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Abstract

In this paper we outline a method of procedurally gener-
ating maps using Markov Chains. Our method attempts
to learn what makes a “good” map from a set of given
human-authored maps, and then uses those learned pat-
terns to generate new maps. We present an empirical
evaluation using the game Super Mario Bros., showing
encouraging results.

Introduction

Manually creating maps for games is expensive and time
consuming (Togelius et al. 2010). Delegating map genera-
tion to an algorithmic process can save developers time and
money. Using such algorithmic processes is called proce-
dural content generation (PCG), which generally refers to
methods for generating all types of content.

In this paper we discuss our approach to procedurally gen-
erating maps using Markov chains. We chose to use Markov
chains because, after slight alterations, they can easily repre-
sent two dimensional models, which is often how maps are
represented. Our method learns patterns from known “good”
maps, and then uses what it has learned to generate new
maps with similar patterns. In addition to Markov chains,
our approach implements backtracking during the map gen-
eration stage to allow for change if an undesirable state is
reached. Our method also allows maps to be split horizon-
tally to isolate patterns in specific portions of the maps.

Background

In this section we provide necessary background on map
generation and Markov chains.

Procedural Map Generation

Procedural content generation (PCG) refers to methods for
creating content algorithmically instead of manually (To-
gelius et al. 2011). Such methods can be used in games to
generate components like maps (Togelius et al. 2010) or
missions (Bakkes and Dormans 2010). In this paper, we
focus on procedurally generating maps. PCG approaches
can be classified into three broad categories: Search-based,
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learning-based, and tiling. These categories, however, are
not mutually exclusive or complete. There are hybrid meth-
ods and methods which do not fit any of these categories.

Search-based PCG (SBPCG) techniques rely on defining
the space of all potential maps, missions, etc. we want to
generate, and then exploring that space using some search
technique (for example, a genetic algorithm). SBPCG meth-
ods require the use of an evaluation function that can esti-
mate the quality of each element in the search space. The
reader is referred to Togelius et al. (2011), for an in-depth
overview of search-based approaches.

Learning-based approaches to PCG take advantage of ex-
isting data by using algorithms to extract models, or pat-
terns, from it. Those models or patterns are then used to
generate new content. The existing data can be information
provided by the user or designer, player data, or it can be
known “good” models of what the method is trying to gener-
ate. Shaker et al. (2011) outline different methods that learn
a player type by watching that player go through a level.

Tiling is an approach that builds up content from smaller
parts, called “tiles.” These tiles are then selected and pieced
together algorithmically. Techniques in this category use
different sized tiles and different methods of reassembly.
Compton et al. (2006) use a tiling approach to build levels
for a platform game. This technique is used in well known
games, such as Spelunky'.

Our method uses concepts from each of the above cat-
egories. Our method learns from known maps. Using that
information it generates a map from tiles. Additionally, our
method has the ability to backtrack while generating the new
map, a concept commonly found in search algorithms.

Markov Chains

Markov chains (Markov 1971) are a method of model-
ing probabilistic transitions between different states. For-
mally, a Markov chain is defined as a set of states S =
{s1, s2, ..., sp } and the conditional probability distribution
P(S;|S¢—1), representing the probability of transitioning to
a state Sy given that the previous state was S;_1.

Standard Markov chains restrict the probabilities to only
take into account the previous state. Higher order Markov
chains relax this condition by taking into account k previ-
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Figure 1: An illustration of: a) a standard Markov Chain, and
b) a second order Markov Chain.
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Figure 2: A two dimensional representation of a higher order
Markov chain.

ous states, where k is a finite natural number (Ching et al.
2013). This yields P(S¢|St—1, ..., St—). That is, P is the
conditional probability of transitioning to a state Sy, given
the states that the Markov chain was in the previous k in-
stants of time. Figure 1 shows a graphical representation of
the dependencies in a first and a second order Markov Chain.
In our application domain, we structure the variables in
the chain in a two-dimensional array, in order to suit the map
generation application. Figure 2 shows an illustration of this,
showing some example dependencies between the different
state variables. Notice that Figure 2 is only an example, and
we can define two-dimensional Markov chains with differ-
ent dependencies (for example, where state variables only
depend on two variables immediately to the left, etc.).

Methods

We represent a map as an h X w two-dimensional array M,
where h is the height of the map, and w is the width. Each
of the positions in the array can take one of a finite set of
values .S, which represent the different tile types (and which
we will make correspond to the different states in a Markov
chain, when we learn the model). Figure 3 shows a section of
a map we use in our experiments (left) and the representation
of the map as an array (right), where each letter represents a
different tile type. We only consider the map layout, without
taking enemies into account.

Our method employs higher order Markov chains in or-
der to learn the probabilistic distribution of tiles in a given
set of maps. We assume that maps given as input for learn-
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Figure 3: A section from a map we use in our experiments
(left) and how we represent that map in a array (right). Color
has been added to our representation for clarity.

ing are “good.” In order to learn the Markov chain, we need
to specify which previous states the current state depends
on. For example, we could learn a Markov chain defined by
the probability of one tile in the map given the previous hor-
izontal tile, or we could learn another one defined by the
probability of a tile given the previous tile horizontally and
the previous tile vertically, etc. In order to configure these
dependencies, our learning method takes as input a small
dependency matrix D. D; ; = 1 if the probability of the tile
M, , depends on the tile M,_;,_;. Otherwise, D; ; = 0
(by convention Dj o = 2, representing the tile to be learned).
In the experiments reported in this paper, we used several
such dependency matrices. For example, the Markov chain
in Figure 2 results from the following dependency matrix:

0 0 0
Ds=( 0 1 1
0 1 2
Given a dependency configuration matrix D), and a set

of maps represented by the arrays M, ...M,,, our method
learns the Markov chain in two stages:

e Absolute Counts: let p be the number of 1’s in the ma-
trix D (i.e. how many past states the model will take into
account). If there are n different tile types, there are n?
different previous tile configurations. Our method counts
the total number of times that each tile type s; appears in
all the input maps for each of the n” previous tile config-
urations, which we will refer to as T'(s;[S;—1, ..., Si—p)-

e Probability Estimation: once these totals are computed,
we can estimate from them the probability distribution
that defines the Markov chain. In our experiments, we
used a simple frequency count:

T(8i|Si_1, ceey Si—p)
2 i1 L(851Sj-1, s Sj—p)
However, other approaches, such as a Laplace smoothing
(Manning, Raghavan, and Schutze 2009, p. 226) can be

used, in case there is not enough input data to have an
accurate estimation of the probabilities.

P(si|Si—1,..., Si—p) =
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Figure 4: A section from a map generated using D; with
R=1and h =0.

Finally, in our experiments, we observed that different
parts of the maps have different statistical properties. For
that reason, we experimented with learning separate Markov
chains for different parts of the map, by splitting the map us-
ing horizontal cuts. Specifically, our learning method has an
input parameter R, that determines the number of splits. For
example, if R = 1, a single model is learned from the whole
map. If R = 2, the map is split in two (the upper part, and
the lower part), and a model of each part is learned.

Our method generates a new map one tile at a time, start-
ing from the top-left, and generating one row at a time. In
order to generate a tile, the method selects a tile probabilis-
tically, based on the probability distribution learned before.
If a combination of previous tiles has never been seen before
(and thus, the probability distribution of tiles is undefined),
all the tile types are assumed to have equal probabilities. We
call this situation an unseen state.

In order to avoid unseen states, we experimented with a
map generation method that used look ahead and backtrack-
ing. Given a fixed number of tiles to look ahead d >= 0,
when our method generates a tile, it tries to generate the fol-
lowing d tiles after that. If during that process, it encounters
an unseen state, our method backtracks to the previous level
and tries with a different tile type. If the d following tiles
are generated successfully without reaching an unseen state,
then the search process stops, and the tile that was selected
at the top level is the one chosen. If the search process ends
without finding a tile for which we do not reach an unseen
state, then our method is forced to generate a tile randomly.

Experiments

We chose to use the classic two dimensional platformer
game Super Mario Bros for two reasons: 1) maps are readily
available, and 2) popularity (since people are familiar with
the game, they know what to expect from a level).

To represent the Super Mario Bros maps we chose to use
seven tiles. The first two tiles are special tiles to signify the
start and end of a map. We called them S and D, respectively.
The remaining five tiles correspond to components of the
maps: G is ground, B are breakable blocks, ? are power-up
blocks, P are pipes. and E is empty space.

For our experiments, we had our model learn from 12
maps taken from the original Super Mario Bros. We ex-
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Figure 5: A section from a map generated using Dg with
R=3and h =5.

cluded indoor and underwater maps. We ran our method
with different input parameters, as described below.

We used six different dependency matrices in our experi-
ment: D; takes into account only the tile immediately to the
left of the current one. D5 takes into account the two tiles
to the left of the current one. D3 takes into account the tile
immediately to the left, and the one immediately above. D
takes into account the tile immediately to the left, and the
one above that tile. D5 takes into account the tile to the left,
the one above, and the one left and above (i.e. this one cor-
responds to the model shown in Figure 2). Finally, Dg takes
into account the two tiles to the left of the current tile, and
the tile above the current tile.

We also ran experiments with a varying number of splits,
R € {1,3,6}. One split uses the entire map to generate the
probabilities. Three row splits break the map into an upper,
middle, and lower section. Six splits essentially break the
maps into pairs of rows. Lastly, we experimented with mul-
tiple depths for the look ahead in the generation stage. We
tested with d € {0,1,3,5}.

To test these different combinations, we had our method
generate 50 maps for each input combination. While gen-
erating the maps, we tracked how many times the method
ultimately reached an unseen state (random tiles), and how
many times our method needed to backtrack.

Figures 4 and 5 show sections from two maps generated
with our approach using different input parameters. Figure 4
shows a map using a very simple Markov chain (only taking
into account the tile immediately to the left), with only one
split, and without any look ahead when generating the map.
This results in an unplayable map. However, Figure 5, gen-
erated with a more complex Markov chain shows a playable
map (with a few misplaced pipe pieces). This shows that
even with very little training data (only 12 maps), Markov
chains can actually be used for map generation.

Table 1 shows the numerical results we obtained from our
experiments. In the table “Rand” stands for “average num-
ber of randomly generated tiles per map” and “BT” stands
for “average number of times backtracking occurs per map.”
The first trend we see is as the depth of the look ahead, d,
increases, so does the average number of backtracks (BT).
This can be seen by comparing the average number of back-
tracks for Dy with R = 1 as d increases. The reason for this



Table 1: Experimental Results

d D1 DQ D3 D4 D5 DG

- | Rand | BT Rand [ BT Rand [ BT Rand | BT Rand | BT Rand | BT
0 0 0 0 0 6.04 0 10.22 0 11.88 0 41.2 0

1 0 27.54 0 27.46 4.68 9.18 0.34 28 6.44 10.71 25.64 48.92
3 0 84.44 0 81.01 18.66 276.24 0.14 82.7 13.02 110.88 10.94 211.9
5 0 138.62 0 135.04 | 12.94 | 1051.24 0.14 135.48 18.9 1041.68 13.52 774.56
0 0 0 0 0 16.62 0 77.66 0 91.08 0 160.28 0

1 0 16 0 27.62 5.82 12.96 32.54 104.14 11.54 160.84 73.76 183.74
3 0 49.96 0 82.24 10.28 198.76 57.5 748.06 16.7 567.52 5.78 656.12
5 0 81.84 0 138.94 | 11.94 | 2240.62 | 150.76 | 14522.82 | 28.06 2201.9 0.84 1156.1
0 0.06 0 2.16 0 17.6 0 68.16 0 73.6 0 105.72 0

1 0 14.44 0 28.04 15.32 26.34 26.66 104.44 44.02 64.96 54.78 131.72
3 0 43.72 0 86.14 34.76 366.82 48.54 781.76 73.38 581.52 12.96 540.94
5 0 74.5 0 139.48 56.5 3057 88.08 8105.56 124.28 | 5219.68 13.56 1066.06

trend is apparent: the further the method can look ahead, the
more opportunities for backtracking. The second trend is as
the number of splits, R, increases, so does the average num-
ber of random tiles generated (Rand). This can be seen by
looking at any of the columns of average number of random
tiles as R increases. This occurs because the more a map
is split horizontally, the less data there is for learning, and
therefore there will be more unseen states. The number of
random tiles also increases as the complexity of the Markov
chain increases. This is because as the model takes into ac-
count more previous tiles, the number of possible combina-
tions of previous tiles increases, thus requiring more train-
ing data to properly estimate the probability distributions
of the Markov chain, giving way to more randomly gener-
ated tiles. Finally, we observe that using a small look ahead
(d = 1) can reduce the number of randomly generated tiles,
but higher look aheads result in worse results (more experi-
mentation is required to understand this effect).

Although the trends show that as we increase R, d, and the
complexity of the Markov model we get more random tiles
or more backtracks, these are not proper indicators of the
quality of the map generated, as can be seen in the sample
maps shown in Figures 4 and 5. As part of our future work,
we would like to analyze these results using better metrics,
for automatic assessment of quality, building upon some of
the fitness functions used in search-based procedural content
generation (Togelius et al. 2010).

Conclusions

We developed a method for procedurally generating maps
using variations of Markov chains as a tool for learning.
Our method learns from established “good” maps in order to
generate statistically similar maps. We also incorporate look
ahead and backtracking into our map generation method.
This helps improve the quality of the generated map. Lastly,
our method includes the ability to split the maps used for
learning into different horizontal slices. Doing so allows the
user to isolate certain qualities of the maps that may be ex-
clusive to specific portions of the given maps.

We obtained encouraging results, being able to generate
fully playable maps in some of the tested configurations.
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Although the maps generated by our model are not directly
usable in an actual game, since they require some cleaning
(due to encountering unseen states during generation), we
believe that our initial study shows that Markov chains could
be a useful tool for procedural map generation.

In the future, we plan to find better evaluation criteria
for the maps generated by our methods. Exploring better
ways of estimating the conditional probabilities given small
amounts of map data is another area of future work. Another
area of work is to apply our model to a more complex do-
main to test scalability.

References

Bakkes, S., and Dormans, J. 2010. Involving player expe-
rience in dynamically generated missions and game spaces.
In Eleventh International Conference on Intelligent Games
and Simulation (Game-On2010), 72-79.

Ching, W.-K.; Huang, X.; Ng, M. K.; and Siu, T.-K. 2013.
Higher-order markov chains. In Markov Chains. Springer.
141-176.

Compton, K., and Mateas, M. 2006. Procedural level design
for platform games. In Proceedings of the Artificial Intel-
ligence and Interactive Digital Entertainment International
Conference (AIIDE).

Manning, C.; Raghavan, P.; and Schutze, M. 2009. Proba-
bilistic information retrieval. Cambridge University Press.

Markov, A. 1971. Extension of the limit theorems of prob-
ability theory to a sum of variables connected in a chain.

Shaker, N.; Togelius, J.; Yannakakis, G. N.; Weber, B.;
Shimizu, T.; Hashiyama, T.; Sorenson, N.; Pasquier, P.;
Mawhorter, P.; Takahashi, G.; et al. 2011. The 2010 mario
ai championship: Level generation track. TCIAIG, IEEE
Transactions on 3(4):332-347.

Togelius, J.; Yannakakis, G. N.; Stanley, K. O.; and Browne,
C. 2010. Search-based procedural content generation. In
Applications of Evolutionary Comp. Springer. 141-150.

Togelius, J.; Yannakakis, G. N.; Stanley, K. O.; and Browne,
C. 2011. Search-based procedural content generation: A
taxonomy and survey. Computational Intelligence and Al in
Games, IEEE Transactions on 3(3):172—-186.




<<
  /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 /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments 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
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /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 -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /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 <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /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 [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




