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Abstract—Recent studies have shown the existence of con-
siderable amount of packet-level redundancy in the network
flows. Since application-layer solutions cannot capture the packet-
level redundancy, development of new content-aware approaches
capable of redundancy elimination at the packet and sub-packet
levels is necessary. These requirements motivate the redundancy
elimination of packets from an information-theoretic point of
view. For efficient compression of packets, a new framework
called memory-assisted universal compression has been proposed.
This framework is based on learning the statistics of the source
generating the packets at some intermediate nodes and then
leveraging these statistics to effectively compress a new packet.
This paper investigates both theoretically and experimentally
the memory-assisted compression of network packets. Clearly, a
simple source cannot model the data traffic. Hence, we consider
traffic from a complex source that is consisted of a mixture of
simple information sources for our analytic study. We develop
a practical code for memory-assisted compression and combine
it with a proposed hierarchical clustering to better utilize the
memory. Finally, we validate our results via simulation on real
traffic traces. Memory-assisted compression combined with hier-
archical clustering method results in compression of packets close
to the fundamental limit. As a result, we report a factor of two
improvement over traditional end-to-end compression.

I. INTRODUCTION

To cope with the ever increasing amount of data transmitted

in the data networks we should either increase the backbone

capacity or find ways to improve link efficiency, i.e., decrease

the amount of transmitted data. The underlying fabric of the

networks perform very little, if any, memorization. The only

form of memorization commonly performed in the network

is application-layer caching used by solutions such as web-

caches, content-distribution networks (CDNs), and peer-to-peer

(P2P) applications. Recently, many researchers have rethought

this aspect of the networks by equipping some nodes in the

network with memorization capability in order to perform better

redundancy elimination via deduplication (cf. [1], [2]).

However, there is a lot to be gained beyond the simple

deduplication if we exploit the statistical redundancies within

a packet as well as significant dependencies that exist across

packets. These statistical redundancies can potentially be sup-

pressed using variable length compression techniques. However,

for an IP packet with a length only approximately 1500 bytes,

the traditional compression techniques [3], [4] are inefficient in

capturing the redundancy in data as compression performance

primarily depends on the sequence length (cf. [5] and the
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references therein). In other words, there is a significant penalty

with respect to what is fundamentally achievable when we

attempt to universally compress a finite-length packet [5].

Further, since each packet may be destined to a different user,

these packets cannot be effectively compressed with traditional

end-to-end compression techniques which cannot leverage the

cross packet dependencies. Therefore, it is very desirable to

encode and compress each individual packet more efficiently

by utilizing the dependency and side-information provided from

the rest of the packets (while we still deliver each packet sepa-

rately). In short, an investigation for a protocol-independent and

content-aware network packet compression scheme suitable for

removing redundancy within each packet and the dependency

across multiple packets is in order.

A new framework for compression of small sequences, called

memory-assisted compression, has been recently developed and

its potential application in network compression has been intro-

duced [6]–[8]. In memory-assisted framework, compression of

a sequence is performed using a memory of the previously seen

sequences. Consequently, every sequence can be compressed far

better compared to the case that the sequence is compressed by

its own without considering the memory.

One major challenge to analytically study the performance

of memory-assisted compression on real traffic traces is how

to model the content generator. Clearly, a single stationary

source1 does not fully model a real content generator, such

as a web-server, as it may contain text, html code, images and

video. Instead, a better model is to view every content generator

as a compound (mixture) of several stationary information

sources whose true statistical models are not available. As

shown in Fig. 1, a compound source can be thought of as a

set of K stationary sources S1, . . . , SK each having its own

statistical model. We assume that, metaphorically, the server is

communicating through a memory element M1 with the rest of

the network. In reality, M1 could be physically attached to the

server. Corresponding to M1 there is another memory element

M2 in the network that serves the clients denoted by C.

Memory element M2 could be a router or a gateway in

the network that is equipped with memory. The two memory

elements M1 and M2 have observed the past communication

packets from the server to the various clients and obtained a

common shared memory. We wish to characterize the memory-

assisted compression benefit provided in the M1-M2 link as

a function of the memory size shared between M1 and M2.

1The statistics of a stationary information source remain unchanged in time.
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Fig. 1. The basic memory-assisted compression scenario between two memory
elements Al} and A12 in the network. The compound source (i.e., the content
server) is shown as a set of multiple simple sources S}, ... ,SIC on the left.

This setup occurs in many applications, such as communication
in the Internet between two major hubs, communication in
enterprise networks, etc.

This paper is composed of two parts. In the first part, we
consider a set of sequences generated from a compound source
and we investigate the theoretical results on the performance
of memorization and clustering for compression of a newIy
generated sequence from the source. Specifically, we first find
that, without clustering of the sequences in the memory, mern­
orization of a compound source is not always beneficial and
it may even degrade the compression performance. Then, we
closely examine the theoretical gain of the joint memorization
and clustering for the compression of the compound source.

In the second part, we develop and study a content-aware
clustering algorithm which aims at utilizing the data in the
memory to better compress a new sequence from the compound
source. The main idea of the clustering is to group packets in
memory that can be compressed well together. Packets in the
same cluster would share similar statistical properties hence
improving the compression performance. A newIy generated
packet by the compound source is first classified into one of
the clusters and then the set of packets in the selected cluster is
used as the context memory for the compression of the packet.

II. RELATED WORK

The topic of redundancy elimination in network data traffic
has recently received a lot of attention [2], [9]-[12]. This series
of work is motivated by the observation that there exist a
considerable amount of duplicate strings within the network
packets. Since, by the design limitation, application and object­
level caching mechanisms cannot capture such duplicates within
packets, the redundancy elimination techniques operate below
the application layer at the packet level. Therefore, they can
suppress any duplicate strings of bytes that appear on a single
link. or they can be deployed on a wider scale across multi­
ple network routers enabling an IP-Iayer protocol-independent
redundancy elimination service.

In [6], we introduced the concept of network compression
(via network memory) and investigated its trade-offs in random
Erdds-Renyi graphs. In [6], we assumed a value for achievable
gain of memory-assisted compression on a single link (called
memorization gain g) and investigated the benefits of network
compression via memory. In [7], we obtained typical values
for 9 for a simple stationary information source, such as the
script files of a web-server and then extended the results
of [6] and evaluated network-wide gain of network compression
in an Internet-like random power-law graph as function of

Fig. 2. Network Compression architecture which includes the classifica-
tion/clustering module.

link compression gain. However, the typical values that the
gain 9 can assume on real-world data traces from complex
sources in the network remained unexplored. In this paper, we
both characterize the performance improvement achieved via
memory-assisted compression and devise practical algorithms
to achieve such improvement on every packet from real-world
traffic, on the fly with low complexity.

III. SETUP
The core to our approach for network data compression

is network memory. In a nutshell, memory enabled nodes in
network can learn the data statistics of traffic which can then
be used (as side information) in compression toward reducing
the cost of describing the information source generating the data
in compression. Therefore, network compression via memory
can be a new layer 3.5 in the network, as shown in Fig. 2. The
network compression layer may be present at any entity such
as the server or the router. Further, it should understand the
transport layer and network layer semantics. The sender-side
operations and the receiver-side operations are different in the
sense that the sender encodes the data and the receiver decodes
the data. However, the operations regarding the maintenance
of the memory should be the same on both sides to guarantee
that the side information needed to remove the redundancy in
the network traffic is the same at both ends. The architecture
in Fig. 2 also includes a clustering/classification module, the
introduction of which is motivated by the following.

A fundamental question is whether or not storing the previous
packets offers any benefit for the compression of a new data
packet. To answer this question, we did experiments with two
sets of data: Dataset 1, which is gathered from a mixture of data
packets from CNN and Apple websites, and Dataset 2, which
is merely script files gathered from CNN website. First, we
applied the memory-assisted compression techniques developed
in [7] for a stationary source on dataset 1, to which hereafter we
refer as naive memory-assisted compression, This naive scheme
does not take into account that the packets in memory are from
the compound source. Our initial assessments demonstrated
that, on the average, the naive memory-assisted compression
does not provide any compression benefit.

The results from this experiment in Table I show that the
compression without memory achieves an expected compres­
sion rate of about 5.41 bits/byte as compared with 8 bits/byte
required for the representation of each data byte when no com­
pression is in effect. Further, the naive memory-assisted com­
pression achieves a compression rate of around 5.32 bits/byte
and offers little compression benefit. On the other hand, when
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TABLE I
THE UNIVERSAL COMPRESSION RATE ON DATASET 1 WITH DIFFERENT

CODING STRATEGIES: MEMORY-ASSISTED CTW AND LZW ALGORITHMS.

Compression Scheme
compression rate (bits/byte)
CTW LZW

No Compression 8 8

No Memorization (Ucomp) 5.41 6.27

Naive Memorization (UcompM) 5.32 5.01

This Work (UcompH) 2.80 3.63

memory-assisted compression is applied only on the script

files (i.e., dataset 2) significant compression enhancement was

reported in [7]. Note that the dataset 2 may be considered as

a single stationary source; the statistics between the script files

does not undergo significant variation. Hence, this discrepancy

in the compression benefit from memorization between these

two datasets can only be attributed to the compound nature

of the memorized packets in dataset 1. Therefore, to achieve

compression benefit, we may have to properly partition dataset

1 before extracting the side information.

This observation motivated us to further study the joint

memorization and clustering for a compound source, where

the memorized packets are partitioned into several clusters

for better compression performance. The result is reported

in Table I as UcompH. In the rest of this paper, we first

theoretically study the clustering problem. Then, we develop

an efficient clustering algorithm for compression.

IV. THEORETICAL ANALYSIS

For analytical study, our model of content generator for the

traffic is a mixture of several stationary (parametric) sources

which is expected to model the complex nature of the content

generator. Let A be a finite alphabet and let the parametric

source be defined using a d-dimensional parameter vector

θ = (θ1, ..., θd), where d denotes the number of the source

parameters. For example, if the alphabet size is ||A|| = 256, for

a first-order Markov source the number of source parameters

is 256 × 255 which is equal to the number of independent

transition probabilities. Denote μθ as the probability measure

defined by the parameter vector θ on sequences (packets) of

length n. We also use the notation μθ to refer to the parametric

source itself. We assume that the d parameters are unknown.

We use the notation xn = (x1, ..., xn) ∈ A
n to present a packet

of length n from the alphabet A, i.e., a packet contains n bytes.

For our analysis, we assume that, in Fig. 1, both the encoder

(at M1) and the decoder (at M2) have access to a common

memory of the previous T packets (each of size n) from

the compound source. In other words, the memory size is

m = nT . Further, denote y as the concatenation of the

previous T packets shared between M1 and M2. Consider the

communication scenario in Fig. 1. The presence of the shared

memory y at M1 and M2 can be used by the encoder at M1 to

compress (via memory-assisted source coding) the packet xn

which is requested by client C. The compression can reduce the

transmission cost on the M1-M2 link while being transparent

to the client, i.e., M2 decodes the memory-assisted code, then

applies conventional compression on xn and forwards to C.

To investigate whether or not memorization provides com-

pression benefit for the compound source, we compare the

following three schemes:

• Ucomp (Universal compression): a simple compression is

applied on the packet xn without considering y.
• UcompM (Universal compression with naive context mem-

orization): the encoder at M1 and the decoder at M2 both

have access to packets y from the compound source; they

use y for the compression of xn, but without considering

which source has generated the packets.
• UcompCM (Universal compression with source-defined

clustering of the memory): assumes that the memory y

is shared between M1 and M2. Further, both M1 and M2

know the index of the source (in the compound source)

that has generated the memorized packets.

Next, we provide qualitative discussion on the performance

of the different packet coding strategies introduced above by

the analysis of the average minimax redundancy. The formal

analysis and the proof sketches are omitted. The performance

of traditional universal compression has been extensively stud-

ied in the literature (cf. [5] and the references therein). It

is concluded that the performance of universal compression

on finite-length packets, with size similar to IP packets, is

fundamentally limited by the inevitable compression overhead

(code redundancy) imposed by universal compression [5].

In the rest of this section, we present theoretical results on

the performance of UcompM and UcompCM coding strategies.

The case K = 1 is the special case where all of the packets are

from a single stationary source model, which also theoretically

quantifies our previous results in [7].

Case K = 1: In this case, there is no distinction between

UcompM and UcompCM. It can be shown that when the mem-

ory size is large enough, i.e., sufficient number of packets from

previous communication have been stored, the compression

overhead becomes negligibly small [8].

UcompM: Case K ≥ 2: As stated in the problem setup, the

packets in the memory are from a compound source. Results in

Table I, suggest that naive memorization does not offer much

improvement in compression performance. This observation

is analytically justified in [8], where we show that the naive

memorization of the previous packets using UcompM without

regard to which source parameter has indeed generated the

packet would not suffice to achieve the memorization gain. In

fact, the redundancy of UcompM is worse than the redundancy

of Ucomp, for large n. Therefore, the naive memorization

of the context by node M2 in Fig. 1 from the previous

communications not only does not improve the compression

performance but also asymptotically makes it worse. Next, we

look at the compression performance in an ideal case where we

know the source of each packet.

UcompCM: Case K ≥ 2: Thus far, we learned that the

naive memorization in the memory element is not beneficial

when a compound source is present. This necessitates to first

appropriately cluster the packets in the memory. Then, based

on the criterion as to which cluster the new packet xn belongs

to, we utilize the corresponding memorized context for the

compression. In source-defined clustering, we assume both M1

and M2 (in Fig. 1) exactly know the index i ∈ [K] and hence all

the packets that belong to the same source θ(i) in the compound
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Fig. 3. Network packet compression flowchart. The modules in the dashed
box are the components of the K-means clustering using Hellinger distance.

source are assigned to the same cluster (for all i ∈ [K]). In [8],

we theoretically justified that if sufficient memory of the past

is present at the memory element, the compression overhead

(redundancy) may be eliminated via joint memorization and

clustering, hence improved compression performance. This re-

sult motivates the investigation of memorization and clustering

approach in real-world scenarios. In Sec. V, we will further

relax the source-defined clustering assumptions and study the

impact of clustering in practice.

V. HIERARCHICAL CONTENT-AWARE CLUSTERING

In this section, we try to answer the main question in the

memory-assisted compression setup we introduced: “How do

we utilize the available memory to better compress a packet

generated by a real-world content server?” In Sec. IV, it was

shown theoretically that clustering is necessary to effectively

utilize the memory in the proposed memory-assisted com-

pression. Within this framework, we identify two interrelated

problems: 1) How do we perform clustering of memorized

packets to improve the memory-assisted compression in real-

world traffic? 2) Given a set of clustered packets, how do we

classify an incoming new packet (to be encoded) into one of

the clusters in the memory using which the performance of

memory-assisted compression is optimized?

In the sequel, we describe a hierarchical clustering algorithm

that proves to be useful for compression. The proposed hierar-

chy for the content-aware joint memorization and clustering for

network packet compression is shown in Fig. 3. As shown, we

first identify whether or not an incoming packet is compress-

ible. If the packet is determined incompressible, it is neither

compressed nor stored in the memory. On the other hand, if a

packet is determined compressible, it is passed to the clustering

unit which operates based on the Hellinger distance metric.

Compressibility Determination: The compressibility deter-

mination is performed based on the empirical entropy of the

data packet. The packets in memory may be divided into

two categories: one category contains packets with very high

entropy rate (close to 8 bits per byte) and hence these packets

are incompressible. The other category contains packets whose

empirical entropy rate is estimated to be much less than 8,

and hence, these packets are compressible. Therefore, as the

first step, the packets are partitioned into compressible and

incompressible. After the partitioning step, the packets in the

resulting memory are all compressible. Then, we will perform

a clustering of the resulting memory based on the Hellinger

distance metric between the packets.

A. Content-Aware Clustering Using Hellinger Distance Metric

The Hellinger distance is a metric to quantify the similarity

between two probability distributions (cf. [13]). For two prob-

ability distributions p(x) and q(x), the Hellinger distance is

defined as

dH(p, q) =
1

2

√ ∑
xi∈A

(√
p(xi)−

√
q(xi)

)2

. (1)

In our setup, we calculate the Hellinger distance of two packets

using the empirical distribution of symbols for each packet.

Recall that a packet xn ∈ An is a vector of n symbols xi ∈ A.

1) Clustering: A good clustering is such that the packets

clustered together should share similar statistical properties.

Thus, they compress well together. Suppose the total number of

clusters is given by K, and each packet in the memory needs to

be assigned to one of the clusters. We use the binary indicator

c
j
t to denote the cluster assignment for the t-th packet yn(t).

The indicator c
j
t = 1 if yn(t) is assigned to cluster j ∈ [K],

otherwise c
j
t = 0. Then, the objective function for clustering is

given by

J =

T∑
t=1

K∑
j=1

c
j
tdH(qt, uj), (2)

where qt is the distribution on the symbols obtained from yn(t)
and uj is the probability distribution vector on the symbols

associated with the packets in cluster j. The goal of the

clustering algorithm is to find the assignment c
j
t for j ∈ [K]

and t ∈ [T ] such that J is minimized.

The problem setup suggests that the K-means clustering

algorithm [14] is very suitable for our purpose. It is an

iterative algorithm which consists of two steps for successive

optimization of c
j
t (and hence uj). Given cluster center uj , the

optimal c
j
t can be easily determined by assigning the packet

yn(t) to the closest cluster with minimum Hellinger distance

dH(qt, uj). Then, we fix c
j
t and update uj .

2) Classification: Once the clustering of memory is per-

formed, to compress a new packet xn, we first decide which

cluster should be used as the side information to compress xn.

Therefore, we classify the packet xn by assigning it to a proper

cluster. The classification algorithm is as follows. Let c be the

cluster label of xn to be determined. We compute Hellinger

distance between the symbol distribution q of xn and the cluster

uj . Then xn is assigned to the closest cluster by

c = argmin
1≤j≤K

dH(q, uj). (3)

VI. SIMULATION RESULTS

We demonstrate the effectiveness of the content-aware joint

memorization and clustering proposed in this work through

computer simulations. We apply our algorithm to real-world

packets captured from CNN and Apple websites. To capture

the packets, we have used wget and wireshark [15] open-source

packet analyser together and stored the IP packets. We captured

8100 data packets, all with the size of 1434 bytes from each

website for our experiment. One hundred packets are randomly

selected from each website as test packets to measure the
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Fig. 4. Empirical symbol distribution of cluster centers.

Fig. 5. Results of various memorization and clustering schemes on compress­
ible packets after entropy classification.

compression performance. The remaining 16000 packets are
then used to construct memory and the clustering algorithm is
performed on these packets.

Fig. 4 demonstrates the probability distribution associated
with each of the obtained clusters after the convergence of the
clustering algorithm. As can be seen, clusters have significant
amount of English alphabet as well as special characters that are
attributed to either text or scripts. To illustrate the importance
of clustering, we have evaluated the compression rate for the
following cases after the entropy classification is performed. 1)
Ucornp (Universal compression), 2) Ucomplvl (Universal com­
pression with naive memorization), and 3) Ucompl-l (Universal
compression with memorization and Kvmeans clustering using
Hellinger distance).

The simulation results are shown in Fig. 5. The compression
rate on the compressible packets is plotted for the different
packet coding strategies. As can be seen, our proposed cluster­
ing scheme based on the Hellinger distance metric achieves su­
perior performance over the traditional universal compression.
Note that these results do not demonstrate the impact of the
incompressible packets. This is due to the fact that the number
of incompressible packets may vary in different websites as
some traffic traces contain nlore images and some contain nlore
text/scripts. However, the trend shown here for the compressible
sequences would remain intact for different traces. Furthermore,
if we also consider the incompressible part of the data, the
resulting compression rate would be slightly worse, but still
considerably better than Ucomp and Ucomplvl. This is indeed
demonstrated in Table. I.

VII. CONCLUDING REMARKS

This work was motivated by our recent result that memo­
rization can help to improve the compression performance of

universal coding techniques for stationary sources. We extended
the memory-assisted compression framework to accommodate
the compound information sources, i.e., a mixture of stationary
information sources behaving collectively as a content gen­
erator in the network. Our results indicate that by clustering
the memorized packets from a compound source considerable
performance improvement is achievable. We also presented a
fast clustering algorithm tailored for the compression problem
at hand. The memory-assisted compression has a complexity
linear in the packet size, and hence, can be implemented
real-time. The compressibility determination based on entropy
estimation is also a linear operation in size of packets as it only
entails the computation of empirical entropy of each packet.

The clustering algorithm applies the well-known Kvmeans
algorithm using the Hellinger distance metric. The Kvmeans
clustering is a nlore complex operation that needs to be per­
formed offline. After the cluster centers are determined, which
can be done every once in a while, the classification can also
be done efficiently in linear complexity with the packet size.

Finally, we verified our theoretical results as well as the
clustering algorithm via simulation of real Internet traffic from
a mixture of CNN and Apple data servers. We observed that a
factor of 2 improvement in compression is achieved over tra­
ditional compression using joint memorization and clustering.

REFERENCES

[1] Z. Zhuang, C.-L. Tsao, and R. Sivakumar, "Curing the amnesia: Network
memory for the internet, Tech Report," 2009. [Online]. Available:
http://www.ece.gatech.edulresearch/GNANlarchive/tr-nm.pd f

[2] A. Anand, V. Sekar, and A. Akella, "Smartre: an architecture for coordi­
nated network-wide redundancy elimination," SIGCOMM, vol. 39, no. 4,
pp. 87-98, 2009.

[3] J. Ziv and A. Lempel, "A universal algorithm for sequential data com­
pression," IEEE Trans. Info. Theory, vol. 23, no. 3, pp. 337-343, 1977.

[4] F. Willems, Y. Shtarkov, and T. Tjalkens, "The context-tree weighting
method: basic properties," IEEE Trans. Info. Theory, vol. 41. no. 3, pp.
653-664, May 1995.

[5] A. Beirami and F. Fekri, "Results on the redundancy of universal
compression for finite-length sequences," in IEEE Intl. Symp. Info. Theory
(ISIT), Jul 31-Aug 5 2011. pp. 1504-1508.

[6] M. Sardari, A. Beirami, and F. Fekri, "On the network-wide gain
of memory-assisted source coding," in 2011 IEEE Information Theory
Workshop (ITW), October 2011. pp. 476-480.

[7] --, "Memory-assisted universal compression of network flows," in
IEEE INFOCOM, Orlando, FL, March 2012, pp. 91-99.

[8] A. Beirami, M. Sardari, and F. Fekri, "Results on the fundamental gain
of memory-assisted universal source coding," in 2012 IEEE International
Symposium on Information Theory (ISIT), July 2012, pp. 1092-1096.

[9] S. Hsiang-Shen, A. Gernber, A. Anand, and A. Akella., "Refactoring
content overhearing to improve wireless performance," in MobiCom, Las
Vegas, NV, 2011.

[10] A. Anand, A. Gupta, A. Akella, S. Seshan, and S. Shenker, "Packet caches
on routers: the implications of universal redundant traffic elimination,"
SIGCOMM, vol. 38, pp. 219-230, 2008.

[11] E. Halepovic, C. Williamson, and M. Ghaderi, "Enhancing redundant
network traffic elimination," Computer Networks, vol. 56, pp. 795-809,
2012.

[12] E. Zohar, I. Cidon, and O. O. Mokryn, "The power of prediction: cloud
bandwidth and cost reduction," in Proceedings of the ACM SIGCOMM
2011 conference, sere SIGCOMM '11. New York. NY, USA: ACM,
2011. pp. 86-97.

[13] L. L. Cam and G. L. Yang, Asymptotics ill Statistics: Some Basic
COilcepts. Springer, 2000.

[14] C. M. Bishop, Pattern recognition and machine learning, Springer, 2006.
[15] "Wireshark Packet Analyser," http://www.wireshark.org/.

259



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


