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Clustering

Place similar objects in the same group and assign
dissimilar objects to different groups

— Word clustering

* Neighbor overlap: words occur with the similar left and right
neighbors (such as in and on)

— Document clustering

 Documents with the similar topics or concepts are put
together

But clustering cannot give a comprehensive description
of the object

— How to label objects shown on the visual display

Regarded as a kind of semiparametric learning approach

— Allow a mixture of distributions to be used for estimating the

input samples (a parametric model for each group of samples)
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Clustering vs. Classification

« Classification is supervised and requires a set of labeled
training instances for each group (class)

» Clustering is unsupervised and learns without a teacher
to provide the labeling information of the training data set

— Also called automatic or unsupervised classification
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Types of Clustering Algorithms

« Two types of structures produced by clustering
algorithms
— Flat or non-hierarchical clustering
— Hierarchical clustering

* Flat clustering

— Simply consisting of a certain number of clusters and the relation
between clusters is often undetermined

— Measure: construction error minimization or probabilistic
optimization
* Hierarchical clustering

— A hierarchy with usual interpretation that each node stands for a
subclass of its mother’s node

* The leaves of the tree are the single objects
« Each node represents the cluster that contains all the objects

of its descendants
— Measure: similarities of instances &
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Hard Assignment vs. Soft Assignment

Another important distinction between clustering

algorithms is whether they perform soft or hard
assignment

Hard Assignment
— Each object is assigned to one and only one cluster

Soft Assignment (probabilistic approach)

— Each object may be assigned to multiple clusters

— An object x, has a probability distribution P (|x) over
clusters ¢, where P (x, e, ) is the probability that x, is a
member of C

— |s somewhat more appropriate in many tasks such as NLP,
IR, ...

MLDM — Berlin Chen 5



Hard Assignment vs. Soft Assignment (cont.)

« Hierarchical clustering usually adopts hard assignment

* While in flat clustering both types of assignments are
common
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Summarized Attributes of Clustering Algorithms

« Hierarchical Clustering
— Preferable for detailed data analysis

— Provide more information than flat clustering

— No single best algorithm (each of the algorithms only optimal for
some applications)

— Less efficient than flat clustering (minimally have to compute nx n
matrix of similarity coefficients)
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Summarized Attributes of Clustering Algorithms (cont.)

 Flat Clustering

Preferable if efficiency is a consideration or data sets are very
large

K-means is the conceptually method and should probably be
used on a new data because its results are often sufficient

K-means assumes a simple Euclidean representation space,
and so cannot be used for many data sets, e.g., nominal data
like colors (or samples with features of different scales)

The EM algorithm is the most choice. It can accommodate
definition of clusters and allocation of objects based on complex
probabilistic models

* |ts extensions can be used to handle topological/hierarchical
orders of samples

— Probabilistic Latent Semantic Analysis (PLSA), Topic
Mixture Model (TMM), etc.
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Hierarchical Clustering
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Hierarchical Clustering

« Can be in either bottom-up or top-down manners
— Bottom-up (agglomerative) s«

 Start with individual objects and grouping the most similar
ones

— E.g., with the minimum distance apart

1
1+d(x,y)<\

distance measures will
be discussed later on

Sim (x,y)z

* The procedure terminates when one cluster containing all
objects has been formed

— Top-down (divisive) # &
 Start with all objects in a group and divide them into groups

so as to maximize within-group similarity
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Hierarchical Agglomerative Clustering (HAC)

A bottom-up approach

Assume a similarity measure for determining the
similarity of two objects

Start with all objects in a separate cluster and then
repeatedly joins the two clusters that have the most
similarity until there is one only cluster survived

The history of merging/clustering forms a binary tree or
hierarchy
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HAC (cont.)

* Algorithm
1 Given: aset X = {xy,... x,} of objects
2 a function sim: P(X) x P(X) - R
s fori:=1tondo Initialization (for tree leaves):
4 Ci := {Xxj} end Each objectis a cluster
F OS85 50
6:Ji=n+1
7 whjle|C|> 1 cluster number
8 (CnysCny) 1= Argmax ., . yecxc SiM(Cy, Cy)
9 Cj = Cny YU Cn, merged as a new cluster
10 C:=C\{cnysCnpd U {Cj} e original two clusters
11 Ji=j+1 are removed
Figure 14.2 Bottom-up hierarchical clustering.
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Distance Metrics

 Euclidian Distance (L, norm)
Lz()_éa)_}) = Z(‘xi _yi)2
i=l1

— Make sure that all attributes/dimensions have the same scale (or
the same variance)

« L, Norm (City-block distance)

Ll()_éaj;)zz Xi =i
i=1

« Cosine Similarity (transform to a distance by
subtracting from 1)

] —

° ranged between 0 and 1

y
-]

MLDM — Berlin Chen 13



Measures of Cluster Similarity
« Especially for the bottom-up approaches

+ Single-link clustering

— The similarity between two clusters is the similarity of the two
closest objects in the clusters

— Search over all pairs of objects that are from the two different
clusters and select the pair with the greatest similarity

— Elongated clusters are achieved

Sim (c.,c .)= max sim (55)7
1 J s 5

Xec;yec;

cf. the minimal b
spanning tree a K
—— c ‘-
© f
Id

greatest similarity o
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Measures of Cluster Similarity (cont.)

« Complete-link clustering

— The similarity between two clusters is the similarity of their two
most dissimilar members

— Sphere-shaped clusters are achieved

— Preferable for most IR and NLP applications

Sim (cl.,cj): min sim (55)7

Xec;yec;

least similarity
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Measures of Cluster Similarity (cont.)

a b
5 4+ % X % :
5 -
4 e
4 =
3+ 2d
d 3T
2.+
14 X X 2d X X
e 3 g h
0 —t—t—t
0 1 2 3 4 5 6 7 B8
Figure 14.4 A cloud of points in a plane.
single link
4+ complete lin
0 —t——————F—
0 1 2.3 4 5 B 7 8

Figure 14.5 Intermediate clustering of the points in figure 14.4. Figure 14.7 Complete-link clustering of the points in figure 14.4.
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Measures of Cluster Similarity (cont.)

« Group-average agglomerative clustering
— A compromise between single-link and complete-link clustering

— The similarity between two clusters is the average similarity
between members

— If the objects are represented as length-normalized vectors and
the similarity measure is the cosine

« There exists an fast algorithm for computing the average
similarity

sim (%.5)= cos (£.5)= 2= 5

Ol

length-normalized vectors
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Measures of Cluster Similarity (cont.)

Group-average agglomerative clustering (cont.)

— The average similarity SIM between vectors in a cluster c; is
defined as

M) e Z )= e Z 2 F

V#X y#EX

— The sum of members in a cluster C: S (c . ): Z X
— Express SIM (¢ )in terms of 5 (c )

(c ) (c ) Z X (c ) Z Z X - Y length-normalized vector

——————————

= |Q |—1)S'IM (c )+ :f-fc’:=1

= Cj|q ‘/|—1)5'IM (cj)_|_ |C,|
o SIM (CA): E(Cf).s(cj)_ |Cj|
| |C j |(IC i | ~ ! ) MLDM — Berlin Chen 18




Measures of Cluster Similarity (cont.)

* Group-average agglomerative clustering (cont.)

-As merging two clusters c;and c;, the cluster sum
vectors §(c,)and 3 (c )are known in advance

= 5e,. )= 5 )+5() few|=lef+]e| e

— The average similarity for their union will be Q/CK
O

SIM (¢, U e )= N P

5e)+s())- 6 )+5)- (e
e J+fe,[Ne [+ e, [ 1)
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Example: Word Clustering

« Words (objects) are described and clustered using a set

of features and values

— E.g., the left and right neighbors of tokens of words

be

sl
i
l
l
not he I it this the his a and but in on with for at from of to as

is was

Figure 14.1 A single-link clustering of 22 frequent English words represented

as a dendrogram.

"be" has least similarity with the other 21 words !

higher nodes:
decreasing
of similarity
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Divisive Clustering

A top-down approach
Start with all objects in a single cluster

At each iteration, select the least coherent cluster and
split it

Continue the iterations until a predefined criterion (e.g.,
the cluster number) is achieved

The history of clustering forms a binary tree or hierarchy
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Divisive Clustering (cont.)

 To select the least coherent cluster, the measures used in
bottom-up clustering (e.g. HAC) can be used again here
— Single link measure
— Complete-link measure
— Group-average measure

* How to split a cluster

— Also is a clustering task (finding two sub-clusters)
— Any clustering algorithm can be used for the splitting operation,
e.g.,
» Bottom-up (agglomerative) algorithms
« Non-hierarchical clustering algorithms (e.g., K-means)
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Divisive Clustering (cont.)

« Algorithm

1 Given: a set X = {x1,... Xn} of objects

2 a function coh: P(X) — R

3 a function split: P(X) — P(X) x P(X)

4 C:=1{X} (={a1})

5 ]i=1

swhiledg €C st g >1

7 1 Cy:=argming .o COh(CV) split the least coherent cluster

8 i MG, Cp)im SDlING,) |

9 C:=C\{cu} U {Cjs+1,Cjs2} Generate two new clusters and

10 J - J = i remove the original one
Figure 14.3 Top-down hierarchical clustering.
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Non-Hierarchical Clustering
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Non-hierarchical Clustering

Start out with a partition based on randomly selected
seeds (one seed per cluster) and then refine the initial
partition

— In a multi-pass manner (recursion/iterations)

Problems associated with non-hierarchical clustering

— When to stop group average similarity, likelihood, mutual information
— What is the right number of clusters

k-1 - k — k+1
Algorithms introduced here \

— The K-means algorithm Hierarchical clustering
— The EM algorithm also has to face this problem
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The K-means Algorithm

* Also called Linde-Buzo-Gray (LBG) in signal processing
— A hard clustering algorithm
— Define clusters by the center of mass of their members

 The K-means algorithm also can be regarded as
— A kind of vector quantization

« Map from a continuous space (high resolution) to a discrete
space (low resolution)

— E.g. color quantization
» 24 bits/pixel (16 million colors) — 8 bits/pixel (256 colors)
« A compression rate of 3

X = {xt }:121 inder > F — {m] }izl Dlm(xT):24 — k=28

m,: cluster centriod or reference vector, code word, code vector
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The K-means Algorithm (cont.)

N

L J

Find closest

er
L j
.H'I?

Figure 7.1. Given «, the encoder sends the index of
the closest code word and the decoder generates the

code word with the received index as «’. Error is
|z’ — x|

Total Reconstruction error

label
Elm, ),

N k 2
X): ZZb{ka/t—mi , where b :{
=1i-1

— b/ and m, are unknown
— b/ depends on m; and this optimization problem
can not be solved analytically

— mi r_
— min ¢ ~m |

1 ifot —m,

0 otherwise
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The K-means Algorithm (cont.)

 |nitialization

— A set of initial cluster centers is needed {m,}*

i=1

* Recursion
— Assign each object x’ to the cluster whose center is closest

t {1 if‘xt —m, :minj‘xt —ij
| 0 otherwise
— Then, re-compute the center of each cluster as the centroid or
mean (average) of its members
« Using the medoid as the cluster center ?

(a medoid is one of the objects in the cluster)

t]\il bl.t -xt These two steps are repeated until H1 ; stabilizes

Z:t]\il bzt

m. =

l
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The K-means Algorithm (cont.)

* Algorithm

Repeat

bif—'{

4

\

Initialize m;,1 = 1,

For all &t ¢ X

1
0

..... k, for example, to k random !

if |&" —m;|| = min; ||@’

otherwise

For all m;,i=1.,..., k

”—Zfbi T/Z

Until m,; converge

—mj|

MLDM — Berlin Chen 29



The K-means Algorithm (cont.)

Example 1

k—means: Initial After 1 iteration

20 Feom = m e =

: W
o S N ' :
o - | d) 5 o

%

-30 : : : 3 -30 : : 3
—40 —20 0 20 40 —40 -20 0 20 40
x b4
1 1
After 2 iterations After 3 iterations

p-ls BT P DO -

-30 : . : 3 -30 :
—40 -20 0 20 40 —40 -20

20 40

bd
R UUNURIRRRE TR &1 o B+ B

Figure 7.2: Evolution of k-means. Crosses indicate
center positions. Data points are marked depending

on the closest center. MLDM — Berlin Chen 30



The K-means Algorithm (cont.)

« Example 2

Cluster Members

1 ballot (0.28), polls (0.28), Gov (0.30), seats (0.32)  government

2 profit (0.21), finance (0.21), payments (0.22) finance

3 NFL (0.36), Reds (0.28), Sox (0.31), inning (0.33), sports
quarterback (0.30), scored (0.30), score (0.33)

4 researchers (0.23), science (0.23) research

5 Scott (0.28), Mary (0.27), Barbara (0.27), Edward (0.29) name

Table 14.4 An example of K-means clustering. Twenty words represented as
vectors of co-occurrence counts were clustered into 5 clusters using K-means.
The distance from the cluster centroid is given after each word.

IS
A
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The K-means Algorithm (cont.)

« Choice of initial cluster centers (seeds) is important

— Pick at random

— Calculate the mean of all data and generate k initial centers m,
by adding small random vector to the mean m, + ¢

— Project data onto the principal component (first eigenvector),
divide it range into k equal interval, and take the mean of data in
each group as the initial center m,

— Or use another method such as hierarchical clustering algorithm
on a subset of the objects

« E.g., buckshot algorithm uses the group-average
agglomerative clustering to randomly sample of the data that
has size square root of the complete set

* Poor seeds will result in sub-optimal clustering

MLDM — Berlin Chen 32



The K-means Algorithm (cont.)

 How to break ties when in case there are several centers
with the same distance from an object
— Randomly assign the object to one of the candidate clusters

— Or, perturb objects slightly

« Applications of the K-means Algorithm

— Clustering
— Vector quantization

— A preprocessing stage before classification or regression
« Map from the original space to /-dimensional space/hypercube

I=log,k (k clusters)

@

= Nodes on the hypercube

\

+—— A linear classifier
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The K-means Algorithm (cont.)

« E.g., the LBG algorithm
— By Linde, Buzo, and Gray

{112,212, 045} {11,Z91,044}
e o0 el T -
@ ® R e ()
o | ; TN
o ® 2 ‘0o 2@ , .‘. :.
Globgl mean “Cluster 1 mean-’ ¢ .
......................... ° -»--‘\ A0 T e e -' ) ‘e
é () o A ® I ) Z ® . UA o ° @ ®
° . . ® ® .Clustergmean - ’ ® °

{13, 213,043} {44214 D14}

M—2M at each iteration
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The EM Algorithm

* A soft version of the K-mean algorithm
— Each object could be the member of multiple clusters

— Clustering as estimating a mixture of (continuous) probability
distributions A Mixture Gaussian HMM

o= P(Cl) P(x" ‘C‘ ) (or A Mj{x‘rure of Gaussians)
LRI PEI0)- 2 ko) (o)

k=1

2 o

I classification :

; max P( o % ®): max (fi\ck,-G))P(ck\@)
cx) )
K

= mlflx()?i‘ck;@)P(ck ‘@)

=
N

I

~
o

7Tk :P(CK p(xi

—

Likelihood function for Continuous case:

- 1 1 = = W e —
data samples:x =% %,,....5 |[PGl.:®)= \/—exp(——(xi - i, ) 2 - Ay)
N PRI 9 (272_)m‘2k‘ 2

X = {XI’XZ’... ")_C.n}
X,'s areindependert identically distributed (i.1.d.)

P(X\@)zljl p(x|®)
= ﬁ ZK: P(fi‘ck,-’@)'o(ck,-‘@)

i=l k;=1 MLDM - Berlin Chen 35



The EM Algorithm (cont.)

C1
8 Lﬂg

I 2 3

initial state

C2
X

[ 1 1

1 2 3

after iteration 1

2 i s
1 —
4 *
c..
0 3 :

after iteration 2

Figure 14.10 An example of using the EM algorithm for soft clustering.
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Maximum Likelihood Estimation

* Hard Assignment

>
P(B| S,)=2/4=0.5
State S,
P(W| S,)=2/4=0.5
w

O O _
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Maximum Likelihood Estimation

« Soft Assignment

N N
¥/ &_/
State S, State S,
\\\—/v/ w
\\\\V\\\\\ /////1// f
\ \\ N o P // /7 //
AR 7 03-7 ,7 -,
\ \\ \\ \\ // // 7 /
\ N N \\ // y / /
« v £\0.4 06" 7+
AT TN ‘ 0
P(B| S;)=(0.7+0.9)/ AN 27,77 /P(B| S)=(0.3+0.1)
(0.7+0.4+0.9+0.5) ~_ 0.9~ 04,7 ./ (0.3+0.6+0.1+0.5)
=1.6/2.5=0.64 NN O R =0.4/1.5=0.27
\ ’ /
\9.5\‘/ 0.5 P(B| S,)=(0.6+0.5)/
P(B| S;)=(0.4+0.5)/ AN e (0.3+0.6+0.1+0.5)
(0.7+0.4+0.9+0.5) AN Q’/ =0.11/1.5=0.73

=0.9/2.5=0.36
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The EM Algorithm (Cont )

H (z o)
. G ) O S o L S e )
« E-—step (Expectation) z z S ITa
— Derive the complete data likelihood function

likelihood ) Lk A )
function ( ‘@)) H ( ‘G)) I1 2 P(’?f‘cki"@))f’(cki‘@)

Gk 66 )e s (e 0 )]0 -

(P16 )P (6 )+ .+ P(E,lc, 0 Ple, |6))
ST bkl fo]
ST b o]

K K T .

E E P(X c, .X,.cC e X L, c @) e
1>%k, > V2%, o >t Yk, g = .

)= -1 1 ’ C_Cklck "Gy Cp

____________________________________

=

How many kinds
of C ?(K "kinds )

C ) " the complete data likelihood function

|
___________________ ! MLDM - Berlin Chen 39




The EM Algorithm (cont.)

. E-step (Expectation) K"l nknowr

— Define the auxiliary function @ (@, é) as the expectation of the
log complete likelihood function LM with respect to the
hidden/latent variable C conditioned on known data (X,®)

CD(@,@)= E[log L™ ]c|x,@ = E[log P(X’C‘é)]c

=Y P(c|x .0 )log P(X,C‘@)
C

|X .0

— ZC: PI(’)E);T@)‘? )log P(X , C ‘@)

— Maximize the log likelihood function log P(X‘@) by maximizing
the expectation of the log complete likelihood function @ (@), é))

* We have shown this property when deriving the HMM-based
retrieval model q)(@, @)J = log P(X‘(:)) g
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The EM Algorithm (cont.)

« E-—step (Expectation)
— The auxiliary function @ (e, 6 )
P(x.,cle)

o (©,6 )= Z (X|®)log P(X,C‘@)

<L e )
SD Ry R NN MZ oz P (s Ck,-@)} 5:{1) B
> ;1{5,“,([15“1 og P (%, c, ®){1;n[1 Pl ]5,.0 ”

________________________________________

Il
»Ms
B\
/_/;\
—
]
U
~
/><—\
o
©)
Qr_'r
M
S,
~
GR
T
©)
L — 1
[
SN

__________________________________________________________________________________




The EM Algorithm (cont.)

— Note that

PATIAOS PN

| =1 7 g =1
— _ ﬁ 1}})((; |55i’@) ‘mybealigned to ¢,
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The EM Algorithm (cont.)

« E-step (Expectation)

— The auxiliary function can also be divided into two:

v 6)=0 (0 6)r 0,0 6)

where
~ r K ~
©.0.6)=3 3 rPl,]5.0)og P,[6)
i=1 k=1
e & PE0)P (o) (.16)
— ;l kZ::l > )?,-LG log P ck‘(@

___________________________________________________________

auxiliary function for

mixture weights : = Z Z log P(ck )

0,0 6)=-3 3 Pl,|7,. 0 )og P(fc’,.ck,é)
I———————i-———l——k-:l———————————————————————————————————————————————I
n K P \X.|c,,® )P ® . ~ )
auxiliary function for ! = Z Z K (XZ|fk ) (Ck| ) log P(xi N0 )i
cluster distributions i e Z P(‘xi|cl’® )P (c,|®) '

________________ = e ]
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The EM Algorithm (cont.

* M-step (Maximization)
— Remember that

)

« Maximize a function F with a constraint by applying

Lagrange multiplier

By applying Lagrange Multiplier ¢

N N
Suppose that F =ijlog y, = F =ijlog 7

B o

B Ym0 e=-"iv
é.’)/j yj yj

N N N
ﬁZYf—ZWj:W*ZWj
j=1 Jj=1 7=

W
Ly, = J

Constraint

Note :
0log y; 1
0y ; Y
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The EM Algorithm

* M-step (Maximization)
— Maximize o, (6. 6 )

®,(0.6)=0,( ®)+ZEZ Pleo U 1]
,/';’/ ( z‘ck )P(C ®)
> =

T3 PG fe0) CW

log' P(ck

| \)\‘, (5 ot

(cont.)

auxiliary function for

mixture weights (or priors for Gaussians)

)

.—

Ve

emmTTTTTTe rk the expected number of times that X, falls in class ¢,

g P(x s @)P(C,J@)

{)\(x e1, © ) (Cl‘®)

an,

Wy

P(xi‘ck,®)P(ck‘®)

K
% S p(5 e, 0)p(c o)
1

/=

p(x c.o)re)

n

k=l {/ HP(x ), @)P(c ©

)
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The EM

Algorithm (cont.)

* M-step (Maximization)

— Maximize o , (0. 6 )

S

0,(0.6)-3 3 F

auxiliary function for
(multivariate) Gaussian Means and Variances

. e
P(%|e,;0)= exp(—g(xi—uk)TZkl(xi—ﬂk)j

1
(27[)m ‘zk‘

-9 ) (Ck‘®) log P\x

FEY

[=1

ST f.o)

KP()?i|ck,®)P(ck|®)
Z P()?i|clﬂ®)P(cl|®)

Let w,, =

. logP()_é,.‘ck;('D):

1. -
_%.10g(2”)_%10g‘2k‘_5(xi_/Jk)TEkl(xi_luk

constant
MLDM — Berlin Chen 46



The EM Algorithm (cont.)

S d (x"Cx)
« M-step (Maximization) dx

— Maximize @ ,(e, 6 ) with respectto i, and X, is symmetric here

@d)b(@, (*:))z—zn‘1 kZK:1 wk’i[%log ‘ﬁk‘+ %(féi—ﬁkYEEI(fi—ﬁk)}+D

=(c+CT)x

P(x ‘ck G))P(ck‘G))

Zn Wy )_éi | P (x ‘Cl ©) )P (Cl ‘@) :the expected number of times
S s . 11 that X, falls in class ¢,
= Ha IZ”: W, - 5 P(x ) P(c ©)
T PG 0 )P f0)

=1
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The EM Algorithm (cont.)

* M-step (Maximization)
— Maximize @, (e, 6 ) with respectto =,
R n K A A A
©,(0.6)=- Y w.| JoelE ]+ 1 - i ) £7 6 - AL 0
i=1 k=1
20,0.6) 3w [l e n0b - i A ] o

o,
d|det(X))
X

N

=det(X)- X"

n n
S -1 A1 - ol - 4 AN
jzwk,i'zk _Z Wi 2y (xi_ﬂkXxi_ﬂkyzk
i=1 i=1

Y, :.  . kz 21‘,”2 k: % 2 kz . (56} _ A X)_éi s y $ ;12 kiand 2 is symmetric here
o I TR d@ X'y

; X : . R =-X"lab" X'
jzwk,i'zkzz Wk,i'(xi_ﬂkxxi_ﬂk) ax
i=1 i=1

n L, 3 ko) g Ye g
Z Wk,i'()_éi_ﬁkx)_éi_ﬁk) =l ZK: P(fi|cl’®)P(Cl|®) k k

— ﬁk _ _i=l _ =1 _
& n Pl\x. ,0 )P ®

Z Wy, Z ! (xl|ck ) (Ck| )

= =1 P()?i|c,,®)P(cl|®

ML

=1
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The EM Algorithm (cont.)

« The initial cluster distributions can be estimated using
the K-means algorithm

* The procedure terminates when the likelihood
function P (x |® ) is converged or maximum number
of iterations is reached

MLDM — Berlin Chen 49




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /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
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -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
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /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
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /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 ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /FRA <>
    /ENU (Use these settings to create PDF documents with higher image resolution for improved printing quality. The PDF documents can be opened with Acrobat and Reader 5.0 and later.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /KOR <FEFFd5a5c0c1b41c0020c778c1c40020d488c9c8c7440020c5bbae300020c704d5740020ace0d574c0c1b3c4c7580020c774bbf8c9c0b97c0020c0acc6a9d558c5ec00200050004400460020bb38c11cb97c0020b9ccb4e4b824ba740020c7740020c124c815c7440020c0acc6a9d558c2edc2dcc624002e0020c7740020c124c815c7440020c0acc6a9d558c5ec0020b9ccb4e000200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /CHS <FEFF4f7f75288fd94e9b8bbe7f6e521b5efa76840020005000440046002065876863ff0c5c065305542b66f49ad8768456fe50cf52068fa87387ff0c4ee563d09ad8625353708d2891cf30028be5002000500044004600206587686353ef4ee54f7f752800200020004100630072006f00620061007400204e0e002000520065006100640065007200200035002e00300020548c66f49ad87248672c62535f003002>
    /CHT <FEFF4f7f752890194e9b8a2d5b9a5efa7acb76840020005000440046002065874ef65305542b8f039ad876845f7150cf89e367905ea6ff0c4fbf65bc63d066075217537054c18cea3002005000440046002065874ef653ef4ee54f7f75280020004100630072006f0062006100740020548c002000520065006100640065007200200035002e0030002053ca66f465b07248672c4f86958b555f3002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


