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Abstract. Many bootstrapping relation extraction systems processing large cor-
pus or working on the Web have been proposed in the literature. These systems
usually return a large amount of extracted relationship instances as an out-of-
ordered set. However, the returned result set often contains many irrelevant or
weakly related instances. Ordering the extracted examples by their relevance to
the given seeds is helpful to filter out irrelevant instances. Furthermore, ranking
the extracted examples makes the selection of most similar instance easier. In this
paper, we use a graph based method to rank the returned relation instances of a
bootstrapping relation extraction system. We compare the used algorithm to the
existing methods, relevant score based methods and frequency based methods,
the results indicate that the proposed algorithm can improve the performance of
the bootstrapping relation extraction systems.

1 Introduction

For many real world applications, background knowledge is intensively required. The
acquisition of relational domain knowledge is still an important problem. Relation ex-
traction systems extract structured relations from unstructured sources such as docu-
ments or web pages. These structured relations are as useful as knowledge. Acquiring
relational facts Acquirer–Acquiree relation or Person–Birthplace relation with a small
number of annotated data could have an important impact on applications such as busi-
ness analysis research or automatic ontology construction.

Currently, research in relation extraction focuses mainly on pattern learning and
matching techniques for extracting relational entity pairs from large corpora or the Web.
The Web forms a fertile source of data for relation extraction, but users of relation ex-
traction system are typically required to provide a large amount of annotated text to
identify the interesting relation. This requirement is not feasible in real world applica-
tions. Therefore, many systems have been proposed to address the task of Web-based
relation extraction, which usually only need a small number of seed entity pairs of re-
lations. These systems typically build on the paradigm of bootstrapping of entity pairs
and patterns as proposed by Brin[1].

However, an entity pair often has more than one type of semantic relations in real
world. Consequently, a bootstrapping-based extraction system might introduce some
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irrelevant noises into further iteration. For example, given the entity pair (Bill Gates,
Microsoft) for CEO-of-Company relation, two context patterns: “was the CEO of ” and
“has retired from” can be easily extracted from the Web. These context patterns ex-
press two different relationships and only the former is relevant to the target relation. If
the irrelevant context pattern is used for further iteration, more irrelevant context pat-
terns will be introduced into the extracted results. Although many filtering functions
have been proposed in the literature, the extraction precision still is not satisfactory[2].
A significant number of noise or weakly relevant relationship instances are returned.
Therefore, we use a graph based multi-view learning algorithm to rank all the extracted
entity pairs by their relevance to the given seeds.

A semantic relation between two entities can be represented from two different as-
pects or views: the entity pair itself and the surrounding context. For example, the
Person–Birthplace relation can be expressed as a set of entity pairs, such as (Albert Ein-
stein, Ulm) and (Jesus, Bethlehem). From a lexical pattern view, the Person–Birthplace
relation can also be represented with some context patterns, such as “A was born in B”,
“B, the birth place of A”. Meanwhile, for a bootstrapping relation extraction system, an
entity pair by context pattern co-occurrence matrix can be constructed easily. Then we
construct two weighted complete graphs for all entity pairs and context patterns respec-
tively. Concretely, we use each entity pair as vertex to construct a complete graph Ge,
the edges are weighted with certain similarity between the entity pairs. We construct a
context pattern graph Gc similarly. Since Ge and Gc is composed of entity pairs and
context patterns in each view respectively, the two graphs are termed intra-view graph.
We also construct a bipartite graph Gb composed with entity pairs and context patterns.
Each edge on Gb links an entity pair and a context pattern. These edges are weighted
with the relevance of the linked entity pair and context pattern. Vertices of graph Gb are
composed of entity pair view and context pattern view, so Gb is an inter-view graph. We
combine these three graphs together to accurately compute the ranking score of each
entity pair.

The multi-view learning algorithm is based on inter-view and intra-view consistency
assumptions. Given an entity pair e, if e strongly links to other high ranking score entity
pairs on Ge, then e is likely to achieve a high ranking score. Meanwhile, on the graph
Gb, if e links frequently to the context patterns whose ranking scores are high, then e
is likely to achieve a high ranking score. The intra-view consistency assumption means
that nearby entity pairs on Ge are likely to have similar ranking score. In addition, the
context pattern graph provides us with similarity between extracted context pattern and
given context pattern seed. The inter-view consistency assumption makes the similar-
ity between context patterns useful to compute the relational similarity between entity
pairs. Because if an entity pair e frequently co-occur with a context pattern c which is
very similar to the given context pattern seeds, then ranking score of entity pair e should
be high.

The remainder of the paper is organized as follows. The following section presents
a discussion of related works. Subsequently, a bootstrapping-based relation extraction
system is introduced. Using this relation extraction system, we extract some entity pairs
for ranking. Thereafter, the multi-view ranking algorithm and some empirical results are
presented. Finally, we conclude this paper.
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2 Related Work

Bootstrapping-based relation extraction [1,3,4,5,6] leverage large amounts of data on
the Web efficiently. The method is initialized using a seed set; it extracts relative facts or
relations. Sergey Brin propose DIPRE system [1] to extract author–book relation form
the Web; The Snowball system[3] extracts entity pairs including a predefined relation
from a corpus. KnowItAll[4] and Espresso[5] is also bootstrapping-based system, but
a different type of pattern evaluation method is used. They compute co-occurrence of
context patterns and entity pairs to filter context patterns. The SatSnowball [6] extends
the Snowball using statistical methods and extracts entity pairs and keywords around
the entities. Furthermore, both DIPRE [1] and SatSnowball use a general form to repre-
sent extracted patterns. Although these general form patterns improve the coverage of
extracted patterns, they decrease the precision. Moreover, general form patterns cannot
be used directly as a query for a Web search engine, which is an efficient tool to retrieve
texts on the Web. A crucial issue of these system is to filter noise out of the instances for
further iteration. Sebastian Blohm et. al. systematical evaluated the impact of different
filtering functions [2].

Open Information Extraction (Open IE)[7] is a domain independent information ex-
traction paradigm which uses some generalized patterns to extract all potential rela-
tions between name entities. The generalized patterns are extracted from a dependency
parsed corpus. Although Open IE is different from the bootstrapping-based method, the
ranking of extracted entity pairs is also useful to retrieve these entity pairs.

Many previous reports have described that the proper use of unlabeled data can com-
plement a traditional labeled dataset to improve the performance of a supervised al-
gorithm. For example, a named entity classification algorithm proposed in [8], which
is based on co-training framework, can reduce the need for supervision to a handful
of seed rules. Label propagation [9] is a graph-based semi-supervised learning model
in which the entire dataset is presented as a weighted graph; then the label score is
propagated on this graph. Zhou et al. proposed a label propagation algorithm working
on spectral graph [10]. In this paper, our Multi-View Ranking algorithm combines the
label propagation approach with the multiple views idea from co-training.

3 A Framework for Bootstrapping Based Relation Extraction

This section provides an overview of the bootstrapping relation extraction framework
which is used to extract entity pairs for ranking. The main components are explained
in upcoming sections. Figure 1 portrays the framework architecture. In the framework,
each sentence containing target relation is represented as a tuple, (e, c), where e =
(ea, eb) is an entity pair and c is a context pattern. The input of framework is a sentence
set S0 = {(ei, cj)|i = 1, 2, · · · , n; j = 1, 2, · · · , m; } which is composed of the entity
pair ei and the context pattern cj . The output of the framework is a set of entity pairs
and a set of context patterns. The system distends S0 to construct a potential target
entity pair set E and a context pattern set C.

The Extraction part uses a dual extraction model. E0 = {ei|(ei, c·) ∈ S0} and
C0 = {cj|(e·, cj) ∈ S0} represent respectively the entity pairs and context patterns
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Fig. 1. Framework of a bootstrapping relation extraction system

in S0. In t-th extracting iteration, we respectively submit some queries generated from
entity pair set Et and context pattern set Ct (at the beginning t = 0) to a search engine.
The context pattern set Ct is used in the Context Search part and the entity pairs in Et

are used in the Entity Pair Search part. We collect some top ranking web pages returned
by the search engine.

In the t-th entity pair search step, we use an entity pair e to generate some queries
for a search engine. These queries are designed to retrieve the web pages in which the
two entities occur. We collect some top ranking pages containing the entity pair. Then,
these web pages are split into sentences. We extract the sentences in which the two
entities appear simultaneously. The context patterns used in our extraction system are
the contexts between an entity pair. We select and submit the lexical context patterns
composed of less than five words to the search engine. We claw some top ranking pages
which contain the context pattern. Then, these web pages are split into sentences. Then,
the sentences captaining the context pattern are selected for further steps. In this way,
the sentences set St

e and St
c is constructed respectively.

In the Entity Pair Extraction step, a Named Entity Recognization tool is used to
label the named entities in each sentence. Then all entity pair candidates are extracted
and added to the candidate set Et

u. The system selects a subset of entity pair, Et+1 ⊆
Et

u, for t+1 round of extraction. Simultaneously, these selected entity pairs in Et+1

are added to the output. Similarly, the set of context pattern Ct
u is extracted and some

context patterns, Ct+1 ⊆ Ct
u, are selected for t+1 round of entity pair expansion. The

corresponding context patterns in Ct+1 are also added to the output.
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4 Entity Pair and Context Pattern Filtering Function

Because of the many-to-many relation between the entity pairs and the context patterns,
extracted entity pairs and context patterns are not all applicable to the next round of
extraction. For an entity pair, some context patterns that represent different types of
relation may be extracted. For example, using the entity pair (Albert Einstein, Ulm), we
can extract two types of context pattern:“A was born in B” and “A’s stay in B”. The two
context patterns have totally different semantic relation. Therefore, the context pattern
and the entity pair filtering is necessary.

In order to select most promising context patterns for further iteration, we measure
each context pattern c ∈ Ct

u using the entity pair set Et as follow:

S(c) =
1

|Et|
∑

e∈Et

|ea, c, eb|
|ea, ∗, eb|

We write |ea, c, eb| to denote the number of sentence s ∈ St
c in which both entity

pair e and context pattern c appear. |ea, ∗, eb| denotes the number of sentence s ∈ St
c

containing entity pair (ea, eb). The top n patterns are selected for the next iteration. If
the extracted pattern is less than n, we use all extracted patterns for further iteration.

Similarly, we measure the entity pair e ∈ Et
u using the context pattern set Ct as

follow:

S(e) =
1

|Ct|
∑

c∈Ct

|ea, c, eb|
|∗, c, ∗|

where |∗, c, ∗| is the number of sentence s ∈ St
e containing context pattern c. We select

the top m entity pairs for the next iteration. If the number of entity pair in Et
u is less

than m , we use all entity pairs in Et
u for the next iteration.

5 Semi-supervised Multi-view Ranking

In this section, we illustrate the graph based multi-view algorithm which ranks all the
extracted entity pairs by their relevance to the given entity pair seeds.

5.1 Intra-view and Inter-view Graphs Generation

Before applying the multi-view ranking algorithm, we need to construct a co-occurrence
matrix M of the extracted entity pairs in E and the extracted context patterns in C. mij

is the co-occurrence frequency of entity pair ei = (eia, eib) ∈ E and context pattern
cj ∈ C. For entity pair ei and context pattern cj , we submit a query, like ”eia cj eib”, to
the search engine. Then the number of hits returned by the search engine is set as mij .
For two entity pairs eh and ei, the corresponding rows Mh· and Mi· are the vector form
of entity pairs. The context patterns in C are treated as features to represent entity pairs.
Consequently, we use function Sime(Mh·, Mi·) to calculate the similarity between eh

and ei. Similarly, we can compute the similarity of context pattern cj and ck using the
function Simc(M·j , M·k).



132 H. Li et al.

Algorithm 1. Multi-View Ranking
Given:
– Intra-view similarity matrices Te, Tc

– Inter-view correlation matrices Tb, [Tb]�

– Ranking score vector of two views Y =
[

Y e

Y c

]

1. Generate Matrix T .

T =

[
T e T b

[T b]� T c

]

2. Normalize matrix T : W = 1
λ
T , where λ = maxi

∑
j Tij .

3. Propagate on Matrix W .
repeat

Yt+1 ←WYt + Y0

until converge
4. Sort entity pairs in E by corresponding score in Ye.

Following [9], we use both labeled and unlabeled nodes to create fully connected
graph. We construct two intra-view graphs Ge =< Ve, Le >, Gc =< Vc, Lc >. Here,
Ve = E and Vc = C respectively represent the data points in entity pair view and
context pattern view; the weighted edges in Le and Lc correspond to similarities be-
tween data points in different views. Taking Ge as example, a |E| × |E| matrix T e is
constructed to represent graph Ge. The edge between entity pair eh and ei is weighted
as Eq.1. Parameter σ is the average similarity of all node pairs in Ge. Using the same
method, we construct weighted graph Gc and get a |C| × |C| matrix T c.

T e
hi = exp

(−Sime(Mh·, Mi·)
2σ2

)
(1)

We also construct a bipartite graph Gb =< Vb, Lb >. The vertex set Vb is composed of
entity pairs and context patterns, the edges of Gb connect an entity pair and a context
pattern. The function Simb(ei, cj) is designed to measure the correlation of the entity
pair ei and the context pattern cj . We construct a |E| × |C| matrix T b to express this
graph.

T b
ij = exp

(−Simb(ei, cj)
2σ2

)

Above matrices T e, T c and T b are used as the input of the multi-view ranking algo-
rithm.

5.2 Multi-view Ranking Algorithm

Let Y e be a |E| dimensional ranking score column vector, where [Y e]i denotes the
similarity of ei to the given seeds. The given seeds are evaluated as 1 in Y e

0 , other
elements are initialized as zero. Similarly, Y c is a |C| ranking score column vector,
whose i-th row represents the ranking score of context pattern ci. In addition, Y c

0 is
initialized similarly as Y e

0 . Let Y be a (|E| + |C|)-dimensional column vector.
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Fig. 2. Illustration to multi-view ranking algorithm. This mixed graph contains two intra-view
graphs and an inter-view graph.

Algorithm 1 presents the multi-view ranking algorithm. In the first step of the algo-
rithm, we use three graphs mentioned above to generate a matrix T . Putting the three
graphs together makes the algorithm more concision. Matrix T can represent a mixed
graph, as Figure 2 shows, in which both entity pairs and context patterns are vertices.
On this mixed graph G =< V, L >, we have V = E ∪ C and L = Le ∪ Lc ∪ Lb.
The ranking score of each entity pair is decided by both linked entity pairs and linked
context patterns on graph G. On the context pattern graph Gc, the context patterns that
are similar to give seeds get high ranking score. Each context pattern’s ranking score is
propagated to linked entity pairs through inter-view graph Gb. The weight of edges in
graph Gb control the context patterns’ influence to the linked entity pairs.

In the second step, the matrix M is normalized symmetrically, which is necessary
for the convergence of the following iteration.

In the third step, the label score is propagated on the mixed graph generated in the
first step. Finally, entity pairs ei = (eia, eib) whose relevance scores in [Y e]i are the
highest l are returned.

6 Experiments

6.1 Relation Extraction System

In order to generate entity pairs for ranking experiment, we built a relation extraction
system using the framework in Section 3. In this relation extraction system, we in-
dex 4556821wikipedia1 pages and built a local search engine using Lucene2 toolkit.
In entity pair extraction step of the relation extraction system, we construct a dictio-
nary based named entity recognizer. The used entity dictionary is composed with all
extracted named entities of YAGO project3.

1 http://www.wikipedia.org/
2 http://lucene.apache.org/
3 http://www.mpi-inf.mpg.de/yago-naga/yago/
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Table 1. Relations used for evaluation

hasChild Person and their children, n = 4454

isLeaderOf Person and the organization led by them, n = 2887

bornIn Person and their birth place, n = 36189

hasCapital Countries or Provinces and their capital, n = 1368

hasWonPrize prize winners and prizes, n = 23075

In the entity pair filtering step, 100 entity pairs are selected for further iteration.
These entity pairs are also outputted for ranking. In the context pattern filtering step,
50 context patterns with the highest score are used for the next round of context pattern
searching.

We repeat the bootstrapping process 5 times for every relation. At the beginning, 50
entity pairs and 10 context patterns are inputted as seeds.

6.2 Datasets and Evaluation Measures

We construct a large relation set using the result of YAGO project. We select 5 types
of relation extracted by YAGO project for our experiments. Some facts about these
selected relations are given in Table 1.

In order to evaluate the ranking performance, we use the extracted entity pairs of
YAGO project as golden standard. For each relation type, we use rel(i) to measure the
relevance of a given entity pair ei. For a target relation type, rel(i) is set to 1 when
ei appears in the corresponding golden standard, otherwise rel(i) is set to 0. For two
lists showing the same instances with different order, we suppose that the list in which
highly relevant instances appear earlier (have higher ranks) is more useful. Recently,
some experiments show that the Mean Average Precision (MAP) measure is sensitive to
the query set size or may even provide misleading results. Comparing with MAP, Nor-
malized Discounted Cumulative Gain (nDCG) appeared more robust to query set size
and more relaible[11]. Therefore, we adopt nDCG to measure ranking quality. nDCG
emphasizes highly relevant instances appearing early in the result list. The nDCG mea-
sure is built on DCG metric which is defined as follow:

DCG@p =
p∑

i=1

2reli − 1
log2(1 + i)

For a extracted entity pair set, an ideal list can be produced by sorting entity pairs of
the list by rel(i). IDCG@p is used to annotate the DCG at position p of this ideal list.
Then, we have nDCG@p as follow:

nDCG@p =
DCG@p

IDCG@p

We compare the ranking results of 5 relations using the nDCG@p measure.
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6.3 Baseline Methods

We compare our algorithm against following methods:

VSM: This method is a vector based method which is proposed by Turney et al.[12].
Since the co-occurrence matrix M of entity pair and context pattern is built as
mentioned in previous section, the entity pair can be presented with context pat-
terns using the rows of M . The similarity between the entity pairs can be computed
as the cosine of the two corresponding vectors. We compute the similarity of can-
didate entity pair and given seed entity pair as below:

VSM (e) =
∑|S|

i=1 cos(si, e)
|S|

where S is the set of entity pair seeds. Then the entity pairs which have the highest
similarity score are selected.

CON: This is the measure proposed by Agichtein et.al[3]. The patterns are measured
by the confidence, by which the context patterns that tend to generate wrong entity
pairs are filtered. In this experiment, we use the instance confidence to measure the
quantity of context pattern and entity pair.

CON (e) =
epositive

epositive + enegative

in which epositive is the number of positive matches of entity pair or context pattern.
Taking entity pair as example, if entity pair e matches the pattern c which can
be found in previous iteration, then this match is considered as a positive match.
Otherwise, the match is negative.

LRA: The Latent Relational Analysis(LRA) is proposed by Turney [12]. For a matrix
M , supposing the rows represent the entity pairs and the columns represent con-
text patterns. Then Singular value decomposition(SVD) is performed on the matrix,
in which the matrix toolkit 4 is used. The relation similarity of entity pair can be
measured by the cosine of the angle between the two vector in matrix UkΣk. Sim-
ilarly, the relevance of context pattern can be measured using the vector in matrix
ΣkV T

k . In our experiment, k is set as 10. LRA is the current state-of-the-art relation
similarity measure.

PMI: The Espresso information extraction system[5] uses the pointwise mutual infor-
mation (PMI) to measure the relation between context pattern and entity pair:

PMI (ei, cj) =
|eia, cj , eib|

|eia, ∗, eib||∗, cj, ∗|

The ranking score of entity pair ei is set as
∑|C|

j=1 PMI(ei, cj).

4 http://code.google.com/p/matrix-toolkits-java/
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Fig. 3. Average nDCG@p of five relations

In this experiment, we take Dice coefficient as inter-view measure to weight the
graph Gb and test the sensitivity of multi-view ranking to the intra-view similarity mea-
sure. We test three frequently used similarity measures in the naturel language pro-
cessing community. These measures are used to weight the edges of graph Ge and Gc.
Following definitions only take graph Ge as example, context patterns’ similarity are
calculated using column vector M·j and M·k.

Dice: Dice coefficient is a usually used measure in Natural Language Processing com-
munity. In this experiment we want to test the sensitivity of label propagation al-
gorithm to the similarity measures.The Dice coefficient is used to weight the graph
Ge which is defined as:

Sime(Mh·, Mi·) = 2
|Mh·

⋂
Mi·|

|Mh·| + |Mi·|
Cos: In this method, the cosine similarity is used to weight the graph Ge and Gc.

Given co-occurrence matrix of context pattern and entity pair M , we can construct
the graph Ge with the following cosine similarity measure:

Sime(Mh·, Mi·) = Cosine(Mh·, Mi·)

Jac: In this setting, we compute the Jaccard score between each entity pairs eh and ei,
using following equation:

Sime(Mh·, Mi·) =
|Mh· ∩ Mi·|
|Mh· ∪ Mi·|
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Table 2. Average nDCG@p of Multi-View Ranking and Baselines, (p = {10, 20, ..., 100})

�������Relation
Method

VSM CON PMI LRA MVR-Dice MVR-Cos MVR-Jac

hasChild 0.2691 0.2541 0.2492 0.3995 0.4247 0.4120 0.4083
isLeaderOf 0.1977 0.1431 0.1562 0.3703 0.4004 0.3791 0.3927

bornIn 0.4052 0.1450 0.1588 0.3964 0.3878 0.4122 0.4049
hasCapital 0.4424 0.1380 0.1538 0.3758 0.3960 0.3896 0.4018

hasWonPrize 0.2292 0.1495 0.1617 0.3132 0.3655 0.3656 0.3587

Average 0.3087 0.1659 0.1759 0.3710 0.3949 0.3917 0.3932

6.4 Experimental Results

These seven methods described above presented for comparison in table 2 and Figure 3.
Figure 3 shows the average nDCG@p score of five relationships. We observe from

Figure 3 that multi-view ranking algorithm(MVR) outperforms other methods. Compar-
ing vector space mode (VSM) with measure based CON and PMI, we can observe that
VSM works better than CON and PMI. Comparing multi-view ranking based method
(MVR) with LRA, the multi-view ranking algorithms outperform LRA in most cases
except p = 60 and p = 100.

Table 2 shows the performance of these algorithms on different relations. The results
show that MVR algorithm outperforms other methods except the hasCapitial relation.
Furthermore, the multi-view ranking based algorithms get the highest nDCG score
in average of five relations. A close look into the contexts extracted from the relation
extraction system reveal that context patterns of hasChild relation contain less noise.
Then when we rank the extracted entity pairs of hasChild relation, most algorithms
achieve better performance than other relations.

7 Conclusions

We propose a graph based multi-view learning algorithm to rank the returned relation
instances of a bootstrapping-based relation extraction system. We compare the MVR
algorithm to the existing methods, relevant score based methods and frequency based
methods, the results indicate that the MVR can improve the performance of the relation
extraction systems.

References

1. Brin, S.: Extracting patterns and relations from the world wide web. In: WebDB Workshop
at EDBT 1998, pp. 172–183 (1998)

2. Blohm, S., Cimiano, P., Stemle, E.: Harvesting relations from the web: quantifiying the im-
pact of filtering functions. In: Proceedings of the 22nd National Conference on Artificial
Intelligence, pp. 1316–1321 (2007)



138 H. Li et al.

3. Agichtein, E., Gravano, L.: Snowball: Extracting relations from large plain-text collections.
In: Proceedings of the Fifth ACM International Conference on Digital Libraries (2000)

4. Etzioni, O., Cafarella, M., Downey, D., Popescu, A.M., Shaked, T., Soderland, S., Weld,
D.S., Yates, A.: Unsupervised named-entity extraction from the web: an experimental study.
Artificial Intelligence 165, 91–134 (2005)

5. Pantel, P., Pennacchiotti, M.: Espresso: Leveraging generic patterns for automatically har-
vesting semantic relations (2006)

6. Zhu, J., Nie, Z., Liu, X., Zhang, B., Wen, J.R.: Statsnowball: a statistical approach to extract-
ing entity relationships. In: Proceedings of the 18th International World Wide Web Confer-
ece, pp. 101–110 (2009)

7. Banko, M., Cafarella, M.J., Soderl, S., Broadhead, M., Etzioni, O.: Open information extrac-
tion from the web. In: IJCAI, pp. 2670–2676 (2007)

8. Collins, M., Singer, Y.: Unsupervised models for named entity classification. In: Proc. Joint
SIGDAT Conference on Empirical Methods in Natural Language Processing and Very Large
Corpora, pp. 100–110 (1999)

9. Zhu, X., Ghahramani, Z.: Learning from labeled and unlabeled data with label propagation.
Technical report, Technical Report CMU-CALD-02-107 (2002)

10. Zhou, D., Bousquet, O., Lal, T.N., Weston, J., Schölkopf, B.: Learning with local and global
consistency. In: Advances in Neural Information Processing Systems, vol. 16, pp. 321–328.
MIT Press, Cambridge (2004)

11. Radlinski, F., Craswell, N.: Comparing the sensitivity of information retrieval metrics. In:
Proceeding of the 33rd international ACM SIGIR Conference on Research and Development
in Information Retrieval 2010, pp. 667–674 (2010)

12. Turney, P.D.: Similarity of semantic relations. Computational Linguistics 32, 379–416 (2006)


	Using Graph Based Method to Improve Bootstrapping Relation Extraction
	Introduction
	Related Work
	A Framework for Bootstrapping Based Relation Extraction
	Entity Pair and Context Pattern Filtering Function
	Semi-supervised Multi-view Ranking
	Intra-view and Inter-view Graphs Generation
	Multi-view Ranking Algorithm

	Experiments
	Relation Extraction System
	Datasets and Evaluation Measures
	Baseline Methods
	Experimental Results

	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




