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Abstract—In recent years, there is an ever-increasing research
focus on Bag-of-Words based near duplicate visual search para-
digm with inverted indexing. One fundamental yet unexploited
challenge is how to maintain the large indexing structures within a
single server subject to its memory constraint, which is extremely
hard to scale up to millions or even billions of images. In this
paper, we propose to parallelize the near duplicate visual search
architecture to index millions of images over multiple servers,
including the distribution of both visual vocabulary and the
corresponding indexing structure. We optimize the distribution
of vocabulary indexing from a machine learning perspective,
which provides a “memory light” search paradigm that leverages
the computational power across multiple servers to reduce the
search latency. Especially, our solution addresses two essential
issues: “What to distribute” and “How to distribute”. “What
to distribute” is addressed by a “lossy” vocabulary Boosting,
which discards both frequent and indiscriminating words prior
to distribution. “How to distribute” is addressed by learning an
optimal distribution function, which maximizes the uniformity
of assigning the words of a given query to multiple servers. We
validate the distributed vocabulary indexing scheme in a real
world location search system over 10 million landmark images.
Comparing to the state-of-the-art alternatives of single-server
search [5], [6], [16] and distributed search [23], our scheme has
yielded a significant gain of about 200% speedup at comparable
precision by distributing only 5% words. We also report excellent
robustness even when partial servers crash.

Index Terms—Distributed search, inverted indexing, parallel
computing, visual search, visual vocabulary.

I. INTRODUCTION

C OMING with the popularity of local feature represen-
tations [1]–[3], recent years have witnessed an ever-in-

creasing research focus on near duplicate visual search, with nu-
merous applications in mobile location search, mobile product
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search, video copy detection and web image retrieval etc. In
general, state-of-the-art visual search systems are built based
upon a visual vocabulary model with an inverted indexing struc-
ture [4]–[7], which quantizes local features [1], [2] of query
and reference images into visual words. Each reference image
is then represented as a Bag-of-Words histogram and is invert
indexed by quantized words of local features in the image. The
Bag-of-Words representation provides good robustness against
photographing variances in occlusion, viewpoint, illumination,
scale and background. The problem of image search is then re-
formulated from a document retrieval perspective. Promising
techniques include TF-IDF [8], pLSA [9] and LDA [10] have
been reported. Approximate search techniques such as visual
vocabulary and hashing have been well exploited in recent lit-
eratures to improve search efficiency in large image collections,
e.g., Vocabulary Tree [5], Approximate K-means [6], Hamming
Embedding [12], Locality Sensitive Hashing [11] and their vari-
ances [6], [13]–[15]. As a typical pipeline, visual vocabulary
based search systems work in a client-server paradigm as fol-
lows: the client end (e.g., mobile devices or web browsers) sends
a query image1 to the server. At the server end, searching for
similar reference images works in three phases: (1). Extracting
local features from a query image (if compact visual descriptors
are delivered rather than the query image, this step is skipped);
(2). Quantizing local features into a Bag-of-Words histogram;
(3). Ranking similar images in the inverted indexing of all non-
empty words, where the linear scanning of all reference images
can be avoided in similarity ranking.
To the best of our knowledge, existing visual search sys-

tems are often deployed over a single server. However, tar-
geting scalable visual search applications, huge amounts of ref-
erence images (say millions or billions) need to be indexed and
searched. To deal with massive data, it is almost impossible
to maintain a scalable visual search architecture solely in one
regular server. Taking our mobile location search system for
instance, we need to search 10 million reference images on-
line. Together with local features (for spatial verification and
re-ranking, e.g., RANSAC), the visual vocabulary and the in-
verted indexing files, would easily cost up to 1 TB. Clearly, such
a scale is beyond the storage capability of a single server, in
terms of main memory or hard disks.
Nevertheless, substantially improving the storage capability

of a server, e.g., by larger main memory and hard disks, is a
straightforward alternative. Indeed, this is what big companies

1Alternatively, in recent mobile visual search systems [16], [17], sending
compact descriptors of a query image may significantly reduce the latency of
query delivery.
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Fig. 1. The proposed learning based vocabulary indexing distribution scheme for scalable visual search on multiple servers.

TABLE I
TIME COST COMPARISON AT DIFFERENT PHASES OF THE DISTRIBUTED/NON DISTRIBUTED SEARCH SYSTEMS (MS). COMMUNICATION I: (TRANSFER
WORDS TO DISTRIBUTED SERVERS); COMMUNICATION II: (MERGE THE MULTIPLE RANKING LISTS FROM DISTRIBUTED SERVERS). MAXIMUM SEARCH:
MAXIMUM SEARCH COST (TIME) AMONG 20 DISTRIBUTED SERVERS. SIFT EXTRACTION IS PARALLELED BY DIVIDING THE QUERY IMAGE INTO
OVERLAPPING RECTANGLES, AS SHOWN IN FIG. 2. DUPLICATE DETECTED LOCAL FEATURE ARE FILTERED OUT BY COORDINATE DE-DUPLICATIONS,

AS SHOWN IN FIG. 2. NOTE THAT THE COMPLEXITY OF SIFT EXTRACTION IS INDEPENDENT OF DATASET SCALE

Fig. 2. Distribute the process of local feature extraction by partitioning a query
image (left) into multiple overlapping rectangles followed by individual rectan-
gles based feature extraction. Note that the slightly overlapping of nearby rect-
angles is to overcome missed detection.

like Google and Yahoo do relying on a super computer to deal
with massive data in online search.2 However, the explosive
growth of web images renders the above solution less benefi-
cial, especially for academia institutions as well as startup com-
panies. For example, imagining when we scale up 10 million lo-
cation image dataset by a factor of 1000, there would be at least
1 PB (1000 TB) data to be maintained in a single server, by as-
suming a linear increasing storage of features and indexing files
versus the image volume. To the best of our knowledge, how
to organize, index and search a huge image dataset in parallel

2The “quasi-supercomputer” is Google’s search engine system with an esti-
mated processing power of 126 316 teraflops, as of April 2004. In June 2006
the New York Times estimated that the Googleplex and its server farms contain
450 000 servers. According to 2008 estimates, the processing power of Google’s
cluster might reach 20 100 petaflops. (http://en.wikipedia.org/wiki/Supercom-
puter).

is left unexploited, at least for both multimedia and computer
vision communities.
From the perspective of distributed information retrieval,

research in literatures can be basically categorized into either
“local” or “global” distribution schemes, which are revisited
latter in Section II. In this paper, we argue that for scalable
visual search, directly applying previous distributed infor-
mation retrieval techniques is unsuitable. This argument will
be qualitatively explained in Section III and quantitatively
validated in Section IV. Different from traditional distribution
paradigms, we employ visual feature statistics, such as visual
word concurrence and redundancy, for an optimal distribution
strategy. Our goal is to significantly reduce the computational
load via a distributed visual search architecture, so that massive
reference images (say millions or billions) can be searched
based on a group of laptops or regular servers, or on cloud
computing resources.
To establish a visual search architecture over multiple

servers, we will investigate the distribution of three phases of
local feature extraction, quantization and inverted indexing,
respectively:
First, we distribute the local feature extraction process by par-

titioning a query photo into multiple rectangles, which are sub-
sequently executed in a parallel manner as shown in Fig. 2.3

Second, we perform local feature quantization in parallel by
duplicating visual vocabularies in each server except inverted
indexing, as storing a visual vocabulary is muchmore affordable
than indexing files, as shown in Table II.
Third, we address the challenging problem of designing core

indexing architecture, namely, how to distribute the inverted in-
dexing structure. In our visual search scenario, an optimal dis-

3To avoid missed detection at the rectangle boundaries, the pairs of nearby
rectangles are set slightly overlapped.
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TABLE II
OVERALL STORAGE COST AND THE DATA VOLUME

OF OUR EVALUATION VISUAL SEARCH SYSTEM

tribution scheme is expected to distribute the local descriptors
extracted from a query image in a uniform manner as much as
possible. So any server would not be assigned a large proportion
of local features that could delay the process of entire search.
Search latency can be largely reduced as multiple servers are
fully involved to accomplish ranking. Meanwhile, the memory
cost of inverted indexing in each server is affordable. Towards
an optimal distribution of vocabulary indexing, there are two
essential questions to be answered: “What to distribute” and
“How to distribute”, both are essential to parallel existing vi-
sual search schemes like [4]–[6], [16], [17] to satisfy large-scale
real-world applications: “What to distribute” exploits the redun-
dancy statistics of visual words, aiming to distribute partial and
discriminative words from a given query into multiple servers.
A selective distribution is to minimize the subsequent similarity
ranking latency in inverted indexing, while maintaining compa-
rable search precision.
“How to distribute” refers to carefully designing the distribu-

tion of visual words such that an online query can be processed
uniformly over all machines, which alleviates the problem of
one or several machines awaits the others to complete a query.
This is achieved by exploiting the word concurrence statistics
of reference images to predict a uniform word distribution of
each online query. Ideally, each machine has an almost iden-
tical computational load; hence the query latency is minimized.
In this paper, we propose a learning based vocabulary distri-

bution framework to address the above two issues, which en-
ables very scalable search over millions of images using stan-
dard PCs or laptops. We brief our distributed search flowchart
in Fig. 1 as follows: First, we partition a query image into mul-
tiple overlapped rectangles as shown in Fig. 2, so that local fea-
ture extraction is completed over multiple servers. Second, we
quantize the extracted local features from a query image into
visual words using the duplicate vocabulary in each server re-
spectively (without inverted indexing). Third, we tackle the is-
sues of both “What to distribute” and “How to distribute” from
a machine learning perspective, minimizing the overall search
latency as well as the computational cost in traversing the in-
verted indexing files in each server. Finally, the partial list of
ranking images and the ranking scores from each individual
server are combined to generate the final (or so-called global)
image ranking list and scores.
To the best of our knowledge, this work serves as the first

to distribute the visual vocabulary indexing for near duplicate
visual search, especially from a machine learning perspective.
The proposed distribution strategy may accommodate the ex-
isting visual vocabulary models such as [4]–[7], [15]. In sum-
mary, our contributions are three-fold:
• Towards “What to distribute”, we propose a “lossy”
vocabulary distribution scheme in Section III-B, which

distributes a compact subset of discriminative visual
words to accelerate online search while maintaining
comparable search precision. We propose to learn the
compact subset from a supervised dimension reduction
perspective, which applies boosting to the original high
dimensional vocabulary. The boosting criterion is to
minimize the ranking distortion of “conjunctive” image
queries (or so-called pseudo queries) when replacing the
original high-dimensional Bag-of-Words histogram with
its boosted sub-histogram.

• Towards “How to distribute”, different from previous
works in distributed information retrieval [19], [20], [22],
[24], we propose to apply visual word concurrence to
the distribution objective function (which partitions/dis-
tributes words into different servers) in Section III-C.
The learning process is to maximize the possibility of
uniformly partitioning local features from a given query
into multiple servers. Consequently, each server processes
a moderate number of words for similarity ranking based
on partial inverted indexing files, which may reduce the
latency of awaiting other servers.

• Finally, our learning based distribution can be further en-
hanced by frequent queries, such as user query logs from
web image search engines, or user query images of popular
landmarks in mobile location search systems, e.g., by em-
phasizing the uniform distribution of their visual words.

II. RELATED WORK

Visual Vocabulary Construction: Building visual vocabu-
lary usually resorts to unsupervised vector quantization, which
subdivides the local feature space into discrete regions each
corresponds to a visual word. An image is represented as a
Bag-of-Words (BoW) histogram, where each word bin counts
how many local features of this image fall in the corresponding
feature space partition of this word. To this end, many vector
quantization schemes are proposed to build visual vocabu-
lary, such as K-means [4], Hierarchical K-means (Vocabulary
Tree) [5], Approximate K-means [6], and their variances [6],
[13]–[15], [31], [32], [34]. Meanwhile, hashing local features
into a discrete set of bins and indexed subsequently is an
alternative choice, for which methods like Locality Sensi-
tive Hashing (LSH) [25], Kernalized LSH [11], and Spectral
Hashing [18] are also exploited in the literature. The visual
word uncertainty and ambiguity are also investigated in [6],
[12], [26], [27], using methods such as Hamming Embedding
[12], Soft Assignments [6] and Kernelized Codebook [27].
Stepping forward from unsupervised vector quantization, se-

mantic or category labels are also exploited [28]–[30] to super-
vise the vocabulary construction, which learns the vocabulary to
be more suitable for the subsequent classifier training, e.g., the
images in the same category are more likely to produce similar
BoW histograms and vice versa. However, few work attempts
to handle the storage complexity to maintain the vocabulary and
its inverted files accordingly, which however is the key chal-
lenge to deal with the ever growing data corpus.4 In particular,

4For instance, given a 100million image collection, a single server with 10-20
GB memory and 1T-2T hard disk cannot maintain the vocabulary and inverted
files, neither in its memory nor in its hard disks.
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to the best of our knowledge, the parallel visual search strategy
is rarely investigated in the literature.
Indexing File Pruning: Blanco et al. [37] proposed a method

to prune the inverted files based on the Probability Ranking
Principle as a decision criterion for posting list entries’ pruning.
Rather than pruning in a single machine, in our work we care
more about which subset of terms (words) to be distributed into
multiple servers, based on their visual word concurrence, dif-
ferent from using the probability ranking principle as in Blanco
et al. [37]. Moreover, rather than considering every term in the
lexicon as a single-term query to guide their Bayesian decision
based term pruning, our Boosting based pruning is a combina-
tional query formulation. In this sense, the next boosted word
depends on the set of the previously boosted words, as detailed
in Section III-B. Buttcher and Clarke [38] presented an alter-
native solution to prune document indices from the inverted in-
dexing structures to achieve efficient retrieval on a single ma-
chine. In addition, Ntoulas and Cho [39] gave the pruning poli-
cies for two-tiered inverted index with a theoretical guarantee
about their correctness.
Distributed Indexing for Scalable Information Retrieval:

Undoubtedly, many scalable information retrieval systems
heavily involve distributing the search and indexing architec-
tures across multiple machines, due to processing the massive
data is far beyond the computational limit of a single machine.
For instance, Couvreur et al. proposed to distribute the vocabu-
lary indexing structure into multiprocessor machines [19] with
distinct hardware architectures, e.g., mainframes and RISC
processors with LAN network connection. Stanfill et al. [21]
proposed a distributed retrieval system with a fine-grained,
massively parallel and memory-distributed SIMD architecture
to achieve efficient retrieval. In [24], Barroso et al. further
reported a distributed web search architecture developed in
Google, which maintains a cluster of machines with duplicate
vocabularies. Each machine serves partial documents or web
pages. The cluster replication mechanism in [24] results in a
very short online query response, meanwhile ensures a high
network throughput.
In terms of functionality, the existing distributed indexing ar-

chitectures can be categorized into either “local indexing” or
“global indexing” alternatives. Both are well exploited in the
literature [20], [22], [23].
• “Local indexing” refers to maintaining a duplicate vocab-
ulary in each individual machine, where only partial docu-
ments are indexed. Hence, each document is indexed only
in one of the machines.

• “Global indexing” refers to indexing all documents
through different factions of a vocabulary, partitioning
a vocabulary into multiple distinct parts, assigning in-
verted indexing accordingly, and finally distributing the
fractional vocabularies and their corresponding indexing
cross machines. Hence, each document could be indexed
in multiple machines. As reported in [23], the “global
indexing” schemes generally outperform the “local in-
dexing” schemes in the TREC evaluations.

Moffat07 et al. [40] introduced two alternatives named “docu-
ment partition” and “term partition” to design the distributed in-
formation retrieval system, which correspond to both “global in-

dexing” and “local indexing” as illustrated in this paper. Martin
and Gil-Costar [41] proposed a high-performance distributed
inverted file system based on a round-robin query processing
model. Again, both works [40], [41] tackled the distribution de-
sign still based upon heuristic criteria, without regard to the pre-
dicted distribution of word partitions from a machine learning
perspective. In terms of query log learning, there are also pre-
vious works in information retrieval, which leverages the query
logs to optimize the indexing partition for parallel web search
systems, such as refining the objective function of term parti-
tion, based on the frequent patterns extracted from the past query
logs [42].
We summarize the key difference between the previous works

in inverted indexing file pruning and distribution retrieval in the
traditional information retrieval research:
(1) Neither “global indexing” nor “local indexing” schemes

tackles the issue of “What to distribute” to reduce the
overall computational load. In other words, the distribu-
tion of limited but discriminative subset of words retains
as our unique contribution after carefully comparing to
the existing distributed IR research.

(2) “How to distribute” the vocabulary indexing from a
machine learning perspective is left unexploited. Note
that while there are several previous works on dis-
tributed IR for either “global indexing” (term partition)
or “local indexing” (document partition), the existing
works [38]–[41] are yet still based on heuristic criteria.

(3) In the visual search scenario, previous distributed IR
works in both indexing file pruning and distributed in-
formation retrieval cannot be directly deployed, due to
the specific requirement and unique characteristics of
the visual word redundancy and concurrence. Corre-
spondingly, in this paper we conduct the first investiga-
tion about how to prune the inverted file in visual search
systems as well as how to distribute visual words distri-
bution from a machine learning perspective. This state-
ment is qualitatively explained in Section III and quanti-
tatively validated in Section IV: In Section III, we show
that one of our key differences is that we do not need to
distribute all words (refer to the investigation of “What
to distribute”), and we can optimize the distribution de-
sign to be related to the visual word concurrence (refer
to the investigation of “How to distribute”), rather than
simply based on uniform distribution or frequency dis-
tribution of words, both of which are typical solutions in
the distributed IR research.

Distributed Visual Search: Limited research is devoted to
scalable visual search, especially to distribute the visual vocab-
ulary indexing structures. To the best of our knowledge, Maree
et al. [35] reported a pioneer work on distributed image search
with incremental indexing of reference images, i.e., incremen-
tally index additional reference images into the search system.
It adopted a “global indexing” scheme to partition the reference
image collection into multiple groups, each of which is fully
indexed using a randomized vocabulary in each machine. Yan
et al. [36] also proposed a distributed image search architec-
ture [35] for camera sensor networks. However, the search scal-
ability of both works [35], [36] is left unexploited in million
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scale image collections. In addition, both works [35], [36] need
to quantize all features in every server, and hence the quanti-
zation step cannot be paralleled. Furthermore, the inverted in-
dexing search of [35], [36] is accomplished in a rough manner,
where the local ranking is performed over the partial image col-
lection in each server, rather than in the entire dataset.Moreover,
the network traffic of [35], [36] is heavy, as a bunch of local fea-
tures from different machines has to be transmitted to all servers
for quantization and ranking.
In our consideration, the above issues arise from using the

local indexing architecture in [35], [36]. By contrast, the “global
indexing” is more efficient in communication as the quantized
words are only transmitted to its corresponding machine(s). In
this paper, we prefer the “global indexing” scheme to deploy our
distributed visual search system. And as quantitatively shown in
Section IV, we can achieve better performance over the “local
indexing” schemes in [35], [36]. Yet in a more generic sense,
the proposed solution to “What to distribute” can benefit both
“global indexing” and “local indexing”.5 Based on our empir-
ical study, we report that the “global indexing” outperforms the
“local indexing” for the scalable search of over 10 million ref-
erence images.
Likewise, topic models like pLSA and LDA [9], [10] can

also group visual words into discrete subsets, which can be con-
sidered as another sort of vocabulary distribution strategy. The
main difference lies in that topic models [9], [10] work on the
word similarity rather than the word concurrence, the later of
which is our focus. Comparing to topic models in abstracting a
compact topical level image representation, our aim is to parti-
tion concurrent words into multiple machines as uniform as pos-
sible, so as to minimize the parallel computing time andmemory
cost in each individual machine.

III. LEARNING TO DISTRIBUTE VOCABULARY INDEXING

A. Vocabulary Indexing Model

We adopt the Vocabulary Tree (VT) model [5], [7], [16],
[33] to build our initial vocabulary, upon which we deploy the
inverted indexing structure. It is an efficient vector quantiza-
tion scheme that adopts hierarchical k-means to partition local
features into visual words.6 In general, an -depth VT with
-branch produces words. Dealing with millions of
reference images, the previous work [5] typically sets
and . We further denote the vocabulary as

, where is the visual word.
Given a query image with in total local features

, the VT quantizes by traversing the vocabulary
hierarchy to find the nearest word. This procedure converts
into a BoW histogram .
Suppose there are reference images in total. The online

search gives a ranking order to each reference image

5For comparison, we provide quantitative evaluation of our learning based
distribution scheme for both “global indexing” and “local indexing” latter in
Section IV.
6Here, we show the exemplar solution using the VTmodel. But our solution is

general enough for other vocabulary models such as K-means [4], Hierarchical
K-means (Vocabulary Tree) [5], Approximate K-Means [6], and their variances
[6], [13], [14], [32].

. An optimal ranking should minimize the fol-
lowing ranking loss with respect to their BoW similarities:

(1)

where is inverse to the ranking position of image
, e.g., . denotes the TF-IDF
weighting calculated via:

(2)

where denotes the number of local descriptors in ,
denotes the number of local descriptors in

that are quantized into , is the total number of images
in the database, is the number of images
containing , is the Term Frequency (TF) [8] of in
, and is the Inverted Document Frequency (IDF)
[8] of in the entire image collection.

B. Learning a Lossy Vocabulary Distribution

To answer “What to distribute”, we propose to distribute only
partial (not all) visual words to servers. In other words, the
word distribution is “lossy”. To this end, we
discard the not discriminative words and their inverted indices
before distributing them to servers.
More specifically, we aim to learn a dimension reduction ma-

trix to transform into :

(3)

We simplify the learning of as a feature (word)
selection by Boosting. The weak learner is each single word,
and the objective function is to minimize the ranking loss of
transforming to . To this end, we set as a diagonal
matrix, where each diagonal position is either 0 or 1 to denote a
word selection or non-selection.
To quantize the “ranking loss” of transforming to ,

we sample queries from the database as
conjunctive query. For each , we search the top ranked
images using , which returns a list of ranked images

, where is the ranked image:

(4)

For these conjunctive queries, we aim to boost a word subset
from , by using which the new ranking list can approx-

imate the original ranking list of each con-
junctive query. We treat (4) as the ground truth and define an
error weighting vector to , subse-
quently we iteratively select the best word from . At the it-
eration, we have the current non-zero diagonal elements
in . To select the next non-zero element (corresponds
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to the boosted word), we estimate the ranking preservation
of the current as:

(5)

The ranking loss of query relates to the originally
top ranked images (from (4)) and their current posi-
tions, by using to search the reference dataset instead of

; here is inverse to the current
ranking position of the originally ranked image of ,
similar to that in (1); is the error
weighting to measure the ranking loss of the queries,
which applies similar updating rule as the sampling weighting
in AdaBoost. Subsequently, the overall ranking loss is:

(6)

And the best new word at the iteration is selected by
minimizing an overall ranking distortion:

(7)

where is an additive selection matrix that selects
one word from to be added into the new vocabulary as:

(8)

where is a selection vector to select
the word; is a position vector
to map into the new word .
We then update and the error weighting of each re-

spectively as:

(9)

(10)

The entire process is stopped if and only if ,
which defines an adaptive length based on the ranking discrim-
inability of the boosted visual word subset. We summarize our
vocabulary Boosting procedure in Algorithm 1.

Algorithm 1 Building Lossy Vocabulary by Boosting

1 Input: Bag-of-Words signatures ; the
sampled images with their original ranking list

; Boosting threshold ; error weighting vector
; and Boosting iteration ;

2 Pre-Computing: Calculate by (6), calculate
;

3 while do

4 Loss Estimation: Calculate by (6);

5 Codeword Selection: Select by (7);

6 Error Weighting: Update by (9);

7 Transformation Update: Update by (10);

8 ;

9 end

10 Output: The boosted vocabulary .

C. Learning a Uniform Distribution

To answer “How to distribute”, we propose to learn a distribu-
tion function to uniformly partition into (in total) servers:

(11)

where denotes the word is assigned to the server.
Equivalently, we aim for a minimal-cost partition of a D-Node
graph into subgraphs, based upon the visual word concurrence
statistics, in which “cost” measures how uniform can par-
tition local features extracted from a given query into these
severs.
While the real-world query is hard to obtain (we will revisit

the usage of user query logs latter in this section), we leverage
(17) to learn “How to distribute” this “lossy” vocabulary, where
the distribution of server at the iteration is minimized
by:

(12)

where is a renewed word in the new vocabulary, denotes
the distributed server, is the cost to distribute
each renewed word to the server, which replaces
with in (18). The concurrence of and in is esti-
mated by counting images that contain both and . Sim-
ilarly to Section III, we use EM to learn the new distribution

.
In particular, we treat the images (or its sam-

pled subset) as the training data to guide the above graph parti-
tion in (11). Accordingly, the distribution cost of (11) with re-
spect to is defined as:

(13)
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(14)

(15)

where is the server; is the number of local descriptors
that come from and are distributed into .
Subsequently, the cost of a given distribution

is the sum of the costs to distribute each into its corresponding
servers,7 which is measured by their divergence to re-
veal its summarized (overall) load imbalance. For each , we
expect as small as possible. Ideally, a uniform distri-
bution has , which results in . Note that
we use operator to punish the distribution that leads to a high
load imbalance, which hinders the efficient search based on in-
verted indexing files. When each image is distributed across all
servers uniformly, (13) outputs zero, which indicates that such
a distribution configuration is optimal.
Instead of summing up the costs of individual images as

shown in (13), we may estimate the overall distribution cost
from the perspective of servers as:

(16)

which accounts for the overall cost of in total servers. Each
is measured by the number of concurrent local descriptors from
an identical image but being used to search over other servers.
Ideally, each server is assigned by the same amount of words
from the given query. So that (16) would yield zero output,
which means all servers are well running in a distributed search
process.
We apply an iterative process to learn the optimal

. Firstly, words are assigned to the servers to
minimize the cost in (13). Secondly, the divergence of each
is updated to renew this cost. We iterate the above two steps in
an Expectation Maximization manner as follows:
Expectation: Given the word assignment at the it-

eration , at the iter-
ation we assign a given to the server based on:

(17)

where defines the cost from assigning word
to server based on the concurrence between word
and the existing words in :

(18)

where is measured by going through each
word in the server, counting the number of images each
contains both word and word .

7It is possible to distribute each image into multiple servers in the current
“global indexing” setting, since we distribute the visual word subset instead of
the image subset.

Maximization: How to assign words from to its cor-
responding servers depends on the expectation in (17) at the

iteration. As a result, we update the word concurrence
in each server at the iteration as:

(19)

where is calculated likewise as described in
(18).

D. Learning With User Query Logs

In practice, we may easily access to the user query logs (i.e.,
the collection of query photos) or the more frequent (or most
probable queries). For instance, many online web image search
engines can provide frequent user query logs. And more con-
cretely, in mobile landmark search applications evaluated in this
paper, the frequent queries can be accessed by collecting and
parsing the most representative landmark photos.
To investigate the most frequent queries, we perform em-

pirical study by collecting a set of user query photos
(from our real world 10-million landmark search

system as detailed in Section IV) to supervise the above dis-
tribution learning. We inject this frequent query set into the
distribution function learning in two aspects:
First, we plug in the EM estimation, where the concurrence

between and in both (18) and (19) are
updated as:

(20)

where when both and are
and 0 otherwise. The denotes the weight assigned to :

(21)

where is a pre-defined integer to reward a given
images falling into the query log .
Second, to supervise the lossy distribution learning with user

query logs, is included in the sampled queries in
the Boosting of in Section III-B. Hence, we can simply re-
place the conjunctive queries with the query collection
.

E. Final Result Scoring

For the server of the in total servers, we denote its
output ranking list as where is
the number of non-zero scored images selected based on the
inverted indexing based voting, and is the weighted score
(weighted vote) of the ranked image in the server,
where the weight is calculated from TF-IDF weighting [8]. We
fuse the ranking lists from servers, based on which the
score of each image is calculated as follows:

(22)
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where indicates that the ranked image in the
final list is the ranked image from the server.

IV. QUANTITATIVE ANALYSIS

Databases: To quantize the advantages of our learning based
distributed vocabulary indexing, we evaluate on both UKBench
and Oxford Building benchmarks, as well as a 10-million land-
mark image database collected from the web. In particular, both
UKBench and Oxford building provide quantitative evaluations
over the state-of-the-art alternatives, while our 10-million land-
mark dataset provides a large-scale real-world evaluation. We
detail the above datasets as follows:
UKBench [5] contains 10 200 images with 2550 objects, in-

cluding CD-covers, flowers and indoor scenes, etc. There are 4
images per object involving sufficient variances in viewpoints,
lightings, occlusions and affine transforms. And the objective
of this benchmark is to recognize different views of a particular
object.
Oxford Buildings [6] contains 5062 images collected from

Flickr by searching for particular Oxford landmarks. This col-
lection has been manually annotated to generate a comprehen-
sive ground truth for 11 different landmarks, each of which in-
cludes 5 possible queries. In total 55 queries are used to eval-
uate the retrieval performance. For each image of a landmark,
a label is given by: (1). Good: A nice, clear picture of the ob-
ject/building. (2). OK: More than 25% of the object is clearly
visible. (3). Bad: The object is not present. (4). Junk: Less than
25% of the object is visible, or there are very high levels of oc-
clusion or distortion.
10-Million Landmarks Dataset: We have collected over 10

million geo-tagged photos from photo sharing websites of
Flickr8 and Panoramio.9 The data covers typical areas including
Beijing, New York City, Lhasa, Singapore and Florence.
• Training Query Set: We partition photos in each city into
multiple geographical regions using their geographical
tags by k-means. Then, our system randomly selects

photos from every geographical region as the
conjunctive queries to learn “What to distribute”. Sub-
sequently, the top returning photos are collected for
each query using the original BoW histogram. Finally,
assembling all queries and their ranking list, we form a
conjunctive query set for the subsequent learning.

• Ground Truth Labeling for Evaluation: We invite
volunteers to label landmark queries and their correct
matching: For each city, we select the top 30 densest
regions as well as 30 random regions based on the ge-
ographical partition. Since labeling the complete list of
reference images of each query is intensive, in practice we
identify one or more dominant landmark views from each
of these 60 regions.
Then, the near duplicate photos of each query are manually
labeled in thequery’sbelongingandnearby regions.Finally,
300 queries as well as their ground truth ranking lists10 are

8http://www.Flickr.com
9http://www.Panoramio.com
10Here “ground truth” means the ranked image lists obtained by using the

Bag-of-Words histograms in search.

yielded for each city. In total, we have queries for
the overall evaluation over these five cities.

Evaluation Criteria: We evaluate the proposed scheme from
four aspects:
(1) Processing Time, which measures how a distributed in-

dexing scheme outperforms the traditional single server
strategy as well as alternative distribution strategies in
terms of the search latency in seconds.

(2) Speedup, which measures the gain of search accelera-
tion independent of the server configuration and network
connection settings.

(3) Load imbalance, which indicates how well each server
is fully utilized in a more balanced way.

(4) mean Average Precision (mAP), which is to show the
search precision loss when using our proposed lossy dis-
tribution scheme.

Processing Time: We measure the overall time cost as the
maximum cost of a single machine among servers. Given the
extracted local features from a query, each server
utilizes its partial vocabulary and the corresponding inverted
indexing to rank all co-indexed images to the subset of local
features, whose time is denoted as . The overall processing
time is the maximal cost among all servers, denoted as:

(23)

Speedup: To make our measurement more independent to the
different computational capabilities of different machines, we
also measure the speedup before and after distributed indexing
based on a proportional criterion:

(24)

where and are processing time in distributed
servers and single server (without distribution) respectively.
Load Imbalance: This measure calculates the ratio between

the maximum and the averaged processing time costs among
all machines as follows:

(25)

A similar measure is also employed to evaluate the distributed
IR system performance [23], which reflects the balance be-
tween servers, e.g., whether all servers are sufficiently running
or whether partial servers are overloaded.
mAP: We use mean Average Precision (mAP) to compute the

position-sensitive ranking precision of a set of queries based on
the returning list:

(26)

where is the number of queries, is the rank, is the number
of reference images for query , is a binary function on
the relevance of , and is precision at the cut-off rank of



JI et al.: LEARNING TO DISTRIBUTE VOCABULARY INDEXING FOR SCALABLE VISUAL SEARCH 161

Fig. 3. Illustration of the spatial partition of ( to ). With the
similar idea as shown in the above figure, we design the partition for the cases
of 9–20 servers. In principle, when the image can be subdivided into , we
will employ an grids based partition; otherwise we will apply a uniform
left-to-right partition.

. Here, we have a min operation between the top returning
and #-relevant images. In a large scale search system, there are
always over hundreds of ground truth relevant images to each
query. Therefore, dividing by #-relevant-images would result
in a very small mAP. A better alternative to be divided by the
number of returned images. We use min(N, #-relevant-images)
to calculate MAP@N. As is at most 20 in our evaluation
and always smaller than the number of labeled ground truth, we
simply replace min(N, #-relevant-images) with N in subsequent
calculation.11

Parameter Setting and Storage Cost: We extract SIFT fea-
tures [1] for each image in each reference dataset. Based on the
local features, we employ Vocabulary Tree model [5] to build
the initial vocabulary used before the lossy distribution. The
quantization division stops once there are less than 500 SIFT
points in a word node. We denote the hierarchical level as ,
which decides the layers to run the hierarchical clustering. We
denote the branching factor as , which decides the number of
clusters when a given parent cluster at the higher layer is al-
lowed to be split into subsets. This setting produces
words in the finest level at most. In a typical setting, we have

and for both UKBench and Oxford Buildings
benchmarks, which produces approximately 10 000 words at
the finest granularity as visual words. For our 10-million image
database, we have to have approximate 1 million words.
Table II estimates the storage cost in bothmemory and hard disk,
that involves vocabulary, indexing and reference data set. The
adaptive lossy learning is stopped once the ranking preserving
of the boosted words satisfies .
For the rectangle partition, note that we do not unify the as-

pect ratios among different input images in both offline training
and online query. The height and width of each rectangle are
settled adaptively based on the height and width of the input
image, as well as the number of (the number of servers). For
instance, if , we use the regular division as in Fig. 2. The
overlapping ratio is set as 5% between each pair of rectangles.
For different numbers of , we have different partition de-

signs. For each case, we ensure that the partition is as unify as
possible in terms of the spatial area of each rectangle. To facil-
itate our explanation, we draw the following visualization for
partition 1–8 as in Fig. 3:
Distributed Servers and Concurrent Query Configura-

tion: We have successfully deployed a real world distributed
search system in LAN environment that consists of 20 personal
computers (PCs). Each PC is with an with
a 2.4 GHz processor, 16 GB memory, and 2TB hard disk. Each
PC runs Linux kernel 2.6.35 and is connected to each other by

11The min(N, #-relevant-images) operation is a common evaluation in the
TRECVID evaluation (http://trecvid.nist.gov/).

a 10 M Ethernet connection via a 32 port switch. To simulate
the real world search scenario where hundreds of web users
might upload query image simultaneously, we perform quanti-
tative evaluations by running 500 concurrent queries each time.
For both UKBench and Oxford Building datasets, the concur-
rent queries are set identical as the original queries [5], [6]. And
for our 10-Million Landmark dataset, the concurrent queries are
selected as described in Section IV.
Baselines: We carry out five groups of baseline experiments

including single-server indexing, “global” indexing and “local”
indexing, detailed as follows:
“Local Indexing”: A straightforward solution is to maintain

the entire vocabulary in each server, keeping partial image col-
lection indexed, e.g., the proportion of 1/P of the entire image
collection. This is a sort of local indexing mode.
“Local Indexing with Boosting”: Learning “What to dis-

tribute” is employed to perform the local indexing. As a result,
the boosted words are maintained instead of the original vocab-
ulary in each server. Likewise, only partial images of the entire
reference data set are (locally) indexed on each server.
“Direct Distribute” and “Frequency Distribution”: Another

two straightforward distributed indexing schemes are to directly
distribute words in equal partitions, or further based on the word
frequency. For the latter, the most frequent words are itera-
tively distributed to each server, which ensures that most fre-
quent words are distributed more or less uniformly across
servers.
“Lossless Distribution”: Without applying vocabulary

Boosting, learning is lossless as none of words
is discarded in the distribution. It is worth to note that each
server indexes all images that have local descriptors falling into
the word subset assigned to this server. It is a “global indexing”
scheme.
“Lossy Distribution”: This scheme combines the distribution

learning of and the Boosting based word selec-
tion. As a sort of “global indexing”, it addresses both “What to
distribute” (by vocabulary Boosting) and “How to distribute”
(by learning distribution function).
“Lossy Distribution with User Query Log”:We inject the user

query logs to learn the distribution function
(“How to distribute”) as well as the vocabulary Boosting (“What
to distribute”).
“Lossy Distribution with PCA”: As an alternative to Boosting

based lossy distribution, we also test the feasibility of other
BoW feature space compression schemes, for which PCA is
adopted as an alternative approach.
In particular, to evaluate the mAP maintaining capability of

our lossy distribution (Method(5)), we perform comprehensive
comparison with the state-of-the-art vocabulary indexing model
[5], [6], [16] deployed in a single server, including Vocabu-
lary Tree [5], Approximate K Means [6], and Tree Histogram
Coding [16].
Visual Word Concurrence: We first validate the motivation

of our concurrence based visual word distribution scheme. This
fact demonstrates that the straightforward solution (e.g.,Method
(3)) cannot work well in our application scenario. Fig. 4 shows
the visual word concurrence in UKBench. The left to right sub-
figures show the cases of different vocabulary sizes from 100
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Fig. 4. The visual word concurrence matrix at different vocabulary sizes in the UKBench dataset. Each subfigure is a co-occurrence table, with hierarchical levels
to produce 100, 1,000, 10 000 and 100 000 words (red-blue: maximal-minimal concurrence, best view in color). It is obvious that visual words are

highly concurrent and do not show a uniform distribution with the increasing number of words (The less heat colors are due to the effect of normalized distribution
over more visual words.) Even with 100 000 visual words, the distribution map is not smooth. In the above subfigures, the concurrence is based on the entire
dataset, rather than within a single image. For the image-level concurrence, the word distribution would be even highly concurrent.

Fig. 5. The histogram based visualization of learning convergence process,
which shows the convergence of learning the distribution of a test query image
over 20 servers. The volume in each histogram bin indicates the number of local
features falling to each server respectively. Histogram bins reflect the visual
word distribution over 20 servers at different iterations.

to respectively. As shown, these concurrence matrices
are really sparse, where the minority of words are highly con-
current with each other, while the majority of words are rarely
concurrent. Such concurrence observation indicates that words
are fairly separable across groups by nature, which supports the
improvement of speed and load balance in the scenario of dis-
tributed image search.
Visualized Learning Convergence: Fig. 5 visualizes the

convergence procedure of our lossless distribution learning. In
this example, each subfigure corresponds to a certain learning
iteration, and the contours of histogram bins show how the
local features from a given query image (over 300) are dis-
tributed across servers . Note that each bin counts
the number of assigned local features in a given server, which
serves as a sort of estimating the processing time unbalance be-
tween servers. Therefore, more uniform histogram distribution
means that the corresponding search can be performed more
efficiently, as all servers are fully exploited in this search task.
As shown in Fig. 5, the uniform characteristics are incremen-
tally improved from Iterations 1 to 7 by using our distribution
function learning.
Practical Time Comparison: Table I compares the prac-

tical time costs before and after our lossless distribution
learning. While our scheme requires two additional network
communications (e.g., Communication I to transfer words into
distributed servers and Communication II to merge multiple
rankings from servers), the overall time is largely reduced,
since we greatly reduce the load of the most time-consuming
parts, including both local feature extraction and inverted in-

dexing based search. Table III shows the time cost improve-
ments of our query log learning in 20 servers, with a large
margin over learning schemes without query logs. In this eval-
uation, for both lossless and lossy distribution learning (4),
the user queries are collected from the most frequent queries
uploaded to our landmark search system to replace the orig-
inal images that are randomly selected. Note that in
Table III some scores for single server based implementation
is left empty, as it is impossible to maintain a 10-million image
indexing structure within a single server. Fig. 6 further visu-
alizes their distribution of words for several exemplar query
images.
Speedup with Respect to Server Number: We further eval-

uate the speedup of our vocabulary distribution learning by in-
creasing the number of distributed servers. Fig. 7 shows that our
speedup is linear to the server number, when the server number
is less than 20. The possible degenerations mainly come from
the costs of inter-server communications. As shown in the com-
parisons of Fig. 7, the proposed scheme largely outperforms the
local indexing, direct distribution and frequency based distribu-
tion schemes (Methods (1)(3)) (Note that all learning schemes
in this paper perform better than both direct distribution and
frequency based distribution.) In particular, our lossy distribu-
tion learning has achieved the highest speedup, comparing to
both lossless distribution. Finally, incorporating the query logs
can further improve the speedup of the proposed distribution
scheme.
Load Imbalance Improvement: Fig. 8 shows the load

imbalance improvement of the proposed distribution learning
scheme. Comparing to other alternatives, our scheme can more
uniformly partition words based on their concurrence statis-
tics to ensure an extremely low load imbalance. Given a query
image, the extracted local features are less possible to be quan-
tized and dispatched to an identical server. In such a case, the
choice of either lossy or lossless distribution might not bias
the performance of load imbalance. It is worth mentioning
that, although learning based distribution is tackled in the par-
adigm of global indexing, it can be also extended into the
paradigm of local indexing, e.g., distributing image subsets
rather than word subsets into multiple servers with fully in-
dexing vocabularies.
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Fig. 6. Case study of log based learning. Each circle indicates the words’ distribution of a given query in each server, where the length of each radius proportionally
corresponds to the assigned words’ volume on each server (red: the word distribution prior to lossless log learning as of Baseline (6); blue: the word distribution
after lossless log learning as of Baseline (6)).

TABLE III
ONLINE SEARCH TIME COSTS (MS), I.E., THE SEARCH TIME OF
500 CONCURRENT QUERIES ON AVERAGE OVER A DISTRIBUTED

INDEXING SYSTEM WITH 20 SEVERS

Fig. 7. Speedup with respect to the number of servers in 10-Million Land-
marks. x-axis: the number of servers; y-axis: speedup. Lines: 1). Direct dis-
tribution (Method (3)); 2). Frequency distribution (Method (3)); 3). Lossless
distribution (Method (4)); 4). Lossy distribution (Method (5)); 5). Lossy distri-
bution with log (Method (6)); 6). Local indexing (Method (1)). The performance
is based on 500 concurrent queries on average, with different settings of 1 to 20
servers.

Search Accuracy vs. Lossy Distribution: Fig. 9 shows the
search accuracy distortion with respect to the vocabulary com-
pression rate in lossy distribution. Fig. 10 shows the gain of time
saving. The search accuracy is measured by mAP, and the lossy
distribution is measured by the vocabulary size, as shown in the
subfigures of Fig. 9. In both Oxford Buildings and 10-Million
Landmarks, we have achieved comparable mAP with less than
10% visual words. As shown in the right subfigures of Fig. 9, by
incorporating query log learning and lossy distribution learning,
the overall search speed is further improved with limited mAP
distortion but a relatively small vocabulary. And comparing to
the state-of-the-arts [5], [6], [16], our lossy distribution achieves
comparable or even better performance, due to our Boosting
based word selection can keep the most discriminative words
that effectively hinder a big distortion of image ranking results.

Fig. 8. Load imbalance comparisons in the 10-Million Landmarks dataset with
respect to the number of servers in distributing vocabulary indexing. The com-
paring methods include: 1). Direct distribution (Method (3)), 2). Frequency dis-
tribution (Method (3)), 3). Lossless distribution (Method (4)); 4). Lossy dis-
tribution (Method (5)); 5). Lossy distribution with log (Method (6)); 6). Local
Indexing (Method (1)). The performance is based on 500 concurrent queries on
average, with different settings of 1 to 20 servers.

Fig. 9. Retrieval mAP vs. Vocabulary sizes in (a) Oxford Building data set and
(b) 10-Million Landmark dataset. Comparing methods in the above subfigures
include: 1. Lossy Learning (Method (5)); 2. Vocabulary Tree [5]; 3. Approxi-
mate K Means [6]; 4. Tree Histogram Coding [16]; 5. PCA based unsupervised
BoW feature space compression. Note that Approximate K Means on Oxford
Buildings reported in [6] is also included for comparison. In our 10-Million
Landmarks dataset, the state-of-the-art compact vocabulary scheme based on
Tree Histogram Coding in [16] is also compared, as an alternative solution to
“What to distribute”.

In addition, as can be seen from the Fig. 9, PCA based
selection is not as good as our boosting based word selec-
tion. In addition, dealing with million-scale visual vocabulary
(containing 0.1 million visual words), PCA is much less
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Fig. 10. (a) Comparison of maximal processing time over all servers.
(b) mAP@10 when crashing 20% servers for both global indexing (GI) and
local indexing (LI) Comparing methods in the above subfigures include: 1.
(Lossless) Direct Distribution (Method (3)); 2. (Lossless) Frequency Distribu-
tion (Method (3)); 3. (Lossless) Learning based Distribution learning (Method
(4)); 4. Direct Distribution + Lossy Boosting; 5. Frequency Distribution +
Lossy Boosting; 6. Learning based Distribution + Lossy Boosting (Method
(5)); The above experiments are conducted over our 10-Million Landmarks
data set, in which the queries are selected according to the rule introduced at
the beginning of Section IV. (For more details on how different methods work,
please refer to the “Baseline” description in Page 9).

efficient than Boosting. And meanwhile, our solution is a su-
pervised, linear feature selection while PCA is an unsupervised,
non-linear feature compression.
Global Indexing vs. Local Indexing: Quantitative compar-

isons in Figs. 7 and 8 and Table I show that the “global indexing”
performs better than the “local indexing”. In Fig. 8, our global
indexing achieves comparable performance of load imbalance
to local indexing. Note that the local indexing is claimed to ex-
hibit better performance of “load imbalance” in the traditional
information retrieval systems [23]. However, as local indexing
needs to dispatch all words into each server to complete search,
it is less effective to handle the concurrent queries. In addition,
by maintaining the entire one million vocabulary in each server,
local indexing incurs more memory cost. Finally, it is worth
mentioning that despite the comparisons in Figs. 7 and 8, and
Table I, our “What to distribute” can be employed in both local
and global indexing, as shown in Fig. 10.
When Partial Servers Crash: Finally, we validate the

robustness of our learning based distribution. An empirical
finding is that our distribution can also improve the robustness
when partial servers were disconnected from the network due to
crashing or other reasons. We simulate the scenario of crashing
partial servers to test the performance of both our learning
based distribution scheme and other alternatives. As shown in
Fig. 9, our scheme achieves comparable performance to the
case that all servers work well. This is attributed to that our
scheme distributes words uniformly to all servers, and hence
can essentially deal with the case of server crashing from a
partial matching perspective (as one of the advantages of BoW
based search). Unfortunately, for local indexing [23], to retrieve
images in the crashed servers would definitely fail, since those
images are not indexed in any other servers.

V. CONCLUSIONS AND FUTURE WORK

We propose a novel learning based distributed vocabulary in-
dexing architecture. As qualitatively evaluated, this architecture
is suitable for scalable visual search by using standard PCs. To
tackle the challenges in distributed indexing, we propose two es-
sential issues, i.e., “What to distribute” and “How to distribute”.
We have addressed both issues from a machine learning per-
spective. We formulate “What to distribute” as the problem of
lossy vocabulary Boosting, which discards “less meaningful”
visual words prior to distributing them to multiple servers. We
formulate “How to distribute” as the problem of learning a uni-
form distribution function, which exploits the concurrence sta-
tistics of visual words to distribute words of a given query as
uniformly as possible, minimizing the overall search latency
through multiple servers. Furthermore, to simulate the practice
in online image search, we propose to impose the query history
into the distribution function learning, which greatly improve
search accuracy over popular image search engines with rich log
of frequent queries. We have successfully deployed a real-world
distributed image search system over a 10-million landmark
image collection. Extensive comparisons have demonstrated the
advantages in speedup and precision over the state-of-the-art
vocabulary indexing [5], [6], [16] in either a single server or
multiple servers [23]. More importantly, we have shown the
robustness of global indexing; that is, our global indexing ap-
proach normally would not lead to the weakness of completely
missing relevant images in “local indexing”. Finally, our pro-
posed learning based distributed indexing strategy is actually
open to most existing visual vocabularies, e.g., [4]–[6], [16],
[17], [34] to cope with the massive web image collections.
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