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ABSTRACT

In this paper, we study the problem of visual object retrieval
by introducing a dictionary of contextual synonyms to nar-
row down the semantic gap in visual word quantization. The
basic idea is to expand a visual word in the query image with
its synonyms to boost the retrieval recall. Unlike the exist-
ing work such as soft-quantization, which only focuses on the
Euclidean (I2) distance in descriptor space, we utilize the vi-
sual words which are more likely to describe visual objects
with the same semantic meaning by identifying the words
with similar contextual distributions (i.e. contextual syn-
onyms). We describe the contextual distribution of a visual
word using the statistics of both co-occurrence and spatial
information averaged over all the image patches having this
visual word, and propose an efficient system implementa-
tion to construct the contextual synonym dictionary for a
large visual vocabulary. The whole construction process is
unsupervised and the synonym dictionary can be naturally
integrated into a standard bag-of-feature image retrieval sys-
tem. Experimental results on several benchmark datasets
are quite promising. The contextual synonym dictionary-
based expansion consistently outperforms the l2 distance-
based soft-quantization, and advances the state-of-the-art
performance remarkably.
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1. INTRODUCTION

To retrieve visual objects from a large-scale image database,
most of the sophisticated methods in this area are based
on the well-known bag-of-feature framework [14, 18], which
typically works as follows. First, for each database image,
local region descriptors such as the Scale Invariant Feature
Transform (SIFT) [10, 20] are extracted. And then the high-
dimensional local descriptors are quantized into discrete vi-
sual words by utilizing a visual vocabulary. The most com-
mon method to construct a visual vocabulary is to perform
clustering (e.g. K-means) on the descriptors extracted from a
set of training images; and each cluster is treated as a visual
word described by its center. The quantization step is essen-
tially to assign a local descriptor to its nearest visual word
in the vocabulary in terms of Euclidean (I2) distance using
various approximate search algorithms like KD-tree [10, 15],
Locality Sensitive Hashing [3] and Compact Projection [13].
After the quantization, each image is represented by the fre-
quency histogram of a bag of visual words. Taking visual
words as keys, images in the database are indexed by in-
verted files for quick access and search.

Visual descriptor quantization is a key step to develop a
scalable and fast solution for image retrieval on a large scale
database. However, it also brings two serious and unavoid-
able problems: mismatch and semantic gap.

Mismatch is due to the polysemy phenomenon, which
means one visual word is too coarse to distinguish descrip-
tors extracted from semantically different objects. This phe-
nomenon is particularly prominent when the visual vocab-
ulary is small. Fig. 1 shows some visual words from a vo-
cabulary with 500K visual words constructed based on the
Oxford Buildings Dataset [15]. The visual words in the first
row are the top-5 nearest neighbors to the query word Q.
Obviously these words describe objects with different seman-
tic meanings (e.g. pillar, fence, wall), but have very close 2
distances to Q. In a smaller visual vocabulary, they are
very likely to be grouped into one word and lead to poor
precision in retrieval. To address this problem, the sim-
plest way to increase the discriminative capability of visual
words is enlarging the vocabulary [15]. Other remarkable
approaches working on this problem include bundling fea-
tures [25], spatial-bag-of-features [1], hamming embedding
and weak geometry consistency [5, 6], utilizing contextual
dissimilarity measure [7], high-order spatial features [32],
and compositional features [26], etc. In summary, by in-
troducing additional spatial and contextual constraints into
visual word matching, these approaches have made signifi-
cant improvements on retrieval precision.
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Figure 1: An example to illustrate the “semantic gap” between descriptors and semantic objects. Each visual
word is represented by a panel containing 9 patches which are the closest samples to the corresponding
cluster center. The Harris scale of each patch is marked with a red circle. Given the query word (@, its top-5
nearest neighbor words under /2 distance are shown in the first row. The second row lists another 5 visual
words (actually were identified by the algorithm in Section 2) which are more semantically related to the
query word but are far away in the descriptor space. This example was extracted from a 500K vocabulary
constructed based on the Oxford Building Dataset [15].

By contrast, semantic gap leads to the synonymy phe-
nomenon, which means several different visual words actu-
ally describe semantically same visual objects. This phe-
nomenon is especially obvious when adopting a large vi-
sual vocabulary, and usually results in poor recall perfor-
mance in visual object retrieval [15]. In Fig. 1, there are
another 5 visual words in the second row which are more se-
mantically related to the query word @ but are far away
from @ in the descriptor space. One of the reasons be-
hind this phenomenon is the poor robustness of local de-
scriptor algorithms. In fact, even those state-of-the-art lo-
cal descriptors like SIFT are still sensitive to small distur-
bances (e.g. changes in viewpoint, scale, blur, and captur-
ing condition) and output unstable and noisy feature val-
ues [19]. To increase the recall rate, a few research efforts
have been devoted to reducing the troubles caused by syn-
onymous words. One of the most influential techniques is the
query expansion strategy proposed in [2], which completes
the query set using visual words taken from matching ob-
jects in the first-round search results. Another method wor-
thy of notice is soft-quantization (or soft-assignment), which
assigns a descriptor to a weighted combination of nearest vi-
sual words [16, 21]. Statistical learning methods were also
adopted to bridge semantic gap, e.g., learning a transfor-
mation from original descriptor space (e.g. SIFT) to a new
Euclidean space in which [lo distance is more correlated to
semantic divergence [17, 23]. A more direct approach was
proposed in [12] to estimate the semantic coherence of two
visual words via counting the frequency that the two words
match with each other in a training set. A similar tech-
nique is also applied in [4], where spatial verifications are
employed between the query and top-ranked images in the
first-round result to detect matching points with different
visual words, then the detected word pairs are viewed as
synonyms and used to update the initial query histogram.
Recently, there is another trend to bridge semantic gap in
visual retrieval. The basic idea is to incorporate textual in-
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formation to promote more meaningful visual features [8] or
provide more accurate combinational similarity measure [24,
11]. For example, in [8], auxiliary visual words are identi-
fied by propagating the similarity across both visual and
textual graphs. Incorporating textual information in visual
retrieval is a promising research area as surrounding text
is indeed available in many application scenarios (e.g. near-
dup key-frame retrieval in video search [24]). However, this
is beyond the scope of this paper, in which we still focus on
leveraging pure visual information.

In this paper, we target at providing a simple yet effective
solution to narrow down the semantic gap in visual object
retrieval. In contrast, most aforementioned approaches are
practically expensive. For example, query expansion needs
to do multiple search processes; and its performance highly
depends on the quality of the initial recall [2]. Learning-
based methods [12, 17, 23] need to collect a set of matching
point pairs as training data. To construct a comprehen-
sive training set, it usually needs a large image database
and has to run complex geometric verification algorithms
like RANSAC on candidate image pairs to identify possible
matching points. Even so, the obtained training samples
(pairs of synonymous words) are still very sparse when the
vocabulary size is large. Soft-quantization is cheap and ef-
fective, but in essence it can only handle the over-splitting
cases in quantization. We argue that the existing 2 distance-
based soft-quantization is incapable of dealing with semantic
gap. This is because visual words that are close in l2 distance
do not always have similar semantic meanings, as shown in
Fig. 1.

However, the “expansion” idea behind soft-quantization
and query expansion is very praiseworthy. It reminds us of
the effective synonym expansion strategy in text retrieval [22].
For visual object retrieval, the main challenge here is how to
identify synonyms from a visual vocabulary. In this paper,
we once again borrow the experience from the text domain.
In text analysis, synonyms can be identified by finding words

(I3 = 571.3)
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Figure 2: An illustration of the process to estimate the contextual distribution of a visual word w,.
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For each instance p; of the visual word, its visual context is defined as a spatial circular region R,, with the
radius 7. X scalep,; (b) A point in the visual context is weighted according to its spatial distance to p;; (c) The
dominant orientation of p; is rotated to be vertical; R,, is partitioned into K sectors, and for each sector a
sub-histograms is constructed; (d) The sub-histograms of all the instances of the visual word w., are aggregated

to describe the contextual distribution of w.,.

with similar contextual distributions [28], where the textual
context refers to the surrounding text of a word. Analogi-
cally, we can define the visual context as a set of local points
which are in a certain spatial region of a visual word. Intu-
itively, visual words representing the same semantic mean-
ing tend to have similar visual contextual distributions. An
evidence to support this assumption is the “visual phrase”
reported in the recent literature of object recognition [27,
34, 26, 30, 29, 33, 32]. A visual phrase is a set of frequently
co-occurring visual words, and has been observed to exist in
visual objects from the same semantic category (e.g. cars).
Besides co-occurrence, we also incorporate local spatial in-
formation to the visual contextual distribution as well as
the corresponding contextual similarity measure!. Next, we
define the “contextual synonyms” of a visual word as its near-
est neighbors in terms of the contextual similarity measure.
The ensemble of contextual synonyms of all the visual words
is a contextual synonym dictionary, which can be computed
offline and stored in memory for fast access. For retrieval,
each visual word extracted on the query image is expanded
to a weighted combination of its visual synonyms, then the
expanded histogram is taken as the new query.

As a side-note, here we would like to make a distinction
between the proposed contextual synonym dictionary and
visual phrase in existing work. Actually, their perspectives
are different. To identify visual phrases, the typical process
is to first discover combinations of visual words and then
group these combinations according to some distance mea-
sures. Each group is taken as a visual phrase. The related

! Although spatial information has been widely utilized to
increase the distinguishability of visual words, the goal here
is to identify synonymous words. Moreover, most spatial
information in previous work just takes into account the
context of an individual image patch; while in this paper,
the spatial information of a visual word is the contextual
statistics averaged over all the image patches assigned to
that word.
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work usually works on a small vocabulary as the number
of possible combinations increases in exponential order of
the vocabulary size [27, 34]. Moreover, they can leverage
supervised information (e.g. image categories) to learn dis-
tance measures between visual phrase (e.g. the Mahalanobis
distance in [29], boosting in [26], and the kernel-based learn-
ing in [32]). In retrieval, visual phrase is considered as an
additional kind of feature to provide better image represen-
tations. By contrast, the contextual synonym dictionary
in this paper is defined on single visual word. There is no
explicit “phrases” but embeds some implicit contextual re-
lationships among visual words. Our approach can work on
large vocabulary as the cost is just linear with the vocabu-
lary size. For retrieval, the synonym dictionary is utilized
to expand query terms and the image representation is still
a histogram of visual words. Therefore, the contextual syn-
onym dictionary can be naturally integrated into a standard
bag-of-feature image retrieval system.

The rest of the paper is organized as follows. We intro-
duce the visual context and contextual similarity measure
in Section 2. Section 3 describes the system implementation
to construct a contextual synonym dictionary, and presents
how to apply the synonym dictionary to expand visual words
in visual object retrieval. Experimental results are discussed
in Section 4; and conclusion is drawn in Section 5.

2. VISUAL CONTEXTUAL SYNONYMS

In this section, we introduce the concepts of visual context
and contextual distribution, as well as how to measure the
contextual similarity of two visual words according to their
contextual distributions.

To make a clear presentation and facilitate the following
discussions, we first define some notations used in this paper.
In the bag-of-feature framework, there is a visual vocabulary
Q= {wi,...,Wm,...,wsm} in which wy,, is the m*" visual
word and M = |Q] is the vocabulary size. Each extracted



local descriptor (SIFT) is assigned to its nearest visual word
(i.e.quantization). As a result an image Z is represented as
a bag of visual words {wp, } where wp, is the visual word of
the i*" interest point p; on Z. Correspondingly, we adopt
(Tp;,Yp;) to represent the coordinate of p;, and scalep, to
denote its Harris scale output by the SIFT detector. More-
over, for a visual word w,,, we define its instance set I, as
all the interest points quantized to wn, in the database.

2.1 Visual Contextual Distribution

In a text document, the context of a word is its surround-
ing text, e.g, a sentence or a paragraph containing that word.
For an interest point p;, there is no such syntax boundaries
and we just simply define its visual context as a spatial cir-
cular region R, centered at p;. As illustrated in Fig. 2 (a)
and (b), the radius of Ry, is 7. X scalep,, where r. is a
multiplier to control the contextual region size. Since the
radius is in proportion to the Harris scale scalep,, Ry, is
robust to object scaling. The simplest way to characterize
textual context is the histogram of term-frequency; similarly,
the most straightforward definition of the visual contextual
distribution of p; is the histogram of visual words:

Cep(pi) = [tfi®i), s tfm(®i)s - - - s tfaa(pi)] (1)

where tf,, is the term frequency of the visual word w,, in
the contextual region R,,.

Although C;s can embed the co-occurrences among visual
words, it is incapable of describing the spatial information,
which has been proven to be important in many computer
vision applications. To provide a more comprehensive de-
scription, in the following we introduce two strategies to add
spatial characteristics to the visual context, namely support-
ing wetght and sector-based context.

Supporting weight is designed to distinguish the contri-
butions of two different local points to the contextual dis-
tribution of p;, as shown in Fig. 2 (b). Intuitively, the one
which is closer to the region center should be more impor-
tant. Specifically, for an interest point p; € Ry, , its relative
distance to p; is the Euclidean distance on the image plane
normalized by the contextual region radius:

dist = H(:CpWypj) — (:Cpi7ypi)”2
ra re X scale(p;)

(2)

And the contribution (supporting weight) of p; to p;’s con-
textual distribution is defined as:

s 12
7dzstp], —p; /2

®3)
while in C.f, each p; is considered to contribute equally to
the histogram. Then, the contextual distribution definition
incorporating supporting weight is:

SWp;—p; =

Csw(pi) = [c1(pi), -y em(pi)s - - s em(pi)] (4)

where

Cm(pi) = Y SWp,spys Dj € Rp & Wy, =wm.  (5)

Pj

Sector-based context is inspired by the definitions of pre-
ceding and following words in text domain. In textual con-
text modeling, the part before a word is treated differently
with the part after that word. Analogously, we can divide
the circular region R, into several equal sectors, as shown
in Fig. 2 (¢). Actually, this thought is quite natural and
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d(i, j) = min|i - jl, &i - j1)

Figure 3: Definition of the circle distance between
two sectors.

similar ideas have been successfully applied for both object
recognition[9] and retrieval[1]. To yield rotation invariance,
we also rotate R, to align its dominant orientation to be
vertical. Then, as illustrated in Fig. 2 (c), the sectors are
numbered with 1,2, ..., K in clockwise starting from the one
on the right side of the dominant orientation. After that,
we compute the contextual distribution for each sector, de-
noted as C¥,, and concatenate all these sub-histograms to
construct a new hyper-histogram Csect to describe the con-
textual distribution of Ry, :

Csect(pi) = [Cslw(pl)7 .. 7C§w(pi)7 e 7C§w(pl)]
It should be noticed that the length of Csect is K X M.

Contextual distribution of a visual word is the sta-
tistical aggregation of the contextual distributions of all its
instances in the database, as shown in Fig. 2 (d). For a vi-
sual word wy,, we average Csect(pi), Vpi € L to represent its
statistical contextual distribution:

Pi€lm

(6)

(7)

CF, is a M-dimensional vector whose n'" element CF,(n) is
the weight of the visual word w,, in the k'™ sector of wy,. In
this way, C,, incorporates abundant semantic information
from instances in various images, and is more stable than
the context of an individual image patch.

2.2 Contextual Similarity Measure

To identify visual synonyms, the remaining problem is
how to measure the contextual similarity between two visual
words. First of all, the contextual distributions {Crm,1 <
m < M7} should be normalized to provide a comparable
measure between different visual words. Considering that
C., is essentially a hyper-histogram consisting of K sub-
histograms, the most straightforward way is to normalize
each sub-histogram CF, respectively. However, in practice
we found the normalization of sub-histograms usually re-
sults in the lost of spatial density information. In other
words, a “rich” sector containing a large amount of visual
word instances is treated equally to a “poor” sector in the
following similarity measure. To keep the density informa-
tion, we perform a l2-normalization on the whole histogram
Cm, as if it has not been partitioned into sectors.

Based on the ls-normalized C,,, the most natural simi-
larity measure is the cosine similarity. However, the cosine
similarity on C,, implies a constraint that different sectors
(i.e.sub-histograms) are totally unrelated and will not be
compared. This constraint is too restrict as sectors are only
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Figure 4: Visualization of the dislocation probability
(%) when K = 16.

a very coarse partition of a contextual region. Moreover,
the dominant direction estimated by the SIFT detector is
not that accurate. Therefore, the cosine similarity is easy
to underestimate the similarity of two visual words really
having close contextual distributions. To tolerate the dislo-
cation error, in this paper the contextual similarity of two
visual words w,, and w, is defined as:

K K
Sim(wm,wn) = > (Sim**°(C},,C) - ®(i,5)).  (8)

i=1j=1

Here, Sim® is the weighted inner product of the two sub-
histograms C;,, and Cj,:

Sim**°(Cp,,Ch) = Y _idfy - Cp(v) - G (v). ©)

v=1

where the weight idf, is the inverse-document-frequency of
the visual word w, in all the contextual distributions {Cm, 1 <
m < M}, to punish those popular visual words. ® is a pre-
defined K x K matrix whose (3, j)-element approximates the
dislocation probability between the i** and j'* sectors. As
shown in Fig. 3 and Fig. 4, ®(7, ) is computed based on
the exponential weighting of the circle distance between the
corresponding sectors:

d(i,g?

Kz 7d(l7j):mln(|l—j|7’C—|Z—j|) (10)

(I)(Zu?) =€

According to the similarity measure, the “contextual syn-
onyms” of a visual word w,, are defined as those visual words
with the largest contextual similarities to wy,.

3. SYSTEM IMPLEMENTATIONS

In this section, we introduce the system implementation to
construct the contextual synonym dictionary through iden-
tifying synonyms for every visual words in the vocabulary.
Furthermore, we describe how to leverage the synonym dic-
tionary in visual object retrieval.

3.1 Contextual Synonym Dictionary Construc-
tion

To construct the contextual synonym dictionary, the con-
textual distributions of all interest points in training images
are first extracted. Next, the contextual distributions of vi-
sual words are obtained by aggregating of the distribution
of all its instances. For a visual word wy, the contextual syn-
onyms are then identified by searching for the visual words
with largest contextual similarities.

Contextual Distributions

P bRl b
.

| On ‘ C,'(n) ‘ C,2(n) ‘ C,\n)

4 Bytes Weights (4K Bytes )

Figure 5: Inverted files to index contextual distri-
butions.

Input: Training image set: {Z1,Z2,...,Zs} ;
Output: Synonym Dictionary;
foreach interest point p; € {Z1,Z2,...,Zs} do

| extract contextual distribution Csect(p;);
end
foreach visual word wm € Q2 do
Cm = [C}rw s 7crknv s 701’7{1}7 C'rkn = ﬁ Zpie]lm C?w(pi) >
Sparsify Cp, to satisfy ||Cm || < ||Cmaz|| ;
end
Build inverted files as illustrated in Fig. 5;
foreach visual word wg € Q2 do

Initialize all score[] = 0;
foreach visual word (wn, C(} (n),...,CK(n)) € ¢4 do
foreach entry (wm,CL,(n),...,CK(n)) in the

inverted list of wn, do
| scorelm]+=3_F,_, idf2 - Ci(n) - Clu(n) - ®(i, j) ;
end
end
The visual words with largest score are the synonyms of
Wq;
end

Algorithm 1: Synonym Dictionary Construction.

The brute-force way to find the most similar visual words
is to linear scan all the visual words and compare the con-
textual similarities one-by-one. However, the computational
cost is extremely heavy when dealing with a large visual vo-
cabulary. For example, to construct the synonym dictionary
for a vocabulary with 10° visual words, it needs to compute
10%° similarities. Therefore the linear scan solution is in-
feasible in practice. To accelerate the construction process,
we utilize inverted files to index contextual distributions of
visual words, as shown in Fig. 5. The inverted files are built
as follows. Every visual word w, has an entry list in which
each entry represents another visual word w,, whose con-
textual distribution containing w,. An entry records the id
of wm, as well as the weights {CF (n),1 < k < K} of wn
in wm’s contextual distribution. Supposing there are ||Cq||
unique non-zero elements in wy’s contextual distribution, it
just needs to measure visual words in the corresponding ||Cq||
entry lists to identify synonyms. ||Cq|| is called the contez-
tual distribution size of wq; and ||Cllavg is the average of the
contextual distribution sizes for all the visual words.

Sparsification Optimization : With the assistance of in-
verted files, the time cost to identity synonyms of specific
visual word wq is O(||Cq|| X ||Cavgll x K?), which is consid-
erably less expensive than linear scanning. However, when
large training set applied, the contextual distributions of vi-
sual words may contain thousands of visual words and make
the construction process costly. To save the costs, in prac-
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tice we can make the contextual distribution more sparse by
removing visual words with small weights in the histogram,
to satisty ||Cm|| < [|C|lmax, Vm € [1, M]. Finally, the con-
struction process is summarized in Algorithm 1.

Complexity Analysis : Each entry in the inverted files
requests 4 X (K 4+ 1) bytes; and the total memory cost is
around 4 X (K+1) x M X ||C]|avg bytes without sparsification.
The time cost to identify synonyms of one visual word is
O(||C||2,4 xK?); and the overall time complexity to construct
the contextual synonym dictionary is O(]|C||Z,, x K x M).
For example, given the vocabulary size M = 500K, the sec-
tor number K = 16 and the contextual region scale r. = 4,
the average contextual distribution size ||C||avg =~ 219. The
construction process requires about 7G memory and runs
around 35 minutes on a 16-core 2.67 GHz Intel Xeon® ma-
chine. By employ sparsification, the contextual distribution
size of a visual word do not exceed ||C||maz. Therefore, the
space complexity is O(K x M X ||C||maz) and time complex-
ity is O(||C||Zae X K? x M). Tt should be noted that, since
IC|lmaz is a constant, the computation cost is independent
with the number of images in training set. A comprehensive
study of different settings of ||C||maz and the corresponding
costs are given in Section 4.2.

3.2 Contextual Synonym-based Expansion

Now we explain how to leverage contextual synonym dic-
tionary in visual object retrieval. The framework is similar
to that proposed for soft-quantization. The basis flow is that
each visual word extracted on the query image is expanded
to a list of knn words (either l2 nearest neighbors in soft-
quantization or contextual synonyms in this paper). The
query image is then described with a weighted combination
of the expansion words. However, there are some differences
that should be mentioned: (1) We only perform expansion
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Table 1: Information of the datasets.

| Dataset | #Images | #Descriptors (SIFT) ]
OxfordbK 5,063 94,910,180
Paris6 K 6,392 28,572,648
Flickr100K 100,000 152,052,164

Table 2: The approaches in comparison.

| Approach | Parameters
Hard-Quantization M
l2-based Soft-Quantization (Query-side) | M, knn

Contextual Synonym-based Expansion

M, knn7 Tc, ’C7 IIC”maac

on query images. Although expanding images in database
is doable, it will greatly increase the index size and retrieval
time. (2) Each local descriptor is only assigned to one vi-
sual word in quantization. The expanded synonym words
are obtained via looking up the contextual synonym dictio-
nary. (3) The weight of each synonym is in proportion to its
contextual similarity to the related query word. The work
flow is illustrated in Fig. 6.

4. EXPERIMENTAL RESULTS

A series of experiments were conducted to evaluate the
proposed contextual synonym-based expansion for visual ob-
ject retrieval. First, we investigated the influences of various
parameters in the proposed approach, and then compared
the overall retrieval performance with some state-of-the-art
methods on several benchmark datasets.

4.1 Experiment Setup

The experiments were based on three datasets, as shown
in Table 1. The Oxford5K dataset was introduced in [15]
and has become a standard benchmark for object retrieval.
It has 55 query images with manually labeled ground truth.
The Paris6K dataset was first introduced in [16]. It has
more than 6000 images collected from Flickr by searching
for particular Paris landmarks, and also has 55 query images
with ground truth. The Flickr100K dataset in this paper
has 100K images crawled from Flickr, and we had ensured
there is no overlap with the Oxford5K and Paris6K datasets.
We adopted SIFT as the local descriptor in the experiments,
and applied the software developed in [20] to extract SIFT
descriptors for all the images in these datasets.

Two state-of-the-art methods were implemented as base-
lines for performance comparison, i.e., hard-quantization and
l2-based soft-quantization, as shown in Table 2. For evalu-
ation, the standard mean average precision (mAP) was uti-
lized to characterize the retrieval performance. For each
query image, the average precision (AP) was computed as
the area under the precision-recall curve. The mAP is de-
fined as the mean value of average precision over all queries.
Table 2 also lists the parameters in these methods, which
will be discussed in the following subsection.

To avoid over-fitting in the experiment, the query images
were excluded in the contextual synonym dictionary con-
struction process.

4.2 Contextual Synonym-based Expansion

In this subsection, we investigate the influences of the pa-
rameters in the proposed approach. We also gave a try to
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Figure 8: Performance comparisons of different ap-
proaches under different contextual region scales
and different numbers of expansion words (vocab-
ulary size M=500K).

combine the [2-based soft-quantization with our synonym-
based expansion. All the evaluations in this part were based
on the Oxford5K dataset.

Vocabulary Size M. The three approaches in com-
parison were evaluated on five vocabulary sizes — 100K,
500K, 1M, 1.5M and 2M. For l2-based soft-quantization and
synonym-based expansion, the number of expansion words
was set to 3, under which the best performance was achieved
in [16]. The mAP values of different approaches under dif-
ferent vocabulary sizes are shown in Fig. 7. All the three
approaches got the best performance on the 500K vocabu-
lary. This is slightly different with the observation in [15]
in which the best performance was on a vocabulary with
1M visual words. This may because the adopted SIFT de-
tectors were different. An evidence to support this expla-
nation is that in this paper even the baseline performance
(with hard-quantization) is much higher than that reported
in [15]. From Fig. 7, it is also noticeable that the perfor-
mances of all the approaches drop when the vocabulary size
becomes larger. This suggests that over-splitting becomes
the major problem with a large vocabulary. This also ex-
plains why soft-quantization is with the slowest decreasing
speed as it is designed to deal with the over-splitting prob-
lem in quantization. All the following experiments (unless
explicitly specified) were based on the 500K vocabulary.

Number of Expansion Words k... Both soft-quantization

and the proposed synonym-based expansion need to deter-

Table 3: Performance comparison of the proposed
approach under different sector numbers in contex-
tual region partition.

[K [ 1 [ 2 [ 4] 8 ] 16 ] 32|
[ mAP [ 0.748 ] 0.751 | 0.752 [ 0.753 | 0.755 | 0.754 |

Table 4: Complexity and performance analysis of
different contextual distribution sizes.

| [Cllos [ o [ 100 ] 20|
[Cllave 219.1 | 948 | 19.8
mAP 0.755 | 0.755 0.750
Memory 74GB | 3.2GB | 673MB

Syn. Dict. Const. Time | 35min | 19min | 14min

mine the number of soft-assignment/expansion words. As
shown in Fig. 8, k,, was enumerated from 1 to 10 in the ex-
periment. It is clear that the performance of soft-quantization
drops when more expansion words are included. This makes
sense as neighbors in [z distance could be noises in terms of
semantic meaning, as the example shown in Fig. 1. This ob-
servation is also consistent with the results reported in [16],
and proves that soft-quantization cannot help reduce seman-
tic gaps in object retrieval. By contrast, the proposed syn-
onym expansion works well when the expansion number in-
creases. Although the performance is relatively stable when
knn becomes large, the additional expansion words don’t
hurt the search results. This also suggests that the included
contextual synonyms are semantically related to the query
words.

Contextual Region Scale r.. Fig. 8 also shows the per-
formances of the proposed approach with different contex-
tual region scales. We enumerated the multiplier 7. from 2 to
5, and found the performance becomes stable after r. = 4.
Actually, the Harris scales for most SIFT descriptors are
quite small. We need a relatively large r. to include enough
surrounding points for getting a sufficient statistic to visual
context. Therefore, r. was set as 4 in the following experi-
ments.

Number of Contextual Region Sectors K . As in-
troduced in Section 2.1, a contextual region is divided into
several sectors to embed more spatial information. Differ-
ent numbers of sectors were evaluated, as shown in Table. 3.
The performance was improved with more sectors in the par-
tition. However, the improvement is not significant when X
is large. We selected KC = 16 in the experiments.

Contextual Distribution Size ||C|lmaz. We have an-
alyzed the complexity to construct a contextual synonym
dictionary in Section 3.1, and proposed to make the con-
textual distribution sparse with an upper bound threshold
|Cl|max- Different ||C||mae values were tested and the corre-
sponding mAP, memory cost, and running time are reported
in Table 4. Of course this restriction will sacrifice the char-
acterization capability of contextual distribution. However,
the retrieval performance only slightly drops with the com-
pensation of significantly reduced memory and running time.
One explanation of the small performance decrease is that
the sparse operation also make the contextual distribution
noise-free. In other words, words with small weights in con-
text are very possible to be random noises.



Table 5: Retrieval performances via integrating [lo-
based soft-quantization and synonym expansion, re-
spectively on two vocabularies of 500K and 2M.

Synonym Expansion
< [ x| Inan |[ 0.708 [ 0.734 | 0.741 | 0.748 | 0.755
= S| 2nn || 0.716 | 0.742 | 0.747 | 0.752 | 0.756
S| | 3nn || 0.718 | 0.744 | 0.749 | 0.753 | 0.755
‘g 1pn || 0.680 | 0.698 | 0.706 | 0.717 | 0.730
0 E 2nn || 0.700 | 0.715 | 0.725 | 0.734 | 0.745
< 3nn || 0.708 | 0.725 | 0.734 | 0.741 | 0.751

Integrate Soft-Quantization and Synonym Expan-
sion. It is an intuitive thought to integrate soft-quantization
and the proposed synonym expansion, as they target to deal
with over-splitting and semantic gap respectively. We pro-
posed a simple integration strategy, i.e., doing soft-assignment
first and then expanding each obtained soft word with its
contextual synonyms. The motivation here is that over-
splitting is in low-level feature space and should be han-
dled before touching the high-level semantic problem. In
the experiment we evaluated different combinations of ex-
pansion numbers for soft-quantization and contextual syn-
onyms. The results are shown in Table 5, in which each
column is with the same number of synonyms but different
numbers of words (1 ~ 3) in soft quantization. We did the
evaluations on two vocabularies. On the 500K vocabulary,
the improvement of integration is not significant in compari-
son with only using contextual synonym expansion; however,
the improvement on the 2M vocabulary is noticeable. This
is because the over-splitting phenomenon is not that serious
on the 500K vocabulary, and semantic gap is the main issue.
While for the 2M vocabulary, both over-splitting and seman-
tic gap become serious; and the two approaches complement
each other. Of course we just shallowly touch the integra-
tion problem and leave the exploring of more sophisticated
solutions to the future work.

4.3 Comparison of Overall Performance

The comparison of overall performance of different ap-
proaches on various datasets are shown in Table 6. To
provide a comprehensive comparison, for each approach we
adopted the RANSAC algorithm to do spatial verification
for reranking the search results. Moreover,the query expan-
sion strategy (denoted as QE in Table 6) proposed in [2]
was also applied based on the RANSAC results to further
improve the retrieval performance. The “query” in [2] repre-
sents an image but not a visual word, and the corresponding
“query expansion” is different with the expansion in this pa-
per. From Table 6, it is clear that the proposed contextual
synonym-based expansion always achieved the best perfor-
mance.

There are several interesting observations from Table 6.
First, in the Oxford5K dataset, the performance gains of
the RANSAC re-ranking are 3.0%, 3.3% and 3.9% for hard-
quantization, l2-soft quantization, and synonym-based ex-
pand, respectively. The spatial verification and re-ranking
was only performed on the top-ranked images, thus the per-
formances highly depend on the initial recall. With the as-
sistance of synonym expansion, the recall is improved which
makes the RANSAC more powerful. The additional im-
provements brought by the image-level query expansion (QE)
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Figure 9: mAP of all the queries on the “Ox-
ford5K+Flickr100K” dataset.

are 4.9%, 3.9% and 1.7% respectively. The performance
gains in syn-expand results are not as significant as those
in two baselines. One possible explanation is that visual
synonyms already narrow down the semantic gaps and leave
little room for QE. It’s noticeable that the mAP of syn-
expand is even larger than l2-soft + RANSAC on all the
four experiments, this proves that the proposed approach
is cheap and effective. Another observation is that, the
improvements brought by RANSAC in Paris6K dataset is
not as significant as those in Oxford5K. This may because
that the queries in Paris6K dataset contain more positive
cases(on average, each query in Paris6K has 163 positive
cases, but only 52 for queries in Oxford5K), meanwhile the
RANSAC is only performed on a small part of the first-round
retrieval results.

For the “Oxford5K+Flickr100K” dataset, we also present
the mAP for all the 11 query buildings (five queries for each),
as shown in Fig. 9. Our approach outperforms the base-
line methods in most query buildings. However, it perform
slightly worse than l2-soft in balliol, cornmarket and keble.
This may because of the noises in the synonym vocabulary.
We leave the noise removing task as our future work.

The price has to be paid by the proposed approach is rela-
tively slow speed in search, as expansion words increase the
query length. Soft-quantization also suffers from the “long
query” problem. With our implementation (kn, = 10 and on
the “Oxford5K+Flickr100K” dataset), the average respond
time of hard-quantization is about 0.14 seconds while that of
our approach was around 0.93 seconds. Fortunately, the re-
sponse time is still acceptable for most visual search scenar-
ios. Moreover, we noticed that there has been some recent
research efforts [31] addressed on accelerating search speed
for long queries.

To provide a vivid impression of the performance, we show
four illustrative examples in Fig. 10. The search was per-
formed on the “Oxford5K+Flickr100K” dataset. For each
example, the precision-recall curves of the three approaches
in Table 2 were drawn. From the precision-recall curves, it is
clear that the gain of the proposed approach is mainly from
the improvement of recall, which is exactly our purpose.

S. CONCLUSION

In this paper we introduced a contextual synonym dictio-
nary to the bag-of-feature framework for large scale visual
search. The goal is to provide an unsupervised method to
reduce the semantic gap in visual word quantization. Syn-
onym words are considered to describe visual objects with
the same semantic meanings, and are identified via measur-



Table 6: Comparison of the overall performances of different approaches on various datasets.

BOF BOF + RANSAC BOF + RANSAC + QE
hard-bof | I2-soft [ syn-expand [ hard-bof | lz-soft | syn-expand [ hard-bof [ [>-soft | syn-expand
OxfordbK 0.708 0.718 0.755 0.738 0.751 0.794 0.787 [ 0.790 0.811
Paris6 K 0.696 0.705 0.733 0.702 0.710 0.737 0.776 0.776 0.791
Oxford5K+Flickr100K | 0.672 0.688 0.736 0.707 | 0.722 0.773 0.758 0.767 0.797
ParisbK+Flickr100K 0.673 0.688 0.722 0.681 0.696 0.730 0.766 0.770 0.785
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Figure 10: An illustration of search results and precision-recall curves for 4 example query images, all souls 1
(upper-left), bodleian_3 (upper-right), ashmolean 2 (bottom-left) and christ_church_ 5 (bottom-right), on

the “Oxford5K-+Flickrl00K” dataset. The three rows of search results correspond respectively to hard-
quantization, soft-quantization, and contextual synonym-based expansion. False alarms are marked with red
boxes.
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ing the similarities of their contextual distributions. The
contextual distribution of a visual word is based on the
statistics averaged over all the image patches having this
word, and contains both co-occurrence and spatial informa-
tion. The contextual synonym dictionary can be efficiently
constructed, and can be stored in memory for visual word
expansion in online visual search. In brief, the proposed
method is simple and cheap, and has been proven effective
by exhaustive experiments.

This paper describes our preliminary study to leverage
contextual synonyms to deal with semantic gaps, there is
still much room for future improvement, e.g., exploring a
better strategy to deal with over-splitting and semantic gap
simultaneously. Moreover, in future work we will investi-
gate whether the contextual synonym dictionary can help
compress a visual vocabulary. Another direction is to apply
the synonym dictionary to applications other than visual
search, e.g., discover better visual phrases for visual object
recognition.
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