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ABSTRACT 
We introduce an entity-centric search experience, called Active 
Objects, in which entity-bearing queries are paired with actions 
that can be performed on the entities. For example, given a query 
for a specific flashlight, we aim to present actions such as reading 
reviews, watching demo videos, and finding the best price online. 
In an annotation study conducted over a random sample of user 
query sessions, we found that a large proportion of queries in 
query logs involve actions on entities, calling for an automatic 
approach to identifying relevant actions for entity-bearing queries. 
In this paper, we pose the problem of finding actions that can be 
performed on entities as the problem of probabilistic inference in 
a graphical model that captures how an entity bearing query is 
generated. We design models of increasing complexity that 
capture latent factors such as entity type and intended actions that 
determine how a user writes a query in a search box, and the URL 
that they click on. Given a large collection of real-world queries 
and clicks from a commercial search engine, the models are 
learned efficiently through maximum likelihood estimation using 
an EM algorithm. Given a new query, probabilistic inference 
enables recommendation of a set of pertinent actions and hosts. 
We propose an evaluation methodology for measuring the 
relevance of our recommended actions, and show empirical 
evidence of the quality and the diversity of the discovered actions. 

Categories and Subject Descriptors 
H.3.3 [Information Search and Retrieval]: Retrieval models 

General Terms 
Algorithms, Measurement, Experimentation, Theory 

Keywords 
Actions, Active Objects, Entity-Centric Search, Query Log 
Mining, Web Search 

1. INTRODUCTION 
Entities are central to a large fraction of Web search queries. 

Whether users seek to find information about an entity or transact 
on the entity (e.g., “[buy] toy story 3”, “[watch or listen to] obama 
weekly address”), understanding the underlying query intent is 
key to providing a rich search experience. 

Web search today has already taken great strides away from 
simple query word matching. For example, popular entities in 

large query segments (e.g., local, entertainment, shopping) are 
routinely recognized in queries and rich direct displays are 
presented to users by filling editorially-defined templates with 
associated structured data. For example, a query for “lion king” on 
Bing yields such a direct display consisting of an image of the 
movie cover, showtimes at local theaters, the running time, genre, 
and ratings of the movie. However, since the focus is on the 
dominant actions, the search engine underserves, for instance, a 
Netflix user seeking other actions such as adding the movie to her 
streaming queue, or a child trying to find a toy figurine. In 
addition, a different movie such as Michael Moore’s most recent 
documentary would certainly have a different underlying intent 
distribution. Also, actions associated with queries for tail entities 
such as flashlights or small vineyards are completely ignored. 

Search as an action broker: A promising future search scenario 
involves modeling the user intents (or “verbs”) underlying the 
queries and brokering the webpages that accomplish the intended 
actions. In this vision, the broker is aware of all entities and 
actions of interest to its users, understands the intent of the user, 
ranks all providers of actions, and provides direct actionable 
results through APIs with the providers. For example, consider a 
user who queries for “jetbeam rrt-0”, a flashlight. The broker, 
which maintains a collection of all possible actions on flashlights 
and associated websites and applications that can accomplish 
those actions, would recognize the particular entity mentioned in 
the query, and would return a personalized ranked list of actions 
to the user. Figure 1 provides a simplistic illustration of how this 
user experience could look on a search results page. With actions 
present, users could save clicks and save time, and sometimes 
even discover new actions to help them toward their goals. New 
revenue streams open up from paid action placement, lead 
generation, and on-site commercial transactions. 

This paper addresses several key questions that arise within this 
paradigm. Do Web queries tend to lend themselves to actions on 
entities? What does the space of actions look like? And most 
importantly, given a query with an entity (e.g., identified via a 
technique such as [18]), how can a search engine determine 
actions to recommend?  

 
*This work was conducted at Microsoft Research. 
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Figure 1. Search as an action broker. 
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for one of our discovered actions. Clearly this is a cluster that 
relates to downloading free software.1 We then tease out the 
“actions” by obtaining a list of verbs/action words, and then 
intersecting this list against the context words in the clusters. 

Using a generic verb list is not ideal here because we are 
restricted to actions that users can perform on the Web, many 
verbs do not take people in the agent role (e.g., “merge”), and 
generic verb lists often do not contain words that can be used as 
Web-based actions such as “blog”, “podcast” or “torrent”. To 
obtain a list of appropriate actions, we defined a few key lexical 
patterns (similar to Hearst [13]) that generally contain action 
words, such as: 

 

“want to (x)”    “have to (x)”    “you can (x)”    “I can (x)” 
 

We then obtain the most frequent instances of (x) by applying 
these patterns against a large Web body-text trigram corpus. After 
filtering out adverbs (using 21 additional patterns, designed to 
catch adverbs in this corpus) and noise (the 25% of actions with 
the lowest frequency / unigram count, e.g., “a” and “boy”), this 
leaves us with a list of 13,417 action words. This list still contains 
a number of actions (e.g., “shock” or “kill”) that users cannot 
perform over the Web, so we filtered it down to the 1,279 Web 
actions that also occurred with the pattern “(x) at (y)” in our 
trigrams, where (y) takes the form of a website URL (e.g., 
“Amazon.com”). Examples of the most popular Web actions 
include: “buy”, “review”, “shop” and “unsubscribe”. 

The second word cloud in Figure 5 shows P(n | a) for those 
contexts n that passed our filter. The third word cloud shows the 
remaining words when Web action words are removed. The 
resulting three word cloud types, illustrated in Figure 5, are used 
as a tool for a human-annotation task to specify the appropriate 
action phrases for each cluster. From our automatically generated 
word clouds of action words, non-action words, and the popular 
hosts for each action cluster, we found it easy for annotators to 
specify these action phrases. In future work we will explore 
techniques for fully automating this process of learning action 
phrases from action words. 

5. EXPERIMENTAL RESULTS 
5.1 Data 

We collected several months of queries issued to Bing and 
filtered them to retain only those that contain a signal for learning 
actions, by (i) removing any query that did not lead to a click and 
(ii) removing any query that did not contain an entity. 

We cover a large number of oft-queried entities by focusing on 
the most important entity types discovered in our query analysis 
                                                                 
1 Note that ‘@’ is a wildcard for any digit. Thus “@.@” is a 

placeholder for software versions such as “3.1” or “2.0.” 

from Section 3 (see Figure 3). Note that Schema.org does not 
provide actual instances for their entity taxonomy, so we rely 
instead on Freebase for instances. We chose types from Freebase 
that correspond to the most often queried types in Schema.org 
such as films, business operations, product lines and people. Since 
Freebase is a fine-grained knowledge base, we also included 
subtypes such as athletes, actors and politicians, for a total of 21 
total types (Table 1). The resulting sets account for approximately 
3.4 million entity instances after de-duplication. 

Accurate entity recognition is a difficult problem and at model 
application time one needs high precision and high recall entity 
recognition and entity to type mappings (e.g., using methods such 
as described in [7] and [21]). For our model training, given the 
large amount of available queries, we require only high precision 
entity recognition, so we turn to the following simple but effective 
method. We start by matching our query log with all our Freebase 
entity instances. To avoid problems like a query for “nice pants” 
getting matched to the city “Nice” in France, we apply an 
ambiguity filter on the capitalization ratio of our instances and 
allow matches on only the entities that appear capitalized at least 
50% of the time in Wikipedia. To ensure that we do not match on 
substrings within entities (e.g., if “Harry Potter” is the correct 
entity but not in our database of entities, we do not want to match 
on “Harry” or “Potter” separately), we also apply a standalone 
score filter [14] at 0.9, which calculates how often a string occurs 
as an exact match in queries relative to how often it occurs as a 
partial match. 

Table 1: 21 Freebase types used in our experiments. 
website product line digital camera 
consumer product software film 
comp/video game person  athlete  
politician  actor  artist 
employer  business operation restaurant  
location  travel destination  tourist attraction 
sports facility  university  road  

For query contexts n1 and n2 defined in Section 4, although one 
could potentially use arbitrary n-gram context sizes, we keep only 
queries where the contexts are empty or consist of single words 
(accounting for a very large fraction of the queries). 

We define a navigational query as one where the user only 
wants to navigate to a specific site and is unlikely to be interested 
in any other action presented to her. We automatically eliminate 
such queries from the training set, where a query is considered 
navigational if in our logs it is associated with >1,000 clicks 
where >98% of clicks were to the same host (~2% of our data 
points). Finally, we eliminate entries with clicked hosts that have 
been clicked fewer than 100 times over our entire query log. 

After applying the filters described above, this yielded several 
million data points for training our models. Our data covers 235K 

 
 

Figure 5. To obtain Action Phrases we first identify top Web Action words from the action’s most likely context words. 
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distinct Freebase entities, 129K distinct context words, and 58K 
distinct click hosts. We refer to the resulting queries as actionable 
queries and denote the resultant query set as Q according to 
Section 4. 
5.2 Model Settings 

We trained our models with 50 action clusters, set according to 
our earlier annotation study in Section 3.2, which found that this 
would give us good coverage over the main actions in Web 
search. Alternatively, the constraint could be alleviated by 
analyzing the semantic similarity between context words in the 
resulting clusters, or by using techniques similar to those for 
finding the optimal k in k-means [12], or by other methods such as 
those discussed by Blei et al. [2]. We conducted our two-step 
learning over 100 total EM iterations, running 2 folds per model.  

5.3 Experimental Configurations 
We used three test sets for our study: 

• HEAD: 100 queries from a frequency-weighted random 
query sample of Q. 

• TAIL: 100 queries from a uniform random sample of Q. 
• Type-Balanced: 16 queries obtained as follows: Sampling 

starts from a frequency-weighted sample of Q, but during 
sampling, we only admit new queries to the test set if they 
cover a type that has not been covered yet.  

The HEAD sample was used to test expected user impact in a 
Web search scenario whereas the TAIL sample tests how our 
method applies to rare entities. Whereas manually curated models 
could potentially address a large portion of head queries, only an 
automated method can model the tail. In our TAIL sample, we 
noticed that the entities were skewed towards the person type. We 
introduced the Type-Balanced set to test our model performance 
over a broad set of entity types, including less common types such 
as university and tourist attraction. 

Finally, we report our results against the following models: 

• Baseline: Simpler version of Model 1 that uses only query 
context words as observed variables, illustrated in Figure 6. 

• Models 1, 2: As described in Section 4. 
• Model 2+: Model 2 with the Empty Switch as described in 

Section 4.3 and illustrated on the right in Figure 4. 

There are 12 resulting experimental configurations. 

5.4 User Study 
We conducted a user study for each experimental configuration 

to determine relative effectiveness at discovering and suggesting 
actions. The goals of the study are to assess the following: 

• End-to-end application results: Given a new query, the 
model should be able to recommend actions that are of 
interest to users. 

• Diversity: The model should learn a comprehensive set 
of user intended actions, not just a few common actions. 

The latter goal is interesting because it deepens our 
understanding of the actions that Web search users most 
commonly perform, and a diverse set of actions internally could 
also be indicative of the ability to perform well on less common 
queries and on queries whose entities belong to less popular types.  

Annotation Guidelines: To measure whether the recommended 
actions are of interest to users, we adopt a PEGFB graded 
relevance scale similar to Web search [9]. In our case, we define 
the grades as:  

• Perfect action: Exactly the explicit intent of the user as 
stated in the query. (only used for queries with context) 

• Excellent action: The presumed likely intent of the user 
as stated in the query. 

• Good action: Likely to be interesting to the user, 
although not the stated intent. 

• Fair action: Possibly of interest to some users who issue 
the query. 

• Bad action: Unlikely to be of interest to any user who 
issues this query. 

We employed a total of seven paid independent annotators for 
grading the actions suggested in each configuration. For each 
action, two annotations were obtained. Inter-rater agreement using 
Fleiss’ κ was 0.28 (fair agreement) when the P, E, G relevance 
judgments were collapsed. Note that there is some amount of 
subjectivity in ratings, especially for queries with no context. For 
example, on a query for “Obama”, some annotators felt that the 
“Watch videos about” action is Good, while others felt it is Fair. 
When exact ratings differed, they still tended to be close in rank. 
Annotators were also allowed to specify and skip labeling any test 
query that was judged navigational or that contained entity 
recognition errors. This occurred in 16.5% of the test cases. 

For each query set, each model configuration was set to return 
up to seven actions to be judged according to our PEGFB scale. 

5.5 Experimental Results 
The results (using P=5, E=4, G=3, F=2, B=1) from our model 

configurations are summarized in Figure 7. The evaluation 
measure is Normalized Discounted Cumulative Gain (nDCG) on 
the top-7 suggested actions per model.  

 
Figure 6. Baseline Model. 

Figure 7. Normalized Discounted Cumulative Gain (nDCG)
for each experimental configuration from Section 5.3, with
95% confidence bounds. The addition of types and entities
(Model 2) had the largest effect, followed by clicked hosts
(Model 1) and then empty switch (Model 2+). 
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metric for visualizing this is to graph “Total P(Action | Type)” as 
a function of “Cluster Rank,” as in Figure 9. This illustrates the 
distribution of probability mass across the cluster ranks. Here we 
only compare Models 2 and 2+, because Model 1 does not model 
entity type. Given that we used 21 total types, the maximum value 
would be 2100% (if all 21 types mapped 100% to one cluster). 
Model 2 appears to have six primary action clusters that receive 
the majority of the probability from types, while Model 2+ learns a 
much more diverse set of actions clusters, which we also observed 
by inspecting the word clouds in the Φ parameter. 

Note that only learning 6 primary action clusters does not mean 
that Model 2 can only recommend up to 6 distinct action phrases. 
First, the remaining clusters do have nonzero weight and can 
contribute action phrases. Second, individual action clusters may 
contain a mixture of action phrases. For example, one of the 
Model 2 clusters contains actions for “read biography”, “find 
lyrics” and “download file” all within the same cluster. This does 
not cause type mismatches at decoding time because action 
phrases are typed (e.g., “download file” will only be 
recommended when the entity is of a type it applies to, such as 
software type), but it does limit the ability of the models to 
discover and refine good action clusters specifically around the 
less common actions. The lower ranked clusters within Model 2+ 
do look very coherent around specific actions, for example, “read 
biography” is in a cluster only with related terms such as “facts”, 
“childhood” and “timeline” while “download” is in a cluster with 
related terms like “software”, “install” and “free”. 

6. CONCLUSIONS 
We proposed the notion of actions in Entity-Centric Search. 

We conducted an annotation study on query log data to gauge the 
prevalence of entities and associated actions in Web search. We 
developed generative models to learn latent actions from queries, 
and we implemented them over large real-world query logs. We 
experimentally showed that modeling click hosts and entity types, 
along with query context words, yields high relevance on the task 
of action recommendation, and that explicitly representing empty 
contexts greatly improves action diversity. Finally, we addressed 
various issues for developing an end-to-end system for actions, 
and we are now able to automatically recommend good sets of 
actions for users issuing new queries. 

Future research directions include expanding the number of 
entity types and modeling actions for “entity category” queries 
(e.g., “shoes”). Additionally, we believe that our current random 
initialization of action clusters can be improved upon by seeding 
the clusters with some prior knowledge. We are also considering 
adding a user model to our approach in order to better target user-
specific actions. For the “Webster University” query in Table 2, 
for example, actions such as “read reviews of” and “see rankings 
of” are more suited for prospective students, while “see map of” 
and “follow sports teams of” are a better fit for current students. 

This work takes first steps towards the larger vision of search as 
an action broker outlined in the introduction. We envision a world 
where publishers can tag (automatically or manually) their Web 
pages and native applications with the actions that they can 
accomplish; a world where users’ intended actions can be inferred 
and executed seamlessly via connections to these providers. Only 
then will entities become, truly, active objects. 

7. ACKNOWLEDGMENTS 
The authors thank Omar Alonso for implementing the user 

study for our evaluation as well as Oren Etzioni, Larry Heck, Rico 
Malvar, and Jan Pedersen for valuable discussions. 

8. REFERENCES 
[1] Balasubramanian, N. and Cucerzan, S. Topic Pages: An 

Alternative to the Ten Blue Links. In IEEE-ICSC (2010). 
[2] Blei, D.M., Ng, A. and Jordan, M. Latent Dirichlet 

Allocation. In Journal of Machine Learning Research, 
3:993-1022, (2003). 

[3] Broder, A. A Taxonomy of Web Search. SIGIR Forum, 
volume 36 number 2 pages 3-10 (2002). 

[4] Broder, A., Fontoura, M., Gabrilovich, E., Joshi, A., 
Josifovski, V., Zhang, T. Robust Classification of Rare 
Queries Using Web Knowledge. In SIGIR (2007). 

[5] Carman, M.J., Crestani, F., Harvey, M., and Baillie, M. 
Towards Query Log Based Personalization using Topic 
Models. In Proceedings of CIKM (2010). 

[6] Cucerzan, S. Large-Scale Named Entity Disambiguation 
Based on Wikipedia Data. In Proceedings of EMNLP (2007). 

[7] Curran, J. R. and Clark, S. Language independent NER using 
a maximum entropy tagger. In CoNLL, pp. 164-167 (2003). 

[8] Dalvi, N., Kumar, R., Pang, B., Ramakrishnan, R., Tomkins, 
A., Bohannon, P., Keerthi, S., Merugu, S., A Web of 
Concepts. In Proceedings of PODS (2009). 

[9] Dupret, G. and Piwowarski, B. A User Behavior Model for 
Average Precision and its Generalization to Graded 
Judgments. In Proceedings of SIGIR, pages 531-538 (2010). 

[10] Gao, J., Toutanova, K. and Yih, W. Clickthrough-Based 
Latent Semantic Models for Web Search. In Proceedings of 
SIGIR (2011). 

[11] Guo, J., Xu, G., Cheng, X. and Li, H. Named Entity 
Recognition in Query. In Proceedings of SIGIR, pages 267-
274 (2009). 

[12] Hamerly, G. and Elkan, C. Learning the K in K-Means. In 
Proceedings of the 7th Annual Conference on Neural 
Information Processing Systems (NIPS) (2003). 

[13] Hearst, M. Automatic Acquisition of Hyponyms from Large 
Text Corpora. In Proceedings of COLING (1992). 

[14] Jain, A. and Pennacchiotti, M. Domain-Independent Entity 
Extraction from Web Search Query Logs. In WWW (2011). 

[15] Jansen, B.J., Booth, D. and Spink, A. Determining the User 
Intent of Web Search Engine Queries. In WWW (2007). 

[16] Kemke, C. and Walker, E. Planning with Action Abstraction 
and Plan Decomposition Hierarchies. In IAT (2006). 

[17] Metzinger, T. and Gallese, V. The Emergence of a Shared 
Action Ontology: Building Blocks for a Theory. In 
Consciousness and Cognition, 12, 549-571 (2003). 

[18] Pantel, P. and Fuxman, A. Jigs and Lures: Associating Web 
Queries with Structured Entities. In ACL (2011).  

[19] Rose, D. E. and Levinson, D. Understanding User Goals in 
Web Search. In Proceedings of WWW (2004). 

[20] Sauper, C. and Barzilay, R. Automatically Generating 
Wikipedia Articles: A Structure-Aware Approach. In 
Proceedings of ACL (2009). 

[21] Sekine, S. and Suzuki, H. Acquiring Ontological Knowledge 
from Query Logs. In Proceedings of WWW (2007). 

[22] Yin, X. and Shah, S. Building Taxonomy of Web Search 
Intents for Name Entity Queries. In WWW (2010).

WWW 2012 – Session: Leveraging User Actions in Search April 16–20, 2012, Lyon, France

598



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /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 true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Academy
    /AgencyFB-Bold
    /AgencyFB-Reg
    /Alba
    /AlbaMatter
    /AlbaSuper
    /Algerian
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /BabyKruffy
    /BaskOldFace
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BlackadderITC-Regular
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BradleyHandITC
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Castellar
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chick
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Croobie
    /CurlzMT
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversMT
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /EstrangeloEdessa
    /Fat
    /FelixTitlingMT
    /FootlightMTLight
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Freshbot
    /Frosty
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GlooGun
    /GloucesterMT-ExtraCondensed
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /Jenkinsv20
    /Jenkinsv20Thik
    /Jokerman-Regular
    /Jokewood
    /JuiceITC-Regular
    /Karat
    /Kartika
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /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
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /MaturaMTScriptCapitals
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MSOutlook
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /OCRAExtended
    /OldEnglishTextMT
    /Onyx
    /PalaceScriptMT
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Papyrus-Regular
    /Parchment-Regular
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /Playbill
    /Poornut
    /PoorRichard-Regular
    /Porkys
    /PorkysHeavy
    /Pristina-Regular
    /PussycatSassy
    /PussycatSnickers
    /Raavi
    /RageItalic
    /Ravie
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /ScriptMTBold
    /ShowcardGothic-Reg
    /Shruti
    /SnapITC-Regular
    /Square721BT-Roman
    /Stencil
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Vrinda
    /Webdings
    /WeltronUrban
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /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 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /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 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /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 <>
    /PTB <>
    /SUO <>
    /SVE <>
    /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.)
  >>
  /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 [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




