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Abstract

With the popularity of “bag of visual terms” represen-
tations of images, many text indexing techniques have been
applied in large-scale image retrieval systems. However,
due to a fundamental difference between an image query
(e.g. 1500 visual terms) and a text query (e.g. 3-5 terms),
the usages of some text indexing techniques, e.g. inverted
list, are misleading. In this work, we develop a novel index-
ing technique for this problem. The basic idea is to decom-
pose a document-like representation of an image into two
components, one for dimension reduction and the other for
residual information preservation. The computing of simi-
larity of two images can be transferred to measuring sim-
ilarities of their components. The decomposition has two
major merits: 1) these components have good properties
which enable them to be efficiently indexed and retrieved;
2) The decomposition has better generalization ability than
other dimension reduction algorithms. The decomposition
can be achieved by either a graphical model or a matrix fac-
torization approach. Theoretic analysis and extensive ex-
periments over a 2.3 million image database show that this
framework is scalable to index large scale image database
to support fast and accurate visual search.

1. Introduction

Retrieving similar images to a given image(s) from a
huge image database is still an unsolved problem with many
applications, e.g. image search, image annotation and ob-
ject recognition [19]. Similar images are defined as images
of the same object or scene viewed under different imaging
conditions, e.g. lighting, viewpoint, etc. Due to good invari-
ant properties to some imaging conditions, local features
(e.g. SIFT[14]) are usually adopted to represent images [6].
However, by local features, an image is represented by a set
of features, which is difficult to use. Thus, in state-of-the-art
local feature-based image retrieval systems, “bag of visual
terms” (BOV) model is widely adopted to convert local fea-
tures of an image to a fixed-length histogram [18]. We start
our discussion from a brief review of existing systems.

1.1. Overview of existing systems

A typical local feature-based large-scale image retrieval
system could be divided into three parts: feature extraction
and quantization, indexing and postprocessing.

Feature extraction and quantization is to convert an
image into BOV representation. An image is usually rep-
resented by 500-5000 local descriptors.k-meanscluster-
ing is the most popular approach to get BOV representa-
tions. [15] and [16] demonstrated the accuracy of retrieval
increases with the increasing of the number of clusters (i.e.
vocabulary size). However, the time to train a vocabulary
with 1 million words byk-meansis extremely long. [15]
proposed to train the lexicon by a top-down hierarchical
clustering manner. [16] proposed to use an approximate
k-meansto achieve this goal. Their following works used
soft assignment[17] and hamming embedding[11] to allevi-
ate information loss suffered by hard quantization.

Indexing: To speed up the process of finding relevant
images for a query image, indexing techniques are neces-
sarily adopted to organize images. In state-of-the-art sys-
tems, a popular indexing technique is the so calledinverted
list structure [4, 18, 16, 6], which has an entry for each vi-
sual term followed by a list of all the images in which the
visual term occurs. Based on an index structure, we expect
the relevance scores can be efficiently computed for images
in the database and a small number of candidate images can
be proposed. As in this step we need to find relevant im-
ages from a database with millions of images, the indexing
design is very critical for a large-scale system.

However, a fundamental difference between an image
query (e.g. 1500 visual terms) and a text query (e.g. 3
terms) is largely ignored in existing index design. This dif-
ference makes the inverted list inappropriate to index im-
ages. For example, given a query with three terms, all im-
ages containing them can be obtained by intersecting three
rows in the inverted list. However, given a real image query
which consists of 1500 visual terms, we have to intersect
1500 rows in the list. Thus, when inverted list is applied
to index images, both its storage cost and time complex-
ity to respond a query are unacceptably high. In this case,
the performance of inverted list may even worse than linear

xiao-zhang03@mails.tsinghua.edu.cn
{zli, leizhang, wyma}@microsoft.com


scan (say, without index). In a state-of-the-art image re-
trieval system which index about 1 million images [16, 6],
the memory cost to host its index is 4.3GB which exceeds
the maximum physical memory of a 32-bit machine. Thus,
the average time to answer a query is 15-35 seconds. In con-
trast, it is reported that a commercial web search engine can
index more than 5 million web pages by a 32-bit machine
with the same data structure, and answer a query in a few
milliseconds [2]. This creates a strong need to an efficient
index structure specifically designed for visual search.

postprocessing:After an initial candidate set of images
is obtained, which usually contains several hundred images,
many existing computer vision techniques can be applied
to rerank images in it. For examples, RANSAC-based fast
image matching [16, 6], and query expansion-based high
recall retrieval [6].

Despite of the heavy investigation of the first and third
component, efficient indexing design has been given little
attention since its first introduction in [18]. An accurate and
fast image retrieval system is a precondition for many suc-
cessive applications. Therefore, in this paper, we focus on
the indexing design for large-scale visual search. Other ap-
proaches proposed for feature extraction and postprocessing
can be easily combined with the proposed index solution.

1.2. High-dimensional indexing techniques

The BOV model represents each image with a fixed-
length high-dimensional feature vector, which may contain
more than 1 million components [16]. Although the dimen-
sionality of the new image representation is very high, most
of its components are zero. That is, the image feature is
extremely high-dimensional and sparse. These characteris-
tics bring difficulties to existing high-dimensional indexing
techniques, e.g. Locality Sensitive Hashing (LSH) [1] and
KD-tree[13]. LSH is known as an effective technique to
index dense features, but not a good one to index sparse
features because the L2 distance of sparse features is not
as reliable as that of dense features [10]. KD-tree can only
be applied when the dimensionality of the feature space is
about a dozen [13], otherwise its performance may be even
worse than linear scan.

It is worth noting that dimension reduction algorithms
could be a solution to address this problem because they
are capable of finding compact and dense representations of
images in a low-dimensional space. Dimension reduction
algorithms have two major merits. First, by capturing high
level semantics, the projected low dimensional space could
facilitate information retrieval. Second, high-dimensional
indexing technique such asKD-tree or LSH performs bet-
ter in the projected space, because image feature vectors
in this space are compact and dense. However, retrieving
images in a low dimensional space has a critical drawback
because dimension reduction will inevitably result in the

lost of some important information. That is, some image
specific information (say, residual) which cannot be effec-
tively represented in the low-dimensional space. For ex-
ample, when a user inputs a query image which contains a
building facade, the projected low dimensional space may
capture the general aspects of this image such as windows,
pillars, roofs, etc. but may lose some specific information
about this image like company logo or some special arti-
facts. However, from a user’s perspective, this kind of spe-
cific information is important. This problem will further
affect the performance when the type of information con-
tained in the query image is not contained in the training
corpus used for dimension reduction algorithms. That is,
the query image could not be well represented in the low
dimensional space and the information lost is large.

1.3. Overview of our approach

The proposed solution consists of a feature decomposi-
tion model and a specifically designed indexing scheme.

1. We compute a compound representation for each
image by a feature decomposition model. Both general
and special aspects of an image can be extracted by the
model. Beyond traditional dimension reduction algorithms,
this model enables us to take the residual information into
account. In the model, we can explicitly know which vi-
sual terms in an image cause most of the re-construction
error. That is, we can identify and preserve the most spe-
cial/important local features for an image. Thus, an image
is represented by a low-dimensional vector and a few im-
portant key terms.

2. We design an appropriate indexing scheme by fully
considering the physical meanings and storage character-
istics of the two components of the compound representa-
tions. The low-dimensional representations of images can
be efficiently indexed by LSH [1]. By indexing only those
most important visual terms (say, 30 terms in our experi-
ments), which cause the most of the reconstruction error,
and taking them into account in the ranking algorithm, we
achieve significant performance improvement.

We evaluate the proposed solution on some benchmark
datasets as well as a dataset with 2.3 million images. With
a postprocessing technique (RANSAC based image match-
ing [16]), we achieve comparable performance with state-
of-the-art approaches [16], but both the time to answer a
query and memory cost to host index are significantly re-
duced.

2. Image Decomposition

2.1. Basic Idea

Our image decomposition idea is motivated from dimen-
sion reduction approaches because once we obtain low-
dimensional and dense representations of images, many ex-
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Figure 1. Illustration of the image decomposition idea. Thecube
denotes a vector space of images represented by bag of words,
the triangle denotes a simplex spanned by three bases, a rectan-
gle point denotes an image, a circle point denotes an embedding
of an image in the subspace, and the distance of an image to the
subspace is its residual

isting indexing techniques can be used to index images, e.g.
LSH [1, 10]. A common objective function for dimension
reduction algorithm is

min

N∑

i=1

‖pi − V × hi‖

wherepi is the high-dimensional histogram representation
of an image [18, 16]1, V is a matrix whose column vectors
span a low-dimensional space, andhi is the coefficients to
reconstruct the image by column vectors ofV . hi is the
compact representation of the original histogram featurepi

in the low-dimensional subspaceV .
However, as we have discussed in Section 1.2,hi does

not contain complete semantics of an image. The lost se-
mantics of an image in the dimension reduction process is
likely to be very discriminative. Therefore, we propose a
compound image representation which consists of a low-
dimensional vectorhi and some important residual infor-
mation lost in dimension reduction. Actually, an imagepi

can be mathematically represented as follows

pi = V × hi + ǫi (1)

whereǫi is residual of the reconstruction.ǫi has the same
dimensionality aspi. However, only components with the
largest absolute values inǫi, which are more important
than other components in terms of reconstructing the im-
age, need to be preserved. We will show in Section 4 that
this compound representation has a very natural indexing
scheme.

We further illustrate in Fig.1 the key observation moti-
vating the image decomposition idea. The two images about
kitchen and office are projected to almost the same posi-
tion(indoor) in the subspace, while the image about car is
projected to a position(vehicle) far from them. Thus, it’s
easy for us to distinguish kitchen and car or office and car
in the low dimensional subspace. However, only from their

1We assume that the means of feature vectors are removed
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Figure 2. Probabilistic topic models. (a) latent Diricheltalloca-
tion(LDA), (b) Image decomposition model (IDM)

coefficients in the subspace, we may not be able to dis-
tinguish the two indoor images(kitchen and office). For-
tunately, the two images can be distinguished by their dis-
tances to the subspace, i.e. their residual (ǫi).

Two kinds of approaches could be considered for imple-
menting the proposed idea. One is matrix factorization ap-
proaches, the other is probabilistic topic models. Most of
matrix factorization approaches, e.g. PCA and non-negative
matrix factorization (NMF) [12] could be adopted for this
purpose. Although the computations of topic models are
more complex than matrix factorization approaches, they
offer better ways to understand problems and easy to be
generalized to unseen data. Therefore, in this paper, we will
mainly implement the image decomposition idea in a topic
model way.

2.2. A Probabilistic Decomposition Model

Represented by a BOV model, an image can be deemed
as a document. A way to implement the proposed decompo-
sition idea is to use an Image Decomposition Model(IDM),
which is an extension of the popular LDA model [3], which
was first proposed to model documents, as shown in Fig-
ure2(b). IDM was first proposed in [5] to detect important
words of a document. To generate a visual word, a random
variablex is first drawn fromMultinomial(λ), then

• if x = 1, drawz ∼ Multinomial(θ), and then draw a
visual wordw ∼Multinomial(φz)

• if x = 2, draw a visual wordw ∼Multinomial(ψ)

• if x = 3, draw a visual wordw ∼Multinomial(ω)

The conditional probability of a visual wordw given an im-
aged in IDM could be written as

p(w|d) =
∑

z p(w|z)p(z|x = 1, d)p(x = 1|d)
+p(w|x = 2, d)p(x = 2|d) + p(w|x = 3, d)p(x = 3|d)

The key idea of IDM is to use a switch variablex to con-
trol the generation of visual words.x can take value in 1,



2, 3, which controls that a visual word is generated from ei-
ther a topic distribution (φz), an image-specific distribution
(ψd), or a corpus background distribution (ω). It provides a
natural way to partition an image into three types of visual
words. Intuitively, a visual word which appears in almost
all images is likely to be a background/stop word; a visual
word which only appears in a few images but seldom ap-
pears in other images is likely to be an image-specific word;
a visual word which widely appears in images with a com-
mon semantic but seldom appears in other images is likely
to be a topic related word.

Mapping to the matrix factorization formulation, the
work of IDM can be understood as simultaneously finding
a group of basis vectors (φz, a set of distributions over vo-
cabulary), coefficients (θd, topic mixture proportion), and
residual (ψd, an image-specific distribution), which corre-
spond toV , hi andǫi in Eq.1, respectively. The visual terms
generated from the background distribution correspond to
the mean of image histograms. The compound representa-
tion of an image obtained by IDM is a pair< θd, ψlarge >,
whereψlarge means part ofψ components which have the
largest values.

2.2.1 Parameter Estimation

Because the maximum likelihood estimation of IDM is in-
tractable [3, 5], we adopt the Monte Carlo EM algorithm
to estimate parameters [7]. MCEM consists of two steps.
In E-step, instead of computing the posterior of latent vari-
ables, we draw samples from it. Gibbs sampling is a popular
method to sample complex posterior [8]. We adopt the col-
lapsed Gibbs sampling algorithm proposed in [5], in which
x andz are jointly sampled while other hidden variables are
integrated out. The Gibbs sampling equations are listed as
follows

p(xi = 1, zi = k|x
−i, z−i, w, α, γ, β1, β2, β3)

=
γ1+n1

d,−i∑
3
j=1 γj+n.

d,−i

×
α1+n

1,k

d,−i∑
K
j=1 γj+n

1,(.)
d,−i

×
β1+n

1,k,wi
.,−i

∑
W
j=1 βj+n

1,k,wj

.,−i

p(xi = 2|x
−i, z−i, w, α, γ, β1, β2, β3)

=
γ2+n2

d,−i∑
3
j=1 γj+n.

d,−i

×
β2,wi

+n
2,wi
d,−i

∑
W
j=1 β2,j+n

2,wj

d,−i

p(xi = 3|x
−i, z−i, w, α, γ, β1, β2, β3)

=
γ3+n3

d,−i∑
3
j=1 γj+n.

d,−i

×
β3,wi

+n
3,wi
.,−i

∑
W
j=1 β3,j+n

3,wj

.,−i

whereK is the number of topics,W is the size of visual vo-
cabulary,−i in subscript means whole variables excluding
thei-th variable;n1

d,−i, n
2
d,−i andn3

d,−i mean the numbers
of words generated from topics, image-specific distribution
and background distribution in imaged; n1,k

d,−i means the

number of words assigned to topick in imaged; n1,k,wi

.,−i

means the number of times of wordwi assigned to topick
in the whole corpus;n2,wi

d,−i means the number of times of

wordwi assigned to image-specific distribution in imaged;
andn3,wi

.,−i means the number of times of wordwi assigned
to background distribution in the whole corpus.

In M-step, we maximize the expectation with respect to
model parameters. The expectation can be approximated by

arg max
α,γ,β1,2,3

1

M

∑M

j=1
log(p(w, xj , zj|α, γ, β1,2,3))

whereM is the number of samples drawn in E-step. Be-
cause all hidden variables are observed, the joint prob-
ability can be decomposed to a product of some simple
probabilities, which can be estimated separately. We take
the Newton-Raphson algorithm to estimate Dirichlet hyper-
parameters [3].

2.2.2 Inference of Unseen Images

After we estimate a model from training images, we need
to infer latent variables for images to be indexed in the
database as well as query images. For IDM, the inference
algorithm is the same as the estimation. However, part
of model parameters will be fixed to be those obtained in

the estimation step. The two terms
β1+n

1,k,wi
.,−i

∑
W
j=1 βj+n

1,k,wj

.,−i

and

β3,wi
+n

3,wi
.,−i

∑
W
j=1 β3,j+n

3,wj

.,−i

are replaced byφk,wi
andωwi

.

It is remarkable that the inference of different images are
independent to each other. This fact can be easily verified
by checking the Gibbs sampling equations for inference:
the factors in these equations only depend on variables re-
lated to one image. That is, we can distribute images to dif-
ferent processors/machines and decompose them in a par-
allel way. Thus, the scalability of IDM algorithm is not a
problem.

2.2.3 Similarity Measure

Given a query image, we use a heuristic method to compute
its similarity to each image in the database. The similarity
function is a linear combination of two evidences

sim(d, q) = γd1γq1sim(θd, θq)+γd2γq2sim(ψd, ψq) (2)

whereθd, θq stand for the topic mixture proportion of the
two images,ψd, ψq stand for image-specific distributions
(p(w|x = 2, d)), andγ.1 andγ.2 stands for the word ratios
of topic related terms and image-specific terms. These vari-
ables can be obtained by the inference algorithm. An advan-
tage of this simple ranking function is that it does not intro-
duce additional parameters. Actually, we can use any simi-
larity function to computesim(θd, θq) andsim(ψd, ψq). In
our experiments, we adoptedcosinesimilarity to compute
them.
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Figure 3. Work flow of our indexing framework. IDM is a centrifugal machine which decomposes an image to three components which
are indexed in appropriate ways.

3. Indexing and Ranking

If we rank images according Eq.2, we have to linearly
scan all images in the database. In case the database is huge,
the time complexity is unacceptable. To speed up the rank-
ing process, we need a specifically designed indexing and
fast ranking solution. The overall work flow of the proposed
indexing solution is shown in Figure3.

3.1. Indexing Scheme

As we have illustrated in Figure 1, different kinds of im-
age representations have different functionalities and stor-
age characteristics. Thus, we choose different approaches
to index them. It is worth noting that background visual
terms are common for all images in a database, that is, they
cannot discriminate images with different semantics. Thus,
they are discarded from index.

Indexing Low-dimensional Representations. We choose
Locality Sensitive Hashing (LSH) [1] to index the low-
dimensional representations of images (i.e.θ). Previous re-
search [10] and our experiments demonstrated that the LSH
is an effective approach to indexing compact and dense fea-
ture vectors. LSH will assign a group of hash values to
an image. These hash values can be deemed as a new dis-
crete representation of this image. Therefore, the memory
requirement of LSH index is onlyO(L ∗D), whereL (e.g.
60 in our experiments) is the number of hash functions of
LSH andD is the number of images.

Indexing Image-Specific Words. As we have mentioned,
we can preserve only a small amount of visual words of
an image as its image-specific words. These words can be
selected according to the image-specific distributionψ. In
our experiments, we demonstrated the number of image-
specific visual words could be very small. In our experi-
ments, we obtained satisfied retrieval accuracies with only
30 image-specific words. We organize the image-specific
words of an image as a fixed-length array, in which each
component is a< wordid, weight > pair. This array is
termed as image meta information. The most advantage of

the fixed-length array is that we can randomly access meta
information of any image efficiently. The memory cost of
this index in our implementation is onlyO(30 ∗D).

3.2. Ranking Scheme

Considering the functionalities (in terms of representing
semantics of an image) of the two components of the com-
pound representation of an image, we develop an efficient
ranking scheme. The similaritysim(θd, θq) in Eq. 2 can
distinguish images belonging to different visual categories,
while sim(ψd, ψq) is a complement to the first similarity
and it can further distinguish images belonging to different
sub visual categories. This observation motivates a two-step
re-ranking approach for querying an image. A query image
q is processed as follows

• Extract θq (topic mixture proportion) andψq (an
image-specific word distribution) from the query im-
age.

• Generate an initial candidate set of relevant images
(e.g. 200 images in our experiments) by approximately
computingcosine(θd, θq) using LSH.

• Assign final scores to images in the candidate set by
using Eq.2.

• Rank all candidate images according to the final scores
and return the most relevant images to the user.

As shown above, in the first step, we usesim(θd, θq) to
selectk images as a candidate set. In our implementation,
θd is indexed by LSH. Thus, we can get an approximately
accurate set efficiently. In the second step, we combine
information from topic related words and image-specific
words to re-rank images in this set. Our experimental re-
sults show that this approach is capable of obtaining almost
the same results as the “accurate algorithm” (i.e. Eq.2).

It is worth noting that, using the ranking algorithms
based on the proposed index scheme, we cannot get the



same results as the accurate algorithm(Eq.2) because: 1)
LSH is an approximate nearest-neighbor algorithm; 2) only
a few most salient image-specific visual terms are kept in
index. Although this ranking scheme is only an approxima-
tion, its retrieval results are almost as good as the accurate
algorithm in our experiments. The little sacrifice of accu-
racy significantly reduce the response time to queries and
save memory cost. The two ranking approaches are termed
as “accurate” and “index” in our experiments.

4. Experiments

In this section, we report the performance comparison
of the proposed solution with serveral state-of-the-art ap-
proaches [17, 16, 6, 11] over a 2.3 million image database.
To the best of our knowledge, this database is the largest
one in this research direction.

4.1. Datasets

Four datasets (including two benchmark databases) were
used in our experiments.

Oxford5K (5062 images, 18M descriptors, 55 queries)
This dataset consists of 5062 images with extensively as-
sociated groundtruth for 55 queries: 5 queries for each
of 11 Oxford landmarks [16]. This dataset served as the
groundtruth in all experiments.

Paris (6300 images, 19M descriptors) This dataset con-
sists of 6300 images obtained from Flickr [17]. Similar as
the Oxford5K dataset, most of images in this dataset are
buildings.

PhotoForum2M (2.3M images, 4165M descriptors).
We collected these images from some professional photo
forums, which cover various topics such as people, build-
ings and natural scenes. Some sample images of the two
datasets are shown in Fig.4. To test the impact of vocabu-
laries constructed on different types of images, we construct
a subset ofPhotoForum2M, PhotoForum7K (7769 images,
22M descriptors).

4.2. Image Features

SIFT features were chosen as local features to represent
images. We used the binary code shared by David Lowe
to detect salient points and generate descriptors [14]. In
feature extraction, we used default parameters of the tool.
Visual vocabulary was generated byk-means, which was
accelerated by theKD-forest algorithm proposed in [16].
In all probabilistic model-based approaches, we constructed
vocabularies with 50k words, while in other approaches, we
constructed vocabularies with 1 million words. We tested
baseline approaches under their best settings [16].

Figure 4. Sample images from PhotoForum2M

4.3. Experiment Design

All experiments were carried out over a dataset con-
structed by mixing images fromOxford5K and PhotoFo-
rum2M. Images inPhotoForum2Mserved as distractors.
The combined dataset contains2, 277, 584 images. As we
have summarized in Section 1.1, a typical image retrieval
system consists of three major components: feature extrac-
tion and quantization, indexing, and postprocessing. To
evaluate the performance of the proposed indexing solution,
we varied settings of each component. These variations in-
clude:

• Construct visual vocabularies based on different types
of images, i.e.Oxford5KandPhotoForum7K.

• Train IDM on both groundtruth dataset, i.e.Oxford5K,
and a similar dataset, i.e.Paris.

• Change the number of image-specific words in index.

• Perform postprocessing or not.

We implemented two baseline approaches. The first one is
the approach proposed in [16], in which images are repre-
sented by BOV models, weighted by TF-IDF scheme, and
indexed by inverted list. It has the state-of-the-art perfor-
mance of large-scale visual search. The second one is the
approach proposed in [9], in which images are projected to
a latent space obtained by training a latent Dirichlet alloca-
tion (LDA) model, and image similarities are measured in
the latent space.

In retrieval applications, a popular and simple accuracy
measure is the precision of top search results. In all experi-
ments, we use the precision of top10 search results (p@10),
to measure the performances of all approaches.

4.4. Accuracy Comparison

Results of all approaches on two vocabularies are sum-
marized in Table1 and2. Overall, the proposed approach



achieved even better accuracies than state-of-the-art ap-
proaches.

4.4.1 Impact of vocabulary and models

The two vocabularies were constructed overPhotoFo-
rum7K and Oxford5K. All topic model based approaches
are trained with 250 latent topics. Only 30 image-specific
words are preserved in index in our approaches. From these
tables, we can see: 1) The proposed indexing solution per-
forms better than state of the art approaches when vocab-
ularies are trained either onPhotoForum7Kor Oxford5K.
2) The model trained onOxford5K achieved slightly bet-
ter performance than the model trained onParis, and the
performances of LDA-based approaches dropped dramat-
ically. When we decompose some kind of images, e.g.
Oxford5K, using model trained on a different dataset, e.g.
PhotoForum7K/Paris, more information will be preserved
in the residual (image-specific words) instead of the low
dimensional representation. This is the reason why the
proposed index method, which combines information from
both image-specific words and the low-dimensional repre-
sentations obtained by dimension reduction, has better gen-
eralization ability. This is very important for real word ap-
plications.

To further verify this explanation, we reported the per-
formance of a ranking approach which only depends on
low-dimensional representations obtained by IDM, which
is termed as “Low-dim only” in these tables. We found
its performance is almost the same as the LDA based ap-
proach. However, once taking the image-specific words into
account, its performance (say, the proposed indexing and
ranking scheme) was significantly improved. Especially
when the model or vocabulary cannot well explain images
to be indexed, image-specific words must be included in in-
dex.

4.4.2 Improvement with postprocessing

We rerank a short list of images obtained by our indexing
scheme based on the estimation of an affine transformation
with an implementation of [16]. Table1 and2 also shows
that the results obtained by reranking a short list of 100 im-
ages, which is termed as “index with reranking” in these ta-
bles. We observed further performance improvement. The
performance gain of our approach is larger than the TF-IDF
based approach. This results indicates that the proposed in-
dexing and ranking scheme has better recall rate than the
TF-IDF based approach.

4.4.3 The number of image-specific words

Table3 shows the performances of the proposed approach
under different numbers of image-specific words kept in

Training Data for IDM
Approaches Oxford5K Paris

Accurate 0.4227 0.3542

Low-dim Only 0.3632 0.2315

Index 0.3901 0.3387

Index With reranking 0.6304 0.5571

LDA 0.3927 0.2405

TFIDF 0.4116

TFIDF with reranking 0.6047

Table 1. Performance comparison for some variations of the pro-
posed algorithm, LDA-based approach and TF-IDF approach. The
vocabulary was constructed overPhotoForum7k.

Training Data for IDM
Approaches Oxford5K Paris

Accurate 0.6371 0.5774

Low-dim Only 0.5713 0.4105

Index 0.6207 0.5654

Index With reranking 0.8727 0.7803

LDA 0.6091 0.4674

TFIDF 0.6274

TFIDF with reranking 0.8451

Table 2. Performance comparison for some variations of the pro-
posed algorithm, LDA-based approach and TF-IDF approach. The
vocabulary was constructed overOxford5K.

The Number of Image Specific Words
Approaches 30 60 90 120 150

Accurate 0.4227 0.4306 0.4369 0.4428 0.4475

Index 0.3901 0.3957 0.3996 0.4013 0.4072

Table 3. Performances of the proposed approaches under different
numbers of image-specific words in index with visual vocabulary
trained onPhotoForum7K.

the indexing structure, with vocabulary trained onPhoto-
Forum7K and IDM trained onOxford5K. No obvious im-
provement could be observed after the number of image-
specific words kept in the indexing structure is more than30
in the index scheme. This result demonstrates that a small
number of image-specific words is enough for the proposed
indexing scheme.

4.5. Cost Comparison

We compared the memory cost and time cost of the pro-
posed approach with the inverted list based approach [16].
The results are summarized in Table4.

Memory Cost: In a real system, index should be able
to be loaded in memory to enable fast search. For the
proposed index algorithm, the memory cost consists of
two parts, memory cost of indexing low-dimensional rep-
resentations and indexing image-specific words. The low-
dimensional representations are indexed by LSH, whose
size (#topics=250, LSH parameters L=60 and k=6 [16, 17])
is about0.5869 GB for 2.3 million images. We use<word
id, weight>pair to represent an image-specific word in im-
age meta information. Assuming 30 visual words are se-



Memory Cost(GB) Time Cost(s)

Low-dim Representation 0.5869

Image-specific Words 0.4688 0.873

Total 1.0557

TFIDF 31.252 25

Table 4. memory and time cost for different methods on 2.3M im-
age dataset

lected as image-specific words, the size of image meta in-
formation of 2.3 million images is about0.4688 GB. Thus,
all index data can be loaded in memory. In contrast, as-
suming each image contains 2000 visual words, then the
index made by inverted list for 2.3 million images costs
about 31.252 GB and could not be loaded into memory for
a typical 32-bit workstation. In theory, a common back-end
server with 8GB memory is capable of indexing 10 Million
images using proposed indexing scheme.

Time Cost: The time cost of proposed indexing algo-
rithm consists of two parts, time to decompose an query
image to get its topic distribution (θ) and image-specific
words, and time to query the database. As we use LSH
to index the topic related word, querying image database is
very fast. The average time to inferring an image is about
4.2 milliseconds. The average time for querying an image
on the 2.3 Million database costs about0.87 seconds (not
including the RANSAC based spatial re-ranking step [16]).

5. Conclusion

In this paper, we have presented a novel indexing solu-
tion for local feature-based large-scale image retrieval sys-
tems. The solution consists of two key components: an
image decomposition model, and an indexing and ranking
scheme. The major contributions can be highlighted as fol-
lows. Based on the image decomposition model, the rep-
resentation of an image can be decomposed to a compact
vector as well as a few key visual terms. Retrieval accuracy
based on the new representations is comparable to or even
better than existing approaches in our experiments. More-
over, the proposed indexing and ranking scheme, which
fully considers the characteristics of the new representations
of images, is effective and efficient. With this scheme, both
the computational and memory cost of online search service
are significantly reduced, while the search results are almost
as good as the accurate algorithm.

Both theoretic cost analysis and experiments over a 2.3
million image database demonstrate that this solution can
be scaled up to index large-scale image databases for fast
and accurate visual search.
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