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Abstract— We propose a new type of Dictionary-based Entity recognition problem named AML (Approximate 
Membership Localization). AME (Approximate Membership Extraction) provides an extraction of the truly matched 
substrings in the given documents. But there are many redundancies that may cause a low efficiency of the AME process 
which leads to the degradation in the performance. The AML targets at locating non-overlapped substrings. In order to 
increase the efficiency the AML performance we use a new algorithm called the P-Prune algorithm.   
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I. INTRODUCTION 
 

HE task of entity recognition problem is to identify 
the entities namely person names, products in the 
given document. Within the larger dictionary the 
entity recognition problem changes into a Dictionary 
Based Membership Checking problem which aims at 
finding all possible substrings that match a given 
reference. The approximation function is usually 
constrained by the similarity function and threshold 
value but they allow a slight mismatch between the 
substrings. Dictionary Based Membership Checking 
is now represented as the AME Approximate 
Membership Extraction (AME) which is used for 
finding the substrings from the given document that 
can match any reference. Since AME generates 
redundant substrings it is not suitable for real time 
tasks. 
We propose AML (Approximate Membership 
Localization) which is used for locating the non-
overlapped substrings. The string with the highest 
similarity is qualified as result.  The results of AML 
are much closer to the truly matched pairs. One way 
to obtain a better result is to remove the redundant 
pairs which may fall in one of the two categories: 
1. Boundary Redundancy: In a document if there is a 
substring m1 that matches with an entity r1 there can 
several substrings m2, m3… that can match with the 
same entity r1. 
Multiple-Match Redundancy: In a document if there 
is substring m1 which matches with an entity r1 there 
can be substring m2 that can match with an entity r2 
and so on. 
In order to solve the efficiency problem of AML we 
propose an algorithm named p-prune which prunes a 
large part of overlapped redundant matched 
substrings.  
 
II. RELATED WORK 
 
Named Entity Recognition (NER) also known as 
Named Entity Extraction has been under study. 

Cohen and Sarawagi used dictionaries for entity 
recognition. AME is used for finding the substrings in 
a given document. For a given reference the 
similarity function is checked and the substrings with 
a greater threshold value are chosen as the selected 
substring.   AME proposes two approaches namely 
deterministic and in deterministic approach. Given a 
string all the substrings with in the distance within the 
specified threshold are found out. Yao and Yao 
proposed solutions for smaller threshold values. In 
deterministic approaches is used for finding out all 
the substrings of the document and several algorithms 
were also found out by using filtration and 
verification framework. 
In the filtration step large percentage of substrings are 
filtered by using various schemes proposed in. In the 
verification step the similarity between the substrings 
are calculated. The Aho-Corasick algorithm is used 
for finding the substrings that exactly matches with 
the dictionary. It contains two links: go to link and 
failure link. The AML or AME problem is reduced to 
“Approximate String Matching” when there is only 
one member in the reference list which is used for 
finding the strings approximately. Approximate 
String Matching is again reduced to “Multi pattern 
matching”which is used for finding all occurrences of 
the pattern.  
One way to overcome the problem is to build a tree 
using the Aho-Corasick Algorithm which is used to 
reduce the number of comparisons between the 
strings and the pattern. But this technique only works 
for exact matches. Chakrabarti proposed a constraint 
based on the boundary redundancy which says that 
the first and the last tokens in the substrings must be 
present in the dictionary. But this can only applied 
when all the substrings and the reference pairs are 
generated completely. 
 
III. THE WEB-BASED JOIN FRAMEWORK 
 
In this section, we will present the web-based join 
frame work. 

T 
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A. Related work on Approximate Join 
Definition 1(Approximate join problem).Given two 
types of string R and S, a similarity function and a 
similarity threshold is used to find all pairs of strings. 
Previous works were based on designing suitable 
similarity functions, but it is impractical for a single 
one to be effective in all domains. Most approaches 
focus on the textual similarity Such as edit distance 
and its variations, token based cosine similarity. 
Syntactic similarity is not effective for the real- world 
entity. To overcome this limitation we use correlation 
or cocitations or coinage between reference strings 
within the data set. 
We propose the web-based join using web 
documents’ collected by a web search engine. The 
original reference list is extended with IDTokenSets. 
Identifying Token Set of an entity string is the subset 
of token present in the string. The approximate entity 
matching problem against the original reference is 
reduced to an exact entity matching problem against 
the extended reference. 
 
B. Proposed Framework 
There are two scenarios list of elements K with an 
attribute K.A and a reference list L with an attribute 
L.B. The problem is to create an intermediate table 
KL which contains the correlation between the two 
attributes K.A and L.B to perform join between K 
and R. 
The information is stored based on the AML 
algorithm.   

 
 

C. Scoring Correlations 
This approach is used for setting the threshold to 
perform the join. For a given value K.a of K.A we 
discover three parameters: 
1. Frequency: The total number of times the reference 
is mentioned in the document. 
2. Distance: The distance between the reference and 
the position K.a. 
3. Document Importance: The ranks of the document 
retrieved in the web. 

The Scoring approach is used for mentioning the 
number of times the reference is mentioned in the 
document. The nonoverlapped substrings are found 
out and matched with the reference and extracted. 
The strings with largest similarity are referred to as 
best matched substring. 
 
Definition 2 (AML).The reference b in the Reference 
list L is matched with the substrings d in the 
document D and the one that overcomes the similarity 
function above the given threshold is chosen and 
localized.  
 
IV. ALGORITHMS 
 
D. AME-Based AML 
AME is super set of AML results. One way to solve 
AML is to remove the redundant pairs in the AME 
results. There are two constraints proposed for 
pruning redundancies: 
1. Boundary Constraint: For a substring to match with 
an entity, this constraint says that the first and the last 
tokens of the substring should be present in the entity. 
2. Nonoverlapped Constraint: Let us consider two 
substrings s1, s2 and two entities e1, e2 such that the 
entities can be same.  The similarity function of (s1, 
e1) and (s2, e2) are calculated. The one with the 
greater similarity is chosen as the best matched 
substring. 
 

 
 

 
The AME algorithm for AML is as follows which 
uses a filtration-verification framework. 
 Filtration Step: The boundary redundancies are 
prevented by using boundary constraints. 
 Verification Step: The overlapped redundancies are 
removed by using Nonoverlapped constraints. 
 
E. Potential Redundancy Prune 
The AME based AML algorithm used time resources 
for identifying the unqualified redundant matches. So 
to solve efficiently we use the P-Prune algorithm.  P-
Prune algorithm filters the redundant substrings 
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before their generation. P-Prune algorithm shows 
much efficiency than AML. 
AML only considers the best matched substrings in a 
document.  
Idea: P-Prune subdivides the document M into 
subdocuments where each subdocument is a 
consecutive substring of the document. 
The problem is finding the best matched substrings in 
the subdocument. If there is at least one best matched 
substring in the document it is easier to find the best 
match substring. 
  
Definition 3 (Domain) .A domains D is a 
subdocument of  
M where there is at least only one best match 
substrings in D. If a given entity E is the only match 
with the possible reference then that corresponds to 
the best matched substring in D. 
 
a) Generating Domains from Document 
To generate domains from M, we have to consider all 
the reference entities. Here we consider the prefix 
signature scheme which can be used to generate the 
prefix signature for each entity. If the substring m 
from M matches with an entity E there should at least 
one word from the prefix signature r. We call these 
words in the prefix signature as strong words. 
    The prefix signature scheme is a special case of the 
k-signature scheme. 
 
b) Generating Best Matches from Domains 
In a domain D of entity r, each matched substring of r 
is a candidate best match substring of the domain, 
with that one of them being the best the match 
substrings. 
Given a domain D of entity r, we need to generate all 
the possible matched substrings from that domain and 
then compute the similarity between each substrings 
and the entity string r. 
We generate an algorithm which is used for the 
removal of the unnecessary substrings that are 
impossible to match with r. 
The algorithm proceeds as follows:   
Definition 4 (Segment and interval).In a domain D of 
entity string e, the consecutive word present in e 
composes a segment in D. The consecutive word 
absent in e composes an interval in D. The segment 
that contains strong words of D is the strong segment 
in D. 
Segment Indivisible Constraint: In a domain of e, 
each segment cannot be divided when matching with 
e that is each segment should either be contained in 
matched substring or nonoverlapped with the 
matched substring. 
 
Candidate Match Generation: 
Given a domain D of e divided into several segments 
and intervals, with referring to the strong 
segment. Intuitively, any possible match substring of 
e should contain , such that we only need to 

consider substrings containing . The detailed 
algorithm is described below, where cur is the 
substring we are processing, Active is the active 
substrings set , and CandSet is the candidate match 
substring set: 
 Step 1: We set cur = and put it into Active. If 
Sim(Cur, e) > d, we put cur as a candidate substring 
into   CandSet. 
 Step 2: Each time the adjacent segment on the left 
of cur and the interval between them are added to cur, 
this new cur is put into Active. If sim(Cur,e)> d, we 
also output cur as a candidate substring. This step 
repeats iteratively until there is no new segment on 
the left of cur. 
 Step 3:We get the unprocessed segment closest to 

 on the right. For each substring cur in Active, 
we refresh it by adding the new segment (and the 
interval adjacent to it on the left) to cur. If sim(Cur, e) 
> d, we output cur into CandSet. If |cur| > L, then we 
should remove cur from Active. This step also repeats 
iteratively until there is no more new segment on the 
right side of . 
 
Best Match Localization: 
We consider the best matches from the 
nonoverlapped domains and the overlapped domains. 
For the overlapped domains, we have to generate all 
the match substrings and sort them according to the 
similarity to the corresponding entities. The best 
matched substrings are obtained by using the 
nonoverlapped constraint that is for the overlapped 
candidates the one with the largest similarity to its 
matching reference will remain. 
For the nonoverlapped domain, since there is no 
overlap with the other domains, we need to select the 
best match within the domain. The string str will be 
the bestmatched substring in the domain of e is there 
is no other matched substring that overlapped with 
str. If there is an overlapped substring it is chosen as 
str1. If the similarity function of (str,e) >(str1,e) then 
str can be the bestmatch substring of e, or else str1 
will be the bestmatch substring of e. 
 
F. Pruning Window Domains 
For large lists, the number of these window domains 
especially overlapped ones, can become an issue. 
Hence we introduce how to prune domains that does 
not contain best match substring and also how to 
minimize the size of remaining domains. 
The three prune strategy is given below: 
Prune 1 (Weight Pruning). A domain should be 
removed if the sum of weight of all segments of all 
domains is smaller than the weight. 
Prune 2 (Interval Pruning).In a domain there is an 
interval whose weight is larger than the weight on the 
left side of the strong segment, then this interval and 
other segments along with the intervals on the left 
side should be removed from the domain. 
Prune 3 (Boundary Pruning).The leftmost and 
rightmost of a domain should be two segments. 
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 The first strategy prunes unqualified domains from 
the domain set, while the second and the third 
strategy minimize the size of other domains. We first 
apply the weight pruning to all domains then interval 
pruning and boundary pruning is applied to remaining 
domains. 
 
G.   P-Prune Algorithm 
 For the detailed P-prune algorithm given a reference 
list R, inverted index is built over the words and the 
strong words of each reference are also selected and 
the window domains are also selected. Each domain 
is represented by  where  

 refer to the starting and ending position of the 
domain in M, r is the unique reference. 
  Starting from the beginning position of M, we do: 
 Step 1:  We step into the next new word position 

 word  
 Step 2: We remove the first domains from 

 ,until it cannot satisfy 
 

 Step 3: For each domain D =  
in   presents in r, it becomes a word in 
D’ssegment, otherwise it becomes a word in D’s 
interval. The Interval Pruning strategy is applied to 
all generated intervals. If , the 
Boundary Pruning and Weight Pruning are applied as 
well. 
 Step 4: If  is not included in any range of 
domains or it already reaches the ending position of 
M, then the function LocateBestMatch is called to 
generate the bestmatch substrings from all domains in 

. 
 Step 5: We do step 1 to step 4 iteratively, until 

 reaches the ending position of M. We output 
all bestmatch substrings we learn. 
 
V. EXPERIMENTAL STUDY 
 
Our experimental study is based on real world data 
sets. The experimental environment consist of an 
Intel 2.13 GHz Pentium Dual-Core processor,2GB 
memory with Windows XP professional or Windows 
7 OS. All the approaches are implemented using Dot 
net technology. 
 
H.  Search-Based Entity Matching Evaluation 
To evaluate the performance we construct the 
following data set: 
We manually create the author list, user list and 
admin. Each record contains book title along with the 
book details for uploading a book. 
 
1) WebPages versus Snippets 
Web-based join framework retrieves the web 
documents. A web document is the webpage returned 
by the web search engine. Light weight web 
document is known as a snippet .It is generally 
presented according to the ranking list. Using 

snippets is more efficient than using the WebPages, 
since information loss can occur in original 
WebPages. 
To measure this effectiveness we compare the 
experimental results to provide an evidence of using 
snippets is better performance than using WebPages. 
 
2) AML versus AME 
In order to differentiate the AML and AME in a 
search based method we compare the join precisions 
of search based method using AME results or AML 
results as the locations of the reference in the 
retrieved documents. 
 
For AME we use the EvIter algorithm for more 
efficiency. The other algorithm also includes 
WebJoin+AML which is AME based algorithm or 
WebJoin+AML which is P-Prune algorithm. 
WebJoin+AME reaches a higher recall than AME 
based are P-Prune algorithm. The join performance of 
P-Prune algorithm is more efficient than AME based 
algorithm. 
The proportion of redundancy is got by comparing 
with the number of redundant results which provides 
the true match or best match results on all data sets. 
 
3) Web-Based Join versus Other join Methods  
  We compare the join results of WebJoin+AML with 
several join methods: 
 
 IDTokenSets:The search based method expands 
the given reference list with IDTokenSets with each 
of its entities. 
 Token-based: It takes the string as a token set and 
calculate the similarity between two token sets by 
assigning weights to words and calculating the cosine 
similarity between similar word sets. 
 Edit-distance: It measures the similarity between  
the strings according to the minimum number of edits 
needed to transform one string into the other. 
The P-Prune algorithm is used for AML component 
along with the IDTokenSets reaches its best 
performance. 
 
I. The AML Algorithm Evaluation 
 
 We evaluate the efficiency of two proposed 
algorithms: 
AME-based and P-Prune based on the data sets  
 
1)  Efficiency of AML Methods 
The redundancies within the AME results is more 
than the best match results, the AME-based algorithm 
spends extra time for generating and removing those 
redundancies. The P-Prune method prunes potential 
redundant substrings before generating them which is 
more efficient than AME-based approach. 
The running time of P-Prune algorithm is nearly 40 
times faster than AME-based algorithm. The 
difference between the data sets can be explained by 
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the variation in the average length of references. For 
longer entity names in the reference list the domains 
overlap with each other. The efficiency of finding 
best match substrings in the P-Prune algorithm does 
not rely on similarity threshold. 
 
2) Parameter Effect in P-Prune  
  In addition to the similarity threshold and the 
average length of references along with the 
parameters can influence the performance of P-Prune 
which includes the substring length threshold, the 
dictionary size, the query document size. 
 
 We evaluate the efficiency of P-Prune using various 
parameters based on the data sets and record the 
results. The performance of P-Prune for various 
length thresholds shows that the running time 
gradually increases as the substring increases. The 
efficiency of P-Prune is also linear to the size of the 
dictionary and length of the query document. 
 
CONCLUSION 
 
Thus we have aimed in providing an approximate 
membership localization within a web based join 
framework by using the AML and the AME 
algorithm and thus increased the efficiency with the 
help of the P-Prune algorithm. 
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