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Abstract

The work presents a methodology for classification of sports
videos using both audio and visual information by applying deep
learning algorithms. We show a methodology to combine multi-
ple deep learning architectures through higher layers. Our method
learns two separate models trained on audio and visual part of the
data. We have trained the model for the audio part of the multi-
media input using two stacked layers of CRBMs forming a
CDBN. We also train two layered ISA network to extract features
from video part of the data. We then train deep stacked autoen-
coder over both audio and visual features with discriminative fine
tuning. Our results show that by combining both audio and visual
features we get better accuracy as compared to single type of
features.

Introduction

In machine learning the algorithms learn from training data
and predict the outcome for a new test case. Machine
learning algorithms are applied in various fields such as
object recognition from image, search engines, spam clas-
sification, voice recognition and document indexing. Most-
ly people have used hand-engineered features for training a
particular learning algorithm, but designing hand-
engineered features requires a lot of domain expertise and
it does not scale well to other applications. Another prob-
lem with learning algorithms is that they require large
amounts of supervised labeled data to perform well which
is very difficult and expensive to obtain.

In order to address the above problems, in our work we
have used unsupervised feature learning algorithms (RBM,
ISA, sparse deep autoencoders). These feature learning
algorithms are directly applied on raw data with little pre-
processing and are also applicable to other domains. To
learn rich representations, we only need large amounts of
unlabelled data which is easy to obtain and is freely availa-
ble on the web.

Feature extraction using unsupervised learning and
building deep networks have become very popular in the
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areas of object recognition, action recognition, speech and
speaker classification, natural language processing(NLP),
scene labeling etc. But most of these tasks use only one
mode of information such as image content, speech or text
data. Recently, there has been work done by Srivastava et
al(2012) which uses both text and image features. There
are various applications of unsupervised feature learning
algorithms of which our problem is to classify sport video
events using both video and audio information. We show
that by using both video and audio data for the task of
sports action classification we get much better results as
compared to using only single type of information.

To model the audio data we used deep convolutional
RBM in which the lower layers encode simple features
while higher level layers encode more complex features.
Similarly, we use stacked ISA network to extract features
from visual data. Finally we jointly train audio and visual
features using deep stacked sparse autoencoders with dis-
criminative fine tuning.

Previous Work

Raina et al(2007) were able to show that using unrelated
training examples increase the performance of recognition
accuracy in a framework which they call self taught learn-
ing. It was shown by Honglak Lee et al(2009) that a good
image recognition accuracy on Caltech 101 dataset can be
achieved using only features learnt from natural images
using CDBN network and they show that they are able to
learn a hierarchical representation of objects. Using almost
the same architecture of CDBN as above Lee et al(2009)
were able to achieve a high speech and speaker recognition
accuracy in case of TIMIT database.

Quoc Le et al(2011) were able to obtain state of the art
results in action recognition in videos using sparsity on
ISA network. They show that using both 1% layer and 2™
layer features boosts the classification accuracy. But in
doing so they used only the video content features.



There has been work done by Srivastava et al(2012) which
proposes DBM for learning multimodal representations of
data. They pretrained deep network for each separate layer
and then fused them for joint training. Ngiam(2011) et al
also proposed deep learning architectures for multimodal
(audio and video) classification tasks.
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Autoencoder Layer 2
A
Autoencoder Layer 1
Audio fea- Video fea-
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CRBM layer 2 ISA layer 2
A T
CRBM layer 1 ISA layer 1
Audio part Video part
of input of input
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Fig 1. Feature extraction pipeline of our approach

System Architecture

Our deep learning architecture has three major blocks as
shown in Fig 1. First data is separated into its audio and
visual components respectively. The first block extracts
features from audio part of the data, second block extracts
features from video part of the data while the third block
gets trained over the features extracted from both audio
and visual part. Then we use softmax classifier with dis-
criminative finetuning to report the results.

Feature extraction from audio data

Restricted Boltzmann Machine (RBM)

Restricted Boltzmann Machine commonly called RBM is
bipartite, undirected graphical model. They can also be
viewed as Markov Random Field (MRF) with connections
only between visible and hidden layers. In this, each visi-
ble unit is connected to all the hidden units while there are
no intra connections between visible and hidden units. The
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figure below shows the hidden units and visible units and
the weights connected between these units.

— Hidden units

——>» Interconnecting weights

————» Visible units

Fig 2. Restricted Boltzmann Machine (RBM) Model

Mathematically, the energy function of a binary-binary
RBM is defined as( Honglak Lee et al 2009)
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where
e ‘v’ is the state of visible units

e 1’ is the state of hidden units

(M

e . L th .
° w; s the weight connecting i" visible unit

and j ™ hidden unit.
e ‘¢’ is the bias of visible unit
e  °b’ is the bias of hidden unit

The visible and hidden units can be modeled as either bina-
ry or real valued Gaussian random variable. When visible
or hidden units are binary random variables they can take
either of two states ‘0’ or ‘1°. The probability assigned to a
joint configuration of visible and hidden units is (Sohn et al

2011)
v H
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e*E(v,h)

P(v,h)=
(2)

Z is called ‘partition function’ .
Conditional probability of P(//v) when hidden units are

binary is found out to be
4
P(h, =1/v)= sigmoid(z w,v, +b, )
3)

From the expression we see that the hidden random varia-
bles when conditioned on visible random variables are in-
dependent of each other. Similarly, conditional probability
of P(v/h) when visible units are binary can be derived as

gy

H
P(v, =1/ h) = sigmoid (z w.h +c, } where 4)
j=1

sigmoid(x) = (1 /(1+ e_x))
For real-valued visible units and binary hidden units the
energy function and conditional probabilities are defined as
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where ¢ 0 ’= variance of visible unlts

P(h,=1/v)= sigmoid[—ijvi +b, j
0=

where N is Normal Distribution.

We use the above defined equations of conditional proba-
bility and energy function in training of the RBM model to
learn the weights and biases.
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Training of RBMs

In order to train the model the goal is to maximize log-
likelihood of training data. The training involves updating
of weights, visible and hidden biases. The optimization
function becomes ( Krizhevisky et al 2009)

minimize _2 log(P(v®))
= (8)

where ‘m’ is the total number of input examples.

Instead of applying gradient descent to this problem which

is very computationally expensive, we use contrastive di-

vergence learning algorithm which is an approximation of

the gradient of the log- likelihood (Hinton 2010). Hence

the update equations for weights and biases are as follows:

a m
aT[—Zlog(P(v(“)) jz (VI > 400 =< ViH > 00
ij k=1

)

where <. > represents expectation with respect to data and

reconstructed data respectively. < Vih ;> is the prod-

data
uct of visible units (input data) and hidden units.
<vh,>
proximation (Hinton 2010). This starts by setting the input
as states of visible units then compute the hidden units
(after doing Gibb’s sampling on equation (6)). Then a re-
construction is produced using the hidden units using equa-
tion (7). We get visible units from the reconstruction from
which we again compute the hidden units (doing Gibb’s
sampling on equation (6)). The product of reconstructed
visible units and the recomputed hidden units is

< vih > The update equation for weights and biases

are as follows:

recon 18 calculated via contrastive divergence ap-

recon”

Aw, =€ (VR >4, —<Vih, >,...) (10)
Abj = 8b(< hj >data —< h >recon) (11)
Aci = gc (< Vi >data < V >;econ) (12)

where © € ’is a learning rate constant.
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It has been found that in order to learn rich representations
of input the activations have to be overcomplete and
sparse. The hidden layer activations in the RBM model are
overcomplete in a sense that their dimensions are more
than the input dimensions. Hence we introduce sparsity in
the RBM model in the next section.

Sparse RBMs

In sparse RBM’s the activation of each hidden unit is con-
strained close to a constant. By doing this it is ensured that
the activation of each hidden unit is kept close to a con-
stant. The motivation behind inducing sparsity is two-fold.
First, in our brain when particular information is perceived
only a few neurons are fired among the large number of
neurons it contains (Hawkins 2004). Secondly it is worth to
interpret information from hidden units which are active
only for a small number of examples compared to the units
which are active for a large number of examples.

So, after introducing a regularization term for sparsity our
modified objective function becomes (Lee et al 2008):

minimize J = —ilog(P(V(k)))+/1i‘P_”j ‘2
k=1 J=i

where (13)
A is regularization constant, P s target sparsity.
1 m
@z;ZH@ﬂM
k=1 (14)

Following Lee et al (2009), (2008), only hidden biases are
updated using the gradient of the regularization term. The
modified equation for updating the hidden bias becomes:

Ab, =¢g,(<h; >, —<h;>,.,,)+h_bias(p—1;) (15)

recon

As the input dimension increases the size of weight matrix
along with the hidden units increase. This makes RBM
algorithm computationally intractable on small machines.
Also it has been observed that using larger weights is not a
good practice to learn features (Lee 2009). So we use lo-
cally connected weights in order to learn overcomplete
features. For this we use convolutional RBMs.

data

Convolutional RBMs(CRBMs)

If the input data is very high dimensional then connecting
every hidden unit to every visible unit becomes computa-
tionally intractable for a normal processor with not very
high memory. To scale up RBMs to high dimensional in-
puts we use distributed convolutional RBMs. In CRBMs
we have K groups of hidden units. For each group of hid-
den units we have a weight matrix which gets convolved
with the visible layer to give the feature representation of
that particular hidden group. In detail, following Lee et al

2009, 2011, if the dimensions of input are as (Nv* Nv)
and number of input channels are L, the size of a weight
filter (N, * N, ) for each channel and K groups. So the

weight matrix is



N, *N, *L*K
We RV

In the same way as RBMs the energy function and condi-
tional probability equations for CRBMs can be defined as:
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where Wfis the left-right and top-down flipped W

The training of CRBM is done same as RBMs using con-
trastive divergence learning algorithm. Also sparsity is
introduced in the model so that the activation of hidden
units is sparse. Another important point is that a weight
regularization term is introduced in the objective function
in order to decrease over-fitting. We also apply probabilis-
tic max-pooling on the hidden activations to reduce the
number of output feature dimension, retaining all the use-
ful information.

Probabilistic Max-Pooling
Following Lee et al. 2009, the hidden units in a basis are
partitioned into small groups of size say N C* N, and their

activations are constrained so that only one hidden unit is
active in a group. Above the hidden layer, there is a pool-
ing layer in which a pooling unit corresponds to a particu-
lar group in the hidden unit. The pooling unit is ‘on’ only
when one of the hidden units is ‘on’ else it remains ‘off’.
The advantages of pooling are that it encodes small transla-
tion invariance and it also reduces the dimensionality of
the features. So, the conditional probability of each hidden

unit is modified as
L
eXp(z;(W/{r’l * )[,j +b, ]

P(hi; =1|v)= 2 1
k.l !
1+2i',j'sgmup exp[zo.(Wf *v )iv’jv +bk
= (19)
k 1
PPy =01) = T
k., !
1+zi,’j,wexp( S L), n ]
(20)

Where © ¥’ corresponds to pooling unit of a group. From

the above equations, it is clear that a group behaves as a
‘softmax’ random variable.
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Extending CRBMs to Convolutinal Deep Belief Net-
works

In order to form a hierarchical representation of inputs, the
CRBM layers can be stacked one above another to make a
deep network. This deep network can be trained greedily
one layer at a time (Hinton 2006). The pooling layer acti-
vations are given as inputs to the layer above it. The visible
layer biases are kept constant during training and only the
hidden layer biases are updated. For subsequent layers the
hidden layer biases of the lower layer become the visible
layer biases of the above visible layer.

3. Feature extraction from video data

Independent Subspace Analysis (ISA)

ISA can be used to extract low-level visual features like
those present in the simple cells of V1 area of visual cortex
(Quoc Le 2011, Hyvarinen 2011). ISA model consist of a
visible layer, a hidden layer and a pooling layer. Let each
spatio-temporal patch be of dimension (visible layer)

x € R? and the dimension of hidden layer is also same.

The dimension of our weight matrix is W € Rd*d, such
that each row of the weight matrix corresponds to the
weights by which one hidden unit is connected to visible
layer. Activation of each hidden unit is given by

h, = (Wf o x? )2 where © represents dot-product be-

tween two vectors.

Pooling Units
—— (square root
activations).

— Hidden Units

(square activa-
tions).

——>» Visible Units.

Fig 3. ISA Architecture

Each pooling unit pools over * N, ¢ adjacent hidden units

and the activation of each pooling unit is given by

P = 27:1 hfl’{

In order to train the ISA network, the activations of the
pooling layer units over all the training examples is mini-
mized to make them sparse. So, the objective function be-
comes



m K
J = minimize zz P subjectedto WW' =1

i=1 k=1
where < K’ is total number of pooling units, ‘m’ is total
number of patches. Orthogonality condition is imposed on
the weights to make the learned weights diverse(Quoc Le
2011). Above equation is solved by doing batch projected
gradient descent onJ . The weight updating equation is as
below

aJ

-
Bwp

J—_
Awp— o

The weight updating step is followed by the symmetric
orthogonalization step which is by (Hyvarinen 2009)

we=(mwr) " w
The inverse square root (WWT )71/2 is obtained by the ei-

genvalue decomposition of

WW' =Vdiag(d,.,d,,...d V" as
(Ww" )" = Vdiag(d"*,d"*,...d T

In order to learn high-level features from videos we stack
one layer of ISA above another layer and these layers are
trained greedily one by one (*Quoc Le 2011). First layer of
ISA is trained as mentioned above and to train the second
layer, larger patches are extracted from videos. These
patches are given as input to first layer in a convolutional
manner and then activations of the first layer pooling units
are computed. After applying PCA on these activations, its
dimensions are reduced then these reduced dimensional
feature vectors are given as input to the second layer of
ISA. The weights of the second layer are trained in the
same way as weights of the first layer.

Visualization of 1* layer learned weights
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Fig 4. Each row represents the optimal stimuli for
one hidden unit for 10 consecutive frames

Training the multimodal network

Deep Stacked Autoencoder

We extract audio features from CDBN and apply PCA on
them. Similarly we sample the videos over a dense grid
and input them to stacked ISA network to extract features
and then do ‘k-means clustering’ (Arthur 2007) on every
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training example followed by PCA. Then we train two
layers of sparse autoencoders according to Stanford Deep
Learning tutorial over both audio and visual features and
stack them. Finally we train softmax classifier over the
features extracted from autoencoder and do supervised
finetuning by backpropagation algorithm.

Experiments

In this section we show the classification accuracy of vari-
ous experiments done by us over audio, visual and audio-
visual features. These experiments were done on database
created by us, which we will mention along with the details
our model.

Database

Data Collection

Even after our best efforts we could not find a sports video
database containing both audio and visual modes. So to
conduct our experiments we manually created a database
of sports videos. We downloaded the videos from
youtube.com and manually clipped them to separate them
into individual actions. We created four classes of videos
cricket, basketball, baseball and football. The video length
of each file is five seconds and each file contains a particu-
lar action of that particular sport.

We downloaded videos of four different sports cricket,
football, basketball and baseball. We then manually
clipped these videos into the videos of length five seconds
which contained a particular action. We then resized all the
video frames to a common size of 320x240. We separated
the audio and visual data of the files which were then
trained on their respective models. We have 146 clips for
baseball, 188 for basketball, 106 for cricket and 115 for
football.

Details of Our Model

For the training the audio data, the model for our first layer
of CRBM has input of size 500x80 spectrogram (500
frames and 80 channels). The filter size for convolution is
6x80 and the model has 300 such filters. Pooling is done
across every 3 hidden units. The inputs to second layer are
the pooled activations of each audio file which are of size
165x300. The filter size for convolution is 6x300 and the
model has 300 such filters. Pooling is done across every 3
hidden units. The pooled activations are of size 53x300.
Hence for each input file the two-layer CDBN learns
53x300 features. For the training the visual data, the model
for our first layer of ISA has input of size 16x16x10 spatio-
temporal patches on which we apply PCA to reduce them
to 300 dimensions. The model learns 300 feature. The in-
puts to second layer are the activations of each spatio-
temporal patch of size 20x20x14. The model learns 200
features. Pooling is done across every 2 hidden units. The
pooled activations are of size 100. Hence for each spatio-



temporal patch of size 20x20x14 the two-layer ISA learns
100 features. For our five second video file we get 1920
such spatio-temporal features and hence we get 1920x100
features.

For jointly training the audio and visual features we use
deep stacked autoencoders. For each input example we
have 53x300 audio features on which we apply PCA to
reduce them to 500 features. Similarly for each input ex-
ample we have 1920x100 visual features on which we do
k-means clustering to reduce them to 300x100 features
after which we apply PCA to further reduce them to 500
features. We concatenate these features to form a 1000
dimensional feature for each input example which becomes
the input for sparse autoencoders.

Results

Table 1.The results in percentage for audio and video only
features for different number of training examples. (with-
out finetuning).

Second Layer

10 training

20 training

40 training

features used examples examples examples
Audio only 83.68 87.57 92.65
Video only 82.13 83.15 88.86

Table 2. The results in percentage for different number of

features in stacked deep autoencoders.

No. of Third | 10 training | 20 training | 40 training

Layer features | examples examples examples

500 83.68 96.97 97.22

1000 86.34 94.60 96.71
Conclusions

As we have noted, when our network was deep and more
number of examples were used we got better results, but
we think that we need a larger network and more computa-
tional power to match the human visual and auditory sys-
tem of brain. We see that stacked autoencoders gives rela-
tively small improvement in classification accuracy for
large training examples. This shows that deep networks are
important but only stacking of different deep architectures
may not be the best way to form a deep neural network.

Acknowledgements

We thank Ian Goodfellow (LISA Lab), Pawan Kumar
(IIT-G) for their helpful comments and discussions in car-
rying out the experiments.

107

References

Arthur, D., Vassilvitskii, S., k-means++: The advantages of care-
ful seeding, SODA 2007

Goodfellow, 1., Le, Q., Saxe, A., Lee, H., Ng, A.Y., — Measuring
invariances in deep networks, NIPS 2010

Hinton, G., A tutorial for training Restricted Boltzmann Ma-
chines, 2010

Hinton, G.E., Osindero, S., The, Y.W., — A fast learning algo-
rithm for deep belief nets, Neural Computation 2006.

Hinton, G.E., Salakhutdinov, R.R, Reducing the dimensionality
of data with neural networks, Science 2006.

Hyvarinen, A., Hurri, J., Hoyer, P., Natural image statistics,
Springer 2009.

Jeff Hawkins , On Intelligence. 2004

Krizhevisky, A., Learning Multiple Layers of Features from Tiny
images, MSc Thesis, 2009

Le, Q.V., Zou, W.Y., Yeung S., Ng A.Y., Learning hierarchical
invariant spatio-temporal features for action recognition with
independent subspace analysis, CVPR, 2011

Lee, H., Ekanadham, C., Ng, A.Y., Sparse deep belief net model
for visual area V2, NIPS 2008.

Lee, H., Grosse, R., Ranganathan, R., and Ng, A.Y., Convolu-
tional deep belief networks for scalable unsupervised learning of
hierarchical representations, /CML 2009.

Lee, H., Largman, Y.,Pham, P., Ng, A.Y., — Unsupervised feature
learning for audio classification using convolutional Deep Belief
Networks, NIPS 2009.

Muja, M., Lowe, D.G., Fast approximate nearest neighbors with
automatic algorithm configuration, VISAPP 2009

Ngiam, J., Khosla, A., Kim, M., Nam, J., Lee, H., Ng, A.Y.,
Multimodal Deep Learning, /CML 2011.

Raina, R., Battle, A., Lee, H., Packer, V., Ng, A.Y., Self-taught
learning: Transfer learning from unlabeled data, /CML 2007.
Sohn, K., Jung, D,Y., Lee, H., Hero, A.O., Efficient learning of
sparse, distributed, convolutional feature representations for
object recognition, /CCV 2011.

Srivastava, N., Salakhutdinov, R., Multimodal Learning with
Deep Boltzmann Machines, N/PS 2012

ufldl.stanford.edu — Deep Learning Tutorial




<<
  /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




