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Abstract—Learning classiers for many visual concepts is
important for image categorization and retrieval. As a classi er
tends to misclassify negative examples which are visually similar
to positive ones, inclusion of such misclassi ed and thuselevant
negativesshould be stressed during learning. User-tagged images &
are abundant online, but which images are the relevant negatives ﬁ
remains unclear. Sampling negatives at random is thele facto
standard in the literature. In this paper we go beyond random

sampling by proposing Negative Bootstrap. Given a visual con- .
cept and a few positive examples, the new algorithm iteratively w

nds relevant negatives. Per iteration we learn from a small
proportion of many user-tagged images, yielding an ensemble of
meta classi ers. For ef cient classi cation, we introduce Model
Compression such that the classi cation time is independent of
the ensemble size. Compared to the state of the art, we obtain
relative gains of 14% and 18% on two present-day benchmarks
in terms of mean average precision. For concept search in one
million images, model compression reduces the search time from
over 20 hours to approximately 6 minutes. The effectiveness and
ef ciency, without the need of manually labeling any negatives,
make negative bootstrap appealing for learning better visual
concept classi ers. (c) Relevant negatives of “whale' (this paper)

Index Terms—Visual categorization, relevant negative €xam- rig 1 A positive set and two negative sets of visual concept “whale

ples, negative bootstrap, model compression The negative set (b) is obtained by random sampling from aelaet of
user-tagged images, while the negative set (c) is sampled thensame set
by the proposed algorithm. Compared to (b), our negatives iataly more
|. INTRODUCTION similar to the positive set (a). Hence, they are more relevaelding more
. . accurate visual classi ers for concept search. Note thatrétevant negatives
ABELED examples are crucial to learn visual conceptre obtained automatically, without the need of manual vetian.

classi ers for image categorization and retrieval. To be
more precise, we need positive and negative examples with

respect to a speci ¢ concept, as .shown in Fig. 1. Wheni theareh results [1]-[3] or socially tagged data [4][6], or b
number of concepts is large, obtaining labeled examplesiin gyjine collaborative annotation [7]-[9]. For instance h&xf
ef cient way is essential. Traditionally, labeled exampl&rg et al. [1] train a visual classi er on web image search resaft
annotated by expert annotators. However, expert labe8ngy given concept, and re-rank the search results by the elassi

labor intensive and time consuming, making well-labeled ex5,gh the automated approaches are not comparable to
amples expensive to obtain and consequently their avlijabi yoyicated manual annotation [4], [5], their output proside

is limited. _ good starting point for manual labeling. Deng et al. [9] Buih
chh reseamh. has pgen conducted towards INEXpensitageNet wherein positive examples of a WordNet concept are

solutions to acquire positive examples, e.g., from web Enagpained by labeling web image search results of the concept
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are important for classi cation. This has been well obsdrveof an SVM classier can be well approximated by linear
in Tao et al. [11] for interactive image retrieval. Our enigat  interpolation on a xed number of precomputed points. This
study shows that visual classi ers trained by one-classiieg nding makes the classication time independent of the
are inferior to classi ers trained by two-class learnin@]1So number of support vectors, leading to ef cient execution of
labeling negatives remains essential, but methods which dadividual classi ers. Nonetheless, the execution timettod
reduce the manual labeling effort are needed. ensemble classi er remains proportional to the number déme

Obtaining negative examples seems to be trivial, as thelassi ers.
are abundant in large photo repositories such as Flickr and/Vhen extending the number of concepts, there will be a
Facebook. For a specic concept, say "whale', due to thmore dense division of the data space in terms of semantic
relatively sparse occurrence of its positive examplesresgaiclasses. As class boundaries need to be better de ned, there
its negatives in these repositories, sampling a fractiothef is a natural need to increase the number of training examples
data at random already yields a set of genuine negativ#ghen adding new negative training examples, one has the
Indeed, random sampling is thée facto standard in the option to add random negatives, or to select new relevant
literature for obtaining negative examples [1], [3]-[512], negatives. In this paper we plea to go for relevant negatives
[13]. Given the massive amount of potential negativesningi that case, the con nement of the class boundary to just the ar
on a small proportion of the data also makes it feasible tmleaof the class and nothing more proves to be as important as the
classi ers on normal computers. Further, conducting ramndoextension of the class boundary by adding new positivesnFro
sampling multiple times leads to ensemble learning [14he above considerations it is clear that random negativiés w
This methodology trains multiple meta classi ers on muéip not help as they are far away from the class boundary. When
(disjoint) subsets of the data, and combines the meta dassi adding new elements, relevant negatives are indeed superio
to make nal decisions. Evidence from the machine learningitndom negatives. But the superiority is achieved only when
community shows encouraging results on learning from larg@propriate care is taken to balance classes during trainin
data in an ensemble [15]. Also, there are good examplesTherefore, for the purpose of extending concept recognitio
the multimedia community, leveraging the methodology fdo many classes, in this paper we make three contributions to
learning an ensemble of classi ers for visual search [16]][ visual categorization.
Ensemble learning with random negative seems attractive fio First, we argue that when extending the training set, one
learning visual concepts from abundant negatives. should select relevant negatives as the extension to berprdf

A classi er tends to misclassify negative examples whichver random negatives for better classi er performance.
are visually similar to positive examples. For learningsuall 2. Second, for good training under unbalanced classes, we
classi er for the concept ‘whale', confusing negatives lsucpropose Negative Bootstrap, an iterative negative ensembl
as images of birds in water, as illustrated in Fig. 1, shouldarning strategy, to select relevant negatives from masey-u
be included during learning. As such relevant negativesraretagged images, without the need of new annotation.
minority, random sampling alone is not enough for identifyi 3. Third, for computational feasibility, we introduce Mdde
them. In order to go beyond random sampling, the questi@ompression, which extends [24] from a single classi ertio a
ariseswhich examples are relevant negatives? ensemble of classi ers, making classi cation time indegent

In principle, the relevant negatives shall have visualgratt of the number of meta classi ers.
partially overlapping the positive examples. Followingsth  The rest of the paper is organized as follows. Related work
thought, one might try to manually add positive examples & reviewed in Section Il. We detail the new negative boafstr
confusing negative classes such as "bird' or “ocean' to thagorithm in Section Ill. Experiments are set up in Sectign |
negative training data. However, the relevance of a negatiResult analysis is given in Section V. We conclude the paper
example depends on the underlying visual features, kerneisSection VI.
and classi ers, and is not necessarily consistent with vetmat
observer may expect. It is therefore dif cult to specifyeeant Il. RELATED WORK
negative classes by hand-crafted rules. One may consider aio automatically create a negative training set for a given
active learning system [18], [19], asking an annotator teela concept, the mainstream methods randomly sample a réfative
examples the system considers most useful. Active learnisignall subset from a large pool of (user-tagged) examples
helps reduce human labeling effort as reported for intemact [1], [3]—-[5], [12], [13], [16]. The pool may consist of web
visual search reranking [20], [21] and interactive imagaan images with free texts [1], [3] or consumer photos with user
tation [22]. Nonetheless, human interaction is mandatogn provided tags [4], [13]. Apart from the obvious fact that
active learning process. In contrast, we aim to acquireaele random sampling is simple and easy to use, we attribute its
negatives in a fully automatic manner. popularity to two reasons. First, except for some over feau

Although ensemble learning with random negatives exploit®ncepts such as “sky' and “person’, the chance of nding
more negative data and therefore may include relevant nggnuine positive examples in a random fraction of the pool
atives accidently, its performance is bounded by the lack isf low. False negatives can be further reduced by removing
relevant negatives. Moreover, the execution of all itsvitlial images labeled with the given concept or its semantically
meta classi ers requires a classi cation time proportibt@a related tags [12], [13], [24]. Second, as the possible megmt
the size of the ensemble. Recently, Maji et al. [23] found thaubstantially outnumber the positive training set, dowmsa
for the histogram intersection kernel, the decision fuorcti pling the negatives bypasses class imbalance which is known
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to affect classier learning [17], [25], [26]. If the pool is labeling of negatives. Therefore, negative bootstrap isemo
suf ciently large, one might end up with a set of reliablesuited for exploiting large datasets.
negatives, but not necessarily the most relevant ones. Our model compression is inspired by Maji et al. [23].
When negative examples are selected at random, the perfidie authors accelerate histogram intersection kernel SVMs
mance of individual classi ers varies. According to Breing by introducing a fast kernel computation approximatione Th
bagging theory [27], such variance can be reduced by modtely innovation is that by exploiting the additive properfyttoe
averaging. Hence, both Natsev et al. [16] and Tao et al. [1fistogram intersection kernel, the computation of the S\&M d
perform random sampling multiple times to create multipleision function is re-expressed as the sum of decision ioinst
classi ers, and combine them uniformly. While the negativevith respect to individual feature dimensions. Furthergach
examples vary, the positive examples are fully used becauBmension, its decision function can be ef ciently compitsy
they are relatively rare. To distinguish such a strategynfrolinear interpolation on a limited set of precomputed decisi
classical bagging [27] which conducts re-sampling on bostores. As a consequence, the test time becomes independent
positive and negative examples, Tao et al. term it asymmetaf the number of support vectors. While Maji's algorithm
bagging [17]. Although the robustness of the nal classi etargets at accelerating a single classi er, we aim to corsgpre
is improved by classi er aggregation, the quality of asyman ensemble of classiers such that the classi cation time
metric bagging is bounded by the lack of relevant negativesill be independent of the amount of meta classi ers. When
Moreover, since all meta classiers need to be executedsing the compressed model for nding relevant negatives, t
the classi cation time is proportional to the amount of met&aining time is also reduced.
classi ers. In sum, the lack of relevant negative examplesd a Besides [23] as a method for speeding up classi cation,
the computational cost for running all meta classi ers puve also notice an increasing interest in ef cient trainingg o
the effectiveness and ef ciency of asymmetric bagging intthe histogram intersection kernel SVMs [31]-[33]. Sincesth
question. algorithms work on the meta classi er level while our algo-
Obtaining negative examples with manual annotation foithm works on the ensemble level, they are complementary.
free has also been studied in the context of text categaizat We leave the study of their integration for future explavati
e.g., [28]. There, unlabeled examples are inserted into the
negative set, if they are most dissimilar to the positives, [11. NEGATIVE BOOTSTRAP

or predicted as negatives with high con dence by current Given a set of unlabeled images, we search for images

classi ers. Yan et al. [29] reported a similar idea in the &t . . . : .
. . . which contain a specic concept by employing a visual
O.f video _retrleval. ThOUQh sa_mp_llng at the bottqm prObablc\,{lassi er of the concept [34]. Lex be an image. Its content-
y|e|ds. reliable negatives, an mtrmsm_drawbagk is thatsth based representation is dxdimensional feature vector. We
?rzgnﬁzvesrgégszlriiar?gt Cszrfscé%lctl)aszlee:i'ti:gd;Egetggn:;:;;wiII refer to an image and its corresponding feature vector
gp y de| IR interchangeably, using(i) to indicate thei-th dimension of
et al. [16] reported that such conservative sampling isriofe . :
o random samolin the vector. We usg(x) to denote a classi er, which produces
AMPINg. - . : a real-valued score of an image being a positive instance
The algorithm we introduce in this paper bears some o target concept. In particulag(x) > O means the

. : 0

conceptual resemblance to active learning [18] and AdaBoos . : L . .
. “limage is classi ed as positive, and negative otherwise. We

[30], as all of them seek useful examples for learning a . . . .

: . need classi ers robust to high dimensional features common
new classi er. But the new algorithm has a number of char-"". S .
o . o in visual classi cation. To that end, we choose SVMs which
acteristics which make it different. There are two notable : L g o
) ) . .can simultaneously minimize the empirical classi catianoe
differences between negative bootstrap and active legrnin o : L .
. . - : . . and maximize the functional margin, i.e., the largest dista
First, in contrast to active learning which requires huma] L -
. . . . of the decision boundary to the nearest training data [35¢ T
interaction to label examples selected in each round, ivegat

. ) maximum-margin property makes SVMs a solid choice for
bootstrap selects relevant examples without human irtterac |, . . . )
. . . . building visual classi ers, as demonstrated by [36]-[3Bhe
Second, different from active learning wherein the new tnp

data is supposed to be unlabeled and comprised of positi/e §r¥M version ofg(x) is de ned as

negative examples, our setting assumes that the new infaut da

contains negatives only. Hence, in active learning, exampl g(x) = b+ Y K:x;); (1)
the system is most uncertain about, namely closest to the =1

decision boundary [18], are considered informative. Niggat where ; is the positive coef cient of support vectos;, bis
bootstrap, by contrast, selects negative examples whieh #re intercepty; 2f 1;1gis a class labelp is the number of
most misclassi ed, i.e., falling on the positive side andtdnt support vectors, anl a kernel function measuring the visual
from the boundary. Inclusion of such negatives in trainingimilarity between two examples. A good, but expensive,
pushes towards a tight boundary in the area of the targétoice forK is the 2 kernel [37]-[39]. Recently, both Maji
class, yielding classi ers with better discrimination ktyi et al. [23] and Uijlings et al. [40] have shown that the
Compared to AdaBoost which works on fully labeled data, otnistogram intersection kernel is close to thekernel in terms
algorithm takes user-tagged data as its starting pointike)nl of visual classi cation accuracy, but it is far more ef cien
AdaBoost, we do not have to maintain the distribution dfloreover, Wu [33] proofs that the histogram intersection
weights on the entire training data, and we do not need mankatnel is a positive de nite kernel for non-negative realued
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histograms. Given theoretical and empirical justi caiprve negative examples according @& 1(x), the latest classi er
prefer this kernel in our study. Given two imagesand x°, obtained in previous iterations. In the rst stage, we rantio

the histogram intersection kernel is de ned as samplem examples fromS to form a candidate sdt;, as
xd expressed by
Keax) = min(x(i); xXi)): @) U, random-sampling (S;m): (6)

i=1
To obtaing(x), we need both positive and negative traininao reduce the chance of incorrectly having genuine positive

data. We assume that positive data are obtained for instafitét: We letm jSj . In the second stage, we uge 1(x)

by the approaches described in Section I. As indicated, f§ classify each example ig, and obtain§; in which each
negative training data, we aim to harvest them from us xample is associated with a classi cation score. We expres
tagged images on the web, but with no need of man by )

veri cation. Let B, be a positive setS a set of user-tagged 8 classify (U;Gt 1(X)): (7)

images independent &, , ar-ldB a negative set froms. We e sort examples i, by their scores in descending order and
deriveg(x) from B. andB : select the top ranked examples to form the relevant negative
t
g(x) learn-classifier (B:;B ): (3) set, denoted bp".

o To derive a new classier given the new negative data
BecauseB. usually has a limited number of elements, wg® it we simply addB® to the existing training data, we
make full use of it. The learning process (3) optimizeand \yjj| come face to face with the imbalanced data problem as
f ;g such that hinge loss is minimized, with the followingne npegatives accumulate. Moreover, the training comiylexi

constraints [41]: increases per iteration. Hence, in each iteration, we araiaw
X classi er onB, andB"). To make the positive and negative
i Y =0; (4) classes perfectly balanced, we set the number of selected
=1 _ negatives equal t{B. |, i.e,
0 j Gj=1linnm
B  select-top  (8&;jB.j); (8)

whereC is the regularization parameter.
wherej | is the cardinality of a set. Subsequently, a new
A. lterative Negative Ensemble Learning meta classi erg;(x) is learned fromB. and B using (3).

Given a target concepit and its positive seB, , we aim BecauseB") is composed of negatives most misclassi ed by
to select a seB which contains relevant negatives fronfh€ previous classier, we can safely assume that the new
S. The relevance of a negative example depends on {¢lassi er is complementary to its ancestors. Following the
classi er. Negative examples which are most misclassi edegular bootstrap aggregation, we combine the meta clarssi
that is, predicted as positive instances with the largestesc Py model averaging:
are most relevant to improve classi cation. Hence, we shall 1 X
sortS in descending order bg(x) and select the top ranked Gi(x)= - g(x)=
examples to fornB , formalized as the following condition t j=1
onB :

t
t

26100+ (0000 )

Since no classi er is available in the rst iteration, we adcp
8x2B ; x°2SnB ) g(x)>0; gx)>g(x%): (5 B{" by random sampling.
. . . . ] For obtaining relevant negatives in thh iteration, we have
In practice (5) is not directly applicable, because the ie@® 4 compute (7), which involves runnirtg 1 meta classi ers.

S are not manually veri ed, meaning an exhaustive seargj iota|, the number of classi ers to be executed willbedT

will incorrectly treat genuine positive examples as refi#évayy=o since the number of support vectors in a meta classi er
negatives. Moreover, the large-scale propertysaiakes the pac an order oiB. j, the time complexity of scoring an image
search computationally challenging_. Downsampl?ng is th‘\fﬁould beO(jB. j d), meaning an order ®@((t 1) jB.j d m)
necessary. Due to the random factor in downsampling, negaljo, computing (7). Moreover, becaugeiterations results i
examples as Welllas the classier obtallned' in a single triglats classi ers and we have to apply all of them, searching fo
tend to be suboptimal. A common solution is to generate @pe concept has a time complexity proportional to the number

ensemble of meta classi ers by multiple trials, and averagg jierations. Acceleration is thus crucial for both traigiand
their output, as has been used by Natsev et al. [16] ff?!sting.

video retrieval and Tao et al. [17] for image retrieval. We
also construct an ensemble of classi ers, but with the rietab ]
distinction that our negative examples are more relevaam thB- Model Compression

the random negatives in [16], [17]. We introduce model compression by generalizing the fast
We useT to denote the number of iterations, ahd= intersection kernel algorithm [23] from a single classi &r
1;:::; T to index the iterations. LeB;(x) be the nal classi- an ensemble of classi ers. Our compact model classi es an

er obtained aftert iterations. In the-th iteration, we conduct image at a constant time complexity, while simultaneously
a two-stage adaptive sampling to acquire the most relevaméintaining the effectiveness of negative bootstrap.
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P
Notice that although we use uniform weights to combin€onsequently, it x1(i), we haveH;(z) = z jle i

classi ers (9), the weights can be optimized when we hawg = 0. Whenz  xy (i), due to the min function in (14), we

access to extra validation data. To express (9) in a moreaigendaveH (z) = H(xy (i)). For anyz within the interval, there

form, let { be a nonnegative weight for a meta classigefx). always exists an integer such thatx,, (i) z Xy, +1 (i).

Accordingly, we express the ensemble classi&f(x) as We proof thatH;(z) is a linear interpolation orH; (X, (i))
andH; (X, +1 (i)) as follows:

X
Gr(x)= ¢ () 10 Hi@= i H )+@ ) Hia () (15)
t=1
_ Xri« (1) Z .
Substituting (1) and (2) in (10) leads to where | 5o xo- Hence, if we have

Hi(x1(1));:::;Hiy(Xm (i)) precomputed, Hi(z) can be
ef ciently computed. Substituting (15) into (11), we obtai

X
Gr(x) = ¢ b the decision value of the ensemble classi er as the sum of

;@l XXt . - . linear interpolations on a set of precomputed functions,
e Yoo min(x(i);xe (1) : xd
Pl el iz } o Gr0=hbet (i Hit )+ ) Hilkea ()
decision value per dimension i=1 (16)
(11)
As shown in (11), the decision value is the sum of decisioVHhere X
values of each dimension plus the sum of all intercepts from by = ¢ h
theT meta classi ers. Since the term containing the intercepts t=1
is independent ofx, it can be easily compressed into g
constant. . Xri+1 (1) X(i)

For a single classierg(x) as de ned in (1), Maji et al. i = min(1 ; max(0;

construct a functioi; to indicate the decision value compute
on thei-th dimension [23]:

X () % ()

q:or computing ;, we use the min and the max functions to

cope withx(i) oustside the intervgk(i);xm (i)].

, ) Thus far, Gt (x) has not been compressed. We still have
hi(2) = Y min(z; x; (1)) (12) {0 sortM elements for each dimension, and conduct binary

=1 search to locater; for (15). To compress the ensemble

wherez is a variable. They have proven that for an arbitrary classier and to bypass the binary search, we adopt the

hi(z) can be computed as a linear interpolationtp(x; (i))  strategy from Maiji et al. [23] and uniformly divide the intai

and h;(xk(i)), wherex; and xx are two specic support [x1(i);xwm (i)] into g segments. With such an approximation,

vectors ofg(x). We argue that a similar conclusion holds whethe linear interpolations are conducted by looking up a-real

multiple classi ers are linearly combined. valued table with size off g, instead ofd M. It is in this
To incorporate classi er combination, we rst extend (12)manner that we compute the decision value for each dimension
to the following form: in constant time, independent of the number of meta classi e

and their support vectors. As a consequence, we reduce the
(13) complexity of scoring an example fro®(T jB.j d) to

O(d). Now, computing (7) has an order &f(d m) only.

We summarize the negative bootstrap algorithm in Table I.

Notice that (13) is exactly the decision value per dimerrhe aigorithm has a number of desirable properties. By iter-
sion in (11). Given theT meta classiers, we useM atively mining relevant negatives, we obtain visual classi
to denge the number of support vectors in total, i.6yjth better discrimination ability. With model compressjo
M = -1 Nt By putting thei-th dimension of these we not only speed up the training process, but also make the
support vectors together, we have a sequendd otlements time complexity of visual concept search independent of the

fxy0()i 0 Xan 5 1 X5 00 X ()9 We sort the se- number of meta classi ers.
guence in ascendlng order, and us¢i) to denote the sorted

elementsj = 1;:::;M. For each sorted element, we denote
its correspondlng model weight, support vector coef cjemtd
class label asj, ;, andy;, respectively. The sorting andA- Data sets
renaming operations allow us to rewrite (13) as Pseudo Negative Example&s an instantiation ofS, we
N use a set of 3.5M user-tagged imagendomly sampled from
Hi(z) = Dy min(z;x (i) (14) Flickr in our previous work [6]. Since batched-tagged pietu
i1 are often visually redundant, we remove them beforehand.
We also exclude images whose social tags contain no visual

Taking into account the relative position bfwith respect to concepts, as determining the negativeness of these example
the interval[xy(i); xm ()], we can acce’grate the computation

of (14). With the constraints (4), we have i iy =0. Lhitp://staff.science.uva.nlkirong/tagrel/

X X _ _
Hi(z) = t ot Yy min(z; X (i)):
t=1 j=1

IV. EXPERIMENTAL SETUP
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TABLE | . .
THE NEGATIVE BOOTSTRAP ALGORITHM the art algorithms, both of which rely on a form of random

sampling to obtain negative examples: pure random sampling
Input: Positive example8. , User-tagged imageS [1]. [4]. .[5]' [12], .[13]' and aSymmetr.IC bagging [.16]' [17]
Output: Compressed visual classi €1 (x) For a fair comparison, whenever applicable we will make the
three algorithms share the same input and parameters. As the

(€] ) i Sin
18 random Sampllng (S’JB+J)(1) number of negative examples and the number of iterations are
2 g1(x) learn-classifier (B+;BY) .

3 Gi(x) compress-models (fg(X)g) the two parameters shared by the three algorithms, we let all

4 fort =2t T do e algorithms sample negative examples from the same pool,
_ the algorith I t les f th I

5 U ' random-sampling  (S; m) use the same amount of negatives to train a meta classi dr, an

6 8 classify (U;Gi 1(x)) run the same number of iterations. This experimental pobtoc

7 B™  selecttop  (&;jB.]) allows us to conclude which algorithm yields the most reteva

8  q(x) learn-classifier (B, :BM) negatives.

9 (gt(x) compress-models  (fgi(x);:::;0(x)Q) By choosing jB.j from f20, 100, 509, we compare

10 en

the algorithms given varying amounts of positive examples
available. For concepts that have positive examples less th
equired, we use all the available positive examples.

is dif cult. To that end, we create a vocabulary of 5K visuaf . . . .

. : ) To study whether adding relevant negatives is as important
concepts by taking the intersection between the ImageNaeSt adding new positives, we implement a strategy which
vocabulary [9] and social tags used by over a hundred users '

By removing images having no tags corresponding to tI?Feps the negative set xed, but randomly samples positives

: o ; om the entire positive training data in each iteration to
vocabulary, we obtain a8 consisting of 610K images. . . .
. construct new meta classi ers. For a fair comparison betwee
We evaluate negative bootstrap on two present-day ben

mark sets [42], [43] which provide ground truth annotations 'S gamplmg positives' strategy, asymmetric baggingd a
: . ; . . negative bootstrap, we let them have the same 20 random
for a diverse set of visual concepts including objects such a

e . N . N s T ositives and 20 random negatives as their starting pomt, a
bicycle” and “horse', scenes such as “beach’ and CInﬁsc"mlohe same amount of positives and negatives hereafter.

and events such as ‘dancing' and ‘swimming'. Further, %o Experiment 2. The Inuence of Model Compressidy

test the effectiveness of the new algorithm for visual cpihce . . : .
: ) . “comparing negative bootstrap with and without model com-
search in larger data, we create our third test set of onémill

. pression, we study the in uence of model compression on both
images.

Two Benchmark SetyOCO8-devel [42] and NUS-WIDE effectiveness and ef ciency. The amount of positive exasapl
[43]. Both sets were collected from Flickr, with manuallyrve for each concept is set to be 100. We report training andigst

i ed annotations for 20 and 81 visual concepts, respeqtivelt'mEex'nersi‘aceonr;dg’ Vl\\/lr:elczti?/:ae s\égggzd ?gfrci)onnc%eritséearch in
The VOCO08-devel set consists of the following two distinct X T 9 . P for P
arge Data Given the classi ers trained in Experiment 1 by

subsets: VOCO8train with 2,111 images and VOCO08val wit . . : .
2,221 images. We take the positive 8at from VOCO08train, negative bootstrap and asymmetric bagging respectivay, w

and use VOCO8val for testing. As the original NUS-WIDI‘:appIy them for concept search in the 1M test set. We take the

o ) L (ntersection between VOC and NUS-WIDE concepts as the
training and testing sets were divided at random, they haVSer concents: “airolane’. “bird'. “boat'. “car'. “cafcow’
many batch-tagged images from the same users, introducin%ja y N pis: P ' ' ¥ ! COW,

dependency between the two sets. To avoid such adepende{}cc%g’ horse’, ‘person’, and “train'. As there is no ground

we exclude batch-tagged images and images whose sociléh available for the 1M set, we manually check for genuine

tags do not overlap with the 81 concepts, resulting in a sl sitives in the top ranked images. To reduce the manual

of 128,097 images. We then divide this set into two subse"'tlgnotatlon effort and potennal Iab.elmg. b!as towards aiart .
runs, we employ a pooling mechanism similar to the TRECVid

in terms of the Flickr DateUploaded property. Images iB . .

, . enchmark [44]. For each run, we put its top 20 ranked images
the resuiting NUSpgst (64,048 |mag.e.s). were uploaded befcImFo a comr[nogl pool without indigating thpeir origin. For g
NUSfuture (64,049 images). This division improves generaf‘iven concept, we label an image as positive if thé concept
izations of our ndings to unseen data. We use NUSpast ga '

another source B, , and NUSfuture as our second test se IS (partially) visible in the image. Arti cial correspondees

A Test Set of 1M ImageZhis set consists of one million such as drawings, toys, and statues are labeled as negative.

images collected from Flickr in a random fashion, independe Notice that for image search by visual classiers, we

of the training data and the other test data. Less than O_z%dgﬂlberately treat the 1M test set as unlabeled. But because

the 1M set appears in VOCO08 and NUS-WIDE and 0.6% ﬁl{le test images are already associated with user tags, this

S. Removing the overlapped part does not affect the result.a”OWS us to compare the two_algorithms further in a reragkin
scenario: applying the classiers to rerank tag-based gnag
search results. For the reranking experiment, we construct
the initial tag-based search results using search-bywhigh
sorts images labeled with a target concept in descendirgy ord
(?ifccording to the time they were uploaded.
2http:/ipascallin.ecs.soton.ac.uk/challenges/VOCZ008/ Experiment 4. Qualitative Analysis of Relevant Negatives

3http:/Ims.comp.nus.edu.sg/research/NUS-WIDE.htm To gain a more intuitive understanding of negative boopstra

B. Experiments

Experiment 1. Negative Bootstrap vs. State of the g
compare negative bootstrap with the following two state
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we examine negatives which are most misclassi ed in eact
iteration. Recall that the negatives are associated widr us 5
tags. In order to quickly see which negative classes are mo:
relevant to a given concept, we employ tag clouds to visealiz < 0.5l
the distribution of user tags in the selected negatives. 2
S 02 1

C. Implementations %

To train visual classiers, we use the popular bag of £ ¢ 15 i
keypoints plus SVMs pipeline [37], [38], [45]. To extractha <
of keypoints features, we choose dense sampling to locat§ |
keypoints and the SIFT as keypoint descriptors [37]. Weterea & :
a codebook of 1,024 bins by running K-means clustering or | '_;_';asr;‘;’:n”;fri"gg‘gmg |
SIFT descriptors extracted from a holdout set of randornkFlic —« negative bootstrap
images. With the descriptors quantized by the codeboolty eac : : : : :
image is represented by a 1,024-dimensiolahormalized % 10 20 30 40 50
dense-SIFT histogram. We train two-class SVMs using LIB- Number of iterations
SVM [41]. For the parameteC, we empirically nd that (a) Test set: VOCO8val

setting it to be 1 is a good choice.

To study the in uence of different parameters on the effec-
tiveness of negative bootstrap, we vary the size of the daieli
set U, by settingm to be vefold, tenfold, and fteenfold

of jB. ], respectively. We choose the number of segments §
from f50,10@, and set the number of iteratiofisto 50. Our §
experiments show that the algorithm is robust to the paramet &
changes. Hence, unless speci ed, we use the followingnggtti % o1 |
m=10jB . j, g=100, andT =50. o 0.08f 1

For the implementation of asymmetric bagging, we follow
[17] but use the full feature space rather than random suk § %06 ' I
spaces, as studying random subspaces is beyond the scc & 0.04f ]

n Avi

. . . . - = -random sanplin
of(t§h|s paper. In the-th iteration, random sampling selects _,_asymmic”gaggmg
B'” at random to train a classi er, while asymmetric bagging %92 — negative bootstrap
uniformly combines the classi er and1 classi ers generated 0 ‘ ‘ ‘ ‘ ‘
i ; 0 10 20 30 40 50
in the previous rounds. Nuraber of iterations

To reduce the chance of incorrectly selecting genuine pos-
itives for a given conceplv, we remove images labeled with
w or its semantically related tags [24]. We observe that if aflg. 2. Experiment 1Negative Bootstrap vs. State of the Art The
image is labeled with visual concepts, but not labeled wifimber of positive training examples per concept is 100. Negyabotstrap

. . . outperforms both random sampling and asymmetric bagging.

w or its semantically related tags, the image tends to be a
negative example of. We implement the set of related tags as
the union of .Ch'landeS. o in Wo_rdNet [46] and tags closest rst round, as no classier is available, all algorithms dta
to w according to their Normalized Google Distance [47]. . . @

) o . ith the same negative s&"’, and consequently produce
Notice that the tag reasoning is conducted in the tag spa&a . : :

. . > .. thé same classierG;(x). Afterwards, while the baselines

rather than in the visual feature space where categorizéio

performed. Hence we obtain reliable negatives, among?.Ih/vhlContlnue selecting random negatives, our algorithm starts

: .. _search for the most relevant negatives. The performance of
we expect sufcient samples that are relevant for trammrqa . . . )
classi ers. ndom sampling varies due to the random factor in sampling.

Evaluation Criteria We adopt Average Precision (AP), aAsymmetrlc bagging reduces such variance by combining

. . ) . eta classi ers. Moreover, as the meta classi ers are &@in
common choice for evaluating visual search engines [3

. : . gh distinct negative sets, the combined classi er is moitedu
[44]. As AP measures the ranking quality of the entire II%or test data of diverse content. Because of this, asymmet-
while a user may be interested in the top ranked results, we ' » 8sy

report precision at 20 (P20) in addition to AP. The over ¢ bagging yields larger |mpr_ovement5 on NUSfuture than
) OCO08val. The random sampling runs has an averaged mAP
performance is averaged over the concepts.

of 0.262 on VOCO08val and 0.131 on NUSfuture. In compar-
ison, asymmetric bagging obtains a relative improvement of
) ) 3% on VOCO08val and 10% on NUSfuture in terms of mAP.
A. Experiment 1. Negative Bootstrap vs. State of The Art Compared to asymmetric bagging, negative bootstrap abtain
As shown in Fig. 2, negative bootstrap compares favoa-relative gain of 14% on VOCO08val and 18% on NUSfuture.
ably to random sampling and asymmetric bagging. In thHRecall that all the three algorithms use the same positive

(b) Test set: NUSfuture

V. RESULTS
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Fig. 3. Negative Bootstrap vs. Asymmetric Bagging: A Concept-by-Gncept Comparison We report results on the 81 concepts in NUSfuture, measured
in terms of average precision. Falling at the left side of tbfenence linex=0 means asymmetric bagging is better, while falling at thetrgitle means

negative bootstrap is better. Given varying amounts of pesitaining data, (a) 20 positive training examples, (b) poBitives, and (c) 500 positives, negative
bootstrap outperforms asymmetric bagging for all settingsteldeer, more positive training data results in larger impnosets.

TABLE I

data. The results allow us to conclude that negatives foynd b experiMENT 2. THE INFLUENCE OF M ODEL COMPRESSION. THE
negative bootstrap are more relevant than randomly sampledrERFORMANCE OF NEGATIVE BOOTSTRARith AND withoutMODEL
COMPRESSION ON THE TWO BENCHMARK SET.S

negatives for learning visual concepts.

Further, to reveal whether the improvement is merely con-
without  with without  with

tributed by very few concepts, we make a concept-by-concept
0.304 0.171 0171

comparison, as shown in Fig. 3. Given the same amount ean Average Precision  0.306
of positive training dateB. , negative bootstrap outperforms Precision at 20 0.503 0.512 0.436 0.443
Test time (seconds) 190 0.6 5,664 18

asymmetric bagging. More positive training data results in
larger improvements. When only 20 positive examples are
used for training, for 55 out of the 81 concepts in NUSfuture,

negative bootstrap beats asymmetric bagging. WH2nj B. Experiment 2. The In uence of Model Compression

increases to 100 and 500, the number of winning concepts o o _ _
increases to 62 and 64, respectively. These results show thés shown in Fig. 5, the training time of negative bootstrap

VOCO08val NUSfuture

Metric

without model compression grows quadratically with respec

viability of negative bootstrap.
to the number of iterations. In contrast, model compression

The improvement over asymmetric bagging is obtained @duces the training time from 1,736 seconds to 77 seconds.
the price of increasing training time. While it takes asynmioet Using the compressed model, we also achieve faster concept

bagging 18 seconds to train 50 meta classiers, negatiggarch. As shown in Table Il, to search for a speci ¢ concept
on NUSfuture, applying the 50 meta classi ers takes 5,664

bootstrap with model compression costs 77 seconds.
geconds. With model compression, we nish the search peoces

To further justify the necessity of classi er ensemble, w . | he ad b
pool the negatives obtained from each iteration to learh ju'%] 18 sre]conds :pplroglrr? ?te y- T ﬁ a.vantaghe ecolmes.more
one classier. To cope with class imbalance, the positiv earfw.en wef eadw||t arger co ections. The result vesi
and negative classes are assigned with different costrﬁacttoe € mencyp mode compre§5|on. , ,

As shown in Table Il and Fig. 2, negative bootstrap with

according to the reciprocal of their distribution in theiniag ) X
data. The single classi er with an mAP of 0.258 on VOC08vd'0de! compression, reaching an mAP of 0.304 on VOCO8val
and 0.151 on NUSfuture is less effective than the ensembl@"d 0-171 on NUSfuture, is as effective as negative boot-
strap without model compression. For a more comprehensive
As shown in Fig. 4, purely expanding the positive data isomparison, we perform a pairddtest on NUSfuture, and
less effective than adding relevant negatives for de ning @btain ap value of 0.90 for mAP and 0.38 for P20. Since
proper class boundary. As random negatives are often tlisttre value is much larger than the standard 0.05 signi cance
from the boundary, their gain is also relatively limited.idt level, the performance difference between the two runs are

clear from Fig. 4 that relevant negatives are the best, andt statistically signi cant. The results allow us to condé

require no new annotation. Negative bootstrap is thusdittea that model compression substantially accelerates thetinega
bootstrap process, meanwhile the effectiveness of negativ

towards expansion to more and more concepts.
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their ancestors, such ineffectiveness is tentative anolved
0.12 by adaptive sampling. We observe that the performance surve
converge after 20 iterations. We recommend the following
C o parametersm=10jB ,j, =50, andT = 20.
o
§ 008 | C. Experiment 3. Negative Bootstrap for Concept Search in
a - Large Data
;‘f’ As shown in Table Ill, when user tags are available, the
% 0.081 | SearchByTag run has a P20 of 0.745. When reranking the tag-
= based search results by visual classi ers, both asymmiedge
@ 0.04r ] ging and negative bootstrap improve the performance, rgakin
-o-sampling positives P20 close to 1. In such a reranking scenario, negative lvaptst
0.02; __:z‘zyf;‘t’i:‘ggg;:ggmg 1 is slightly better than asymmetric bagging. When no user tags
g P are given, as in a typical scenario of visual concept search i
o m 20 % 20 0 unlabeled data, classi ers trained on the relevant negstare

Number of iterations more accurate than classi ers trained by asymmetric baggin

with an absolute improvement of 0.245. For a more intuitive
Fig. 4. Comparing different strategies for adding new training exanples comparison, we show some image search results in Fig. 6
Meta classi ers in each iteration are trained on 20 pos#timad 20 negatives. ' . | | h | A
Testset: NUSfuture. Compared to adding new positive exantylésampling B€cause we continuously select the most relevant negatives

positives' and adding random negative examples by “asymme#gging', the ensemble classi er imposes a more tight boundary around

adding relevant negatives by “negative bootstrap' is mdscte. the positive examples. As a consequence, classi ers waine
on relevant negatives are more discriminative. In addition
1800 with the compressed models on our machine it only takes
1600l == =Without model compression o approximately 6 minutes to scan 1M images per query, which
— With model compression s would be over 20 hours without model compression.
%;1400 '." D. Experiment 4. Qualitative Analysis of Relevant Negative
& 12001 o 1 As we use the Dense-SIFT feature, negative examples
é < visually close to the positives in terms of their visual @xtt
= 1000¢ ‘ ' 0." | are recognized as the most relevant negatives for traisieg (
2 goo o | Fig. 7). For the concept “car' as shown in Fig. 7(b), one might
= ’," expect images of "bus' in the relevant negative set as the
£ 600f : R 1 two concepts often appear in a similar visual context, e.g.,
'S R a street scene. Because the two concepts have a high co-
=400 Al ] occurrence in user tagging, ‘bus' is treated as semanticall
200k ".»" | related to “car' by the tag reasoning strategy. Conseqyentl
It o images labeled with “bus' are automatically excluded by thi
PP L \ \ strategy. As an alternative, negative bootstrap automdatic

10 20 30 40 50

Number of iterations nds " retruck' as the most relevant class. Since “truck'dan

‘bus' have similar visual patterns, the “car' classier lwit
Fig. 5. Model Compression accelerates Negative Bootstrapiraining ~ 'etruck’ as negatives can still distinguish “car’ fromus.
time is measured throughout the negative bootstrap proaeslsding meta The results show the merit of negative bootstrap, even when
classi er training, negative example selection, and modeh@ssion. the selected negative classes might not be the rst option
in terms of a human's perception. For some concepts such
as ‘window', 'person’, and ‘grass', we nd that asymmetric
bootstrap is maintained. bagging performs better. This is largely due to the fact that
Concerning the impact of different parameters on negatitigese concepts are frequently present in the background and
bootstrap, reducing from 100 to 50 has a negligible impact onthey are less labeled by user tagging. Because there is no
the performance. Because the memory footprint of compdessaanual veri cation in the negative bootstrap process, some
models is proportional ta, this result is attractive when wegenuine positives are incorrectly included in the negative
want to cache many classiers into memory. The choice @fet, as shown in Fig. 7(c). Nevertheless, for the majority of
m mainly affects the rst few iterations. For instance, thehe concepts in consideration, we observe improvements. In
performance curves witm=15jB .j dip atT =2 (data not addition, we have manually checked the error rate of the
shown). This is becausg(x;! ) is derived fromB® , which selected negatives for the 20 VOC concepts as shown in Fig. 8.
are the most misclassi ed negatives 184 (x;! ), and thus Reliable negatives can be obtained at an averaged erroofrate
very distinct from generic negatives. Consequerlyx;! ) is 0.042. In sum, the qualitative and quantitative resultshiemr
less effective for classifying generic negatives. Nevadbs, demonstrate the effectiveness of negative bootstrap ifmgd
as subsequent classi ers are designed to be complemeuntaryeievant negatives for learning visual classi ers.



10 IEEE TRANSACTIONS ON MULTIMEDIA, VOL. , NO. , MONTH 2013

TABLE Ill
EXPERIMENT 3. NEGATIVE BOOTSTRAP FOR VISUAL CONCEPT SEARCH IN LARGE DATA, MEASURED IN TERMS OF PRECISION AR20. IN THE
COMPARISON BETWEEN NEGATIVE BOOTSTRAP AND ASYMMETRIC BAGOGNG, THE WINNER IS INDICATED BY A GRAY CELL.

Rerank by visual classi er Search by visual classier

Concept  Search by tag Asymmetric Bagging Negative Bootstrap Asymmetric Bagging Negative Bootstrap

airplane 0.750 1.000 0.950 0.750 0.750
bird 1.000 0.950 0.950 0.150 0.800
boat 0.850 1.000 0.950 0.800 0.950
car 0.600 0.850 1.000 0.500 0.900
cat 0.650 0.900 1.000 0.200 0.650
cow 0.550 1.000 1.000 0.150 0.150
dog 0.900 1.000 1.000 0.250 0.450
horse 0.800 0.950 1.000 0.350 0.650
person 0.800 1.000 1.000 1.000 0.850
train 0.550 0.950 0.950 0.400 0.850
MEAN 0.745 0.960 0.980 0.455 0.700

(b) Searching for “car' by negative bootstrap

= ol

Fig. 6. Search for visual concepts in one million images by visual absi ers. The top 30 results are shown. Notice that the results ar@rst using
the visual classi ers alone, without taking user tags intocaunt. A red border indicates a false positive result. Beswed in color.

VI. SUMMARY AND CONCLUSIONS of histogram intersection kernel SVMs. Consequently, the

Given widely available user-tagged images online, in th%re(_jiction time is independent .Of the size of the en;eml:de. T
paper we study which images are relevant negatives fHF"Z our prc;posals, Wei explog 6105 Ufer—taglged |maﬁs a
learning visual concept classi ers. To that end, we propo?&eu 0 negative examples, and conduct visual concepihsearc

Negative Bootstrap. Given a speci ¢ concept and a few posqx{ae?ments '(I)I'n tW:I. pko pular benchmark sets and a third test
tive examples, the new algorithm combines random sampliﬁﬁ or one miflion Flickr images.

and adaptive selection to iteratively nd relevant negadsiv.  The experimental results allow us to draw a number of
To address the inef ciency in applying ensemble classi,erconclusions. First, relevant negatives can be selecteah fro
we introduce Model Compression to compress an ensemtiese negatives which have the highest probability of being
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(a) Relevant negatives of “bear' (b) Relevant negatives of “car'

(c) Relevant negatives of “window' (d) Relevant negatives of ‘moon'

architecture art beach
boxbridge bus . car

cathedral cloud flower 1
o light . milk ocean l]ght orange
railing sky sky
stair steel Street telephone
tree white

Fig. 7. The 80 most relevant negative examples for a speci ¢ concepound by negative bootstrap By visualizing the distribution of user tags in the
selected negatives as a tag cloud, we see which negativ@eslase most relevant to a given concept.

misclassi ed, but with no need of actually labeling any negaegatives proves to be as important as the extension of the
ative examples. Compared to classi ers trained on randomtjass boundary by adding new positives. Without introdgcin
sampled negative examples, classi ers derived from sukh rannotation overhead, relevant negatives are key to exgansi
evant negative have better discrimination ability. Coregailo to more classes. Third, model compression substantially ac
asymmetric bagging, the new algorithm obtains a relative gacelerates training and testing, while at the same time the
of 14% and 18% in terms of mean average precision on the teffectiveness of negative bootstrap is maintained. Fanalis
benchmarks. Second, the con nement of the class boundaryctincept search in the 1M set, model compression reduces the
just the area of the class and nothing more by adding relevaearch time from tens of hours to just a few minutes.
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bicycler 1
birdf 1
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carf 1
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Fig. 8. Error rate of negative training examples selected by negatie

bootstrap. The error rate is the proportion of (manually checked) geaui
positives in the negative training data. Despite the akseoic manual
veri cation, for the majority of concepts, reliable negas/can be obtained
at an averaged error rate of 0.042.
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As the results suggest, when combined with the latest
achievements in obtaining positive examples, negative-bo6]

strap brings learning thousands of visual concepts withdgo
discrimination ability within reach. What is more, mode
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classi er ensembles. Negative bootstrap opens up iniagest
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