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Abstract—Tag services have recently become one of the most
popular Internet services on the World Wide Web. Due to the fact
that a web page can be associated with multiple tags, previous
research on tag recommendation mainly focuses on improving its
accuracy or efficiency through multi-label learning algorithms.
However, as a web page can also be split into multiple sections
and be represented as a bag of instances, multi-instance multi-
label learning framework should fit this problem better. In this
paper, we improve the performance of tag suggestion by using
multi-instance multi-label learning. Each web page is divided
into a bag of instances. The experiments on real-word data from
Del.icio.us suggest that our framework has better performance
than traditional multi-label learning methods on the task of tag
recommendation.

Index Terms—multi-instance, multi-label, machine learning,
tag recommendation

I. INTRODUCTION

With the rapid development of the Web 2.0 applications
such as Del.icio.us, the social bookmark services in which
people can store, share and discover web tags have become
a popular way to annotate and share web resources. The
tagging service provides meaningful descriptors to the web
pages which can be edited by not only the administrators but
also users all around world. It has drawn much attention from
both industry and academia.

Early research on tag recommendation includes exploring
the tag space[1], investigating user patterns[3] and automati-
cally generating personalized tags for Web pages[2]. As the
task of automatic annotation can be modeled as a single-
instance multi-label ranking problem, some researchers began
to investigate the implementation of multi-label learning al-
gorithms on tag suggestion. Latest works studied the extended
frameworks of multi-label machine learning algorithms such as
MMSG[4] and HOMER[5], both of which received significant
improvement on tag recommendation. However, these work
only regarded each web page as a single instance, which
neglect that each web page can be divided into many sections
and each section might be inherently associated with certain

potential tags. We think that the web page can be represented
as a bag of instances if we consider each section as an instance.

Zhou et al[6] proposed a multi-instance multi-label learning
framework in which each training example is associated with
not only multiple class labels but also multiple instances.
Application to scene classification shows that solving some
real-world problems in the MIML framework can achieve
better performance than solving them in existing frameworks
such as multi-instance learning and multi-label learning.

In this paper, we devise a tag recommendation framework
based on multi-instance multi-label learning. Our framework
is composed of two steps. First, we divide each web page
into many sections by using TextTiling document segmentation
algorithm. We consider each section as an instance and rep-
resent the web page as a bag of instances. The multi-instance
multi-label Support Vector Machine(MIMLSVM) is then used
to learn the relationship between labels and bags.

The rest of this paper is organized as follows. We first
briefly review the related work in Section2. Section 3 introduce
our framework to learn the labels for Web documents. In
section 4, we demonstrate performance measures and experi-
mental results on real-world tag suggestion problem. Finally,
Section 5 concludes and indicates several issues for future
work.

II. RELATED WORK

This paper presents a novel approach to generate tags for
Web pages by leveraging multi-instance multi-label learning
frameworks. There exists a substantial amount of researches
related to out work concerning the general goal of creating
tags for Web pages from machine learning perspective, as
well as document segmentation. The following subsections will
discuss some of the important works in the research area of tag
suggestion, Multi-Label Multi-Instance learning and document
segmentation.
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A. Automatic Tag Recommendation

Tag suggestion is a complicated problem which can be
addressed in many aspects. Collaborative filtering[3] can be
applied to suggest tags from users who share similar tagging
behaviors. This method mines the usage patterns from current
users and store a look-up table of users behavior similarity in
advance. On the other hand, Chirita et all[2] proposed a method
which automatically generates personalized tags by analyzing
personal Desktop for personal interest and aligning keyword
candidates for a given Web pages. As this method focused
on personalized tags, every document stored on the users
computer are regarded as personal interest corpus and exploited
for personalized tag suggestion. Based on the assumption that
users will annotate same tags to the similar Web pages, the
other tag suggestion frameworks [1][5][4] try to find candidate
tags from similar documents. Among them, Song et al[4]
proposed a novel multi-label classification algorithm MMSG
which transforms the tag suggestion problem into multi-label
ranking problem. More over, Katakis et al[5] also models the
tag suggestion as a multi-label text classification task.

B. Multi-Label Multi-Instance Learning

Multi-instance learning (or multi-instance single-label
learning, MISL) coined by Dietterich et al [7]studies the
problem where a training example represented by a number of
instances is associated with one class label. Formally, the task
of MISL is to learn a function fMISL : 2X → {−1,+1} from
a given data set {(X1, y1), (X2, y2), ..., (Xm, ym)}, where
Xi ⊆ X is a bag of instances {xi

1, x
i
2, ..., x

i
n} and yi ∈

{+1,−1} is the binary label of Xi.
On the contrary, multi-label learning (or single-instance

multi-label learning, SIML) [10] studies the problem where
a training example represented by one instance is associated
with a number of class labels. The task of SIML is to
learn a function fSIML : X → 2Y from a given data set
{(x1, Y1), (x2, Y2), ..., (xm, Ym)}, where xi ∈ X is a instance
and Yi ⊆ Y is a set of labels {yi

1, y
i
2, ..., y

i
n} associated with

xi.
This two learning frameworks address the ambiguity in

representing real-world objects in machine learning perspec-
tive, and both have been successfully applied to numerous
applications[7][8][10]. However, Zhou et al indicated that
there exists many real-world objects associated with multiple
instances and multiple labels simultaneously which do not fit
these two multi- learning framework well[6]. In order to tackle
such problem, Zhou et al[6] first proposed the multi-instance
multi-label learning framework in which a training example is
presented by multiple instances and associated with multiple
class labels. In fact, we can treat the traditional supervised
learning as a degenerated version of multi-instance learning
as well as a degenerated version of multi-label learning.
These three learning can be further recognized as degenerated
versions of multi-label multi-instance learning[6] as Figure 1
illustrates.

Formally, the task of multi-instance multi-label learning
is to learn a function fMIML : 2X → 2Y from a given

Fig. 1. Four different learning frameworks

data set {(X1, Y1), (X2, Y2), ..., (Xm, Ym)}, where Xi ⊆ X
is a set of instances {xi

1, x
i
2, ..., x

i
n} and Yi ⊆ Y is a set of

labels {yi
1, y

i
2, ..., y

i
l} associated with Xi. Zhou et al [6]also

proposed and applied two MIML algorithms–MIMLBOOST
and MIMLSVM on the problem of scene classification. Their
experiment on the the scene classification showed that the
MIML framework achieved better performance than both
multi-instance learning and multi-label learning[6].

C. Document Segmentation

Document segmentation is an important algorithm which
has been applied in many natural language processing tasks
such as information retrieval and summarization[12]. A basic
document segmentation approach is to break down docu-
ments into blocks each of which contains same number of
words. However, as the documents usually include various
topics and each contains different number of sentences, it
is more appropriate to divide documents by identifying and
isolating topics. A lot of research has been done on text
segmentation[11][12][13]. Beeferman et al[11] introduced a
statistical approach to automatically partition text into related
segments. In their method, a exponential model was built
incrementally in order to extract features that are correlated
with the presence of boundaries in labeled training text. An-
other classical algorithm, TextTiling [13], is a straight-forward
algorithm that assigns a depthscore to each topic boundary
candidate between two blocks based on a cosine similarity
measure. If the depthscore of a boundary candidate exceeds a
given threshold, the two blocks are regarded as belonging to
different topics.

III. THE PROPOSED FRAMEWORK

In this section, we describe our framework which automatic
suggest tags for a Web page in details. First, each web page
is segmented into many parts. Then, MIMLSVM is engaged
to learn the tags for web pages.
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A. Web Page Segmentation

The TextTiling algorithm is an classical document segmen-
tation algorithm which was firstly applied to topic segmenta-
tion in news[13]. We adapt this algorithm to our Web page
segmentation task. as follows:

1) Similarity Score Calculation: For each Web page, we
first remove all the HTML tags to obtain the text content. Then,
the text content of Web pages are divided into sentences. We
treat each inter-sentence gap along the text stream as a topic
boundary candidate. At each inter-sentence gap, neighboring
windows containing fixed number of sentences are used to
compute the semantic similarity. The similarity score between
adjacent windows at gap g is calculated by cosine metrics:

sim(g) = cos(v1, v2)

=
∑n

i=1 wi,v1wi,v2√∑n
i=1 w2

i,v1

∑n
i=1 w2

i,v2

(1)

where v1 and v2 are the term frequency vectors for the two
adjacent windows to the inter window gap. i ranges over all
the terms in the document and wi,v1 and wi,v2 are the tf-idf
weight assigned to term i in v1 and v2 respectively.

2) Boundary Prediction: To identify whether a inter-
sentence gap is a topic boundary, we follow [13] and only
consider the gaps whose similarity value represent a ”valley”.
The ”valley” gaps are those gaps whose similarity value are
less than those at the immediately preceding and following
gaps. Specifically, the depthscore is calculated for each gap
g using the following equation:

depthscore(g) = max{(sim(p) − sim(g)), 0}
+ max{(sim(f) − sim(g)), 0} (2)

where p and f are the immediately preceding and following
inter-sentence gaps of g. Note that the depthscore only
consider the drop in similarity and the non-valley gap is given
a score of 0. From this formula we can see that a sharp
drop in similarity value is more indicative of a boundary
than a relatively gentler drop, in the case that the former’s
similarity may be higher then the latter’s. With the depths
scores computed above, we calculate a threshold value t as
in [13] by subtracting the standard deviation σ from the mean
S of all the depth scores:

t = S − σ (3)

With the threshold t, we consider the gaps whose depth scores
are greater than t as the final topic boundaries. At last, the
text content of each Web page is divided into sections by these
predicted boundaries.

B. Learning with MIML

As each Web page is divided into sections and associated
with several labels as well, we leverage the MIML learning
framework to learn the relation between tags and Web pages.
In this paper, we train a classifier based on the MIMLSVM
algorithm proposed by Zhou et al[6] , which uses multi-label
learning as the bridge.

In particular, as we mentioned in Section 2, the MIML
learning task is to learn a function fMIML : 2X → 2Y from a
given data set {(X1, Y1), (X2, Y2), ..., (Xm, Ym)}. Following
[6], the MIMLSVM uses k-medoids clustering as a mapping
φ to transform the multi-instance bags into traditional single-
instances. Formally, with the φ : 2X → Z , the former MIML
learning task can be transformed into multi-label learning task
which tries to learn a function fSIML : Z → 2Y where for any
zi ∈ Z , fSIML(zi) = fMIML(Xi) if zi = φ(Xi). Here the
Multi-label SVM[6] is used to implement the function fSIML.

Given the MIML training examples (Xi, Yi) and the map-
ping zi = φ(Xi) where φ : 2X → Z , for any y ∈ Y , let
Φ(zi, y) = +1 if y ∈ Yi and -1 otherwise, where Φ is a
function Φ : Z × Y → −1,+1. The detailed pseudo-code of
the MIMLSVM algorithm is shown in Algorithm 1.

Algorithm 1 MIMLSVM algorithm
Training Stage

1: For MIML examples (Xu, Yu)(u = 1, 2, ..., m),collect all
Xu in a data set Γ = {Xu|u = 1, 2, ..., m}

2: Randomly select k elements from Γ to initialize the
medoids Mt(t = 1, 2, ..., k)

3: repeat
4: Γt = Mt(t = 1, 2, .., k)
5: for each Xu ∈ (Γ − Mt|t = 1, 2, ..., k) do
6: index = arg min

t∈(1,...,k)

dH(Xu,Mt)

7: Γindex = Γindex ∪ Xu

8: end for
9: Mt = arg min

A∈Γt

∑
B∈Γt

dH(A,B)(t − 1, 2, ..., k)

10: until all Mt do not change
11: Transform (Xu, Yu) into a multi-label example

(zu, Yu)(u = 1, 2, ..., m) where zu = (dH(Xu,M1),
dH(Xu,M2), ..., dH(Xu,Mk))

12: for each y ∈ Y do
13: Derive a data set Dy = {(zu,Φ(zu, y))|u = 1, 2, ..., m},

and train an SVM hy = SV MTrain(Dy)
14: end for
15:
Predicting Stage
16: Transform the given X∗ into z∗ = (dH(X∗,M1),

dH(X∗,M2), ..., dH(X∗,Mk))
17: Get a score set S = {sy|sy = hy(z∗), y ∈ Y}, and Return

a ranked list by sort the all sy ∈ S in descending order.

As we can see from the Algorithm 1, the MIMLSVM
first collects all the input of training examples, and then
uses constructive clustering to cluster all the inputs into k
medoids. While clustering, the Hausdorff distance[16] is used
to measure the distance between two bags. With the help of
these k medoids, the original multi-instance example Xu is
transformed into a k dimensional numerical vector zu, and the
original MIML problem is transformed into a SIML problem.

In the predicting stage, the mulit-instance example is also
transformed into single instance by calculating the Hausdorff
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distance between the k medoids. Then, as we need to get a
ranked lists of labels for the example, all the class labels with
SVM scores are sorted in descending order.

IV. EXPERIMENTAL RESULTS

We evaluate our proposal by conducting experiments in
the real-world data collected from del.icio.us. Details of the
experiments are omitted in the following subsections.

A. Experiment Set

1) Evaluation Metrics: To evaluate the performance of our
tag recommendation framework, we measure the quality of the
produced tags using Tag-Precision, Tag-Recall, Top-k Accuracy

and Exact-k Accuracy all which were previously used in [14].
Tag-Precision: Tag-Precision is the percentage of correctly

recommended tags among all tags recommended by the tag
recommendation algorithm.

Tag-Recall: Tag-Recall is the percentage of correctly rec-
ommended tags among all tags annotated by the users.

Top-k Accuracy:Top-k Accuracy is the percentage of Web
pages correctly annotated by at least one of the top kth returned
tags.

Exact-k Accuracy: Exact-k Accuracy is the percentage of
Web pages correctly annotated by the kth recommended tags.

2) Comparison Methods: In our experiment, we compare
our framework with three multi-label learning algorithms,
Binary Relevance, Label Powerset[17] and Multi-Label K-
Nearest Neighbor(ML-KNN)[18], all of which have been suc-
cessfully applied in multi-label classification tasks.

The Binary Relevance(BR Learning)[17] is the most
widely-used problem transformation method which considers
the multi-label problem as a set of independent binary classi-
fication task on each label. In our experiment, we uses Naive
Bayes classifier as the binary learner for each class.

For a given unseen instance, the ML-KNN algorithm uses
the statistical information gained from k nearest neighbors and
utilizes MAP principle to determine the label [18]. For ML-
kNN, the Parameter k are tuned between 10, 30 and 100 and
we picked k as 10 which achieved the best performance.

The Label Powerset[17] algorithm treats the the multiple
labels of each instance as a subset of the label’s powerset.
Comparing to BR, the advantage of the Label Powerset is that
the learning process takes the correlations between labels into
consideration.

B. Result and Analysis on Del.icio.us Data

In order to get real-world tagging data, we subscribed 20
popular tags on the del.icio.us. From these tags, we received
4914 URLs from Feb 1st, 2009 to Feb 8, 2009. We crawled
the textual data of web pages and obtained their tags for
each URL. Finally, we got 9847 distinct tags for all Web
pages. To discharge the data set from rarely used tags, we
removed tags used in less than 5 bookmarks. This led to
a final set of 843 tags. Then, we randomly selected 1000
Web pages from the 4914 Web pages as the testing data set
and the rest were used as training data. In the first-stage of
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Fig. 2. Exact-k of Del.icio.us data set with 1000 test Web pages, 10 tags are
recommended for each Web page

1 2 3 4 5 6 7 8 9 10
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Top−K Tags

A
c
c
u

ra
c
y

Top−K Accuracy

Binary Relevance

ML−KNN

Label PowerSet

MIMLSVM

Fig. 3. Top-k of Del.icio.us data set with 1000 test Web pages, 10 tags are
recommended for each Web page

our framework, the textual content of each Web pages was
divided sections by the TextTiling algorithm. We used ”Bag of
Words” representation base on tf.idf to present each section. It
is reported that dimensionality reduction by retaining the top
2% words with highest document frequency will not harm the
effectiveness[15]. Thus we finally use 300 terms to get a 300-
dimensional feature vector to present text context by removing
stop words and performing dimensionality reduction.

Figure 2 shows the Exact-k precision of MIML, BR, LP
and ML-KNN on the 1st to 10th recommended tags, from
which we notice that MIML dominates the other algorithms
in each top-k tag. As we can see in Figure 2, the correct
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Fig. 4. P-R Curve of Del.icio.us data set with 1000 test Web pages, 10 tags
are recommended for each Web page

recommendation on the top 1st tags is around 16.3% achieved
by MIML, which is pretty slow, but the same metric on BR, LP
and ML-KNN are around 14.0%,8.7% and 3.3%. We assume
the reason for the poor accuracy is that the size of training
data set is not sufficient to generalize the positive labels as
most of the labels are negative. Although the exact-k precision
is far from good, the top 10 recommended tags from MIML
together are still able to overlap with more than 80% of the
user-annotated tags whereas that of the other three algorithm
is below 40%.

More over, the Precision and Recall of the MIML tag
recommendation framework are significantly above these of
other three algorithm, as is shown in Figure 4. With the number
of tags increases from 1 to 10, the Precision drops from 16.3%
to 10.5% while Recall arises from 6.5% to 39.1%.

V. CONCLUSION

In this paper, we proposed a learning framework which
leverage multi-instance multi-label learning algorithm to tackle
the task of automatic tag recommendation. In particular, we
used TextTiling algorithm to divide the Web pages into bags
of instances representation, and utilized MIMLSVM to learn
the transformed MIML problem. We also generated realtime
tag suggestions for Del.icio.us and conducted numerous ex-
periments, which suggested that the our MIML framework
outperformed the multi-label learning algorithm.

Future work would be to improve the accuracy of our
algorithm for the top-most recommended tags. We assume that
the segmentation algorithm we used to divide a Web page
into a bag of instances neglects the connections between each
section, which may lose some information. More over, the
efficiency measure should be taken into consideration in the
future work.

ACKNOWLEDGMENT

This work is supported by the the Natural Science Foun-
dation (NSF) of China under grant No. 60603094, the NSF
of Beijing under grant No. 4082030, the Major State asic
Research Project of China under grant No. 2007CB311103
and the National High Technology Research and Development
Program of China under grant No. 2006AA010105

REFERENCES

[1] G. Begelman, P.Keller, and F.Smadja. Automated tag clustering: Improv-
ing search and exploration in the tag space. In Collaborative Web Tagging
Workshop at WWW2006, Edinburgh, Scotland, 2006.

[2] P. A. Chirita, S. Costache, W. Nejdl, and S. Handschuh. P-tag: large scale
automatic generation of personalized annotation tags for the web. In WWW
07: Proceedings of the 16th international conference on World Wide Web,
pages 845C854, New York, NY, USA, 2007. ACM Press.

[3] S. Golder and B. Huberman. Usage patterns of collaborative tagging
systems. J. Inf. Sci., 2006.

[4] Song Yang and Zhang Lu and Giles C. Lee,. A sparse gaussian processes
classification framework for fast tag suggestions. CIKM ’08: Proceeding
of the 17th ACM conference on Information and knowledge management,
New York, NY, USA, 2008.

[5] G. Tsoumakas, I. Katakis, and I. Vlahavas.Effective and efficientmul-
tilabel classification in domains with large number of labels. In Proc.
ECML/PKDD 2008 Workshop on Mining Multidimensional Data

[6] Zhou, Z.-H., and Zhang, M.-L. 2007. Multi-instance multi-label learning
with application to scene classification. Proc. Advances in Neural Infor-
mation Processing Systems

[7] T. G. Dietterich, R. H. Lathrop, and T. Lozano-Perez. Solving the
multiple-instance problem with axisparallel rectangles. Artificial Intelli-
gence, 89(1-2):31C71, 1997.

[8] O. Maron and A. L. Ratan. Multiple-instance learning for natural scene
classification. In Proceedings of the 15th International Conference on
Machine Learning, pages 341C349, Madison, MI, 1998.

[9] Z.-H. Zhou. Multi-instance learning: A survey. Technical report, AI Lab,
Department of Computer Science & Technology, Nanjing University,
Nanjing, China, 2004.

[10] G. Tsoumakas and I. Katakis. Multi-label classification: an overview.
International Journal of Data Warehousing and Mining, 3(3):1C13, 2007.

[11] Doug Beeferman, Adam Berger, and John Lafferty. 1999. Statistical
models for text segmentation. Machine Learning, 34(1-3):177C210.

[12] Masao Utiyama, Hitoshi Isahara. A Statistical Model for Domain-
Independent Text Segmentation. The 39th Annual Meeting of the Associa-
tion for Computational Linguistics and 10th Conference of the European
Chapter of the Association for Computational Linguistics. 2001. 491-498.

[13] Marti A. Hearst. 1994. Multi-paragraph segmentation of expository text.
In Proc. of ACL94.

[14] Y. Song, Z. Zhuang, H. Li, Q. Zhao, J. Li, W. C. Lee,and C. L. Giles.
Real-time automatic tagrecommendation. In SIGIR 08: Proceedings of
the31st annual international ACM SIGIR conference onResearch and
development in information retrieval,pages 515C522, New York, NY,
USA, 2008. ACM.

[15] Y. Yang and J. O. Pedersen. A comparative study on feature selection in
text categorization. In Proceedings of the 14th International Conference
on Machine Learning, pages 412C 420, Nashville, TN, 1997.

[16] G. A. Edgar. Measure, Topology, and Fractal Geometry. Springer, Berlin,
1990.

[17] G. Tsoumakas and I. Vlahavas. Random k-labelsets:An ensemble method
for multilabel classification. In Proceedings of the 18th European Con-
ference on Ma-chine Learning (ECML 2007), pages 406C417, War-
saw,Poland, September 17-21 2007.

[18] Zhang, M.L., Zhou, Z.H.: A k-nearest neighbor based algorithm for
multi-label classication. In Proceedings of the 1st IEEE International
Conference on Gran- ular Computing. (2005) 718-721

5059



<<
  /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 /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /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 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /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 1.50000
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /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 <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


