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ABSTRACT 

Approximate nearest neighbor (ANN) 

search has achieved great success in many tasks. 

However, existing popular methods for ANN 

search, such as hashing and quantization 

methods are designed for static databases only. 

They cannot handle well the database with data 

distribution evolving dynamically, due to the 

high computational effort for retraining the 

model based on the new database. In this paper, 

we address the problem by developing an online 

product quantization (online PQ) model and 

incrementally updating the quantization 

codebook that accommodates to the incoming 

streaming data. Moreover, to further alleviate 

the issue of large scale computation for the 

online PQ update, we design two budget 

constraints for the model to update partial PQ 

codebook instead of all. We derive a loss bound 

which guarantees the performance of our online 

PQ model.  

I. INTRODUCTION 

ANN search in a dynamic database has a broad 

applications in reality. For instance, countless 

articles are produced and refreshed on 

hourly/regular routine, so a news seeking 

framework [1] requires to help news theme 

following and recovery in an oftentimes 

changing news database. For article 

identification in video observation [2], video 

information is persistently recorded, with the 

goal that the separations between/among 

comparative or disparate items are ceaselessly 

evolving. For picture recovery in unique 

databases [3], applicable pictures are recovered 

from a continually changing picture 

accumulation, and the recovered pictures could 

along these lines be distinctive after some time 

given a similar picture inquiry. In such a 

situation, ongoing question should be addressed 

dependent on every one of the information 

gathered to the database so far lately, there has 

been an expanding worry over the computational 

expense and memory necessity managing 

ceaselessly developing substantial scale 

databases, and in this way there are numerous 

web based learning calculation works [4], [5] 

proposed to refresh the model each opportunity 

spilling information coming in. In this manner, 

we consider the accompanying issue Given a 

dynamic database condition, build up a web 

based learning model obliging the new spilling 

information with low computational expense for 

ANN seek. demonstrate that hashing based ANN 

methodologies can be adjusted to the dynamic 

database condition by refreshing hash capacities 

pleasing new spilling information and afterward 

refreshing the hash codes of the leaving put 

away information by means of the new hash 

capacities. Seeking is performed in the 

Hamming space which is proficient and has low 

computational expense. Nonetheless, a 

significant issue that these works have not 

tended to is the calculation of the hash code 

support. To deal with the gushing style of the 

information, the hash capacities are required to 

be every now and again refreshed, which will 

result in steady hash code recomputation of all 
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the current information in the reference 

database. This will definitely bring about an 

expanding measure of update time as the 

information volume increments. What's more, 

these web based hashing approaches require the 

framework to keep the old information with the 

goal that the new hash code of the old 

information can be refreshed each time, 

prompting wastefulness in memory and 

computational burden. Along these lines, 

computational multifaceted nature and capacity 

cost are as yet our significant worries in building 

up a web based ordering model.  

 

Item quantization (PQ) is a powerful and 

effective elective answer for ANN look. PQ 

parcels the first space into a Cartesian result of 

low dimensional subspaces and quantizes every 

subspace into various sub-code words. Along 

these lines, PQ can deliver countless words with 

low stockpiling expense and perform ANN look 

with reasonable calculation. Besides, it saves the 

quantization mistake and can accomplish 

acceptable review execution. In particular, not at 

all like hashing-based techniques speaking to 

every datum occurrence by a hash code, which 

relies upon a lot of hash capacities, quantization 

based strategies speak to every datum case by a 

file, which partners with a code word that is in a 

similar vector space with the information 

example. In any case, PQ is a cluster mode 

strategy which isn't intended for the issue of 

pleasing gushing information in the model. In 

this way, to address the issue of taking care of 

gushing information for ANN inquiry and 

handle the test of hash code recomputation, 

we develop an online PQ approach, which 

updates the code words by streaming data 

without the need to update the indices of the 

existing data in the reference database, to further 

alleviate the issue of large scale update 

computational cost. 

II. EXISTING SYSTEM 

 Existing hashing methods are grouped in 

data-independent hashing and data-

dependent hashing. One of the most 

representative work for data-

independent hashing is Locality 

Sensitive Hashing (LSH) [20], where its 

hashing functions are randomly 

generated. LSH has the theoretical 

performance guarantee that similar data 

instances will be mapped to similar hash 

codes with a certain probability. Since 

data-independent hashing methods are 

independent from the input data, they 

can be easily adopted in an online 

fashion.  

 Data-dependent hashing, on the other 

hand, learns the hash functions from the 

given data, which can achieve better 

performance than data independent 

hashing methods. Its representative 

works are Spectral Hashing (SH) [19], 

which uses spectral method to encode 

similarity graph of the input into hash 

functions, IsoH [18] which finds a 

rotation matrix for equal variance in the 

projected dimensions and ITQ [17] 

which learns an orthogonal rotation 

matrix for minimizing the quantization 

error of data items to their hash codes. 

 To handle nearest neighbor search in a 

dynamic database, online hashing 

methods have attracted a great attention 

in recent years. They allow their models 

to accommodate to the new data coming 

sequentially, without retraining all 

stored data points. Specifically, Online 

Hashing, AdaptHash and Online 

Supervised Hashing are online 

supervised hashing methods, requiring 

label information, which might not be 

commonly available in many real-world 

applications. Stream Spectral Binary 
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Coding (SSBC) [9] and Online 

Sketching Hashing (OSH) are the only 

two existing online unsupervised 

hashing methods which do not require 

labels, where both of them are matrix 

sketch-based methods to learn to 

represent the data seen so far by a small 

sketch.  

 However, all the online hashing 

methods suffer from the existing data 

storage and the high computational cost 

of hash code maintenance on the 

existing data. Each time new data 

comes, they update their hash functions 

accommodating to the new data and 

then update the hash codes of all stored 

data according to the new hash 

functions, which could be very time-

consuming for a large scale database. 

 

Disadvantages 

o There is no Online Hashing 

Methods for Online Product 

Quantization. 

o There is no ANN search instead 

kNN Search Methods. 

 

III. PROPOSED SYSTEM 

 In the Proposed system, the system 

implemented Product quantization (PQ) 

which is an effective and successful 

alternative solution for ANN search. PQ 

partitions the original space into a 

Cartesian product of low dimensional 

subspaces and quantizes each subspace 

into a number of sub-code words. In this 

way, PQ is able to produce a large 

number of code words with low storage 

cost and perform ANN search with 

inexpensive computation. Moreover, it 

preserves the quantization error and can 

achieve satisfactory recall performance. 

Most importantly, unlike hashing-based 

methods representing each data instance 

by a hash code, which depends on a set 

of hash functions, quantization based 

methods represent each data instance by 

an index, which associates with a 

codeword that is in the same vector 

space with the data instance.  

 

 However, PQ is a batch mode method 

which is not designed for the problem of 

accommodating streaming data in the 

model. Therefore, to address the 

problem of handling streaming data for 

ANN search and tackle the challenge of 

hash code recomputation, the system 

develops an online PQ approach, which 

updates the code words by streaming 

data without the need to update the 

indices of the existing data in the 

reference database, to further alleviate 

the issue of large scale update 

computational cost. 

Advantages 

 The Proposed product quantizer in PQ, 

on the other hand, updates the code 

words in the codebook, but it does not 

change the index of the updated code 

words of each data point in the reference 

database. 

 To handle nearest neighbor search in a 

dynamic database, online hashing 

methods have attracted a great attention 

in the proposed system. 
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VI. SYSTEM ARCHITECTURE  

 

In this paper, quantization strategy is proposed 

to limit the quantization mistake and 

furthermore diminish the computational 

expense. The design itself speaks to the modules 

of the quantization approach by accomplishing 

the State-of-workmanship strategy. At first the 

inquiry is given to locate the mean squared 

blunder and afterward applies the iterative way 

to deal with locate the rough closest neighbor 

look. The design demonstrates the progression 

of result getting structure every module in the 

accompanying fig.1. In the assurance of 

subspaces approach, the relative subspaces is 

characterized and after that for every subspace, 

the bits are dispersed among measurements are 

acquired. The quantity of measurements of a 

subspace is resolved by the bit assignment 

methodology. The different relative subspaces 

are acquainted all together with limit the mistake 

created by the projection onto a subspace. Since 

numerous PCAs are utilized to create the 

projection frameworks, the measurable 

conditions between measurements have been 

limited i.e., quantization can be performed freely 

on each measurement and the code vector can be 

gotten as a Cartesian result of quantized 

qualities. The diminished number of 

measurements for a subspace is the quantity of 

measurements which has somewhere around one 

allotted piece. When the subspaces and their 

number of measurements are set up, the 

quantizers are gotten and each example from the 

preparation set is doled out to its new bunch. At 

last the bunches are refreshed. So as to figure the 

quantization mistake for all subspaces, the 

example ought to be anticipated onto every 

subspace and quantized by the relating 

subquantizer.  

 

While [11] demonstrates that the utilization of 

various PCAs improves the recovery execution, 

advancing the centroids together with relative 

subspace clustering as proposed in this paper has 

shown to outperform the state-of-the-art 

methods. 

 

V. MODULES 

In the load dataset module, the admin loads the 

dataset and then user sends the query request for 

approximate nearest neighbor search. Now the 

admin will apply the iterative approach to 

minimize the quantization error. In the mean 

squared quantization module, the admin 

compute the mean squared quantization error by 

using the following formula. The admin also 

finds the number of rows in data 
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Similarly in the iterative approach module, it 

will define the assurance of subspaces, bit 

distribution, scalar quantization and after that 

gives the bunch updates to demonstrate all the 

estimated closest neighbors. First it is intended 

to characterize the relative subspaces and after 

that for every subspace, the bits are dispersed 

among measurements are gotten. The different 

relative subspaces are acquainted all together 

with limit the blunder created by the projection 

onto a subspace. Since numerous PCAs are 

utilized to create the projection lattices, the 

factual conditions between measurements have 

been limited i.e., quantization can be performed 

freely on each measurement and the code vector 

can be acquired as a Cartesian result of 

quantized qualities. The quantity of 

measurements of a subspace is resolved by the 

bit portion methodology. When the subspaces 

and their number of measurements are set up, 

the quantizers are gotten and each example from 

the training set is assigned to its new cluster. 

Finally the clusters are updated.  

VI. CONCLUSION 

 In this, a novel vector quantization algorithm is 

proposed for the estimated closest neighbor seek 

issue. The proposed strategy investigates the 

quantization focuses in relative subspaces 

through an iterative procedure, which together 

endeavors to limit the quantization mistake of 

the preparation tests in the scholarly subspaces, 

while limiting the projection blunder of the 

examples to the comparing subspaces. It is 

likewise appeared, measurement decrease is a 

significant wellspring of quantization blunder, 

and by abusing subspace bunching systems the 

quantization mistake can be diminished, 

prompting a superior quantization act. This 

technique has demonstrated to beat the condition 

of-the-artmethods, with equivalent 

computational expense and extra stockpiling 
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