distributions from two
learning from examples, each represented by a sgf\;rces — namely, the labeled examples and labeled

of feature values and a class label. In dual Supefz4tres. The multinomial parameters of such mod-
vision we consider an additional aspect, by way of|s can be easily combined using tieear opin-
labels of features, which convey prior knowledge ory, pool (Clemen and Winkler, 1999), in which

associations of features to particular classes. Singg, aggregate probability is given B9 (w;|c;) =

we deal only with text classification in this paper, allape(wi‘cj) + (1 — @) Py(wi|c;); where P.(w;|c;)

features represent term-frequenues of words, and éﬁde(wch) represent the probability assigned by
such we uséeatureandword interchangeably. using the example labels and feature labels respec-

The active learning schemes we explore in this payely, anda is the weight for combining these dis-
per are broadly applicable to any learner that cagiputions. The weight indicates a level of confi-
support dual supervision, but here we focus on agence in each source of information, and Melville
tive learning for the Pooling Multinomials classi-gt 5| (2009) explore ways of automatically selecting
fier (Melville et al., 2009) described below. In con-ipis weight. However, in order to not confound our
current related work, we propose active dual sypsylts with the choice of weight-selection mecha-
pervision schemes for a class of graph-based apgsm here we make the simplifying assumption that
kernel-based dual supervision methods (Sindhwagie two experts based on instance and feature labels
etal., 2009). are equally valuable, and as suchseo 0.5.

To learn a model from the labeled examples we
compute conditional$’. (w;|c;) based on observed
The Pooling Multinomials classifier was introducederm frequencies, as in standardiaBayes classi-
by Melville et al. (2009) as an approach to incorpofication. In addition, for Pooling Multinomials we
rate prior lexical knowledge into supervised learnneed to construct a multinomial model represent-
ing for better sentiment detection. In the context oing the labeled features in the background knowl-
sentiment analysis, lexical knowledge is available iedge. For this, we assume that the feature-class as-
terms of the prior sentiment-polarity of words. Fronmsociations provided by labeled features are implic-
a dual supervision point of view, this knowledge catritly arrived at by human experts by examining many
be seen as labeled features, since the lexicon effquositive and negative sentiment documents. So we

2.1 Pooling Multinomials
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attempt to select the parametery(w;|c;) of the influence of increased number of instance labels and
multinomial distributions that would generate sucHeature labels independently, and also in tandem.
documents. The exact values of these condition- For these, and all subsequent experiments, we
als are presented below. Their derivation is not diase 10-fold cross-validation on the publicly avail-
rectly pertinent to the subject of this paper, but caable data of movie reviews provided by Pang et

be found in (Melville et al., 2009). al. (2002). This data consists of 1000 positive
Given: and 1000 negative reviews from the Internet Movie
Y —the vocabulary, i.e., set of words in our domainDatabase; where positive labels were assigned to re-
P — set of words labeled as positive views that had a rating above 3.5 stars and negative
N —set of words labeled as negative labels were assigned to ratings of 2 stars and below.
U — set of unknown words, .82 — (N U P) We use a bag-of-words representation of reviews,
m — size of vocabulary, i.6)| where each review is represented by the term fre-
p —number of positive words, i.¢P| guencies of the 5000 most frequent words across all
n —number of negative words, i.eV| reviews, excluding stop-words.

In order to study the effect of increasing number

All words in the vocabulary can be divided intoof labels we need to simulate a human oracle label-
three categories — words with a positive label, negang data. In the case of examples this is straight-
tive label, and unknown label. We refer to the probforward, since all examples in thdovies dataset
ability of any positive term appearing in a positivehave labels. However, in the case of features, we
document simply a®;(w.|+). Similarly, we refer do not have a gold-standard set of feature labels. So
to the probability of any negative term appearing in & order to simulate human responses to queries for
negative document aB;(w_|—); and the probabil- feature labels, we constructfeature oraclein the
ity of an unknown word in a positive or negative confollowing manner. The information gain of words
text asPs(w,|+) and Pf(w,|—) respectively. The with respect to the known true class labels in the
generative model for labeled features can then be déataset is computed using binary feature represen-

fined by: tations. Next, out of the 5000 total words, the top
1000 as ranked by information gain are assigned a

Pr(wy|+) = Pp(w_|-) = 1 label. This label is the class in which the word ap-

pt+n pears more frequently. The oracle returns a “dont

Pi(wy|—) = Pp(w_|+) = 1 % 1 know” response for the remainin_g words. Thus, this
ptn T oracle simulates a human domain expert who is able
Pwal+) = n(l—1/r) to recognize and label the most relevant task-specific
(p+n)(m—p—n) words, and also reject a word that falls below the rel-
p(1—1/7) evance threshold. For instance, in sentiment classi-

Pr(wu|-) = (p+n)(m—p—n) fication, we would expect a “don’t know” response

for non-polar words.
where, thepolarity level r, is a measure of how  We ran experiments beginning with a classifier
much more likely it is for a positive term to occur provided with labels for 10 randomly selected in-
in a positive document compared to a negative terngtances and 10 randomly selected features. We then
The value ofr is set to100 in our experiments, as compare three schemes - Instances-then-features,
done in (Melville et al., 2009). Features-then-instances, and Passive Interleaving.
As the name suggestéstances-then-featuress
provided labels for randomly selected instances until
Dual supervision makes it possible to learn from laall instances have been labeled, and then switches to
beled examples and labeled features simultaneouslgbeling features. Similarlf;eatures-then-instances
and, as in most supervised learning tasks, one woudttquires labels for randomly selected features first
expect more labeled data of either form to lead tand then switches to getting instance labels. In
more accurate models. In this section we explore tHeassive Interleavingve probabilistically switch be-

2.2 Learning from examplevs. featurelabels
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tween issuing queries for randomly chosen instance %
and feature labels. In particular, at each step we g |
choose to query for an instance with probability
0.36, otherwise we query for a feature label. The
instance-query rate @f.36 is selected based on the 3
ratio of available instances (1800) to available fea—% 70 r
tures (5000). The results of these learning curves aré s |
presented in Fig. 1. Note that the x-axis in the figure
corresponds to the number of queries issued. As dis-

cussed earlier, in the case of features, the oracle may |/~ Feallres honnsiances =~
respond to a query with a class label or may issue *° 3 1000 2000 3000 4000 5000 6000 7000

a “don’t know” response, indicating that no label is Number of queries

available. As such, the number of feature-queries

on the x-axis does not correspond to the numbéiigure 1: Comparing the effect of instance and feature
of actual known feature labels. We would expectbel acquisition in dual supervision.

that on average 1 in 5 feature-label queries prompts

a response from the feature oracle that results inf Acquiring feature labels

known feature label being provided.

At the end of the learning curves, each methodraditional active learning has primarily focused on
has labels for all available instances and featuresglecting unlabeledhstancesto be labeled. The
and as such, the last points of all three curves afiial-supervision setting now provides us with an ad-
identical. The results show that fixing the numbegitional dimension to active learning, where labels
of labeled features, and increasing the number of Igray also be acquired for features. In this section
beled instances steadily improves classification age look at the novel task of active learning applied
curacy. This is what one would expect from tra-only to feature-label acquisition. In Section 4 we
ditional supervised learning curves. More intereststudy the more general task of active dual supervi-
ingly, the results also indicate that we can fix théion, where both instance and feature labels may be
number of instances, and improve accuracy by l&@cquired concurrently.
beling more features. Finally, results on Passive In-
terleaving show that, though both feature labels anstL
example labels are beneficial by themselves, dual sA-very common approach to active learning for in-
pervision which exploits the interaction of examplestances is Uncertainty Sampling (Lewis and Catlett,
and features does in fact benefit from acquiring both994). In this approach we acquire labels for in-
types of labels concurrently. stances that the current model is most uncertain

For all results above, we are selecting instancesbout. Uncertainty Sampling is founded on the
and/or features to be labeled uniformly at randormheuristic that uncertain instances are close to the cur-
Based on previous work in active learning one wouldent classification boundary, and acquiring the cor-
expect that we can select instances to be labeleect labels for them are likely to help refine the loca-
more efficiently, by having the learner decide whichion of this boundary. Despite its simplicity, Uncer-
instances it is most likely to benefit from. The resultgainty Sampling is usually quite effective in practice;
in this section suggests that actively selecting feavhich raises the question of whether one can apply
tures to be labeled may also be beneficial. Furthethe same principle to feature-label acquisition. In
more, the Passive Interleaving results suggest that ts case, we want to select unlabeled features that
ideal active dual supervision scheme would activelthe current model is most uncertain about.
select both instances and features for labeling. We Much like instance uncertainty, feature uncer-
begin by exploring active learning for feature labeldainty can be measured in different ways, depend-
in the next section, and then consider the simultan@g on the underlying method used for dual super-
ous selection of instances and features in Sec. 4. vision. For instance, if the learner produces a lin-
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ear classifier as in (Sindhwani and Melville, 2008)the active learning process. One can argue that fea-
we could use the magnitude of the weights on theure certainty is also suboptimal in that queries may
features as a measure of uncertainty — where lowbe wasted simply confirming confident predictions,
weights indicate less certainty. Since Pooling Multiwhich is of limited utility to the model. An alterna-
nomials builds a multinomial Nee Bayes model, tive to using a certainty-based heuristic, is to directly
we can directly use the model’s conditional probaestimate the expected value of acquiring each fea-
bilities of each word (feature) given a class. ture label. Such Expected Utility (Estimated Risk

For ease of exposition we refer to the two classddinimization) approaches have been applied suc-
in binary classification apostive(+) andnegative cessfully to traditional active learning (Roy and Mc-
(-), without loss of generality. Given the probabili-Callum, 2001), and to active feature-value acquisi-
ties of wordf belonging to the positive and negativetion (Melville et al., 2005). In this section we de-
class,P(f|+) and P(f|—), we can determine the scribe how this Expected Utility framework can be
uncertainty of a feature using the absolute value afdapted for feature-label acquisition.

the log-odds ratio, i.e., At every step of active learning for features, the
next best feature to label is one that will result in

abs <10g <P(f\+)>> ) the highest improvement in classifier performance.
P(f]-) Since the true label of the unlabeled features are

unknown prior to acquisition, it is necessary to es-
The smaller this value, the more uncertain the modginate the potential impact of every feature query
is about the feature’s class association. In every ity gJ| possible outcomds. Hence, the decision-
eration of active learning we can select the featurggegretic optimal policy is to ask for feature labels
with the lowest certainty scores. We refer to this apyhich, once incorporated into the data, will result in
proach ag-eature Uncertainty the highest increase in classification performance in
Though Uncertainty Sampling for features seemgxpectation
like an appealing notion, it may not lead to better |f f; is the label of thej-th feature, and; is the
models. If a classifier is uncertain about a featurgyuery for this feature’s label, then the Expected Util-
it may have insufficient information about this fea-ity of a feature query; can be computed as:
ture and may indeed benefit from learning its la-
bel. However, it is also quite likely that a feature K
has a low certainty score because it does not carry EU(qj) = Z P(fj =c)U(fi=cx) (2)
much discriminative information about the classes. k=1
In the context of sentiment detection, one would exXWhereP( f; = ¢;,) is the probability thatf; will be
pect that neutral/non-polar words will appear to béabeled with class;, andi/(f; = ¢) is the util-
uncertain words. For example, words such as “thety to the model of knowing thaff; has the label
which are unlikely to help in discriminating betweenc,.. In practice, the true values of these two quan-
classes, are also likely to be considered the most utities are unknown, and the main challenge of any
certain. As we shortly report, on the movies dataseExpected Utility approach is to accurately estimate
Feature Uncertainty ends up wasting queries on sudfese quantities from the data currently available.
words ending up with performance inferior to ran- A direct way to estimate the utility of a feature la-
dom feature queries. What works significantly betbel to classification, is to measure classification ac-
ter is an alternative strategy which acquires labelsuracy on the training set of a model built using this
for features in the descending order of the score ifeature label. However, small changes in the model
Eq 1. We refer to this approach Bsature Certainty that may result from a acquiring a single additional
feature label may not be reflected by a change in ac-
3.2 Expected feature utility curacy. As such, we use a more fine-grained mea-

The intuition underlying the feature certainty heurissure of classifier performance, Log Gain, which is
tic is that it serves to confirm or correct the orienta- 1, the case of binary polarity classification, the possible
tion of model probabilities on different words duringoutcomes are positiveor negativelabel for a queried feature.
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computed as follows. For a model induced from deatures that the current model is most certain about,
training setT, let P(c;|x;) be the probability es- and identify the features in this pool with the highest
timated by the model that instanag belongs to Expected Utility. We refer to this approach BS-
classci; and 1 is an indicator function such that pected Feature Utility We use Feature Certainty to
I(ck, ;) = 1if ¢ is the correct class for; and sub-sample the available feature queries, since this
I(ck, x;) = 0, otherwise. Log Gain is then definedapproach is more likely to select features for which
as: the label is known by the Oracle.

K
- 3.3 Activelearning with featurelabels
LG(x;) = — Y L(en) Plerlzs) 3) 9
k=1 We ran experiments comparing the three different

Then the utility of a classifiei/, can be measured active learning approaches desc_nbed above. I_n
these, and all subsequent experiments, we begin

by_s_ummlng the Log Gain for al mstanc_es_m .thewith a model trained on 10 labeled features and 100
training set7. A lower value of Log Gain indi-

cates a better classifier performance. For a deepI Peled instances, which were randomly selected.

discussion of this measure see (Saar-Tsechanskyé m our prior efforts of manually I_ap_ellng S.UCh
al., 2008). data, we find this to be a reasonable initial setting.

In Eq. 2, apart from the measure of utility, we The experiments in this section focus only on the
also do not know the true probability distributions_elec'[Ion (_)ffeature_sto be labeled. So, in each itera-
of labels for the feature under consideration. Thig°" of actlye learning we select the next _10 feature-
too can be estimated from the training data, by se abel queries, based on Feature Uncertainty, Feature

ing how frequently the word appears in OIOCumentg:ertainty, or Expected Feature Utility. As a baseline,
of each class. In a multinomial e Bayes model we also compare to the performance of a model that

we already collect these statistics in order to dete?—eIeCts features uniformly at random. Our results are

mine the conditional probability of a class given aoresented in Fig. 2.
word, i.e. P(fj|ci). We can use these probabilities
to get an estimate of the feature label distribution, 75 [Expected Feature utilty ——

5 P(f; Feature Certainty ——-
P(f] =cg) = K(f& . Fiand%m Feature —x--
Zk=1 P(fjlex) eature Uncertainty

Given the estimated values of the feature-label " [

distribution and the utility of a particular feature _
guery outcome, we can now estimate the Expecteé ,
Utility of each unknown feature, and select the fea<< | [
tures with the highest Expected Utility to modeling. ,

Though theoretically appealing, this approach is s |/ ]

quite computationally intensive if applied to evalu- B S
ate all unknown features. In the worst case it re- so : o TRE28RNLNIDREE Do ee s g

. o . 0 50 100 15 200 250 300 350 400
quires building and evaluating models for each pos- Number of queries

sible outcome of each unlabeled feature query. If

you havem features andX classes, this approach Figure 2: Comparing different active learning approaches
requires trainingD (mK) classifiers. However, the for acquiring feature labels.

complexity of the approach can be significantly al-

leviated by only applying Expected Utility evalua- The results show that Feature Uncertainty, which
tion to a sub-sample of all unlabeled features. Giveis a direct analog of Uncertainty Sampling, actu-

the large number of features with no true class laally performs worse than random sampling. Many

bels, selecting a sample of available features unimncertain features may actually not be very useful
formly at random may be sub-optimal. Instead wén discriminating between the classes, and selecting
select a sample of features based on Feature Cérem can be systematically worse than selecting uni-
tainty. In particular we select the top 100 unknowrformly at random. However, the converse approach
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of Feature Certainty does remarkably well. Thiof uncertainty, and features in terms of decreasing
may be because polarized words are better for learBxpected Feature Utility. We then probabilistically
ing, but itis also likely that querying for such wordsselect instances or features from the top of these
increases the likelihood of selecting one whose labékts, where, as before, the probability of selecting
is known to the oracle. an instance i9.36. Recall that this probability cor-
The results on Expected Feature Utility show thatesponds to the ratio of available instances (1800)
estimating the expected impact of potential labelgnd features (5000). We refer to this approach as Ac-
for features does in fact perform much better thative Interleaving, in contrast to Passive Interleaving,
feature certainty. The results confirm that despiteshich we also present as a baseline. Recall that Pas-
our crude estimations in Eq. 2, Expected Featurgve Interleaving corresponds to probabilistically in-
Utility is an effective approach to active learning ofterleaving queries for randomly chosen, not actively
feature labels. Furthermore, we demonstrate that Iphosen, examples and features. Our results are pre-
applying the approach to only a small sub-sample sfented in Fig. 3.
certain features, we are able to make this method We observe that, Instance Uncertainty performs
computationally feasible to use in practice. Inbetter than Passive Interleaving, which in turn is bet-
creasing the size of the sample of candidate featuter than random selection of only instances or fea-
queries is likely to improve performance, at the codures — as seen in Fig. 1. However, effectively se-

of increased time in selecting queries. lecting features labels, via Expected Feature Util-
ity, does even better than actively selecting only in-
4 Activedual supervision stances. Finally, selecting instance and features si-

multaneously via Active Interleaving performs bet-
In the previous section we demonstrated that ager than active learning of features or instances sep-
tively selecting informative features to be labeled igrately. Active Interleaving is indeed very effective,
significantly better than random selection. In thigeaching an accuracy 6% with only 500 queries,
section, we look at the complementary task of seyhijle Passive Interleaving requires more than 4000
lecting instances to be labeled, and combined aCti\(ﬁJeries to reach the same performance — as evi-
learning for both forms of supervision. denced by Fig. 1

Selecting unlabeled examples for learning has

been a well-studied problem, and we use Uncer- &o YT —
tainty Sampling (Lewis and Catlett, 1994), which B e e Ay e
has been shown to be a computationally efficient '°| Passiveinterieaving =
and effective approach in the literature. In particular ;4|
we select unlabeled examples to be labeled in orde§
of decreasing uncertainty, where uncertainty is meag |
sured in terms of the margin, as done in (Melville
and Mooney, 2004). The margin on an unlabeled ex- ;
ample is defined as the absolute difference between ss |/
the class probabilities predicted by the classifier for
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the given example, i.e|P(+|z) — P(—|z)|. We re- 00 s 100 150 200 250 300 350 400

fer to the selection of instances based on this uncer- Number of queries

tainty as Instance Uncertainty, in order to distinguish

it from Feature Uncertainty. Figure 3: Comparing Active Interleaving to alternative

We ran experiments as before, comparing selef2P€l acquisition strategies.
tion of instances using Instance Uncertainty and se-
Iection_(_)f features using E_xpected Feature Utility, Related work
In addition, we also combine these to methods by
interleaving feature and instance selection. In paActive learning in the context of dual supervision
ticular, we first order instances in decreasing ordenodels is a new area of research with very little prior
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work, to the best of our knowledge. Most prior workcombines instance and feature label selection. Sec-
has focused on pooled-based active learning, wheoadly, Active Interleaving uses the simple approach
examples from an unlabeled pool are selected for laf probabilistically choosing to select an instance or
beling (Cohn et al., 1994; Tong and Koller, 2000). Irfeature for each subsequent query. However, a more
contrast, active feature-value acquisition (Melvillentelligent active scheme should be able to assess if
et al., 2005) andudgeted learnindLizotte et al., an instance or feature would be more beneficial at
2003) focus on estimating the value of acquiringgach step. Furthermore, we do not currently con-
missing features, but do not deal with the task o$ider the cost of acquiring labels. Presumably la-
learning from featurdabels In contrast, Raghavan beling a feature versus labeling an instance could
and Allan (2007) and Raghavan et al. (2006) studyncur very different costs — which could be mone-
the problem ofandem learningvhere they combine tary costs or time taken for each annotation. Fortu-
uncertainty sampling for instances along with conately, the Expected Utility method is very flexible,
occurence based interactive feature selection. Godnd allows us to address all these issues within a sin-
bole et al. (2004) propose notions of feature uncegle framework. We can specifically estimate the ex-
tainty and incorporate the acquired feature labelpected utility of different forms of annotation, per
into learning by creating one-term mini-documentsunit cost. For instance, Provost et al. (2007) use
Learning from labeled examples and features viauch an approach to estimate the utility of acquir-
dual supervision, is itself a new area of researcling class labels and feature values (not labels) per
Sindhwani et al. (2008) use a kernel-based framétit cost, within one unified framework. A similar
work to build dual supervision into co-clusteringmethod can be applied for a holistic approach to ac-
models. Sindhwani and Melville (2008) apply sim-tive dual supervision, where the Expected Utility of
ilar ideas for graph-based sentiment analysis. Thef# instance or feature label querycan be computed
have also been previous attempts at using only feas EU(q) = Zszl P(q = ck)@; wherewy is
ture supervision, mostly along with unlabeled doceost of the query, and utilityZ/ can be computed as
uments. Much of this work (Schapire et al., 2002in Eg. 3. By evaluating instances and features on the
Wu and Srihari, 2004; Liu et al., 2004; Dayaniksame scale, and by measuring utility per unit cost of
et al., 2006) has focused on using labeled featuresquisition, such a framework should enable us to
to generatgpseudo-labeled exampléisat are then handle the trade-off between the costs and benefits
used with well-known models. In contrast, Druckof the different types of acquisitions. The primary
et al. (2008) constrain the outputs of a multinomiathallenge in the success of this approach iadou-
logistic regression model to match certain referencately andefficientlyestimate the different quantities

distributions associated with labeled features. in the equation above, using only the training data
currently available. These are directions for future
6 Perspectivesand future work exploration.

Though Active Interleaving is a very effective ap-7 Conclusions

proach to active dual supervision, there is still a lot

of room for improvement. Firstly, Active Interleav- This paper is a preliminary foray into active dual su-
ing relies on Uncertainty Sampling for the selectiorpervision. We have demonstrated that not only is
of instances. Though Uncertainty Sampling has theombining example and feature labels beneficial for
advantage of being fast and effective, there exist aprodeling, but that actively selecting the most infor-
proaches that lead to better models with fewer exnative examples and features for labeling can sig-
amples — usually at the cost of computation timenificantly reduce the burden of annotating such data.
One such method, estimating error reduction (Roln future work, we would like to explore more effec-
and McCallum, 2001), is a direct analog of Ex-tive solutions to the problem, and also to corroborate
pected Feature Utility applied to instance selectioraur results on a larger number of datasets and under
One would expect that an improvement in instancdifferent experimental settings.

selection, should directly improve any method that
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