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Abstract—Distant supervision is an effective way to collect 
large-scale training data for relation extraction. To better solve 
the wrong labeling problem accompanied by distant 
supervision, some methods have been proposed to remove 
noise sentences directly. However, these methods seldom 
consider the relation label when removing noise sentences, 
neglecting the fact that a sentence is regarded as noise because 
the relation it expresses is inconsistent with the relation label. 
In this paper, we propose a novel method to improve the 
performance of bag-level relation extractor via removing noise 
data with a sentence selector. Specifically, the gated 
convolutional unit of the sentence selector can selectively 
output features related to the given relation, and these features 
will be used to judge whether a sentence expresses the given 
relation. The sentence selector is trained with the data 
automatically labeled by the relation extractor, and the 
relation extractor improves its performance with the high-
quality data selected by the sentence selector. These two 
modules are trained alternately, and both of them have 
achieved better performance. Experimental results show that 
our model significantly improves the performance of the 
relation extractor and outperforms competitive baseline 
methods. 
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I.  INTRODUCTION  

Relation extraction aims to obtain the relationship 
between two entities from unstructured text. For example, 
given a sentence 'Donald Trump was born in America.' and 
two entities 'Donald Trump' and 'America', relation 
extraction intends to get the relation'place of birth' from 
them. Earlier works use manually labeled data to train the 
classifier in a supervised manner and have achieved good 
performance[1-5].However, the performances of these 
models are limited by the scale of the training data, and 
constructing a large-scale manually labeled dataset is labor 
consuming. In order to build large-scale dataset 
automatically, Mintz et al.[6] proposed distant supervision. 
Distant supervision is based on the idea that if an entity pair 
(h; t) is contained by a triple (h; t; r) of a given knowledge 
base, all sentences that contain the entity pair (h; t) will be 
labeled as the relation r. The h; t; r represent head entity, tail 
entity and relation, respectively. However, due to the 
existence of the multi-relational entity pairs, distant 
supervision suffers from the wrong labeling problem. 

Various methods have been proposed to alleviate this 
issue. One common way among these studies is to employ 
Multi-Instance Learning(MIL) schema[7,8], in which 
sentences containing the same entity pair are divided into 
the same bag and the classification proceeds on bag-level. 
Zeng et al.[9] selected the most important sentence to 
represent the bag and trained the model with these selected 
sentences. Lin et al.[10] applied attention mechanism to 
give the important sentences lager weights and combined all 
sentences to obtain the bag representation. Jiang et al.[11] 
used cross-sentence max-pooling to find the most prominent 
features among all sentence representations. Recently, some 
researchers suggested that it was not enough to attenuate the 
effects of noise data through 'soft' means like attention 
mechanism. They tended to remove the noise data directly. 
Feng et al.[12] and Qin et al.[13] trained a sentence selector 
to distinguish between noise sentences and valid sentences 
through reinforcement learning(RL). Qin et al.[14] trained a 
generative adversarial network(GAN) and used the classifier 
to remove the noise data. 

However, these 'hard' methods neglect the fact that 
when we consider a sentence as noise, it means that this 
sentence expresses a relation inconsistent with its label.  For 
the three sentences 'Donald Trump is a presedent of 
America.','Donsld Trump was born in America.', ‘Donsld 
Trump is the presedent of America.'and the entity pair 
'Donald Trump' and 'America', if the labeling relation is 
'place of birth', the first and the third sentence are noise 
sentences. But when the labeling relation is 'profession', the 
second sentence becomes the noise data. Therefore, we 
think it is crucial to consider the labeling relation when 
identifying noise data. 

In this paper, we propose a novel method to improve 
the performance of bag-level relation extractor via removing 
noise data with a sentence selector. We design a gated 
convolutional network for the sentence selector. The gated 
convolutional network has two convolutional components. 
One acts as a feature extractor to extract the semantic 
features of the sentence. The other is a gate, which can 
select the features related to the given relation. Like the 
previous models, we encounter the problem of lacking 
training data for the sentence selector. To deal with this 
problem, we adopt an easy and reasonable method. We treat 
each sentence as a bag with only one sentence and use the 



pre-trained bag-level relation classifier to classify it. A 
sentence will be labeled as a positive sample if the 
classification result is identical to its label. Otherwise, the 
sentence is labeled as a negative sample. This labeling 
method is consistent with the idea that the label of valid data 
is the same as the relation it conveys. As for bag-level 
relation extractor, we adopt the widely used architectures: 
piecewise convolutional neural networks(PCNN) [9] with 
attention mechanism. Moreover, because our model is a 
generic framework, the relation extractor here can be 
replaced by any other bag-level relation extractor with 
different structures. Then we train the bag-level relation 
extractor and the sentence selector alternately so that their 
performance can be improved jointly. 

The main contributions of this paper can be 
summarized as follows: 

• We design a novel relation-based gated 
convolutional sentence selector to select valid 
sentences for distantly supervised relation extraction. 

• Experimental results show that our model 
significantly improves the performance of the 
relation extractor and outperforms competitive 
baseline methods. 

 

II. RELATED WORK 

The purpose of relation extraction is to obtain the 
relationship between two entities fromunstructured text. 
Traditional methods leveraged syntactic information and 
adopted kernel-based classifier to build multi-class relation 
classifier[1,3]. Recently, more attention has been paid to 
neural networks methods. In order to extract relation 
features, previous neural networks models employed various 
structures to encode the sentence. Zeng et al.[4] adopted 
CNN to extract the semantic information of the sentence. Xu 
et al.[15] encoded sentence with Long Short-Term 
Memory(LSTM) along the shortest dependency path. Zhou 
et al.[16] combined attention mechanism and LSTM to 
encode the sentence. Zeng et al.[9] proposed PCNN to 
extract features from different parts of the sentence 
separately. Zhang et al.[17] adopted graph convolution over 
pruned dependency trees to improve the performance of 
relation extraction. Zhang et al.[18] used attention-based 
capsule networks to encode the sentence. 

In order to solve the problem of lacking for manual 
annotation data, distant supervision was proposed [6]. To 
deal with the accompanying wrong labeling problem, 
researchers have proposed various methods. Zeng et al.[9] 
adopted the MIL framework. They collected all the sentences 
containing the same entity-pair as a bag and selected the 
most important sentence in each bag to train the network. Lin 
et al.[10] used attention mechanism to give each sentence an 
importance weight and combined all the sentences to 
represent the bag. Jiang et al.[11] used cross-sentence max-
pooling to extract the features of a sentence bag. Liu et 
al.[19] softly revised incorrect bag labels with the posterior 
probability constraint. The above works focused on  
 

Figure 1.  Overall framework. 

highlighting the valid sentences of the sentence bag and 
reduce the effects of noise. 

However, some researchers suggested that it was not 
enough to only weaken the effects of noise data by giving 
them a small weight, they tended to remove the noise data 
directly. Feng et al.[12] and Qin et al.[13] trained a sentence 
classifier to distinguish between noise sentences and other 
sentences through RL. Qin et al.[14] trained a generative 
adversarial network and used the classifier to remove the 
noise data. 

III. MODEL 

An overview of our framework is shown in Figure 1. 
The model consists of two parts: a relation extractor and a 
sentence selector. The sentence selector is trained with data 
automatically labeled by the relation extractor. And the 
relation-based selector selects data from each sentence bag 
according to the labeling relation. The relation extractor is 
then further trained with the selected high-quality sentence 
bags. These two modules help each other to obtain better 
training data and finally achieve better performance. 
In this section, we will first describe these two parts in 
detail, and then introduce the specific details of training and 
test. 

A. Input Layer 

     Given a sentence s , the input layer transforms the 
sentence into an embedding matrix, which contains both 
semantic information and positional information of each 
word, and feed it to the subsequent networks. 
Embedding Word embeddings are low dimensional, 
continuous and real-valued vectors, which can capture 
semantic meanings of words. Each word in the vocabulary 

corresponds to a word embedding vector c wd
wv ℜ⊆ . In 

this paper, we use word embeddings pre-trained on the New 
York Times(NYT) corpus with Skip-Gram[20]. 
Position Embedding Position embeddings are vectors that 
embed the relative distances of each token to the two target 
entities. For example, in the sentence ”SteveJobs was 
the co-founder and CEO of Apple and...” , the relative 
position from token co-founder to entity SteveJobs and 
Apple is 3 and -4, respectively. Each relative position value 

corresponds to a position embedding vector pd
pv ℜ⊆  . 



     For each word w, we concatenate its word embedding vw 
and two position embeddings(each corresponds to the 
relative distance from one entity) vpen1 and vpen2 as its 

representation pw ddv ∗+ℜ⊆ 2
. Then for each sentence with 

n words },...,{ 1 nwws = , we obtain an embedding matrix 

};...;{ 1 nvvS =  by concatenating all words representations. 

B.  Relation Extractor 

Given an entity pair (h; t) and its sentence bag 

,...},{ 21, ssS th = , the relation extractor intends to obtain 

the relation of the bag. Because our model is a generic 
framework, the relation extractor module can use any bag-
level relation extractor. In this paper, we adopt the widely 
used model: PCNN with attention mechanism. 
Sentence Encoder We use PCNN as sentence encoder to 
encode the sentence embedding matrix into a representation 
vector. 

Convolution A filter
mdk

r
vhW ××ℜ∈ is applied to extract 

local features of a sentence, where pwv ddd ∗+= 2  is the 

dimension of the word vector, m is the width of the filter and 

hk  is the dimension of the output channel. By sliding rW  

along the sentence embedding matrix iS , we can get the 

hk -dimensional feature vector: 

)],...,([Re 2/)1(2/)1( rrmimii bWvvLUh +⊗= +−−−    (1) 

Then all the feature vectors are concatenated to form a 

feature map };...;{ 1 nhhH = . 

Piece-wise Max-pooling Piece-wise Max-pooling operation 
is then applied over the feature map H to get the final 
sentence representation: 
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where the subscript j represents the j-th value of a vector, 

1eni and 1eni are the positions of two entities. Then we 

concatenate the three pooling vectors to get the final 
sentence representation: 

},,{ )3()2()1( qqqq =                                (3) 
Sentence Selective Attention After obtaining sentence 
representation, we apply selective attention to compute the 
attention score i for each sentence. Then the bag embedding 
u is computed as a weighted sum of sentence representations: 

=
|| ,thS

i
iiqu α                                         (4) 

where the weight i indicates the degree of correlation 

between sentence and the relation, and || ,thS  is the number 

of sentences in the bag. We assign a query vector rq for each 
relation r. The attention score is computed as: 
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where aW is the weight matrix and N is the number of 

relations. 
Loss Function Finally, we obtain the conditional probability 

),|( , θthSrp through feeding the bag representation u to a 

fully connected layer: 
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where cW  is a weight matrix and cb  is a bias vector. 

Given the collection of sentence 

bag ,...},{
2211 ,, thth SS=Ω  and corresponding labeling 

relation ,...},{ 21 rr , the loss function is defined as follows: 
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where || Ω  is the number of bags. 

C.  Sentence Selector 

 
The sentence selector is a binary classifier which can 

judge whether a sentence expresses the given relation.  
Obtaining Training Data Since there is no training data for 
the sentence selector, we propose a method to label data 
automatically. We transform the relation extractor introduced 
in Section B into a sentence-level relation extractor by 
regarding each sentence as a bag with only one sentence. 
Those sentences whose classification result is consistent with 
their labeling relation are labeled as positive. Otherwise, they 
are labeled as negative. 

After that, we get a data set },,,{ ryesD = , in which 

s  represents the sentence, e is the entity pair, y  is the two-
category label and r is the labeling relation obtained by 
distant supervision. 

Gated Convolutional Network Given a sentence is and its 

corresponding relation ir , the input to the gated 

convolutional network is the same as the input embedding 
matrix in Section A. Specifically, each token is embedded 
into a word embedding and two position embeddings, so that 

we get the input embedding matrix };...;{ 1 nvvS = .  

Then we feed the input embedding matrix iS  to the 

gated convolutional unit. The gated convolutional unit 



contains two convolutional components. One is a plain 
convolution operation: 

)],...,tanh([ 2/)1(2/)1( ssmimi
s
i bWvvh +⊗= +−−−        (8) 

The other convolution operation is a convolutional gate: 
 

)],...,([ 2/)1(2/)1( ggmimii bWvvh +⊗= +−−−σ             (9) 

Then we compute an element-wise multiplication 

between the feature vector sh  and the relation gate vector 

h : 

i
s
i

g
i hhh =                                 (10) 

where the symbol  represents the element-wise 
multiplication.  The max pooling procedure is then 
performed over the feature maps to obtain the sentence 
embedding: 
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Loss Function We feed the sentence embedding g
iq to a 

fully connected layer to compute the posterior probability 
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where 'y  is the two-category label. 

Given the collection of sentences ,...},{ 21 ss=Λ , its 

label relation ,...},{ 21 rr and the corresponding label 

,...},{ 21 yy , the loss function is defined as follows: 
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where || Λ is the number of bags. 

D.  Training and Test 

Because the performance of the relation extractor and 
the sentence selector influence each other. We train the two 
modules alternately. 

During training, we first adopt Adam algorithm to 
minimize the loss function Eq. 7 with the original dataset. 
After using relation extractor to generate training data for 
the sentence selector, we then optimize the sentence selector 
by minimizing the Eq. 13 with Adam. Next, we utilize the 
sentence selector to select the sentences to further train the 
relation extractor. The relation extractor and the instance 
selector are trained alternately as described above until 
convergence.  

During testing, we first select the test data with the 
sentence selector.Then we feed selected sentence bags into 
the relation extractor.  

What needs to be mentioned is that, in order to increase 
the recall, we set a threshold u < 0.5 when selecting data, 
and only sentences whose selecting probability is smaller 
than u will be removed. This operation increases the 
tolerance for classification errors of sentence selector and 
enhances the recall of the relation extractor. 
 

IV. EXPERIMENTS 

A. Dataset and Evaluation 

In this paper, we evaluate our model on the widely used 
New York Times(NYT) dataset developed by [7]. This 
dataset is constructed by aligning Freebase with New York 
Times(NYT) corpus through distant supervision. There are 
522611 sentences in the training set and 172448 sentences in 
the test set, and these sentences are labeled by 53 candidate 
relations. Among the 53 relations, there is a label NA, which 
represents there is no relation between the two entities in a 
sentence. During training, We randomly extract ten percent 
of the sentences from the training data as the validation data 
and the rest as the training data. 

We evaluate all methods with the held-out evaluation. 
The held-out evaluation compares the relational facts 
extracted from the test set by models with all the facts 
existing in the test sentences(which is labeled by Freebase 
through distant supervision). For evaluation, we present 
precision-recall curves for all models. 

B. Implementation Detail 

In our experiment, our parameter settings are as 

follows: the dimension of word embedding wd and position 

embedding pd are 50 and 5; the width of the convolution 

kernel m is 3 and the dimension of the output channel hk of 

the convolution filter is 230; the max sentence length is 120; 
the batch size is fixed to 50 and dropout probability is fixed 
to 0.5. We adopt Adam to update the parameters, and the 
learning rate for training relation extractor and sentence 
selector are set to 0.001 and 0.0005. As for the threshold u 
for the sentence selector during selecting, we tune it on the 
validation dataset and pick u = 0.3 in the candidate set 

}5.0,4.0,3.0,2.0,1.0{ . 

 

C. Comparison with Baseline Models 

To evaluate the performance of our proposed model, 
we compare our model with various baseline models. 
PCNN+MIL [9] proposed piecewise CNN to encode the 
sentence and adopted the MIL framework. CNN + ATT and 
PCNN+ATT[10] employed attention mechanism to reduce 
the influence of noise data and used CNN and PCNN as 
sentence encoder respectively. APCNNS+D [21] used  



Figure 2.  Comparison with baseline models. 

external entity descriptions and attention mechanism to 
obtain better bag representation. 

As shown in Figure 2, our models, which are denoted 
as selected+PCNN+ATT and selected+CNN+ATT, have a 
significant improvement on all baseline models. For a more 
detailed comparison, we show the precision@N(P@N) of 
our models(reselected+ PCNN+ATT and re-
selected+CNN+ATT) and the corresponding baseline 
models(CNN+ATT and PCNN+ATT) in Table 1. The 
results demonstrate the effectiveness of the sentence selector 
for distant supervision relation extraction. The re-selected 
CNN+ATT model and the re-selected PCNN+ATT both 
achieve higher values for P@100, P@200, P@500 
compared to the original baseline models. Moreover, the 
mean value of selected+CNN+ATT is 6% higher than 
CNN+ATT, and selected+PCNN+ATT is 5.3% higher than 
PCNN+ATT. 

D. Comparison with Selector-Based Models 

We also compare the performance of our model with 
other selector-based models to further assess the sentence 
selector. PCNN+ATT+DSGAN [14] trained a generative 
adversarial network and used the classifier to remove the 
noise data. PCNN+ATT+RL [22] trained a sentence selector 
through reinforcement learning. 

As Figure 2(b) shows, when compared to other 
selector-based models, PCNN+ATT with relation-based 
gated selector also achieves better performance on both 
precision and recall. Moreover, compared to the RL and 
GAN, our model is more stable and easier to converge when 
training the sentence selector. 

V. CONCLUSION 

In this paper, we propose a novel method to improve 
the performance of bag-level relation extractor via removing 
noise data with a sentence selector for neural relation  
 

 

Figure 3.  Comparison with selector-based models. 

extraction under the distant supervision scenario. The whole 
model contains a relation extractor and a sentence selector 
composed of a gated convolutional network. We train the 
sentence selector without manually labeled data and employ 
the selector to select high-quality data for training the 
relation extractor. We conduct experiments on a widely used 
dataset. The experimental results confirm the effectiveness 
of the gated convolutional unit and our framework 
significantly improves the performance of the original bag-
level relation extractor. 

ACKNOWLEDGMENT 

This work was supported by the National Key R&D 
Program of China (2018YFB1403900) and the Science and 
Technology Program of Beijing (Z201100001820002). It 
was also the research achievement of the Key Laboratory of 
Digital Rights Services, which is one of the National 
Science and Standardization Key Labs for Press and 
Publication Industry. 

REFERENCES 

[1] D. Zelenko, C. Aone, and A. Richardella, “Kernel methods for 
relation extraction,” Journal of machine learning research,  vol. 3, Feb. 
2003, pp. 1083-1106, doi: 10.3115/1118693.1118703. 

[2] G. Zhou, J. Sun, J. Zhang, and M. Zhang, “Exploring various 
knowledge in relation extraction,” Proceedings of the 43rd Annual 
Meeting of the Association for Computational Linguistics, 
Association for Computational Linguistics, Jun. 2005, pp. 427-434, . 
doi:10.3115/1219840.1219893. 

[3] R. Mooney, and R. Bunescu, “Subsequence kernels for relation 
extraction,” Advances in neural information processing systems, Dec. 
2006,  pp. 171-178. 

[4] D. Zeng, K. Liu, S. Lai, G. Zhou, and J. Zhao, “Relation classification 
via convolutional deep neural network,” Proceedings of COLING 
2014, the 25th International Conference on Computational Linguistics, 
Aug. 2014, pp. 2335-2344. 

[5] C. Santos, B. Xiang, and B. Zhou, “Classifying relations by ranking 
with convolutional neural networks,” Proceedings of the 53rd Annual 
Meeting of the Association for Computational Linguistics and the 7th 
International Joint Conference on Natural Language Processing, 
Association for Computational Linguistics, May. 2015, pp. 626-634, 
doi: . 10.3115/v1/P15-1061. 



[6] M. Mintz, S. Bills, R. Snow, and D. Jurafsky, “Distant supervision for 
relation extraction without labeled data,” Proceedings of the Joint 
Conference of the 47th Annual Meeting of the ACL and the 4th 
International Joint Conference on Natural Language Processing of the 
AFNLP, ACL and AFNLP, Aug. 2009, pp. 1003-1011, doi: 
doi:10.3115/1690219.1690287. 

[7] S. Riedel, L. Yao, and A. McCallum, “Modeling relations and their 
mentions without labeled text,” Joint European Conference on 
Machine Learning and Knowledge Discovery in Databases, Springer-
Verlag Berlin Heidelberg, Sep. 2010, pp. 148-163, doi: 
doi:10.1007/978-3-642-15939-8_10. 

[8] R. Hoffmann, C. Zhang, X. Ling, L. Zettlemoyer, and D. Weld, 
“Knowledge-based weak supervision for information extraction of 
overlapping relations,” Proceedings of the 49th Annual Meeting of the 
Association for Computational Linguistics, Association for 
Computational Linguistics, Jun. 2011, pp. 541-550. 

[9] D. Zeng, K. Liu, Y. Chen, and J. Zhao, “Distant supervision for 
relation extraction via piecewise convolutional neural networks,” 
Proceedings of the 2015 Conference on Empirical Methods in Natural 
Language Processing, Association for Computational Linguistics, Sep. 
2015, pp. 1753-1762, doi: 10.18653/v1/D15-1203. 

[10] Y. Lin, S. Shen, Z. Liu, H. Luan, and M. Sun, “Neural relation 
extraction with selective attention over instances,” Proceedings of the 
54th Annual Meeting of the Association for Computational 
Linguistics, Association for Computational Linguistics, Dec. 2016, pp. 
2124-2133, doi: 10.18653/v1/P16-1200. 

[11] X. Jiang, Q. Wang, P. Li, and B. Wang, “Relation extraction with 
multi-instance multi-label convolutional neural networks,” 
Proceedings of COLING 2016, the 26th International Conference on 
Computational Linguistics, Dec. 2016,  pp. 1471-1480. 

[12] J. Feng, M. Huang, L. Zhao, Y. Yang, and X. Zhu, “Reinforcement 
learning for relation classification from noisy data,” Thirty-Second 
AAAI Conference on Artificial Intelligence, Apr. 2018, pp. 5779-
5786. 

[13] P. Qin, W. Xu, Wang, and W. Wang, “Robust Distant Supervision 
Relation Extraction via Deep Reinforcement Learning,” Proceedings 
of the 56th Annual Meeting of the Association for Computational 
Linguistics, Association for Computational Linguistics, Jul. 2018,  pp. 
2137-2147, doi: 10.18653/v1/P18-1199. 

[14] P. Qin, W. Xu, Wang, and W. Wang, “Dsgan: Generative Adversarial 
Training for Distant Supervision Relation Extraction,” Proceedings of 
the 56th Annual Meeting of the Association for Computational 
Linguistics, Association for Computational Linguistics, Jul. 2018, pp. 
496-505, doi: 10.18653/v1/P18-1046. 

 

[15] Y. Xu, L. Mou, G. Li, Y. Chen, H. Peng, and Z. Jin, “Classifying 
relations via long short term memory networks along shortest 
dependency paths,” Proceedings of the 2015 conference on empirical 
methods in natural language processing, Association for 
Computational Linguistics, Sep. 2015, pp. 1785-1794, doi: 
10.18653/v1/D15-1206. 

[16] P. Zhou, W. Shi, J. Tian, Z. Qi, B. Li, H. Hao, and B. Xu, “Attention-
based bidirectional long short-term memory networks for relation 
classification,” Proceedings of the 54th Annual Meeting of the 
Association for Computational Linguistics, Association for 
Computational Linguistics, Aug. 2016, pp.207-212, doi: 
10.18653/v1/P16-2034. 

[17] Y. Zhang,  P. Qi, and C. Manning, “Graph convolution over pruned 
dependency trees improves relation extraction,” Proceedings of the 
2018 Conference on Empirical Methods in Natural Language 
Processing, Association for Computational Linguistics, Sep. 2018, pp. 
2205-2215, doi: 10.18653/v1/D18-1244. 

[18] N. Zhang, S. Deng, Z. Sun, X. Chen, W. Zhang, and H. Chen, 
“Attention-based capsule networks with dynamic routing for relation 
extraction,” Proceedings of the 2018 Conference on Empirical 
Methods in Natural Language Processing, Association for 
Computational Linguistics, Oct. 2018, pp. 985-992, doi: 
10.18653/v1/D18-1120. 

[19] T. Liu, K. Wang, B. Chang, and Z. Sui, “A soft-label method for 
noise-tolerant distantly supervised relation extraction,” Proceedings of 
the 2017 Conference on Empirical Methods in Natural Language 
Processing, Association for Computational Linguistics, Sep. 2017, pp. 
1790-1795, doi: 10.18653/v1/D17-1189.  

[20] T. Mikolov,  I. Sutskever, K. Chen, G. Corrado, and J. Dean, 
“Distributed representations of words and phrases and their 
compositionality,” Advances in Neural Information Processing 
Systems, Dec, 2013, pp. 3111-3119. 

[21]G. Ji, K. Liu, S. He, and J. Zhao, “Distant supervision for relation 
extraction with sentence-level attention and entity descriptions,” 
Proceedings of the Thirty-First AAAI Conference on Artificial 
Intelligence, Association for the Advancement of Arti fi cial 
Intelligence, Jun. 2017, pp. 1-7. 

[22] Y. Zhang, V. Zhong, D. Chen, G. Angeli, and C. Manning, “Position-
aware attention and supervised data improve slot filling,” Proceedings 
of the 2017 Conference on Empirical Methods in Natural Language 
Processing,  Association for Computational Linguistics, Sep. 2017, pp. 
35-45, doi: 10.18653/v1/D17-1004. 

 

 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /DoulosSIL
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KristenITC-Regular
    /KrutiDev040Bold
    /KrutiDev040BoldItalic
    /KrutiDev040Condensed
    /KrutiDev040Italic
    /KrutiDev040Thin
    /KrutiDev040Wide
    /KrutiDev060
    /KrutiDev060Bold
    /KrutiDev060BoldItalic
    /KrutiDev060Condensed
    /KrutiDev060Italic
    /KrutiDev060Thin
    /KrutiDev060Wide
    /KrutiDev070
    /KrutiDev070Condensed
    /KrutiDev070Italic
    /KrutiDev070Thin
    /KrutiDev070Wide
    /KrutiDev080
    /KrutiDev080Condensed
    /KrutiDev080Italic
    /KrutiDev080Wide
    /KrutiDev090
    /KrutiDev090Bold
    /KrutiDev090BoldItalic
    /KrutiDev090Condensed
    /KrutiDev090Italic
    /KrutiDev090Thin
    /KrutiDev090Wide
    /KrutiDev100
    /KrutiDev100Bold
    /KrutiDev100BoldItalic
    /KrutiDev100Condensed
    /KrutiDev100Italic
    /KrutiDev100Thin
    /KrutiDev100Wide
    /KrutiDev120
    /KrutiDev120Condensed
    /KrutiDev120Thin
    /KrutiDev120Wide
    /KrutiDev130
    /KrutiDev130Condensed
    /KrutiDev130Thin
    /KrutiDev130Wide
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MTExtraTiger
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SILDoulosIPA
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /SymbolTiger
    /SymbolTigerExpert
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Tiger
    /TigerExpert
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /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 <<

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata pogodnih za pouzdani prikaz i ispis poslovnih dokumenata koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


