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Abstract

Co-training improves multi-view classifier learn-
ing by enforcing internal consistency between
the predicted classes of unlabeled objects based
on different views (different sets of features for
characterizing the same object). In some applica-
tions, due to the cost involved in data acquisition,
only a subset of features may be obtained for
many unlabeled objects. Observing additional
features of objects that were earlier incompletely
characterized, increases the data available for co-
training, hence improving the classification accu-
racy. This paper addresses the problem of active
learning of features: which additional features
should be acquired of incompletely characterized
objects in order to maximize the accuracy of the
learned classifier? Our method, which extends
previous techniques for the active learning of la-
bels, is experimentally shown to be effective in a
real-life multi-sensor mine detection problem.

schematically depicted in Figure 1a. Assuming that labels
are indeed costly to acquire, we can imagine relaxing this
setting so that each object has been characterized by a vec-
tor of features, but only a small subset of the objects has
been labeled. If we are not permitted to acquire additional
labels for the unlabeled data, as shown in Figure 1b, we are
in a semi-supervised learning setting (Belkin et al., 2004;
Blum & Chawla, 2001; Corduneanu & Jaakkola, 2004; In-
oue & Ueda, 2003; Joachims, 1999; Joachims, 2003; Kr-
ishnapuram et al., 2004; Nigam et al., 2000; Seeger, 2001;
Zhu et al., 2003); on the other hand, if wee permitted to
label some of the unlabeled data (Figure 1c), we are in an
active learning setting (MacKay, 1992; Muslea et al., 2000;
Krishnapuram et al., 2004; Tong & Koller, 2001).

Expanding this framework still further, sometimes the ob-
jects to be classified can be characterized by vectors of fea-
tures in multiple independent ways; we will call each of
these characterizationsvéew. For example, a web page
may be described either using the words it contains or the
set of words in the links pointing to it. A person may be
identified on the basis of facial features in an image, speech
patterns in an audio recording, or characteristic motians i

1. Motivation a video. Buried mines may be investigated using radar,

A fundamental assumption in the field of classifier designsonar’ hyper-spectral, or other kinds of physical sensors.

is that it is costly to acquire labels; after all, if label aeq  ~SSUMIng that only a small subset of the objects has been

sition were cheap, we would have little need for classifieréabe'ed and that_no further_ labels may _b? acquired_ (_Fig—
because we could simply acquire labels as and when whre 1,d)’ we are in the seﬁmg of the or|g|r!al co-training
needed them. But how does the situation change when it @Igorlthm of Blum and Mitchell (1998), which has been

also costly to acquire features? This paper aims to answé&p<t€nded in a number of interesting .direct_ions in subse-
this question. We begin with a little more motivation. quent work (Brefeld & Scheffer, 2004; Collins & Singer,
1999; Dasgupta et al., 2001; Balcan et al., 2004). In partic-

In the simplest setting for classifier design, each objest haular, we recently reformulated co-training using a pricain
been characterized by a vector of features and a label, as
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Figure 1.Schematic depiction of different settings. Throughout, rows correspmobjects, wide boxes to feature matrices, and narrow
boxes to vectors of class labels; black shading indicates available dagashzding indicates missing data that can be acquired, and
whitespace indicates missing data that cannot be acquired. (a) Eachislgearacterized by one set of features and one label: super-
vised learning. (b) Some objects are missing labels that cannot be eatqaémi-supervised learning. (c) Some objects are missing
labels that can be acquired: active learning of labels. (d) Objects aarabacterized by more than one view, but some are missing labels
that cannot be acquired: co-training. (e) Same as (d) but labelscargired: active learning of labels with co-training (Krishnapuram
et al., 2004). (f) Some objects have not been labeled and not alltsthi@ee been characterized in all views: active learning of features
and labels (this paper).

Bayesian context (Krishnapuram et al., 2004). This refor-et al. (2004). Section 3 explains the information-theareti
mulation is based on logistic regression, yielding a convexvackground for the criteria developed in Sections 4 and 5
objective function with a unique local optimum. for active label acquisition and active feature acquisitio
respectively. Experimental results are provided in Sedio

As shown in (Krishnapuram et al., 2004), our formulation : : )
gnd a summary of our conclusions in Section 7.

enables us to consider active learning settings in which w
are now permitted to label some of the unlabeled data, as

depicted in Figure 1e. But this same formulation also en2. Probabilistic model

ables us to consider a new setting in which each object may ; \otation

be characterized by only a subset of available views. This™™

can occur in real-life when features are also costly to acfor notational simplicity, we focus on two-class problems

quire, as is often the case when physical sensors need for objects characterized by two views; the proposed meth-
be deployed for each view of an object. If new views mayods extend naturally to multi-class and multi-view prob-

be acquired for any object, as depicted in Figure 1f, howlems. Since we have only two views, we'll use dot notation

should we decide which view to acquire? And what is theto indicate them: le; € R% and#; € R be the feature

relative benefit of acquiring features versus labels? vectors obtained from the two views of th¢h object. Let
In terms of previous work, while several authors have pro-*i ~ @, &]" be thed-dimensional { = d + dz) vec-
vided criteria for deciding which objects should be labeled™" cor_1ta|n|ng_the concatenation (.)f the featu_re vect(_)mfro
(the setting of Figures 1c and le), we seek to answer QOth views (with appropriate missing valuesif an object has
new question: which incompletely characterized object§10t been characterized in both views).
(whether labeled or unlabeled) should be further investiin addition to the features in the two views, binary class
gated in order to most accurately learn a classifier? Tdabels are also collected for a subset of objects; the label
the best of our knowledge, despite its clear importanceof the i-th object is denoted ag; € {—1,1}. The set
the latter question has not been formally addressed beforef I labeled objects iD; = {(z;,y:) : ®; € R%y; €
A few authors have developed intuitive but somewadt {—1,1}}~ , while the set of/ unlabeled objects By =
hocapproaches for acquiring features only for labeled ob-{z; : z; € Rd}fjﬂl_ Thus, the available training data is
jects (Melville et al., 2004; Zheng & Padmanabhan, 2002) Dy, = Dy, | Dy .
but we believe this is the first approach for feature acquisi- o o
tion on both labeled and unlabeled objects. LetS, S, andS = S S denote, respectively, the sets

) ) o . containing the indices of objects characterized by sensor
Section 2 summarizes the probabilistic model for multl-L sensor2, and both. The indices of the corresponding

i lassifier design that inherit f Krish , A
view classilier design that we innerit from Brishnapuram labeled and unlabeled objects are denotedasSy,, St

-44 -



andSy, Sy, SU This co-training prior can be combined with otheeipri-
ori information, also formulated in the form of Gaussian
2.2. Multi-view logistic classification priors, derived from labeled and unlabeled data using the

formulation in (Krishnapuram et al., 2004). Formally,
In binary logistic regression, the predicted class prdbabi

ities are modeled using the well-known logistic function p(w|A) = N (w ’ 0: (Aprior(A))il) 7 4)
o (2) = (1 + exp(—2)) L. For example, in the first view,

) T where the prior precision matri& yior(A), Which is a func-

P (yl Tir w) =0 (yiw" &), @ tion of a set of parameters (including,) collected in vec-

wherew is the classifier weight vector for the first view, ©OF A, iS
A similar expression holds for the second view. Denot-

ingw = [w”,w"]”, we can find the maximum likelihood Aprior(A) = A + A.C + POA XOA'} (5)
(ML) estimate of the classifiers for both sensarg, , by
maximizing the overall log-likelihood, with A = diag{\1, ..., \q}; finally
() = (i) + (i), . e e s
A = Z Kij (azl — IEj) (IEl — IEj)T

where 1,§E€8,i>j

b(w) = Z log P (yi ‘bi’w) ) is the precision matrix for semi-supervised learning dtiv

i€SL in Krishnapuram et al. (2004), aml is a similar expres-
lo(io) = Y log P (yi m“w) _ sion. All the parameters itx formally play the role of

inverse variances; thus, they are given conjugate gamma

o hyper-priors. If we let\ = A = \¢, then we have:

Given a priorp(w), we can find the maximura posteri-

ori (MAP) estimatewwap by maximizing the log-posterior Ao | ao, B — Ga()o | a0,
L(w) = {(w) + logp(w). Clearly, ML estimation can p( 0 ‘ v 0) ( 0 ’ o 0)’
be accomplished by independently maximizing the log- p (Ai a1,ﬁ1) — Ga()\i a1751)7
likelihoods for each sensof; (w) and /s (w). If the prior

factorizes ap(w) = p1(w) p2(w) (i.e., it modelsw and D (/\co Ozco,ﬂco) = Ga(/\co aw,ﬁco) .

i asa priori independent) we can clearly still perform

MAP estimation of the two classifiers separately. HoweverUnder this formulation, it is possible to interpratas a

if p(w) expresses some dependence betweeand <y,  hidden variable and write a generalized EM (GEM) algo-
both classifiers must be trained simultaneously by jointlyrithm for obtaining an MAP estimat®wap. It is easy to
maximizing L(w). In this case, the classifier learned for check that the complete-data log-likelihood is linear with
each sensor also depends on the data from the other sens@spect ta\; thus, in each iteration of the GEM algorithm,
This provides a Bayesian mechanism for sharing informathe E-step reduces to the computation of the conditional
tion and thus exploiting synergies in learning classifiers f expectation of\ given the current parameter estimate and

different sensors. the observed data (this can be done analytically due to con-
jugacy). The (generalized) M-step then consists of maxi-
2.3. Co-training priors mizing a lower bound on the complete log-likelihood (see

o . (Bohning, 1992)) to obtain the new classifier estimate. The
The standard means of coordinating information from bothsteps are repeated until some convergence criterion is met.
sensors is by using the concept ad-training (Blum &

Mitchell, 1998): on the objects with indices &, the two 3. Information-theoretic criteria for active
classifiers should agree as much as possible. In a logistic data acquisition

regression framework, the disagreement between the two

classifiers on the objects i can be measured by This section is devoted to answering the following ques-
7. a2 - tion: what additional information should be addedg;;,
Z (w'e; —w' &) =w' Cw, (2)  so that the classifier parametersare learned most accu-
ieSu rately, at minimum expense? Observe that there are several

ways in whichDy,i, can be augmented: (1) label infor-
mationy; for a previously unlabeled objeat; € Dy; (2)

features from sensdrfor anunlabeledobjecti € Sy \ Sy
p(w) = p(w, ) o exp {—(Ao/2) w Cw}. (3) (i.e, such that sensor 2 has been acquired, but 1 has not);

% i

the following Gaussian “co-training prior”

whereC = 3 (& —&l T[], —&7]. This suggests
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(3) features from sensdr for an unlabeledobject: € Similarly, the MI betweenw and a previously unobserved

Si \ Su; (4) and (5) same as (2) and (3), but for labeledfeaturei; (fori € S \ S) is given by
objects. In this section, we show how information-theareti ) o
tools can be used to choose the best object to be queried for 1 (w; &:) = h(w) — E [h(w]&;)|2:]

further information under each scenario. K [log A wz} — 10g | Apost
3.1. Laplace approximation for the posterior density where the expectation is over the uncertaipt;| ;) and

Aﬁgstis the posterior precision matrix of the retrained clas-

Ignoring the hyper-priors on the regularize(i.e., assum- o X )
sifier after seeing features from sen&dor object;.

ing a fixed\), after estimating a classifi@wap from train-
ing dataDyain, @ Laplace approximation models the poste-The maximum MI criterion has been used before to iden-
rior densityp(w|Dyain) as a Gaussian tify the “best” unlabeled object for which to obtain an ad-
R . ditional label (MacKay, 1992):
p(w|Dyain) & N (w|wwmap; (Apos) ) - (6)
i* = argmax I (w;y;) = argmaxE [log \Aggst\] .
Under the logistic log-likelihood and the Gaussian prior i@ €Dy i@ €Dy (1)
(4) herein considered, the posterior precision matrix ef th Based on the same criterion, the best object for which to

Laplace approximation is given by: acquire sensor 2 features—amany S for which we have
Apost= Aprior(A) + T @ features from sensor 1, but not sensor 2—would be

il = argmaxE [log |Ag’c§st\
i€S\S

where Aprior(A) is the prior precision matrix in (5) and x’} ) 12)
¥ = block-diag ¥, ¥} is the Hessian of the negative log-

likelihood (seeg.g., (Bohning, 1992)) where 3.3. Upper bound on mutual information

= Z pi (1—py) 2], Unfortunately, E[log | Aja] is very difficult to compute
i€SL for our models. Alternatively, we compute an upper bound
and use it in the maximum MI criterion just presented.
with p; = o (w” &;); a similar expression holds fab. Since the functioriog |X| is concave (Boyd & Vanden-

The differential entropy of the Gaussian posterior under th berghe, 2003), by Jensen's inequality we obtain

Laplace approximation is thug ( | denotes determinant) E [log |X|] < log [E [X]|. (13)

e

h(w) = —
(w) = =5 log = =

(8)

Hence, our sample selection criterion will be
il = arg max ‘IE {Aﬁ;st

3.2. Mutual information ies\8

After estimating a classifierwyap from Dyan, the  instead of the original (12). Intuitively, we try to maxineiz
(un)certainty in the label; predicted for an unlabeled the expected posterior precision of the parameters.
object x; € Dy is given by the logistic model (1):

P(y;|z;,wmap). For a object (labeled or not) for which 3.4. Simplifying assumptions

we havei; but nota; (i € §'\ 5), the uncertainty in the  \we make two simplifying assumptions, fundamental in
latter can be modeled by some representation(f|#:)  making our approach practical for real-life problems.

learned from the training objects &

; (14)

Assumption 1: Let the posterior density of the parame-
The mutual information (MI) betweew andy; is theex-  ters, given the original training dafyain, be p(w|Dyain)-

pecteddecrease in entropy @b wheny; is observed, Consider that we obtain additional features for some
i€ S\S‘ and retrain the classifier, obtaining a new posterior
I (w;y;) = h(w) — E [h(wly;)] (9  P(w|Duain, &:). When computing the utility of;, we as-

sume that the the modes gfw|Dyain, ;) andp(w|Dyrain)
coincide, although their precision matrices may not. It
where the expectation is w.it with probability distribu-  turns out that it will be possible to obtain the new preci-
tion P (y;|x;, wwap), While Agigis the posterior precision  sions, without actually re-training, which would be very
matrix of the re-trained classifier after observipng computationally expensive. Itis important to highlighath

=F [log ’Aggst

] - IOg |Apost| 5
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after a “best” index' is chosen (under this simplifying as- where

sumption), we actually obsenég; and re-train the clas-

sifier, thus updating the mode of the posterior. Since this S = wtiva — ng;JT

re-training is done only once for each additional feature ac T

quisition, tremendous computational effort is saved. &j@; +a;%;. (17)

The same assumption is made for label acquisition. To compute the conditional expectatiMA‘”’Sle] (see

: ) : " (14)) we need a model fqi(&;|a;). To this end we use
Assumption 2: For the purpose of computing the utility of a Gaussian mixture model (GMM) to represent the joint

acquiring some new data (a label or a set of features), Wensity:

treat\ as deterministic, and fixed at the value of its expec-

tation after convergence of the GEM algorithm mentioned s, &) ch ( R c) N (fb'liim . C) ‘
in Section 2.3. This value is substituted in (7) to compute

the entropy and the mutual information. _ . o
Notice that, although using component-wise independence,

o . this joint GMM globally models the dependency between
4. Acquiring additional labels & and&. From this joint GMM, it is straightforward to

For the sake of completeness, we now review the approacierive the conditional(; |#;), which is also a GMM, with

in Krishnapuram et al. (2004) for acquiring labels. weights that depend aix
According to Assumption 1, the MAP estimaigyap does I 18
not change whe®y,j, is augmented with a new labg]; p(&|2) = Z Te (fBle ) ’ (18)

consequently, the class probability estimates are also un-

changed. Based on (7), if we obtain the lapglfor some  Further, the;; andK,; are set to Gaussian kernetsg.,
x; € Dy, regardless of whether, = —1 ory; = 1, the

posterior precision matrix becomes Kij =N (z;|z;,X,). (19)
1177 Using (18), (19) and standard Gaussian identities, the re-
. N EARE S ) ! . .
Aist= Apost+ pi (1 — pi) [0} { } quired expectations are obtained analytically:
(15)
T
.. .+ |0 0 =
B —5) H M B lidéi] = 3o (d:) b = m

The unlabeled object maximizings yi«{ is thus queried for T
its label. Intuitively, this favors objects with uncertailass E [wimi | “’i]

probability estimatesi and/orj; close tol /2). =S (&) (u il + g) — M,

5. Acquiring additional features

In this section we show how to compmfgsdrbi], which E [K w} _ Z”/ (1) 70 = may

is needed to implement the criterion in (14). Due to sym- ‘ — e !

metry, [Amgstmi} is computed in a similar fashion, and . ..

hence will not be explicitly described. Two different cases E [mel wl} = D (i) Zej oy = ™y
must be studied: when; is labeled or unlabeled. ¢

g

5.1. Additional features for unlabeled objects . .
E | Kyjibi]

Equation (7) shows that if we acquiiig on a object previ-

ously characterized by;, matrix Aji, becomes =Y w(&:) 205 (frejitdy + Ac) = Ms;.
. .. 0 0 where
Apost = Apost+ )‘ZK” [ 0 S } —1
jes A, — (2:1 n E,f)
+ Aco [ —dal dEl ] > (16) Bej = Ac (Ec B+ Eﬁle)
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and

2oy = (2m) Y2 | A2, Y2

T 1 . 1. _
{ BIXC i, + &2 E — ph AL
exp< —

2
Finally,
& | . 0
E[amfs] = mt AX [} )
jeS
o | EiE, —Eml) o)
co —ml:icf M2 )
where

_ =T
Sij = mgjilijlij

Substituting (20) into (14) gives us our selection critario

5.2. Additional features for labeled objects

From (7), we can denvﬂmst for the case whemr; is a

labeled object#; € Dp):

T
i . olTlo0
Apsst= Apost Pi (1 — ;) [ } |: :l

T

Y @] —dEl
o\ —axl a]
0

SrEle )

.. T
—Tymy; — m4jm + Ms;

(21)

1p’cj }

5.3. Sample requirements and practical
approximations

The conditional distribution (18) used to compute
[A;;S,Jsci] in Sections 5.1 and 5.2 relies on a Gaussian

mixture model (GMM) forp(&;,#;). Unfortunately, fit-

ting an accurate GMM demands a large number of sam-

ples;i.e., S must be large relative td, + d». While our
(unreported) studies on simulated data confirmed that the
statistical methods proposed above work well when a suffi-

cient number of samples is already availabl&irin many
real-life problems each sensor provides a large number of
features, and the above requirement may not be satisfied
(especially in early stages of the active learning process)
The estimation of covariances is particularly problematic
in these small-sample cases.

Due to this difficulty, in the results presented in the
next section we use an alternative surrogateE‘mpos,]
Specifically, in the formulae foA‘”lSt ((16) and (21)) we
simply replacez,; with m; = E[ml\mz]—whlch can still

be reliably estimated from limited data, since it does not
involve covariances—and subsequently compute the deter-
minant of the resulting matrix. As demonstrated in the next
section, this approximation still yields very good experi-
mental results as compared to the random acquisition of
additional features.

6. Experiments: Multi-view feature
acquisition vs. label acquisition

Using standard Gaussian identities and the approximation

o(2)o(—2) ~ N (z o %) ,

we can show that,

E [§; (1 — p;) &:%] | &)

= wl(@i) (ueu! +UL)l =M, (22)

where

le=N (wTu

U= (3 + g iin'bT)_l,

0,3 ¢ wTEw) ,
™

andu, = U, Ezlﬂc. Finally, we can compute

&y
[Apost

} Apost‘*‘)\Z{O SO}

jES

0 0 e
ol ][

and substitute it into (14).

M,

—mzmq

To evaluate the methods proposed in this paper, we use the
same data used in Krishnapuram et al. (2004) to study the
performance of co-training and active label acquisition al
gorithms. Mirroring their experimental setup, we also op-
erate our algorithms transductively, testing the accucdcy
the classifier on the same unlabeled data used for semi-
supervised training. In brief, the goal was to detect sur-
face and subsurface land mines, using two sensors: (1) a
70-band hyper-spectral electro-optic (EOIR) sensor which
provides 420 features; and (2) an X-band synthetic aper-
ture radar (SAR) which provides 9 features. Our choice of
dataset was influenced by two factors: lack of other pub-
licly available multi-sensor datasets; a need to compage th
benefits of the proposed active feature acquisition styateg
against the benefits of adaptive label querying methods.

The results for active feature acquisition on the unlabeled
samples (Section 5.1), and on the labeled samples (Sec-
tion 5.2) are shown in Figure 2. Additionally we let the al-
gorithm automatically decide whether to query additional
features on labeled or unlabeled data at each iteration,
based on the bound on mutual information for the best can-
didate query in each case. The results for this are also pro-
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Figure 2Multi-sensor adaptive data acquisition with EOIR and SAR features. (@jed) Number of land mines detected during
the querying for 100 labels (solid) ROC for the remaining objects. Remext from Krishnapuram et al. (2004). (b) ROC after
acquiring 27 additional feature sets for incompletely characterized thoéjects. (c) ROC after acquiring 129 additional feature sets
for incompletely characterized unlabeled objects. (d) ROC after acqufirfeatures for either labeled or unlabeled objects. Error bars
represent one s.d. from the mean.

vided in Figure 2. In all cases, for a baseline comparisondisambiguate the most doubtful test objects, in addition to
we also provide average ROCs for 100 trials with randomimproving the classifier itself. Since the labeled data do
querying, with error bars representing one standard deviaaot need further disambiguation, we expect active acquisi-
tion from the mean. For additional insight, we also repro-tion of features for labeled objects to exhibit a smallett (bu
duce the results from Krishnapuram et al. (2004) for activestill statistically significant) improvement in accuraeg-
label query selection (Section 4) on the same data. pecially in a transductive experimental setting. We have
Analysis of results: all the adaptive data acquisition al- yenﬁed these |ntU|_t|0ns .by experimentally querying a vary

. S . : ing number of objects in each case, although we present
gorithms show significant benefits over the baseline ran- -

only one example result in Figure 2.

dom methods. Nevertheless, as compared to random sam-
ple query selection, active learning exhibits maximum ad- )
ditional benefits in two scenarios: label query selectiah an 7. Conclusions

additional feature acquisition on the unlabeled samples. . . . N . .
Using simple but practical approximations, this papeeeeli

Since labeled data is more valuable than unlabeled data, then an information-theoretic criterion to answer the ques-
intelligent choice of a small set of additional label qusrie tion: Which feature sensor should be used to make mea-
improves the classifier performance most. The acquisitiorsurements on objects in order to accurately design multi-
of additional features on the unlabeled data also serves teensor classifiers? Since a sensor may be used to obtain

-49-



more than one feature simultaneously, this is a more gerBrefeld, U., & Scheffer, T. (2004). Co-EM support vector learn-
eral problem than that of greedily choosing which feature ing. Proceedings of the Twenty-First International Conference
must be obtained in a myopic way, although it subsumes ©nMachine Learning —ICML

the latter problem as a special case (especially in supegoliins, M., & Singer, Y. (1999). Unsupervised models for named
vised settings when co-training effects are ignored by fix- entity classificationProceedings of the Joint SIGDAT Confer-
ing \., = 0). Despite the potentially wide applicability, we ~ ence on Empirical Methods in Natural Language Processing
have not seen this question addressed systematically in the @1d Very Large Corpora

literature. Results on measured data indicate that the prazorduneanu, A., & Jaakkola, T. (2004). Distributed information
posed criterion for adaptive characterization of unlafbele  regularization on graphédvances in Neural Information Pro-
objects significantly improves classifier accuracy; result cessing System€ambridge, MA: MIT Press.

using the corresponding criterion for labeled objects Ar§yasgupta, S., Littman, M., & McAllester, D. (2001). Pac gener-

less impressive though. alization bounds for co-trainingProc. Neural Info. Processing

i i L Syst NIPS
In learning a classifier, one attempts to minimize the error ystems

rate on an infinite set of future test samples drawn from thenoue, M., & Ueda, N. (2003). Exploitation of unlabelled se-
underlying data-generating distribution. However, img:a quences in hidden markov modelEEE Transactions on Pat-
ductive settings, one may sometimes only care about classi- '€ Analysis and Machine Intelligenc2s, 1570-1581.

fying the unlabeled training samples. Future work includesjoachims, T. (1999). Transductive inference for text classification
extensions of the ideas proposed here to automatically se- using support vector machineBroceedings of the 16th Inter-
lect the sensor whose deployment will most improve the national Conference on Machine Learnifjgp. 200-209). San
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