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ABSTRACT 
Many existing ranking-related information processing applications 
can be summarized into one theoretical problem called group rank-
ing (GR). A simple average-ranking approach is usually applied to 
GR. Although the approach seems reasonable, no theoretical analy-
sis about its intrinsic mechanism has been presented, increasing the 
difficulty of evaluating the ranking results. This study provides a 
formal analysis for GR. We first construct an objective function for 
the GR problem, and discover that each GR problem can be trans-
formed into a rank aggregation problem whose objective function is 
proved to be equal to the objective function of GR. As a conse-
quence, the average-ranking approach can be explained by two 
well-known rank aggregation techniques. We incorporate two other 
effective rank aggregation methods into the GR problem and obtain 
two new GR algorithms. We apply the GR algorithms into image 
retrieval to diversify the image search results returned by search 
engines. Experimental results show the effectiveness of the proposed 
GR algorithms. 

Categories and Subject Descriptors 
D.3.3 [Information Storage and Retrieval]: Information 
Search and Retrieval – Retrieval models.  

General Terms 
Algorithms, Experimentation, Theory. 

Keywords 
Group Ranking, Rank Aggregation, Cluster Raking, Visual Diver-
sity. 

1. INTRODUCTION 
In many real information processing applications, placing in order a 
set of instance groups such as people, document, product, and image 
groups is necessary. For example, school administrators usually 
require ranking classes, each of which contains dozens of students. 
Search engines rank web pages, each of which consists of several 
page blocks. We summarized such problems into one theoretical 
problem called group ranking (GR), which aims to rank a set of 
instance groups instead of a set of instances. A simple yet popular 
approach in addressing GR is to utilize the average-ranking algo-
rithm, which calculates the average score/rank of each group and 
then order the average scores to achieve group order. For example, 
school administrators calculate the average scores of each class (i.e., 

student group) average scores and then arrange classes by their cor-
responding average scores. Although this heuristic strategy seems 
quite reasonable, it lacks a theoretical analysis: How can we explain 
the average-ranking approach in theory? Are the results of this ap-
proach reasonable? Are there any other alternative solutions?  

To answer the questions listed above, we make a formal study on the 
GR problem. We first formalize the GR problem into an optimiza-
tion problem geared toward a defined objective function. We are 
able to prove that the objective function is equal to a Kemeny opti-
mal rank aggregation function. Rank aggregation techniques can be 
adapted to solve the GR objective function. Average-ranking strat-
egy can be explained by two classical rank aggregation techniques, 
namely, linear combination method (LCM) [3] and Borda’s count 
(BC)[7]. This conclusion conversely shows the rationality of the 
proposed objective function as well as the problem transformation. 
We further propose several new methods in the light of rank aggre-
gation studies.  

We explore the utilization of GR studies into the visual diversifica-
tion of image search results. In visual diversification [1], the search 
images returned by search engines are clustered into a set of image 
groups to make the returned image as diverse as possible. This ap-
proach is shown in Fig. 1(a). Upon obtaining the image clusters 
(groups), these clusters are arranged from large to small according to 
the contained image counts in each cluster. Note that the relevance 
of clusters is also important to users. Existing studies ignore the 
ranking of image clusters and lack deep investigation on the ranking 
of the returned image clusters. In essence, the problem in ranking of 
image clusters is actually the problem of ranking a set of groups. We 
apply our proposed GR algorithms to rank the returned image clus-
ters. Our approach is shown in Fig. 1(b). 

The remainder of this paper is organized as follows: Section 2 
briefly reviews related issues. Section 3 gives a formal description 
of the GR problem. Section 4 transforms GR into a classical rank 
aggregation problem. Section 5 introduces the solutions for GR. 
Section 6 reports experimental results on image retrieval. Conclu-
sions are given in Section 7. 
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Figure 1. The visual diversifying approaches for image retrieval: 
(a) the conventional approach, (b) our approach. 
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2. RELATED RESEARCH 
In this section, we will introduce a related work, namely, rank ag-
gregation. This study explores the connections between rank aggre-
gation and our proposed GR problem. Rank aggregation is a funda-
mental and classical optimization problem addressed in various 
areas including theoretical computer science, economics, statistics, 
and information retrieval [2]. It combines different rank orderings on 
the same set of instances to obtain a “better” ordering. Let τ repre-
sent an ordering list and τ (·) represent the position of a given ele-
ment in a rank list. Formally, rank aggregation aims to find an opti-
mal rank list τ* with the following objective function: 

min ( , )i
i

d
τ

τ τ τ∗ = ∑                                

where d(·,·) is the distance function between the lists τ and τi. A 
widely accepted distance function for two fully ordered lists is the 
Kendall tau distance [2]: 

( , ) | {( , ) | ( ) ( ), ( ) ( )} |
i j i i j j

K x y x y x yτ τ τ τ τ τ= < > but   
There are numerous rank aggregation techniques. One simple and 
well-known method is Borda’s count (BC)[7]. This method assigns 
a weight to each element. Elements can be ranked according to their 
weights in increasing order. Some other methods calculate the 
weights by combining the scores of elements in a linear way. One 
linear combination method (LCM) proposed in [3] calculates the 
weights according to the elements’ scores. Both the BC and LCM 
methods can be seen as direct aggregation approaches. There are 
some other methods utilizing optimization approach. Dwork [2] 
proposed the Markov chains method to find the Kemeny optimal 
aggregation. Markov chains method is a series of algorithms dif-
fered in the strategy of constructing the state transmission matrix. 
We will bring two Markov chains algorithms namely MC1 and 
MC4 proposed in [2] into our study. 

3. PROBLEM DESCRIPTION 
In this section, we attempt to give a formal description for GR. We 
first define some symbols used in the paper. Let T = {B1, B2, …, B|T|} 
be a set of groups, where each element denotes a group of instances. 
We use x to represent an arbitrary instance. A given group is then 
represented as Bi = 1 1 | |{ , , , }i i i Bi

x x xL . All the instances compose 

the instance set denoted by X. Let Scs denote the score list and 
Scs(xij) be the score of the instance xij. When referring to a general 
rank list, we use τ; if referring to a rank list of groups over T, we use 
τT; and when referring to a rank list of instances over X, we use τX. 
The smaller of the value of τ (·), the higher order the element ranks. 
As the score list Scs is already known for a given GR problem, we 
are able to derive an ordering list over X according to the scores. We 
denote this derived rank list as Г (in some cases, lower score means 
better rank; thus, the above rule should be modified accordingly). 
With the above symbols, the GR problem can be formally described 
as follows: 

Group Ranking (GR) Problem: Given a set of groups T and the 
score list (Scs) as well as the instance rank list Г, how can we derive 
a reasonable ordering of all the groups?  

As mentioned in the beginning of the paper, the widely used ap-
proach for GR is based on the ranking of average scores/ranks of the 
groups. The average scores (a_si) and ranks (a_ri ) are: 

| | | |
1 1

/ | |  and  / | |  _ ( ) _ ( )i i
i i

B B
i ij i ijj j

B Ba s Scs x a r x
= =

= = Γ∑ ∑  

These two formulas seem quite simple and reasonable. Nevertheless, 
they lack theoretical basis.  

In other ranking studies such as rank learning and rank aggregation, 
pairwise comparison is the base stone of the whole task [2, 4]. Mo-
tivated by these studies, we first attempt to establish a rule to com-
pare any two groups by considering the following case: 

Round-robin comparison: Consider a given pair of groups 
named Bi and Bj. Each instance in Bi takes turns to compare with 
each instance in Bj. If the instance from Bi ranks better, the score of 
Bi increases by 1; vise versa, the score of Bj increases by 1. There are 
|Bi|·|Bj| times of comparison. The comparing results (scores) are 
represented as follows: 

( ) | {( , ) | ( ) ( ), |

( ) | {( , ) | ( ) ( ), |

,

,

}

}
i j il jk il jk il i jk j

j i jl ik jl ik ik i jl j

ij

ji

B B x x x x x B x B

B B x x x x x B x B

Θ =Θ = <

Θ =Θ = <

Γ Γ ∈ ∈

Γ Γ ∈ ∈

f

f
 (1) 

In the round-robin comparison, if Θij > Θji, Bi wins; else if Θij < Θji, 
Bj wins; otherwise, they are equal. Note that numbers of instances in 
different groups may differ a lot. The comparing results are normal-
ized as below:  

/ (| | | | / (| | | |), ) ij ij i j ji ji i jB B B Bθ θ= Θ ⋅ = Θ ⋅  (2)   

If each instance of Bi ranks higher than all the instances in Bj, θij 
equals 1; if each instance of Bi ranks lower than all the instances in 
Bj, θij equals 0. These two cases are consistent with the real applica-
tions and our intuition. Based on the pairwise comparison, we are 
now able to measure a candidate rank list τT by the index defined 
below: 

Definition 1 (Inconsistency index) 

,

( ) ji ij
i j

Q Tτ ϖθ= ∑                    (3) 

where 

1     if ( ) < ( )

0     otherwise               

i j
ij

T B T Bτ τ
ϖ =

⎧
⎨
⎩

 

And θij is defined in Eq. (2). This index reflects the inconsistency 
between a candidate rank list τT and the pairwise round-robin com-
paring results derived from a given GR problem. The lower the 
Q(τT), the better the list τT . As a result, the goal of GR is formalized 
into the searching of an optimal rank list σ such that Q(σ) is mini-
mized. The GR problem aims to solve the following objective func-
tion:   
                 min ( )

T
Q T

τ
σ τ=                   (4) 

The inconsistency index virtually reflects the intensity of the “op-
posed sound” towards a candidate rank list. To solve the function, 
we transform GR into the rank aggregation problem and explore the 
connections between them in the following section. We find that the 
GR problem can be addressed by using rank aggregation techniques 
introduced in Section 2. 

4. PROBLEM TRANSFORMATION 
In this section, we transform the GR problem into a typical rank 
aggregation problem. We prove that the objective function of GR is 
equivalent to its transformed rank aggregation.  
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We are able to generate a number of instance combinations from T. 
Each combination consists of |T| instances coming from the groups 
in T separately (different instances come from different groups). The 
total number of such combinations we can generate 
is 1 2 | || | | | | |TB B B× × ×L . Given that the order of each instance in 

each combination is already known, each combination can be ar-
ranged into a rank list of the instances it contained. We name the set 
of combination rank lists as Ω.  

If each instance is replaced with the group it locates, each combina-
tion rank list becomes a rank list of all the groups in T. This means 
each combination (instance) rank list can produce a group rank list. 
We denote the set of the produced group rank lists as Φ. Given that 
we have produced a number of full rank lists for all the groups in T, 
we obtain an optimal rank list by solving the following rank aggre-
gation objective function: 

 = min   ( , )
T

d T
τ

τ τ∗ Φ              (5) 

where τ* denotes the optimal rank list and d() is a distance function. 
Note that each GR problem corresponds to a rank aggregation prob-
lem. Consequently, we are interested to know whether or not there is 
connection between the two optimal objective functions, i.e., Eq. (4) 
and Eq. (5). We have the following Theorem.  

Theorem 1: Eq.(4) and Eq.(5) are equivalent when Kendall tau 
distance is used.  

Proof. Ommited due to lack of space (The interested readers can 
refer to the full version of this paper). 

Theorem 1 reveals the GR problem is equivalent to the Kemeny 
optimal rank aggregation problem transformed from GR. As a result, 
many useful properties can be directly inherited from rank aggrega-
tion studies and applied to GR. In the following section, we attempt 
to solve Eq. (4) by solving Eq. (5). It is should be noted that, during 
the calculation steps it is unnecessary to produce the combination 
rank lists so we can obtain all the middle parameters without ac-
cessing the rank list sets Φ and Ω. 

5. SOLUTIONS 
This section will show that the heuristic average-score/rank ap-
proach is essentially identical to two rank aggregation techniques. 
To differ from the rank aggregation techniques, the methods pro-
posed for GR are added by the prefix ‘GR-’. There are two main 
classes of the rank aggregation techniques for Kemeny optimal ag-
gregation (also for GR): direct approaches and optimization ap-
proaches. 

5.1 Direct approaches 
A simple way of approximately solving the objective function given 
in Eq. (5) is using the linear combination aggregation method 
(LCM). The weight for a group is calculated as:  

| | | |

1 1

( ) | | / | / |( ) | ( ) |
i i

i i i

B B

ij ij
j j

w B B BScs x Scs x
= =

= Φ ⋅ ∝∑ ∑  

This formula shows that the weight of a group is the average score 
of its contained instances. By ordering the weights of all the groups, 
we can obtain their order. We call this method GR-LCM. Similarly, 
we can obtain a new method which is called GR-BC based on 
Borda’s count (BC) method. Obviously, the above two methods are 

identical to the average-ranking (average score/rank) approach in-
troduced in the beginning of the paper. That is, the average 
score/rank approach can be viewed as the direct approached in ag-
gregation approach and thus its properties can be inherited from 
studies for LCM and BC. 

5.2 Approximate optimization approaches 
Next, we modify the Markov chains method proposed in [2] to ad-
dress the GR problem. The key step of this method is the transition 
probability calculation between any two states (here, we used 
groups). For an arbitrary group Bi, its multiset is named as S(Bi). Let 
#Bij be the number of Bj in S(Bi). Assume the current state is Bi and 
the next state is Bj. Based on Lemma 1, we can obtain: 

# | { | ( ) ( ),  } | | | (1 )ij j i ijB B BT T T Tτ τ τ τ θ= ≤ ∈Φ = Φ −  

When j equals i, we prescribe that #  | |iiB = Φ . For the MC1 
matrix, if i does not equal to j, 

   
# (1 )

 ( )
# # (1 ) 1

ij ij
ij i j

ii ik
k i k i

ik

B
M p B B

B B

θ

θ
≠ ≠

−
= → = =

+ − +∑ ∑
 (6) 

Otherwise, 

1
1

(1 ) 1
ii ik

k i ik
k i

M M
θ≠

≠

= − =
− +

∑
∑

        (7) 

Based on the above formulas, we can easily modify MC1 to 
GR-MC1 as shown in Table 1. The modification of MC4 to 
GR-MC4 can also be obtained according to the similar manner. 

Table 1. Steps of GR-MC1 

Input: T, τX*, ε 
Output: σ 
Steps: 
a) Calculate θij using Eq.(2) (i, j = 1,…, |T|); 
b) Calculate Mij using Eq.(6) and Eq.(7) (i, j = 1,…, |T|); 
c) Perturb M into a new matrix M′ (= M-εI+(ε/rank(M))1*1T); 
d) Calculate the left principal eigenvector of M′. 
e) Order the groups according to their corresponding values in the 

left principal eigenvector. 
f) Output will be the rank of the groups (σ). 
 

5.3 Remark on the solutions 
GR-LCM and GR-BC theoretically explain the average-score/rank 
approach which conversely shows the rationality of the proposed 
inconsistency index and the objective function. There are other nu-
merous rank aggregation methods such as median rank [5], which 
can also be used to address GR. Considering that this study is 
mainly concerned the formal description of GR, we do not attempt 
to list all the available methods but leave them for future research 
instead. The computational complexities of the direct methods are 
O(|X|) in calculating the weights and O(TlogT) in ordering the 
weights. For optimization methods, the complexity of calculating 
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scores and creating the state transition matrix is O(|X|2), while the 
complexity of calculating the left principal eigenvector is, for exam-
ple, O(|T|3) when QR decomposition is used. The whole complexity 
for MC-GR1 and MC-GR4 is O(|X|2) + O(|T|3). 

6. EXPERIMENTS 
This section reports our experimental results in the visual diversifi-
cation for image retrieval results. Four algorithms were compared: 
GR-MC1, GR-MC4, GR-BC, and the conventional algorithm that is 
based on the Instance Counts in each Cluster (referred to as the ICC 
algorithm). In GR-MC2 and GR-MC4, both their permutation pa-
rameters (ε) were set to 0.01.  

We posted twenty image queries to the Yahoo! image search engine 
and downloaded top-50 and top-100 images of the returned results 
from the search engine for each query. We only report the results on 
top-50 image collections due to lack of space. To establish the 
ground truth, three users were invited to manually cluster the 
downloaded images and then order the image clusters. In our ex-
periments, the image features (including color, texture, edges) were 
extracted according to the methods described in [1]. Three image 
clustering algorithms proposed in [1] were then applied: Folding, 
Maxmin, and Reciprocal election. Finally, the clustered results were 
ordered using our proposed GR algorithms as well as the instance 
counts based cluster ranking method (ICC). The Kendall’s Tau-b [6] 
value was used to evaluate an ordered clustering with respect to 
three ordered clustering given by users.  

We apply the three clustering algorithms (i.e., Folding, Maxmin, and 
Reciprocal election) to cluster the top-50 images for each query. The 
average numbers of clusters for each query obtained from the three 
clustering algorithms were 11, 13, and 19, respectively. We then 
calculated the average mutual information of the clusters achieved 
by the three algorithms. The average values were 0.9084, 1.3693, 
and 0.9118, respectively. These results show that the clusterings 
obtained using the Maxmin algorithm are better than those of the 
two other algorithms. 

The four GR algorithms (GR-MC1, GR-MC2, GR-BC, and ICC) 
were then used to rank the image clusters obtained by the three 
clustering algorithms. The Kendall’s Tau-b values for each combina-
tion of the three clustering algorithms and four GR algorithms (to-
tally 12 combinations) are listed in Table 2. When the GR algo-
rithms were compared, results showed that GR-MC1 achieved the 
best overall performances among the four GR algorithms. The com-
bination of GR-MC4 and Maxmin obtained the highest Kendall’s 
Tau-b value (0.3632). GR-BC achieved the worst results partially 
because many lower ranked images affected the order of the image 
group. ICC also achieved good results. The underlying reason is that 
in most queries, the top-1 image clusters returned by users had the 
largest numbers of images.  

Given that current image search engines index images are based on 
surrounding texts, some irrelevant images are also returned and may 
have higher ranks. We observed that many irrelevant images usually 
are like outliers. They locate the clusters that contain only one or 
two images. Hence, if at least two clustering algorithms take one or 
two specific images as a cluster (2/50 < 5%), these images are fil-
tered out before performing the four ranking algorithms. The ex-
perimental results are shown in Table 3. Results show that most 
combinations behave better after discarding irrelevant images. The 
best result was 0.3707, which was achieved by the combination of 
GR-MC4 and Maxmin. 

Table 2. The Kendall’s Tau-b values of different combinations 

 Folding Maxmin Reciprocal election 
GR-MC1 0.2165 0.3491 0.2918 
GR-MC4 0.2068 0.3632 0.2764 
GR-BC -0.1384 -0.2162 -0.0155 

ICC 0.1922 0.2898 0.1755 
 

Table 3. The Kendall’s Tau-b values of different combinations 
after filtering irrelevant images 

 Folding Maxmin Reciprocal election 
GR-MC1 0.2434 0.3337 0.3044 
GR-MC4 0.1586 0.3707 0.2918 
GR-BC  0.0152 0.0987 0.1127 

ICC 0.2024 0.3179 0.1813 

 
7. CONCLUSIONS 
This paper proposed a new ranking problem, i.e., ranking groups of 
instances. We have set up a formal description; in addition, a crite-
rion named round robin comparison and an index named inconsis-
tency index are defined respectively. Using the criterion and the 
index, we evaluate any candidate rank list on a given set of groups. 
We have proved that the optimal function of the proposed problem 
equals to a rank aggregation problem. As a consequence, we ex-
tended several well known rank aggregation algorithms into four 
new solutions to our ranking problem. The conducted experiments 
on visual diversification in image retrieval suggest that the proposed 
solutions are useful in the real applications. Our future work will 
focus on: 1) collecting large image data sets to study the perform-
ance of the proposed approach and 2) employing supervised infor-
mation such as [7] to achieve better results. 

8. ACKNOWLEDGMENT 
We would like to thank the anonymous reviewers for their useful 
comments and suggestions. This work is partly supported by NSFC 
(Grant No. 60825204, 60672040) and the Excellent SKL Project of 
NSFC (No. 60723005). 

9. REFERENCES 
[1] Leuken, R., Garcia, L. and Olivares, X., Visual diversification of 

image search results. In Proc. WWW, pages 341–350, 2009. 
[2] Dwork, C., Kumar, R., Naor, M. and Sivakumar, D., Rank ag-

gregation methods for the Web, In Proc. WWW, 2001, pp. 
613-622. 

[3] Lee, J. H., Analyses of multiple evidence combination. In Proc. 
SIGIR, pp. 267-276, 1997. 

[4] Dekel, O., Manning, C. and Singer, Y., Log-Linear models for 
label ranking. In Proc. NIPS, 2003. 

[5] Fagin, R., Kumar, R. and Sivakumar, D., Efficient similarity 
search and classification via rank aggregation, In Proc.SIGMOD, 
pp. 301-312, 2003. 

[6] Pedro, J. S. and Siersdorfer, S., Ranking and classifying attrac-
tiveness of photos in folksonomies. In Proc. WWW, pp. 
771–780, 2009. 

[7] Chen, S., Wang, F., Song, Y., and Zhang, C., Semi-supervised 
ranking aggregation. In Proc. CIKM, pp. 1427-1428, 2008. 

[8] http://en.wikipedia.org/wiki/Borda_count 

1444



<<
  /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 false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /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
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /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 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /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 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.33333
  /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


