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Abstract of the image. If features from the whole image area are
used to represent an image, the useful information may be
Over the past decade, multiple-instance learning (MIL) overridden by noisy information from irrelevant regions.
has been successfully utilized to model the localized For example, in Figure, if the interest of the user is in
content-based image retrieval (CBIR) problem, in which a the object “FabricSoftenerBox”, the two images with label
bag corresponds to an image and an instance corresponds‘FabricSoftenerBox” should have higher similarity than the
to a region in the image. However, existing feature rep- first two images in the upper row. However, the first two im-
resentation schemes are not effective enough to describeges in the upper row are expected to give higher similarity
the bags in MIL, which hinders the adaptation of sophisti- than the two images in the leftmost column if global meth-
cated single-instance learning (SIL) methods for MIL prob- ods are used. On the contrary, localized CBIR, [L2, 1],
lems. In this paper, we first propose an evidence region which describes the task where the user is only interested in
(or evidence instance) identification method to identify the a portion of the image with the rest being irrelevant, is more
evidence regions supporting the labels of the images (i.e.,natural and is in line with human perception. For example,
bags). Then, based on the identified evidence regions, an Figure3, a user may only be interested in tgplein the
very effective feature representation scheme, which is alsoimage with label “Apple”.
very computationally efficient and robust to labeling noise, A new learning paradigm calledultiple-instance learn-
is proposed to describe the bags. As a result, the MIL prob-ing (MIL) [ 6]* was proposed to model learning problems
lem is converted into a standard SIL problem and a sup- where the class labels are only associated with sets of exam-
port vector machine (SVM) can be easily adapted for local- ples rather than individual examples. In MIL, an individual
ized CBIR. Experimental results on two challenging data example is called amstanceand abag contains a set of
sets show that our method, called EC-SVM, can outperforminstances. Training labels are associated with bags rather
the state-of-the-art methods in terms of accuracy, robust-than instances. A bag is labeled positive if at least one of its
ness and efficiency. instances is positive; otherwise, the bag is negative. In this
paper, we use the tergingle-instance learnin¢SIL) to re-
fer to the traditional supervised learning paradigm in which
1. Introduction each individual example has a class label.
In the existing localized CBIR work, the region of inter-
est can be either at a fixed location or marked by the user.
According to the low-level image features used in the The first case does not conform to the general image re-
retrieval process, existingontent-based image retrieval trieval task and the second case requires too much effort
(CBIR) methods can be categorized into two major classes,from the user, making it unappealing in practice. Hence,
namely, global methods and localized methods (alécal- thefocus of this papeis to design a general automatic local-
ized CBIR[11, 17]). Global methods exploit features char- ized CBIR system that does not necessarily require the user
acterizing the global view of an image, such as color his- to mark the region of interest. Specifically, we require that
tograms, to compute the similarity between images. Thesemultiple labeled images be provided for the system to auto-
methods have been widely used by traditional CBIR sys- — — o _
tems. Although global features can be extracted easily, Due to the page limit constraint, in this paper, we can only cite the
most related references from the computer vision community or those fo-

in many cases, only a small part or .Several S.ma” parts of ¢sed on vision applications. Many other references, especially those from
the image are useful for characterizing the visual contentthe machine learning community, can be foundih [

1.1. Background




matically learn the interest of the user. This can be achieved demonstrate the promising performance of our method
through relevance feedback or by inputtingj@ery image with respect to multiple performance metrics, includ-
set[17] labeled as positive or negative by the user accord- ing accuracy, efficiency and robustness.

ing to whether the images contain the target regions of in-
terest. Under this setting, the underlying learning problem
for localized CBIR is essentially an MIL problem where an
image corresponds to a bag and each region in the imag
corresponds to an instance.

It should be emphasized that tfeeus of this works on
CBIR rather than image classification. Although the tech-
diques for CBIR are also suitable for image classification,
and vice versa, their application scenarios are somewhat dif-
ferent. While for image classification a large number of la-
1.2. Motivation beled images can be provided for training, for CBIR it is

o ] ~unreasonable (or impractical) to require the user to input a
Few of the existing MIL methods have designed effective |5rge number of query images.

feature representation schemes to describe the bags, mak-

ing it difficult to adapt some sophisticated SIL methods for ;

MIL problems. DD-SVM [] is the first MIL method try- 2. A Feature Representation Scheme for MIL
ing to propose a feature representation scheme for the bag2.1. Notations and Conventions
in MIL to convert MIL into SIL. However, the features of
DD-SVM are very sensitive to noise and incur very high
computation cost. MILEST] (Multiple Instance Learning

B;" denotes a positive bag arf§f denotes a negative
bag. When the label of a bag is irrelevant, we simply de-

via Embedded instance Selection) also converts MIL into anote tEe bag éﬁz Bf+J denoteg an mstar_lce n zi positive
standard SIL problem via feature mapping, in which each P29 B;" andB;; is an instance in a negative bay . Let
feature is defined by an instance from the training bags, in-3 = {B{, B3 ,...,B}., By, By ,..., B,_} denote the
cluding both positive and negative bags. Although MILES Set of alln™ positive andn~ negative training bags. For

is less sensitive to noise and more efficient than DD-SVM, €ach bagB;, its bag label isy; € {+1,—-1}. All the in-

the feature space for representing bags is of very high di-stances are represented as feature vectors of the same di-
mensionality because it contains too many irrelevant fea- mensionality. Furthermore, in CBIR, a bag refers to an im-
tures. Hence, appropriate classifiers that can make use ofig€ and an instance corresponds to a region in some image.
the feature representation scheme in MILES are limited to . o

those that can perform both feature selection and classifica2-2- Evidence Instance Identification

tion Simultan90U5|y, such as 1-norm SV[\/![ Therefore, According to the MIL prob|em formulation, a bag is la-

the motivatiorof this work is to design an effective as well - peled positive if at least one of its instances is positive; oth-
as efficient feature representat|0n scheme for represen“n%rwisel the bag is labeled negative_ Because whether or not

the bags in MIL. there exist positive instances in a bag provideislenceor
. I supporting the bag’s label, we call the positive instaraes
1.3. Main Contributions idence instanceslf a bag refers to an image, evidence in-

In this paper, we propose a feature representation schemétances are also referred toeasdence regions
for the bags in MIL to convert MIL into SIL and adapt the
sophisticated SIL technique, SVM, to solve MIL problems. 2.2.1 Evidence Instance Identification Algorithm

The main contributions are summarized as follows: ) . L
Theevidence confidendeC(B,;), which is used to repre-

e We propose an evidence region (or evidence instance)sent the confidence (or likelihood) for the instarigg, to
identification method to identify the evidence regions be an evidence instance, is defined as follows:
that support the labels of the images (i.e., bags).

nt n-
. A very effective feature represe_n_tation scheme, which  EC(By;,) = Hpr(th | B]") Hpr(th |B;7), (1)
is also very computationally efficient and robust to la- i=1 i=1
beling noise, is proposed to describe the bags based on . ) .
the identified evidence regions. As a result, the ML Where Pr(By, [ B;) is estimated based on the noisy-OR
problem is converted into a standard SIL problem and model [:
an SVM is successfully adapted for localized CBIR.
The resulting method is called EC-SVM, which will + +
be described in detail later. Pr(Bon| B) o §1- 1:[ 1= Pr(Bon | B)] 1)
e We compare our method extensively with many state- Pr(Bgn|B) o H [1— Pr(Bg | Bi})] ) (3)

of-the-art methods on two challenging data sets to ;



Here,Pr(By;, | B;;) is estimated as follows: Algorithm 1 Evidence Instance Identification for MIL
S (Bijk — thk)2} @ Input:  All training bagsB;",...,Bf,,By,...,B_;

D) Parametenn indicating how many evidence instances

. . should be identified from each positive bag.
whereo is a scaling parametek, ranges over all the fea- Initialize: E* = ¢

tures, andB;;, and By, refer to thekth features of the for g = 1to n't do
corresponding feature vectors. for h = 1to | B}| do
The noisy-OR model conforms well to the MIL formu- R .
lation. From @), we can see that as long as one instance in ComputeEC(th) according to {)

L. ! Ty : end for
B;" is close toBy, Pr(Bgn | B;") will be high. From ), Selectm instances with the largest EC values from
we can see that only if all the instancesBn are far away B+ and add the selected instancesito
from By, Pr(Bg | B; ) will be high. Hence, if every pos- end%c;r
itive bag contains at least one instance closeBfa and R . o . .

. ) . . Output: E*, a set of identified evidence instances.
simultaneously all the instances in the negative bags are far
away fromBy;,, EC(By,) will be high. ThereforeEC(-)
actually reflects theonfidencdor the instance to be an evi-

dence instance. The larger the EC value of the instance, thdVneréc € ¢ andC'is the space of all possible instances,
more likely this instance will be an evidence instance. including both the observed training instanceiand the

The definition of EC “looks” similar to that of DD€]. (possibly infinite number of) unobserved ones.

However, except that both EC and DD use the noisy-OR ~ Lr(¢| Bi) is also estimated based on the noisy-OR
model to compute the corresponding probability, the ratio- Mde! E]. However, unlike our EC definitiorr(c | B;;)
nales for EC and DD are in fact very different. This will be " DD is estimated as follows:
demonstrated in detail in the following subsection.
From the MI.L ('jefinition,. we know that evidengg in- Pr(c| By;) o exp {_ Z (sk(Bijk — C-k:)Q)}y (6)
stances only exist in the positive bags and each positive bag %
contains at least one evidence instance. Hence, we just need
to compute the EC values for all instances from the positive Wherec corresponds to a feature vector, which might not be
bags and then select those instances with the largest EC valan observed instance, in the input instance splacanges
ues from each positive bag to be our evidence instances. over all the featuress,, is a scaling coefficient for théth
Another issue about the above evidence instance identifi-feature, andB;;, andc., refer to thekth features of the
cation method is how many evidence instances should be secorresponding feature vectors.
lected from each positive bag. This may be determined from  The main difference between EC and DD can be easily
prior knowledge. More specifically, for localized CBIR, this seen from the difference betweet) and ), where the EC
parameter can be completely observed from the given train-value, which is defined only for thebservednstances in
ing images. For example, for the SIVAL image s&t,[15] 8, can be directly computed from the training data, while
used in our experiment, since from the training images we DD tries tomaximizean objective function, i.e., to search
observe that the target object occupies about 15% of the im-for the target point, ovet’ which is a continuous space with
age area for most images and each image (bag) contains 3ifinitely many members. The flow charts of EC computa-
instances, it is very reasonable to set this parameter to 3ion and DD are illustrated in Figureand Figure?, respec-
which is aboutl5.6% (5/32) of the number of all instances  tively. In Figurel, thedirect computatiorstep is based on

Pr(Bgh | Bij) o exp { .

in a bag. (2) without the need for any optimization procedure. In Fig-
Algorithm 1 summarizes the evidence instance identifi- ure2, however, amptimization proceduresuch as gradient
cation procedure presented above. ascent in§], should be firstly applied to find the target point
¢; by maximizing the objective function irb). Then, based
2.2.2  Comparison with DD onc, a value, such as the distance betwétp andc, in
) [8], is computed by théurther computatiorstep for further
The DD method ] tries to find thetarget point? by maxi- processing.

mizing the following objective function: B
gh

nt n- ¢
arg max H Pr(c| B;") H Pr(c| B;), 5) Training
- i=1 Data
2This target point is not necessarily an observed instance in the training Figure 1. Flow chart for the evidence confidence (EC) computa-
set®B. We must search for it in the whole instance space which may be a tion.
continuous space containing infinitely many instances.

—»(Direct Computation —»EC(By)




Bon thatz* is a true positive instance from a positive train-

ing bag andx~ is a negative instance (false positive

graining _y{Optimization | % | (Fj““her e instance) from the same bag. Without labeling noise,
ata Procedure omputation most (or even all) term&r(z+|B;") andPr(zt|B;"),
Figure 2. Flow chart for the diverse density (DD) method. should be expected to be larger than their counterparts,

Pr(z~|B;") andPr(x~|B;), in (1). Hence EC(z*)
should be much larger thanC(z~). Even if a por-
tion of the training bags are mislabeled to makene
terms,Pr(z~|B;") andPr(z~|B; ), larger than their
counterpartsPr(z*|B;") and Pr(z*|B;" ), EC(z+)
will still be larger thanEC(z~) as long as the num-
ber of these terms is not too large. EverEif(z™)
will decrease in this case, it will not affect the evidence
instance identification result because only thkative
EC valuesrather than the absolute EC values, for the
instances in a specific bag will affect the result in Al-
gorithm 1.

From (), it is not difficult to realize that theptimiza-
tion proceduren DD is very sensitive to labeling noise. For
example, if we mislabel just a single positive bBgas a
negative bag, theRr(c, | B) computed based oB)for the
true target point; will decrease exponentially. As a result,
the objective function value of is likely to be very small.
Hence, in this case, the computed target point will be rel-
atively far away from the true target point. This problem
has been validated by the experimentsdn4]. Moreover,
the DD landscape typically contains local maxima. Search-
ing for the true target point by applying gradient-ascent or
EM does not guarantee global optimality. With no prior
knowledge for a good initialization point, multiple_ restarts _2.3. Feature Representation Scheme
are generally needed and hence high computation cost is
incurred. Based on the identified evidence instances, we propose

Another difference between EC and DD comes from the a feature mapping to map every b&gto a pointy(B;) in
difference betweerdj and @). In (4), all the features (in-  the evidence instance based feature space:
dexed byk) have the same scaling parametein (6), each T
feature ) has its specific scaling parametgr The adop- Y(B;) = (d(e’{,Bi), d(es, Bi), ... d(e[g, Bi)) , (N
tion of (4) for EC computation is motivated by MILES]. i . . . .

In MILES, they use the same scaling parameter for all the Wheree; € E*, E* is the set of identified evidence in-
features, but the performance of MILES is still better than Stances in Algorithm 1, and(e, B;) is defined as follows:
DD-SVM [4] which adopts a scaling vector to weight the . 2

features. The computation cost for the EC value based on dle, Bi) = BI;I]‘lé%i(He — Bill), ®)

(4) will be dramatically decreased because we do not have

. . “which means the distance between an instance and a bag is
to search through a huge space of possible scaling coeffi-

cient values. Moreover, the meaningaf( B, | By, ) in (4) simply equal to the distance between the instance and the

. . T . . nhearest instance in the bag.
is much more obvious, which is just a kernel density esti- : oo .

. This feature mapping is very meaningful because gen-
mate withB;;.

. . . e erally the distance between two evidence instances is ex-
Our evidence instance identification method based on ected to be smaller than the distance between one evidence
EC computationtotally avoidsthe two disadvantages of P

X : : instance and a non-evidence instance from the background.
DD-based methods, which are high computation cost and e : . : :
: L : . Because positive bags contain evidence instances, the dis-
high sensitivity to labeling noise. The advantages of our

method are summarized as follows: tance from one evidence instanpe to a positive_ bag_ is ex-
' pected to be smaller than the distance from this evidence
e The EC value of eaclobserved instancés directly instance to a negative bag. Hence, the featureg)iaré ex-
computed from the training set. The parametein pected to have strong discrimination ability. Furthermore,
Algorithm 1 can be obtained from prior knowledge or for a specific bag, different instances in it will be selected as
observed directly from the training data for image re- the nearest instances to compute the distancg)ifo( dif-
trieval. In our experiments, we just setto 1 if the ferente;. Hence, the feature vector iff)(actually implic-
data are normalized, and the performance is still very itly contains the inter-dependency between the instances in
promising. Hence, our method essentially has no pa-a bag, the effectiveness of which has been validatedby [
rameters to tune, making it several orders of magnitude
faster than DD-based methods. 3. Single Instance Formulation for MIL

e Because our evidence instance identification method After the feature mapping defined if)( the MIL prob-
constrains the search scope for identifying evidence lem is converted into a standard SIL problem and hence any
instances to be within a bag, it is also very robust to- conventional classification method can easily be adapted for
wards labeling noise. To illustrate this, let us assume the MIL problem.



In this paper, we adapt SVM for MIL because it can “BlueScrunge”, “CandleWithHolder”, “CardboardBox”,
deliver promising generalization performance via margin “CheckeredScarf’, “CokeCan”, “DataMiningBook”,
maximization. The resulting method is called EC-SVM. “DirtyRunningShoe”, “DirtyWorkGloves”, “Fabric-
Since SVM has become a mature technique which has beersoftenerBox”,  “FeltFlowerRug”, “GlazedWoodPot”,
widely used in many applications, we do not introduce it “GoldMedal”, “GreenTeaBox”, *“JuliesPot”’, “Large-
in detail here. We refer the readers to the related literature,Spoon”, “RapBook”, “SmileyFaceDoll”, “SpriteCan”,
such as LIBSVM P] and its documentation. “StripedNoteBook”, “TranslucentBowl”, “WD40Can”, and

“WoodRollingPin”. Figure3 shows some sample images
4. Relation to Existing Work from the SIVAL image set. We use the same preprocessing
method as that in10, 17] to generate the bags. Hence,

From the formulation point of view, EC “looks” similar - each image is represented as a bag of 32 30-dimensional
to DD. However, EC’s modification to DD makes EC-SVM  jnstances.

ingeniously integrate the advantages of both MILES and
DD-SVM, and simultaneously overcome their shortcom-
ings. From MILES, we can see that using the instances from
the training bags to construct the feature representation is
sufficient for good performance. Hence, the optimization
procedure in DD for finding local optima, which is both
time-consuming and noise sensitive, is unnecessary. From
DD-SVM, we can see that the most discriminative features
might be those constructed based on evidence instances.

R

FabricSoftenerBox

Apple

which are adopted by MILES, might be useless, or even
harmful (cf. Figure7 and the discussion). EC-SVM con-
structs only those discriminative features corresponding to
evidence instances without any time-consuming optimiza- Figure 3. Sample images from the SIVAL image set.
tion procedure. Hence, EC’s modification to DD makes

EC-SVM much more effective than MILES and DD-SVM. We compare the performance of EC-SVM with sev-
eral related methods on this data set. Note that for fair

5. Performance Evaluation comparison, we just list the results of the methods that
adopt the same bag generation method. For example, for
We evaluate EC-SVM based on two publicly available MI-Winnow [5], there are two bag generation methods,
image data sets: the SIVAL (Spatially Independent, Vari- called “Neighbors” and “No Neighbors” respectively. The
ably Area, and Lighting) image set7, 13] and the COREL  “Neighbors” method is the same as that introduced in this
image set§]. As for SVM training, the Gaussian kernel paper. We just list the results of MI-Winnow with the
k(z,y) = exp~"l==¥I” is used for our method in all the “Neighbors” bag generation method.
experiments. We use LIBSVM] to train all the SVM clas- We adopt the same experimental settings as those used
sifiers. by related methods. For each category, we use the “one-
Note that the motivation of our paper is to design an ef- versus-the-rest” strategy to evaluate the performance. We
fective feature representation scheme to describe the baggandomly select eight positive and eight negative images
Hence, among all the proposed MIL methods, MILES and to form the training set and the remaining 1,484 images to
DD-SVM are the most related methods. Because previousform the test set. Unless stated otherwise, the results are re-
work [3] has shown that MILES outperforms DD-SVM, ported based on 30 rounds of independent test. Because the
MILES is adopted as the baseline for EC-SVM. We only target object occupies about 15% of the image area for most
compare EC-SVM with DD-SVM in terms of computa- images, we simply set the parameteiin Algorithm 1to 5
tional cost and noise sensitivity to verify the claims in Sec- which is aboutl5.6% (5/32) of the number of all instances

FabricSoftenerBox CheckeredScarf SpriteCan

tion2.2.2 in a bag. The parametér and Gaussian kernel parameter
_ r for SVM in LIBSVM [ 2] are simply set to 1 anéd—* re-
5.1. Accuracy Evaluation spectively. Better performance might be expected if a more

sophisticated method, such as cross-validation on the train-
ing data, is used to set these parameters. For the parameters
The SIVAL data set contains 1,500 images of 25 cate- in MILES [3], we find thatA = 0.2 ando? = 1 give the
gories, with 60 images for each category. Category 1 besttest performancéor the SIVAL data set. Hence, we fix

to category 25 are: “AjaxOrange”, “Apple”, “Banana’, X = 0.2 ando? = 1 for MILES in all the following exper-

5.1.1 Evaluation on SIVAL Data Set



iments. The average AUC (area under the ROC curve) val-tains 100 images representing a different category. The im-
ues with 95% confidence interval for the 25 categories areages are in JPEG format with si2&4 x 256 or 256 x 384.

reported in Tabld, in which ACCIO! is introduced in12]. We use the same image segmentation and feature represen-
We can see that EC-SVM achieves the best performance fotation methods in MILES to construct the corresponding
most categories. bags and instances. After segmentation, each region in an

image is characterized by a nine-dimensional feature vector
representing the color, texture and shape information from
the region. Figure shows one sample image from each of
the 20 categories. The categories are ordered in a row-wise

Table 1. Average AUC values (in percent) with 95% confidence
interval over 30 rounds of test on the SIVAL image set. The best
performance is shown in bold.

[CategoryID [ ECSVM | MILES | MI-Winnow | _ACCIO! ] manner from the upper-leftmost image (category 0) to the
1 938+21 | 902+23 | 83.0£3.6 | 77.0E£3.4 lower-rightmost image (category 19).
2 68.0£2.6 | 645+2.5 | 585159 | 63.4+ 3.4
3 69.1+2.9 68.1 + 3.1 59.8 + 3.1 65.9 + 3.3
4 741124 | 72.6E£2.5 | 568.6E£5.1 | 690.5 3.4
5 881X 11 | 84.0+23 | 86.1+1.5 | 688 +L2.3
6 856116 | 812+2.7 | 725+3.8 | 67.9L2.2
7 969+ 05 | 93.7£1.2 | 93.2+1.2 | 908 £ 1.6
8 946+08 | 924+0.8 | 91.0E+2.4 | 815 £3.5
9 750124 | 71.1+3.2 | 745+45 | 747 +3.4
10 903+ 13 | 85.3+1.7 | 84.4+1.7 | 83.7 1.9
11 830+£13 | 77.1+3.1 | 720+3.1 | 65.3E£1.5
12 979+ 05 | 97.1£0.7 | 95.6 £ 1.1 | 86.6 £ 3.0
13 942108 | 930+£0.7 | 88.7£1.5 | 86.9 £ 1.7
14 680L28 | 682L3.1 | 585E3.0 | 72.7£2.3
15 875X 14 | 80.7£29 | 741t49 | 77.7£2.6
16 86.9+L22 | 91.2+1.7 | 86.4E£3.0 | 87.3 £ 3.0
17 673+3.3 | 787+29 | 721158 | 792+26
18 613+ 18 | 58.2+1.6 | 52.9+2.5 | 57.6 £ 2.3
19 686+ 23 | 61.7+2.4 | 583+£3.1 | 628 1.7
20 846L190 | 775+26 | 724+38 | 77.4L3.3
21 854+1.2 | 80.4X2.0 | 856L£1.8 | 71.9E25
22 756L23 | 687124 | 724E£3.8 | 702 E3.2
23 742+3.2 | 732+3.1 | 704+5.3 | 77/5£23
24 94.3+ 0.6 88.1 + 2.2 90.7 £ 1.4 82.0 +2.4
25 669+ 1.7 | 62.1+2.5 | 57.0£2.9 | 66.7 1.7

Average 81.3 78.4 748 746

We further test EC-SVM by varying the size of the train-
ing set. The average AUC values for all 25 categories over

30 rounds of test, together with the results reported by other . e ¥ g 3

methods, are listed in Tab in which the first row shows : S

the number of training images for each class. For example, -1 B uﬁ‘
— A

the number “1” refers to the case in which one positive im- ° o )
age and one negative image are selected for training and alf'9u'e 4'tsamp'e images from the 20 categories of the COREL
Image set.

other images for testing. We can see that EC-SVM achieves
the best performance for all cases.

Because MILES has achieved better results than many
Table 2. Average AUC values (in percent) for all 25 categories over Other methods], including both global methods and local
30 rounds of test on the SIVAL image set. N/A denotes the case methods, we choose MILES as thaselinefor comparison.

in which the corresponding method did not report results for that As in [3], we choose\ from 0.1 to 0.6 with step size 0.05

setting. andco? from 5 to 15 with step size 1. We find that= 0.2
ando? = 11 give the bestest performancéor MILES on
| [ 1 [ 2] 4]38]1] the COREL data set. Hence, we fix= 0.2 ando? = 11
MISSL[1(] || N/A | N/A | N/A | 74.8 | N/A for MILES in all the following experiments.
MI-Winnow || N/A | N/A | 66.8 | 74.8 | 79.4

For each category, we use the “one-versus-the-rest”
strategy to evaluate the performance. In each round,
n € {1,2,4} randomly selected positive images ancan-
domly selected negative images are chosen to form the
training set and the remainiriy 000 — 2n images to form
the test set. The results are reported based on 50 rounds
As in MILES [3], we choose 2,000 images from 20 (cate- of independent test. Although the target objects in differ-
gory 0 to category 19) COREL Photo CDs. Each CD con- ent categories, or the target objects from the same category

MILES 58.7| 64.5| 71.7| 78.4| 82.0
EC-SVM 66.0 | 70.1 | 76.0| 81.3 | 84.2

5.1.2 Evaluation on COREL Data Set



but in different images, may be partitioned into different
number of regions, we simply set the parameten Algo- g
rithm 1 to 3. The parameter and Gaussian kernel param-
eterr for SVM in LIBSVM [ 2] are set to 1 and—3 respec-
tively. Table3 lists the results of the average AUC values
(in percent) for all 20 categories with 95% confidence inter-
val over 50 rounds of test. Once again, EC-SVM achieves
better results than MILES.

0.95} r

—4A— DD-SVM
—+— MILES

Classification Accuracy
o
[{e]

Table 3. Average AUC values (in percent) for all 20 categories 0.85¢

with 95% confidence interval over 50 rounds of test on the COREL —6— EC-SVM N
image set. os
o) 5 10 15 20
l n H 1 ‘ 2 ‘ 4 ‘ Noise Level (d)
MILES 644+1.1 | 722408 | 79.6+0.6 Figure 6. Comparison of sensitivity to labeling noise on the
EC-SVM 76.4- 0.6 | 80.0+0.4 | 83.2:0.3 COREL data set.

Figure5 shows the average AUC values with 95% confi-

. 120 images from Category 7 (“CheckeredScarf”) and Cat-
dence interval for each category when= 1.

egory 12 (“FabricSoftenerBox”). The training and test sets
are of the same size. The average classification accuracy

1p

3 —— with 95% confidence interval over 30 randomly generated
200 1 test sets is shown in Figui® We can see that EC-SVM is
§ 0.9f % % 1 much more robust than MILES on the SIVAL data set.
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Figure 7. Comparison of sensitivity to labeling noise on the SIVAL

We use the same setting as that in MILEFtp evaluate
the noise sensitivity on the COREL data set. We did
of noise by changing the labels @% of positive bags and The SIVAL data set differs from the COREL data set in
d% of negative bags. We compare EC-SVM with DD-SVM many aspects. In COREL, the target object occupies a large
and MILES under different noise levels based on 200 im- portion of the whole image, while in SIVAL the main part of
ages from Category 2 (“Historical buildings”) and Category an image is the background. Furthermore, the background
7 (“Horses”). The training and test sets are of the same size of some category in COREL is always specific to that cat-
The average classification accuracy over five randomly gen-egory of images. For example, in general, the background
erated test sets is shown in Fig@ré/Ne can see that MILES  in the images of “Historical buildings” (Category 2) is very
and EC-SVM are much more robust than DD-SVM, and the different from the background in the images of “Horses”
robustness of EC-SVM is comparable with MILES. (Category 7), which can be easily seen from Figuré&ut

We further test the noise sensitivity of EC-SVM on the for SIVAL, the background for one category can appear for
SIVAL data set. We compare EC-SVM with MILES under another category. MILES uses all the instances, from both
different noise levelsi{/30,n = 1,...,9), by negating the  positive training bags and negative training bags, as the ba-
labels ofn positive anch negative training images, based on sis for feature constructior8]. This will make the effect

data set.
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