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Abstract:

In

information retrieval, information extraction is important that extracts the relation which exists between two
entities. The different types of semantic relation exist between different entities. Information retrieval deals with the
representation, access storage, organization of information items. A relation can be expressed extensionally by stating
all the instances of that relation or intentionally by defining all the paraphrases of that relation. For example,
consider the ACQUISITION relation between two companies. An extensional definition of ACQUISITION contains
all pairs of companies in which one company is acquired by another (e.g. (YouTube, Google) or (Powerset,
Microsoft)). On the other hand we can intentionally define ACQUISITION as the relation described by lexical
patterns such as X is acquired by Y, or Y purchased X, where X and Y denote two companies. We use this dual
representation of semantic relations to propose a novel sequential co-clustering algorithm that can extract numerous
relations efficiently from unlabeled data. We propose a method to adapt an existing relation extraction system to
extract new relation types with minimum supervision. Our proposed method comprises two stages: learning a lowerdimensional projection between different relations, and learning a relational classifier for the target relation type with
instance sampling. We evaluate the proposed method correctly classifies 53 relation types in an online social network
containing 470, 671 nodes and 35, 652, 475 edges, thereby demonstrating its efficiency in real-world relation detection
tasks.
Keywords: Domain Adaptation, Entities, Open IE, Relation Extraction, POS tagging.
I.
INTRODUCTION
Searching for information about people in the web is one of the most common activities of internet users. Around 30
percent of search engine queries include person names [1], [2]. However, retrieving information about people from web
search engines can become difficult when a person has nicknames or name aliases. For example, the famous Japanese
major league baseball player Hideki Matsui is often called as Godzilla on the web. A newspaper article on the baseball
player might use the real name, Hideki Matsui, whereas a blogger would use the alias, Godzilla, in a blog entry. We will
not be able to retrieve all the information about the baseball player, if we only use his real name. Identification of entities
on the web is difficult for two fundamental reasons: first, different entities can share the same name (i.e., lexical
ambiguity); second, a single entity can be designated by multiple names (i.e., referential ambiguity). For example, the
lexical ambiguities consider the name Jim Clark. Aside from the two most popular namesakes, the formula-one racing
champion and the founder of Netscape, at least 10 different people are listed among the top 100 results returned by
Google for the name. On the other hand, referential ambiguity occurs because people use different names to refer to the
same entity on the web. For example, the American movie star Will Smith is often called the Fresh Prince in web
contents. Although lexical ambiguity, particularly ambiguity related to personal names has been explored extensively in
the previous studies of name disambiguation [3], [4], the problem of referential ambiguity of entities on the web has
received much less attention.
The World Wide Web contains numerous real-world entities connected by numerous semantic relations.
Identifying the relations between entities is of paramount importance for numerous tasks on the Web such as information
retrieval [6], information extraction [5], and social network extraction [7]. A semantic relation that exists between two
given objects (e.g., concepts, words, or named-entities) can be defined in two ways [8]: extensionally or intentionally. An
extensional definition of a concept formulates its meaning by specifying every object that falls under the definition of the
concept. On the other hand, an intentional definition of a concept formulates its meaning by specifying all the properties
that are necessary to reach that definition. For example, consider the ACQUISITION relation between two companies.
An extensional definition of the ACQUISITION relation enumerates all pairs of entities between which an
ACQUISITION relation holds (e.g. (You Tube,Google), (Powerset, Microsoft), etc.) Alternatively, we can express the
ACQUISITION relation intentionally by stating the different ways that we can express an acquisition between two
companies X and Y such as X is acquired by Y, X is purchased by Y, or X is bought by Y. As described in this paper, we
refer to this dyadic representations of semantic relations as relational duality, and use it in an unsupervised co-clustering
algorithm to extract numerous semantic relations from a given corpus.
In contrast to previously proposed supervised or semi-supervised approaches, which require some form of
human intervention such as annotated training data, seeds of entity-pairs, or extraction patterns, the proposed method is
fully unsupervised. Extracting relations between entities has received much attention lately. In object-level search
engines such as Renlifang1 [9], it is particularly important to mine entity relations from the Web to build automatically,
an entity relation graph to link all the extracted information together. In contrast to document-level search engines, for
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which a user enters a keyword and retrieves a set of documents, in an object-level search engine, users search for a
particular entity or a relation between entities. In open information extraction (Open IE) systems such as Text Runner [4],
the goal is to extract a large set of relational tuples without the need for any human input. The extracted relations can
then be used to answer natural language questions. In the bio-medical domain, identifying the relations between proteins
and diseases is helpful to discover potential side effects of various medicines. Despite its numerous applications,
extracting semantic relations among entities at Web scale is challenging for several reasons. First, a single semantic
relation can be expressed using multiple lexical patterns. For example, aside from the pattern X acquired Y, an
ACQUISITION between two companies X and Y can be expressed using patterns such as X purchased Y, X completed
its acquisition of Y, etc. Second, there might exist more than one semantic relation between a pair of entities. For
example, before an ACQUISITION relation is established between two companies, those companies can have a
COMPETITOR relation. A relation extraction system must discover the different relations that hold between a pair of
entities. Third, the entities themselves might have variants. For example, Microsoft Corp. is often designated as the
Redmond software giant. Manually specifying all different name variants of an entity is not feasible. Moreover, the scale
and the heterogeneity of Web text prohibit the use of time-consuming, domain-specific approaches that require deep
language processing techniques.
Supervised approaches to relation extraction that require manual annotation of all relations to be extracted are
costly and impossible to execute on a Web scale because we do not know in advance the number or the types of relations
that we must extract from the Web. Semi-supervised approaches to relation extraction require some seed instances (i.e., a
few pairs of entities between which the desired relation exist) or extraction patterns (either domain specific or
independent) to be provided by a human. Unfortunately, the quality of the extracted relations depends heavily on the
initial seeds given to the system. Moreover, it is not clear how many seeds are necessary to extract a particular relation
correctly before and. We propose an unsupervised approach that solves all the above described problems in a principled
manner. Given a text corpus, the proposed method first extracts all mentions of entities and lexical syntactic patterns that
connect those entities. We then represent pairs of entities and lexical-syntactic patterns in a matrix whose rows represent
pairs of entities and columns represent lexical-syntactic patterns. An efficient sequential co-clustering algorithm is
proposed to simultaneously identify different patterns that describe the same semantic relation, and entity-pairs between
which the same semantic relation holds. Moreover, we introduce a computationally efficient heuristic to determine the
row (entity-pair) and column (lexical-syntactic pattern) clustering thresholds in the algorithm.
II.
RELATIONAL SIMILARITY
Relational similarity is the correspondence between two relations. For example the relation between Moon and
Earth is similar to the relation between Photos and Mars because Moon is a satellite of Earth, whereas, Photos is a
satellite of Mars. Consequently, we say that the relational similarity between the word pair (Moon,Earth) and the word
pair (Photos, Mars) is high. When two word pairs have a high degree of relational similarity, they are considered to be
analogous . We denote the degree of relational similarity between two word pairs (A;B) and (C;D) as RelSim((A;B);
(C;D)). Therefore, RelSim((Moon;Earth); (Phobos;Mars)) is high, whereas, RelSim((Moon;Earth); (lion; cat)) is low,
because there is not a clear correspondence between the relations of the first pair (Moon, Earth) and those of the second
pair(lion, cat). There are several methods for measuring the degree of relational similarity (or simply the relational
similarity") between two pairs of words. fig 1.

Fig.1. A bipartite graph to extract multi relations between relation- specific patterns and relation-independent
patterns
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III.
RELATIONAL DUALITY
A semantic relation R is definable by stating all entity pairs between which relation R holds. We use the notation E(R) to
denote the set of entity pairs in which the relation R holds between the two entities in each element (i.e. entity pair).
Defining a concept by enumerating all its instances is called an extensional definition of the concept. Alternatively, we
can define R by stating the different properties that must be satisfied by two entities to realize a relation R between them.
We denote the set of properties of R as P(R). Defining a concept by stating all the properties that are required to come to
that definition is called an intensional definition of the concept. Both E(R) and P(R) define the same semantic relation R.
Therefore, a duality exists between the two definitions for R. For example, we can extensionally define the
ACQUISITION relation by specifying all pairs of companies between which an acquisition has taken place, such as
(Google,YouTube), (Microsoft, Powerset), (Yahoo, Inktomi), etc. An intensional definition of ACQUISITION specifies
the different expressions that indicate an acquisition has taken place between two companies X and Y, such as X acquires
Y, Y is bought by X, X purchases Y, etc. It is not possible for a human to enumerate all the different expressions that
describe a particular semantic relation. Consequently,we propose a single-pass extraction method that extracts both entity
pairs and numerous lexical-syntactic patterns that describe different relations that exist in a given corpus.The dual
representation of semantic relations can be captured efficiently within a co-clustering framework. We represent relational
data in a matrix in which the rows correspond to entity pairs, and columns correspond to lexical-syntactic patterns. The
row vectors can be considered as defining the distribution of a particular entity pair over the space spanned by lexicalsyntactic patterns. Similarly, each column vector represents the distribution of patterns over the space spanned by the
entity pairs. Distributional similarity [10,11] is useful to identify the different patterns that describe the same semantic
relation R (i.e.P(R)), and different entity pairs between which the same semantic relation R exists (i.e.E(R)). we propose
a sequential co-clustering algorithm to cluster a large data matrix efficiently. By framing relational duality as a coclustering problem, we can identify the variants of a particular entity. For example, if Redmond software giant is a
variant of Microsoft, then we would expect both entity pairs (Microsoft, Powerset) and (Redmond software
giant,Powerset) to appear within the same cluster. By merging the variants of an entity, we can reduce the sparsity in
pattern vectors, thereby improving the accuracy of clustering.
Single-Pass Extraction
To extract entity pairs and lexical-syntactic patterns from a given text corpus, we propose a single-pass extraction
method. Because the proposed extraction method requires only a single traversal over the corpus, visiting each sentence
once, it is scalable to large datasets. We resort to shallow linguistic processing techniques such as sentence boundary
detection, part-of-speech (POS) tagging, and noun phrase chunking, for which efficient and accurate tools are available
for many languages. First, we split the given text corpus into sentences using a sentence boundary detection tool2. We
then run a part-of-speech (POS) tagger3 and annotate each sentence with POS tags. To detect potential entities in
sentences, we use a noun phrase chunking tool and extract noun phrase chunks containing at least one proper noun (NP).
It is noteworthy that we require no deep linguistic analysis, as do Open IE systems, which require dependency parsing [4]
or conference resolution [12]. Moreover, we do not assume the availability of named entity recognition (NER) tools that
can tag entities of different types in a text. Instead, we use a name phrase chunking tool that can group multi-word
entities such as Adobe Systems or Microsoft Corporation. No additional information, such as the type of the entity (i.e.,
person, company, or location) is required in the subsequent processing. An example is presented in Table 1, from which
we extract the entity pair (Adobe Systems,Macromedia). Next, we replace the two entities respectively with two variables
X and Y in a sentence. The entity that occurs first in the sentence is replaced by X, whereas the entity that occurs second
is replaced by Y. The corresponding POS tags in the POS tag sequence is also replaced by X and Y, as presented in
Table 1.
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Fig 2 Sequential Co-clustering algorithm
Sequential Co-clustering
Assuming that the set of all extracted entity pairs is E, and that the set of all extracted lexical-syntactic patterns is P, then
we propose a sequential co-clustering algorithm to simultaneously identify the subset of lexical-syntactic patterns P(R)
that describes a particular semantic relation R, and the subset of entity pairs, E(R), between which R holds. First, we
represent the dyadic relation between entity pairs and lexical-syntactic patterns as matrix A.
The pseudo-code of the proposed sequential co-clustering algorithm is presented in Algorithm 1. The algorithm takes as
its input E, P, A, and two clustering thresholds: row (entity pair) clustering threshold, Á, and column (lexical-syntactic
pattern) clustering threshold, µ. The output of the clustering algorithm is the set of row clusters, CE, and column clusters,
CP . First, in Line 1, we sort the Pset of entity pairs E in the descending order of total frequency,j Aij , of each entity pair
ei with all lexical-syntactic patterns in P. Similarly, in Line 2, we sort the set of lexical-syntactic patterns P in the
descending order of total frequency, P i Aij , of each pattern with all entity pairs in E. After sorting, the most common
entity pairs and patterns in the corpus appear respectively at the beginning of E and P, whereas rare instances are shifted
to the end. In Line 3, we initialize both row and column cluster sets to the empty set. The function, POP(P) in Line 5,
returns the first pattern p 2 P and removes p from P, thereby reducing the size of P by one. Next, the function, ASSIGN,
measures the similarity between the vector p that corresponds to pattern p and each column cluster cj in CP . Here, cj
denotes the centroid vector of the j-th column cluster. Similarity between p and cj is measured using cosine similarity. If
the similarity between p and the most similar cluster c¤ is greater than the column clustering threshold µ, then we merge
p to c¤. Here, the operator © denotes vector addition. Otherwise, we form a new column cluster that contains p and
append it to CP . This procedure is repeated for entity pairs in Lines 7 and 8. The while-loop in Algorithm 1 is repeated
until both E and P are empty. It is noteworthy that the operation of merging rows or columns in Line 22 changes the
distributions of patterns and entity pairs, thereby directly influencing the subsequent similarity computations. For
example, if a pattern p is merged into a column cluster cj , then, in the next iteration, when we compute cosine similarity
between entity pairs, all patterns in cluster cj will be considered as forming a single dimension.
IV.

Open Information Extraction

Experiment 1
We evaluate the proposed relation extraction method on Open IE using the SENT500 [5] published benchmark corpus.
This corpus contains 500 sentences; each sentence has one pair of entities. In fact, the SENT500 dataset includes 26
unique entity pairs. Some entities are represented by more than one name variant (e.g. Adobe Systems Inc. vs. Adobe
Systems), thereby producing 65 unique name variant pairs in the corpus. Each entity pair in SENT500
dataset describes one of the four relation types: ACQUISITION (an acquisition relation between two companies),
BIRTHPLACE (a person and that person’s place of birth), INVENTOR (a person and that person’s invention), and
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WONAWARD (a person and an award that person won). Previous works on Open IE have measured micro averaged
precision, recall, and the F-score of relation extraction using the SENT500 dataset. Therefore, by evaluating using the
SENT500 dataset, we can directly compare the proposed method to previous work on Open IE. We run the one-pass
extraction method on SENT500 dataset, and extract both lexical and syntactic patterns. The extracted lexical and
syntactic patterns are respectively, 947 and 384. The estimated values of the clustering thresholds µ and Á are
respectively, 0:0005 and 0:01153. For those threshold values, Algorithm 1 produces 4 row clusters (corresponding to
entity pairs) and 14 column clusters (corresponding to lexical-syntactic patterns). For evaluation purposes, we label each
row cluster with the relation that exists between most entity pairs in the cluster. The proposed method (PROP) is
compared against previous works on Open IE using the micro-average precision, recall and F-scores, as shown in Table
2. In Table 2, O-NB is the naive Bayes relation classifier described in [4], O-CRF is the conditional random field-based
Open IE system described in [5], and MLN is the Markov logic network-based Open IE system described in [13]. To
study the contribution of lexical and syntactic information for Open IE, we implement the proposed method in three
flavors: using only lexical patterns (PROP (lexical patterns)), using only syntactic patterns (PROP (syntactic
patterns)), and using both (PROP (lexical+ syntactic patterns)). All figures presented in Table 2, except for the
proposed method, are obtained from original publications. The highest precision among the different methods compared
in Table 2 is reported using the proposed method using only lexical patterns. However, the use of syntactic information
improves recall and consequently the best F-score is reported using the proposed method using only syntactic patterns.
Lexical patterns are useful to detect specific relations between entities. On the other hand, syntactic patterns can
generalize the relations that exist between entities, thereby improving the recall. Combining both lexical and syntactic
patterns does not improve the performance beyond the mere use of syntactic patterns.

Table 2: Evaluation of open IE on SENT500 dataset.
Experiment 2
To evaluate the scalability and performance of the proposed method in large real-world systems, we use the proposed
method to classify relations between entities in an online social network mining system, SPYSEE5. This network
contains 470, 671 nodes (people) and 35, 652, 475 edges describing numerous relations between nodes. In fact, SPYSEE
uses the automatic social network extraction method described by Matsuo et al.[7]. it is the largest of such systems in
Japan. To mine the social network of a person P, first, SPYSEE uses the name of that person as the query to a Web
search engine and downloads the top ranked search results. Subsequently, for each person name Q that appears in the
downloaded search results, SPYSEE determines whether a relation exists between P and Q using various co-occurrence
statistics such as the Jaccard coefficient and the overlap coefficient. To apply the proposed method to identify relations
between people in SPYSEE, we first run the single-pass extraction method described in on the web pages that had been
downloaded by SPYSEE for all personal names in the system. We then perform sequential co-clustering (Algorithm 1) to
identify the entity pairs between which the same relation holds. Self-supervised relation detection method is used to
label each entity pair cluster with representative lexical patterns that describe the relation between entities in the cluster.
Manually evaluating the extracted relations among all the entity pairs in SPYSEE is impossible because of the extremely
large number of entity pairs. Consequently, we randomly selected 50, 000 entity pairs (edges) from SPYSEE and
evaluate on this subset. The proposed pattern extraction algorithm extracts 38,,076 unique lexical-syntactic patterns, out
of which 11, 193 appear for more than two entity pairs. To avoid using noisy and rare patterns, which frequently contain
misspellings and other irregularities, we consider only those 11,193 patterns in the subsequent processing. Clustering
thresholds µ and Á are estimated respectively, as 0:007 and 0:0131 using Formula 6. For those values of thresholds,
Algorithm 1 produces 383 pattern clusters and 664 entity pair clusters. We manually classified the entity pairs into 53
different relations (designated as the gold-standard), and evaluate the performance of the proposed method using microand macro-averaged precision (P), recall (R) and F-scores (F). Because of the limited availability of space, we show the
clustering performance for randomly selected 10 relation types in Table 3. Two entities can share more than one relation.
For example, colleagues can also be friends. Consequently, the gold standard assigns multiple relation types for such
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entity pairs. Table 3 shows that the proposed method correctly identifies numerous relations existing among people in a
social network.

Fig 3 Classifying relations in a social network.
V.
Conclusion
In this paper, we proposed a relation extraction method that exploits the dyadic nature in semantic relations within a
co-clustering framework. Semantic relations that exist between numerous entities were represented using lexical
syntactic patterns. A one-pass extraction algorithm that can efficiently extract numerous expressive patterns was
introduced. We evaluated the proposed method for three tasks: measuring relational similarity between entity pairs, Open
IE, and classifying relations in an online social network. Moreover, a subjective evaluation showed that the proposed
self-supervised relation detection method can identify representative lexical patterns of a semantic relation. Experiments
investigating the ability of the proposed method to conduct Open IE revealed that the proposed method outperforms all
existing Open IE systems on a benchmark dataset of 500 sentences. The proposed method correctly classified 53 relation
types in an online social network system with over 35 million edges, thereby proving its applicability in large real-world
datasets. During this paper we have investigated and extended the efficient method for relation extraction with the aim of
improving the precision rate, recall rate and the F-Score rate. The introduced is new architecture in which we have added
the method for entities handling which was not present in previous methods. The entities those are either non-related or
having multiple semantic meanings. Thus to avoid such dilemma and handle such entities we have added the entity
handling. The results described here our practical work done so far over these algorithms. In the future work we will
further evaluate this proposed framework completely under different real time environments and datasets.
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