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Abstract

We introduce a framework for actively learning visual categs from a mixture of
weakly and strongly labeled image examples. We proposddw #the category-
learner to strategically choose what annotations it reseivbased on both the
expected reduction in uncertainty as well as the relatisscof obtaining each
annotation. We construct a multiple-instance discrinieatlassi er based on the
initial training data. Then all remaining unlabeled and kgdabeled examples
are surveyed to actively determine which annotation ougliet requested next.
After each request, the current classi er is incrementafigated. Unlike previous
work, our approach accounts for the fact that the optimabfiseanual annotation
may call for a combination of labels at multiple levels of guéarity (e.g., a full
segmentation on some images and a present/absent ag orspthAe a result, it
is possible to learn more accurate category models with arléetal expenditure
of manual annotation effort.

1 Introduction

Visual category recognition is a vital thread in computesiaf research. The recognition problem
remains challenging because of the wide variation in aresra single class typically exhibits, as
well as differences in viewpoint, illumination, and clutt®ethods are usually most reliable when
good training sets are available, i.e., when labeled imageples are provided for each class, and
where those training examples are adequately representditihe distribution to be encountered at
test time. The extent of an image labeling can range from aetiing whether the object of interest
is present or absent, to a full segmentation specifying thjeab boundary. In practice, accuracy
often improves with larger quantities of training exames/or more elaborate annotations.

Unfortunately, substantial human effort is required tohgatsuch training sets, making it unclear
how the traditional protocol for visual category learnirandruly scale. Recent work has begun to
explore ways to mitigate the burden of supervision [1-10hilé/the results are encouraging, ex-
isting techniques fail to address two key insights about$mpervision recognition: 1) the division
of labor between the machine learner and the human labealgist do respect any cues regarding
which annotations would be easy (or hard) for either parfyrvide, and 2) to use a xed amount
of manual effort resources most effectively may call for ambination of annotations at multiple
levels (e.g., a full segmentation on some images and a ffabsant ag on others). Humans ought
to be responsible for answering the hardest questionsevplaittern recognition techniques ought
to absorb and propagate that information and answer thereases. Meanwhile, the learning al-
gorithm must be able to accommodate the multiple levels afglarity that may occur in provided
image annotations, and to compute which itahwhich of those levelappears to be most fruitful
to have labeled next (see Figure 1).



Fig. 1. Useful image annotations can occur at multiple levels ohglarity. Left: For example, a learner may
only know whether the image contains a particular objectair(top row, red dotted boxes denote object is
present), or it may also have segmented foregrounds (middlg or it may have detailed outlines of object
parts (bottom row)Right: In another scenario, groups of images for a given class dlected with keyword-
based Web search. The learner may only be given the noisygraund told that each includes at least one
instance of the speci ed class (top), or, for some groups,itidividual example images may be labeled as
positive or negative (bottom). We propose an active legrperadigm that directs manual annotation effort to
the most informative examplesd levels. (Best viewed in color.)

To address this challenge, we propose a method that actamegts the learner's requests for su-
pervision so as to maximize the expected bene t to the cajegodels. Our method constructs an
initial classi er from limited labeled data, and then casis all remaining unlabeled and weakly
labeled examples to determine what annotation seems nioshiative to obtain. Since the varying
levels of annotation demand varying degrees of manualteffar active selection process weighs
the value of the information gain against the cost of acpuatiitaining any given annotation. After
each request, the current classi er is incrementally updiaand the process repeats.

Our approach accounts for the fact that image annotationexiat at multiple levels of granularity:
both the classi er and active selection objectives are idated to accommodate dual-layer labels.
To achieve this duality for the classi er, we express thehpem in themultiple instance learning
(MIL) setting [11], where training examples are speci edagys of the ner granularity instances,
and positive bags may contain an arbitrary number of negmtito achieve the duality for the active
selection, we design a decision-theoretic criterion ttadatces the variable costs associated with
each type of annotation with the expected gain in infornmatitssentially this allows the learner to
automatically predict when the extra effort of a more preeisnotation is warranted.

The main contribution of this work is a uni ed framework totaely learn categories from a mixture
of weakly and strongly labeled examples. We are the rst &ntify and address the problem of
active visual category learning with multi-level annatats. In our experiments we demonstrate
two applications of the framework for visual learning (aghiighted in Figure 1). Not only does our
active strategy learn more quickly than a random selectaseline, but for a xed amount of manual
resources, it yields more accurate models than convehgorge-layer active selection strategies.

2 Related Work

The recognition community is well-aware of the expense qfineng well-annotated image datasets.
Recent methods have shown the possibility of learning Visatterns from unlabeled [3, 2] or par-
tially labeled [4] image collections, while other technégaim to share or re-use knowledge across
categories [12,5]. Several authors have successfullydgeel the free but noisy images on the
Web [10, 6, 7, 13]. Using weakly labeled images to learn caieg was proposed in [1], and several
researchers have shown that MIL can accommodate the weakisyr supervision often available
for image data [13-16]. Working in the other direction, samsearch seeks to facilitate the manual
labor of image annotation, tempting users with games ordatasets [8, 9].



However, when faced with a distribution of unlabeled imagasst all existing methods for vi-
sual category learning are essentially passive, seleptings at random to label. Active learning
strategies introduced in the machine learning literatereegally select points so as to minimize the
model entropy or reduce classi cation error (e.g., [17)18)ecision-theoretic measures for tradi-
tional (single-instance) learning have been explored ®120], where they were applied to classify
synthetic data and voicemail. Our active selection propediin part inspired by this work, as it
also seeks to balance the cost and utility tradeoff. Recerk Wwas considered active learning with
Gaussian Process classi ers [21], and relevance feedlmackdeo annotations [22].

In contrast, we show how to form active multiple-instanaaiers, where constraints or labels must
be sought at multiple levels of granularity. Further, weaduce the notion of predicting when to
“invest” the labor of more expensive image annotations st adtimately yield bigger bene ts to
the classi er. Unlike any previous work, our method contiiy guides the annotation process to
the appropriate level of supervision. While an active cigte for instance-level queries is suggested
in [23] and applied within an Ml learner, it cannot activeblexct positive bags or unlabeled bags,
and does not consider the cost of obtaining the labels réeglelm contrast, we formulate a gen-
eral selection function that handles the full MIL paradigndadapts according to the label costs.
Experiments show this functionality to be critical for eflemt learning from few images.

3 Approach

The goal of this work is to learn to recognize an object orgaitg with minimal human intervention.
The key idea is to actively determine which annotations a siseuld be asked to provide, and in
what order. We consider image collections consisting ofreetsaof supervisory information: some
images are labeled as containing the category of interestdt), some have both a class label
and a foreground segmentation, while others have no anosat all. We derive an active learning
criterion function that predicts how informative furthemmtation on any particular unlabeled image
or region would be, while accounting for the variable exgeassociated with different annotation
types. As long as the information expected from further aatians outweighs the cost of obtaining
them, our algorithm will request the next valuable labeltregn the classi er, and repeat.

In the following we outline the MIL paradigm and discuss ipgphcability for two important image
classi cation scenarios. Then, we describe our decisi@motetic approach to actively request useful
annotations. Finally, we discuss how to attribute costsraaks for multi-level annotations.

3.1 Multiple-Instance Visual Category Learning

Traditional binary supervised classi cation assumes #gerer is provided a collection of labeled
data patterns, and must learn a function to predict labelsesninstances. However, the fact that
image annotations can exist at multiple levels of grantatémands a learning algorithm that can
encode any known labels at the levels they occur, and so MiLiflmore applicable. In MIL, the
learner is instead provided witfets(bags) of patterns rather than individual patterns, andlistold
that at least one member of apgsitive bags truly positive, while every member of amgegative
bagis guaranteed to be negative. The goal of MIL is to induce timetion that will accurately label
individual instances such as the ones within the trainingsba

MIL is well-suited for the following two image classi catioscenarios:

Training images are labeled as to whether they contain ttegogey of interest, but they also contain other
objects and background clutter. Every image is representeaibag of regions, each of which is charac-
terized by its color, texture, shape, etc. [14, 15]. For fpasibags, at least one of the regions contains the
object of interest. The goal is to predict when new imageamgjicontain the object—that is, to learn to
label regions as foreground or background.

The keyword associated with a category is used to downloagpgrof images from multiple search engines
in multiple languages. Each downloaded group is a bag, amihtages within it are instances [13]. For
each positive bag, at least one image actually contains lifeztoof interest, while many others may be
irrelevant. The goal is to predict the presence or absentteeafategory in new images.



In both cases, an instance-level decision is desirabldhdgHevel labels are easier to obtain. While
it has been established that MIL is valuable in such casesjqus methods do not consider how to
determine what labels would be most bene cial to obtain.

We integrate our active selection method with the SVM-bddddapproach given in [24], which
uses a Normalized Set Kernel (NSK) to describe bags basedecaverage representation of in-
stances within them. An instangds deBcribed in some kernel embedding space(a¥, and a bag

X is described by% where (X)= ,,x (X) andjXj counts the number of instances in the

bag. (Throughout we use lowercas¢o denote instances, and uppercAséo denote bags.) The
objective function is much like a standard SVM, except tlmatstraints involving positive bags use
their instances' centroid in kernel space to account forlabel uncertainty (see [24]). Following
[25], we use the NSK mapping for positive bags only; all insts in a negative bag are treated
individually as negative. We chose this classi er sincedatfprms well in practice [26] and allows
incremental updates [27]; further, by virtue of being a ledfpased algorithm, it gives us exibility
in our choices of features and kernels. However, alteradfil techniques whose outputs can be
mapped to predictive probabilities could easily be swappdd.g. [28, 26, 25]).

3.2 Multi-Level Active Selection of Image Annotations

Given the current MIL classi er, our objective is to seledhat annotation should be requested next.
Whereas active selection criteria for traditional supssdi classi ers need only identify the best

instance to label next, in the MIL domain we have a more comgimice. There are three possible

types of request: the system can ask for a label on an instarlabel on an unlabeled bag, or for

a joint labeling of all instances within a positive bag. S@ must design a selection criterion that

simultaneously determines which type of annotation to estjuand for which example to request

it. Adding to the challenge, the selection process mustadsount for the variable costs associated
with each level of annotation (e.g., it will take the annotdess time to detect whether the class of
interest is present or not, while a full segmentation wilhbere expensive).

We extend thevalue of informatior(VOI) strategy proposed in [20] to enable active MIL selewti
and derive a generalized value function that can acceptihetances and bags. This allows us to
predict the information gain in a joint labeling of multiplestances at once, and thereby actively
choose when it is worthwhile to expend more or less manualteifi the training process. Our
method continually re-evaluates the expected signi casfdanowing more about any unlabeled or
partially labeled example, as quanti ed by the predictedliion in misclassi cation risk plus the
cost of obtaining the label.

We consider a collection of unlabeled dg, and labeled datX, composed of a set of positive
bagsX, and a set of negative instanc¥s. Recall that positively labeled bags contain instances
whose labels are unknown, since they contain an unknown frpositive and negative instances.
Letr, denote the user-speci ed risk associated with misclasgifa positive example as negative,
andr, denote the risk of misclassifying a negative. The risk aissed with the labeled data is:

| X Xi) y, X
Risk (X.) = (1l p ~T )+ FnP(Xi); 1)
Xi2Xp 17 Xi 2 Xhn

where p(x) denotes the probability that a given input is classied assippe: p(x) =
Pr(sgniw (x) + b) = +1 jx) for the SVM hyperplane parametensandb. We compute these
values using the mapping suggested in [29], which essBntigla sigmoid to map the SVM out-
puts to posterior probabilities. Note that here a posit&gX; is rst transformed according to the
NSK before computing its probability. The correspondirgiffior unlabeled data is:

X
Risk (Xy) = rp(l p(xi))Pr(yi =+1jxi) + rap(xi)(1  Pr(yi =+1jx)); (2
XiZXU

wherey; is the true label for unlabeled example The value ofPr(y = +1 jx) is not directly
computable for unlabeled data; following [20], we approatmit asPr(y = +1 jx)  p(x). This
simpli es the risk for the unlabeled data Risk (Xu) =, >y (rp*+ 1)1 p(xi))p(xi), where
again we transform unlabeled bags according to the NSK befmmputing the posterior.



The total cosf (X ; Xy) associated with the data is the total misclassi cation,rgls the cost of
obtaining all labeled data thus far:
X X
T(XL;Xy) = Risk (XL) + Risk (Xy) + C(Xi) + C(xi); 3)
Xi2Xp Xi 2 Xn

where the functior( ) returns the cost of obtaining an annotation for its input @il be de ned
in more detail below.

To measure the expected utility of obtaining any particulew annotation, we want to predict
the changein total cost that would result from its addition ¥ . Thus, the value of obtaining an
annotation for inpuz is:

VOI(z)= T(X;Xu) T X[ zW:Xur z (4)
= Risk (X_) + Risk(Xy) Risk X_[ z® + Risk (Xyur z) C (2);

wherez(!) denotes that the input has been merged into the labeled set with its true labahd
Xu r z denotes that it has been removed from the set of unlabeled idahe VOI is high for a
given input, then the total cost would be decreased by adtsrannotation; similarly, low values
indicate minor gains, and negative values indicate an atinotthat costs more to obtain than it is
worth. Thus at each iteration, the active learner survdyguiaining unlabeled and weakly labeled
examples, computes their VOI, and requests the label fagtheple with the maximal value.

However, there are two important remaining technical iss&@rst, for this to be useful we must
be able to estimate the empirical risk for inputs beforerttadiels are known. Secondly, for active
selection to proceed at multiple levels, the VOI must actraevgerloaded function: we need to be
able to evaluate the VOI whenis an unlabeled instane®@ an unlabeled bagr a weakly labeled
example, i.e., a positive bag containing an unknown numbeegative instances.

To estimate the total risk induced by incorporating a newinaated example into X, be-
fore actually obtaining its true labé) we estimate the updated risk term with its expected value:
Risk (XL [ zW)+ Risk(Xyr z) EJ[Risk(X. [ z®M)+ Risk (Xy r z)] = E, whereE is short-
hand for the expected value expression preceding #.idfan unlabeled instance, then computing
the expectation is straightforward:

X
E= Risk (X, [ z")+ Risk(Xy r z) Pr(sgnw (z) + b) = ljz); (5)
12L

whereL = f+1; 1gis the set of all possible label assignmentsZorhe valuePr(sgnw (z) +

b) = 1jz) is obtained by evaluating the current classi eroand mapping the output to the associ-
ated posterior, and risk is computed based on the (tempQnarddi ed classi er with z(") inserted
into the labeled set. Similarly, # is an unlabeled bag, the label assignment can only be positiv

negative, and we compute the probability of either labeth@aNSK mappingp(%).

If z is a positive bag containingl = jzj instances, however, there &% possible labelingd: =
f+1; 1gM. For even moderately sized bags, this makes a direct cotigrutaf the expectation
impractical. Instead, we use Gibbs sampling to draw sangjltee label assignment from the joint

f+1; 1g. To sample from the conditional distribution of one insteladabel given the rest—the
basic procedure required by Gibbs sampling—we re-trairMHeclassi er with the given labels
added, and then draw the remaining label accordirgg to Pr(sgnw (z;)+ b) = +1 jz;), where
z; denotes the one instance currently under consideratiomdsitive bag, the expected total risk
is then the average risk computed over&atjenerated samples:

X
E= é Risk (fX | r zg[f zgal)k;:::;z,(v,a“”kg)+ Risk (Xy r fz1;z2;:5zm ) ;5 (6)
k=1
wherek indexes theS samples. To compute the risk o for each xed sample we simply re-
move the weakly labeled positive bagand insert its instances as labeled positives and negative



as dictated by the sample’s label assignment. Computing@ievalues for all unlabeled data, espe-
cially for the positive bags, requires repeatedly solvimg¢lassi er objective function with slightly
different inputs; to make this manageable we employ incréal&SVM updates [27].

To complete our active selection function, we must de ne ¢bst functionC(z), which maps an
input to the amount of effort required to annotate it. Thigdtion is problem-dependent. In the vi-
sual categorization scenarios we have set forth, we de aectist function in terms of the type of
annotation required for the inpat we charge equal cost to label an instance or an unlabeled bag
and proportionally greater cost to label all instances ingitjve bag, as determined empirically with
labeling experiments with human users. This re ects thdlimng an object contour is more expen-
sive than naming an object, or sorting through an entire pddEeb search returns is more work
than labeling just one. More elaborate cost functions cao@a any additional domain knowledge;
for example, one might consider the degree of smoothnessimage (as measured by some lter
responses) to be an indicator of how dif cult that image Ww#l to manually segment, and thus form
an example-dependent cost function.

We can now actively select which examples and what type obttion to request, so as to maxi-

mize the expected bene t to the category model relative éontfanual effort expended. After each
annotation is added and the classi er is revised accorgijrigé VOI is evaluated on the remaining

unlabeled and weakly labeled data in order to choose theammdtation. This process repeats ei-
ther until the available amount of manual resources is estiealor, alternatively, until the maximum

VOI is negative, indicating further annotations are nottivahe effort.

4 Results

In this section we demonstrate our approach to activelynleaual categories. We test with two
distinct publicly available datasets that illustrate the fearning scenarios above: (1) the SIVAL
set [23] of 25 objects in cluttered backgrounds, and (2) agBodataset of seven categories down-
loaded from the Web. In both, the classi cation task is towégther each unseen image contains the
object of interest or not. We provide comparisons with stAglel active learning (with both [23],
and where the same VOI function is used but is restrictedtteedy label only instances), as well as
passive learning. For the passive baseline, we considdomaselections from amongst both single-
level and multi-level annotations, in order to verify thatr@pproach does not simply bene t from
having access to more informative possible labels.

Implementation details. We select kernels and SVM parameters for each dataset witsscr
validation. The capacity control was set@= 100. For the Gibbs sampling, we gener&e= 25
samples with an initial burn-off of 50 samples. This numbaswset arbitrarily; later experiments in-
creasing the sample size to 50 did not improve results sogmitly, though in general larger samples
should yield more accurate VOI estimates. The risk paramétgandr, ) and the cost of labeling a
single instance are all set to 1, meaning we have no preferfentalse positives or false negatives,
and that we view a misclassi cation to be as harmful as reqgia user to label one instance.

To determine how much more labeling a positive bag costgivelto labeling an instance, we
performed user studies for both of the scenarios evaluktedhe rst scenario, users were shown
oversegmented images and had to click on all the segmermtsdiref to the object of interest. In the
second, users were shown a page of downloaded Web imagesad@mal ¢tlick on only those images
containing the object of interest. For both datasets, theseline task was to provide a present/absent
ag on the images. For segmentation, obtaining labels opaltive segments took users on average
four times as much time as setting a ag. For the Web imagespk 6.3 times as long to identify
all positives within bags of 25 noisy images. Thus we set tiet of labeling a positive bag to 4 and
6.3 for the SIVAL and Google data, respectively. These \@agree with the average sparsity of the
two datasets: the Google set contains about 30% true positiages while the SIVAL set contains
10% positive segments per image. The users who took part iexperiment were untrained but still
produced consistent results. In practice, prior trainiogld lower the costs even further.

1 See supplementary materials for image examples and learnjncurves on all classes.
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Fig. 2. Results on the SIVAL datasdf) Sample learning curves per class, each averaged over als.tftirst
two are best examples, last is worgt) Summary of the average improvement over all categoriesplef
shows the mean improvement for all four methods; right boixpimmarizes the improvements after half of
the annotation cost is used. For the same amount of annotedist, our multi-level approach learns more
quickly than both single-level active selection as well eghldorms of random selection.
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Fig. 3. Left: Comparison with [23] on the SIVAL data, as measured by thesmeeimprovement in the AUROC
over the initial model for increasing labeling cost valueght: The cumulative number of labels acquired for
each type with increasing number of queries. Our methodstémdequest complete segmentations or image
labels early on, followed by queries on unlabeled segmees on.

4.1 Actively Learning Visual Objects and their Foreground Regions from Cluttered Images

The SIVAL dataset [23] contains 1500 images, each labelé¢d avie of 25 class labels. The clut-
tered images contain objects in a variety of positionsaions, locations, and lighting conditions.
The images have been oversegmented into about 30 regiatan@es) each, each of which is rep-
resented by a 30-d feature describing its color and texiumes each image is a bag containing both
positive and negative instances (segments). Labels onaimény data specify whether the object of
interest is present or not, but the segments themselveskagaled (though the dataset does provide
ground truth segment labels for evaluation purposes).

The initial training set is comprised of 10 positive and 1@atéve images per class, selected at
random. Our active learning method must choose its querdes &mong 10 positive bags (com-



plete segmentations), 300 unlabeled instances (indiVgkgments), and about 150 unlabeled bags
(present/absent ag on the image). We use a quadratic keitreh coef cient of 10 6, and average
results over ve random training partitions.

Figure 2(a) shows representative (best and worst) learcimges for our method and the three
baselines, all of which use the same MIL classi er (NSK-SVMlpte that the curves are plotted
against the cumulativeostof obtaining labels—as opposed to the number of queriedmntss—
since our algorithm may choose a sequence of queries witltundiarm cost. All methods are given
a xed amount of manual effort (40 cost units) and are allowecthake a sequence of choices until
that cost is used up. Recall that a cost of 40 could corresgonéxample, to obtaining labels on
% = 40 instances 0@ = 10 positive bags, or some mixture thereof. Figure 2(b) sunzearihe
learning curves for all categories, in terms of improversealative to the initial classi er (left), and
the average improvement at a xed point midway through th&vadearning phase (right).

All four methods steadily improve upon the initial clasgi éut at different rates with respect to the
cost. (All methods fail to do better than chance on the “ditbwe' class, which we attribute to the
lack of distinctive texture or color on that object.) In gesiea steeper learning curve indicates that
a method is learning most effectively from the supplied lab®ur multi-level approach shows the
most signi cant gains at a lower cost, meaning that it is Isested for building accurate classi ers
with minimal manual effort on this dataset. As we would expsingle-level active selections are
better than random, but still fall short of our multi-levelmroach. This is because single-level active
selection can only make a sequence of greedy choices whilgpmuoach can jointly select bags of
instances to query. Interestingly, multi- and single-leaadom selections perform quite similarly
on this dataset (see rightmost boxplots in (b)), which iat#is that having more informative labels
alone does not directly lead to better classi ers unlesgitiig instances are queried.

The table in Figure 3 compares our results to those repant§2i3], in which the authors train an
initial classi er with multiple-instance logistic regressipand then use the Ml Uncertainty (MIU) to
actively choose instances to label. Following [23], we r¢fiwe average gains in the AUROC over
all categories at xed points on the learning curve, avarggesults over 20 trials and with the same
initial training set of 20 positive and negative images c8ithe accuracy of the base classi ers used
by the two methods varies, it is dif cult to directly compattee gains in the AUROC. The NSK-
SVM we use consistently outperforms the logistic regresajaproach using only the initial training
set; even before active learning our average accuracy &68ompared to 52.21 in [23]. There-
fore, to aid in comparison, we also report the percentagergéative to random selection, for both
classi ers. The results show that our approach yields muiginger relative improvements, again
illustrating the value of allowing active choices at mukipevels. For both methods, the percent
gains decrease with increasing cost; this makes sense,asmeatually (for enough manual effort) a
passive learner can begin to catch up to an active learner.

4.2 Actively Learning Visual Categories from Web Images

Next we evaluate the scenario where each positive bag idectioh of images, among which only

a portion are actually positive instances for the class tefr@st. Bags are formed from the Google-
downloaded images provided in [6]. This set contains onaye600 examples for each of the seven
categories. Naturally, the number of true positives fohedass are sparse: on average 30% contain
a “good” view of the class of interest, 20% are of “ok” qualibcclusions, noise, cartoons, etc.), and
50% are “junk”. Previous methods have shown how to learn fnmisy Web images, with results
rivaling state-of-the-art supervised techniques [13].8/% show how to boost accuracy with these
types of learners while leveraging minimal manual annotegffort.

To re-use the publicly available dataset from [6], we raniyognoup Google images into bags of

size 25 to simulate multiple searches as in [13], yieldingual30 bags per category. We randomly
select 10 positive and 10 negative bags (from all other caies) to serve as the initial training data
for each class. The rest of the positive bags of a class atktasmnstruct the test sets. All results
are averaged over ve random partitions. We represent eaaelge as a bag of “visual words”, and

compare examples with a linear kernel. Our method makegeagtieries among 10 positive bags
(complete labels) and about 250 unlabeled instances (ishagkere are no unlabeled bags in this
scenario, since every downloaded batch is associated Wiknaord.
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Fig. 4. Results on the Google dataset, in the same format as Fig@aranulti-level active approach outper-
forms both random selection strategies and the singlé-é&tve method.

Figure 4 shows the learning curves and a summary of our detraer's performance. Our multi-
level approach again shows more signi cant gains at a lowst kelative to all baselines, improving
accuracy with as few as ten labeled instances. On this dataselom selection with multi-level
annotations actually outperforms random selection onlsileyel annotations (see the boxplots).
We attribute this to the distribution of bags/instancesaeerage more positive bags were randomly
chosen, and each addition led to a larger increase in the ALIRO

5 Conclusions

Our approach addresses a new problem: how to actively chmm®mly which instance to label, but
also what type of image annotation to acquire in a cost-tfieway. Our method is general enough
to accept other types of annotations or classi ers, as lath@cost and risk functions can be appro-
priately de ned. Comparisons with passive learning methadd single-level active learning show
that our multi-level method is better-suited for buildifgssi ers with minimal human intervention.
In future work, we will consider look-ahead scenarios witbrefar-sighted choices. We are also
pursuing ways to alleviate the VOI computation cost, whislnaplemented involves processing all
unlabeled data prior to making a decision. Finally, we hapmtorporate our approach within an
existing system with many real users, like Labelme [9].
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