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Abstract—There has been a resurgence of interest in one of the
most fundamental aspects of computer vision, which is related to
the existence of a feedback mechanism in the inference of a visual
classification process. Indeed, this mechanism was present in the
first computer vision methodologies, but technical and theoretical
issues imposed major roadblocks that forced researchers to seek
alternative approaches based on pure feed-forward inference.
These open loop approaches process the input image sequentially
with increasingly more complex analysis steps, and any mistake
made by intermediate steps impair all subsequent analysis
tasks. On the other hand, closed-loop approaches involving feed-
forward and feedback mechanisms can fix mistakes made during
such intermediate stages. In this paper, we present a new closed-
loop inference for computer vision problems based on an iterative
analysis using deep belief networks (DBN). Specifically, an image
is processed using a feed-forward mechanism that will produce a
classification result, which is then used to sample an image from
the current belief state of the DBN. Then the difference between
the input image and the sampled image is fed back to the DBN
for re-classification, and this process iterates until convergence.
We show that our closed-loop vision inference improves the
classification results compared to pure feed-forward mechanisms
on the MNIST handwritten digit dataset [1] and the Multiple
Object Categories [2] containing shapes of horses, dragonflies,
llamas and rhinos.

I. INTRODUCTION

Some of the most famous computer vision scientists have
defended closed-loop image analysis processes [3], [4], [5],
[6], [7], [8], [9], [10], [11] for decades, but the following
roadblocks were found during these initial developments [7]:
1) lack of computational resources to process images, and 2)
large representational gap between the features extracted from
the image and the abstract 3-D model features that were used
to represent the visual classes. These obstacles encouraged
the development of simpler open loop mechanisms that are
currently dominant in the field [12], [13], [14], [15].

Open loop mechanisms [16] take an image and process
it in several steps, where each step needs a model that is
built using an annotated training set of images containing
examples of the analysis output. For example, the first step
can estimate the topic structure, the second step can produce a
list of annotations using semantic keywords, and so forth. The
success of open loop approaches stems from: 1) the maturity
of machine learning techniques, which can now produce quite
robust models; 2) the size and richness of training databases
available to estimate the parameters of these models; and 3) the
computational resources available for handling the training and
inference procedures of such models. One of the main issues
with these open loop approaches is that the more complex

Fig. 1. Closed-loop deep inference process.

analysis stages require large capacity models, which in turn
need larger training sets. However, the size of training sets
tends to shrink for the more complicated analysis tasks (e.g.,
3-D modeling), which does not allow for a robust estimation
of the model parameters. Researchers have addressed this
issue by trying to increase the size of the training set for
these complicated analysis stages via crowdsourcing [17], but
there are at least three problems with this solution: 1) the
acquisition of such training sets is intractable because of the
combinatorial nature of the exponentially more complex image
analysis stages; 2) the large complexity involved in the training
and testing procedures of such models can impose a strain
on the computational resources because of the high model
capacity and the size of the training sets; and 3) the reliability
of manual annotations is likely to decrease as the analysis
stages become more challenging.

Some of these issues have already been noticed by a few
researchers in the field [2], [18], who have proposed closed-
loop inference mechanisms for image analysis. Therefore, it
is foreseeable that closed-loop inference methods will receive
increasingly more attention by the computer vision commu-
nity. In general, closed-loop methods will alleviate the need
to acquire these massive and unreliably annotated databases
because of their ability to automatically fix analysis mistakes
made during the iterative inference process. This ability to fix
analysis mistakes will also allow for models with relatively
smaller capacity than the current ones used in open loop
approaches.

In this paper, we explore deep belief networks (DBN) for
the implementation of our closed-loop inference approach.
The major advantage of designing a closed-loop inference
using DBN lies in its ability to process images using feed-
forward and feedback mechanisms [2]. Our main contribution
with this paper is the development of an inference mechanism
that explores a feed-forward [19] model that estimates the



posterior probability of a visual class given the input image
(see Fig. 1), which in turn uses this posterior distribution to
generate [20] an image given the DBN belief state. Then the
difference between the original input image and the generated
image will be fed back to the DBN in an iterative process
that runs until convergence. We show empirically that the
posterior distribution obtained after the convergence of this
iterative process tends to fix a relatively large proportion of
the mistakes committed by a pure open loop inference. Specif-
ically, we show with the MNIST handwritten dataset [1] that
for several DBN structures we obtain relative improvements in
the order of 5% to 10%. Furthermore, we obtain significantly
better recognition results on the Multiple Object Categories
database [2] compared both with the open loop inference and
the original shape Boltzmann machine proposed by Eslami et
al. [2].

A. Literature Review

The issue of open versus closed-loop inference is longstand-
ing in the field of computer vision. As pointed out by Hoiem et
al. [18], Marr [16] proposed an open loop system that consisted
of a sequence of increasingly more complex tasks, where any
mistake made by some of the initial steps is propagated to sub-
sequent stages. On the other hand, Barrow and Tenenbaum [3]
proposed a closed-loop inference, where the analysis processes
collaborated with each other in order to fix eventual mistakes
made by each stage. Indeed, most of the seminal papers in the
field [3], [4], [5], [6], [9], [10] used a verification stage that
relied on a feedback mechanism, which enabled changes in
scene interpretation. More recently, the top-down bottom-up
inference of Zhu and Mumford [11] also presents a closed-
loop inference that allows for updates in the analysis process.
Nevertheless, all these papers rely on the extraction of features
from the image, and the closed-loop analysis process can vary
the scene interpretation using these image features as input,
which means that these methodologies can only reconstruct
these input features instead of reconstructing the actual input
image, as we propose in this paper.

One the main inspirations for this paper is the work by
Hoiem et al. [18], who use the concept of intrinsic images to
represent maps that describe specific aspects of the image anal-
ysis. For instance, Hoiem et al. designed systems to produce
surface maps, occlusion maps, depth maps and object maps.
Then in their closed-loop inference each one of those systems
will interact with one another in order to constrain subsequent
analysis. In comparison to that approach, our methodology
offers a simpler unified mechanism that uses a feedback
mechanism that produces an image, representing the current
belief state of the DBN. Then the difference between the
current belief state and the input image drives our closed-loop
analysis process. Another related approach recently proposed
is the shape Boltzmann Machine [2], which comprises a deep
belief network that is able to learn shape models and to
generate shapes given partial image data information. Eslami
et al. [2] also work on a classification problem, but they have

Fig. 2. Deep belief network.

not explored the generative capability of the DBN in order to
implement a closed-loop inference mechanism, as we do in
this paper.

II. METHODOLOGY

In this section we first introduce the deep belief network
used in this work and the training approach. We then explain
the feedback and feed-forward mechanisms, and we conclude
the section with the algorithm used for the closed-loop infer-
ence.

A. Deep Belief Network

The DBN depicted in Fig. 2 represents the core structure
of the networks used in this paper, which use as input an
image I with size M × M , represented by the vector x ∈
[0, 1]M×M in the bottom layer. This bottom layer is called a
visible layer, while the hidden layers above it are represented
by the nodes hk ∈ [0, 1]#nodesk for layers k ∈ {1, ..,K} and
#nodesk denotes the number of nodes in layer hk. Finally, the
nodes in layer u ∈ {0, 1}U (with ‖u‖1 = 1) in the top visible
layer represent the multi-class classification of the input x.

The joint distribution of the DBN in Fig. 2 is defined as
follows:

p({hk}K
k=1,x,u|Θ)

= q(h1|x,Θ)

[
K−1∏
k=2

q(hk|hk−1,Θ)

]
p(hK ,hK−1,u|Θ),

(1)

= p(x|h1,Θ)

[
K−1∏
k=2

p(hk−1|hk,Θ)

]
p(hK ,hK−1,u|Θ),

(2)

where the DBN parameters are represented by Θ =
{Wi,bi, ci}i∈{1,...,K}

⋃{Wu, cu}, and p(.) and q(.) repre-



sent probability functions defined as:

p(x(j) = 1|h1,Θ) = σ(c1(j) + W1(:, j)�h1)

p(hk−1(j) = 1|hk,Θ) = σ(ck(j) + Wk(:, j)�hk)

q(h1(i) = 1|x,Θ) = σ(b1(i) + W1(i, :)x)

q(hk(i) = 1|hk−1,Θ) = σ(bk(i) + Wk(i, :)hk−1),

(3)

p(hK ,hK−1,u|Θ) =
1
Z

exp(−E), (4)

where E = c�KhK−1 + c�u u + b�
KhK + h�

KWhhK−1 +
h�

KWuu, with x(j) denoting the jth element of the vector
x (and similarly for the other vectors in (3)), Wk(:, j)
representing the jth column of matrix Wk, W(j, :) denoting
the jth row, Z representing the partition factor, and σ(y) =

1
1+exp(−y) .

Notice that the same model naturally permits a feed-forward
analysis (1) and a feedback analysis (2 ) of an image. In the
sections below, we explain both the feed-forward and feedback
mechanisms and how they can be used in order to build a
closed-loop inference.

For the estimation of the model parameters, assume the
existence of a set of training images X = {(x, y)n}|X |

n=1 with
y ∈ {1, ..., U} denoting the class of image xi, where |.|
denotes set cardinality. For the learning process of the DBN
parameters Θ, we assume that each pair of network layers
is initially represented by a restricted Boltzmann machine
(RBM) [21]. An RBM is a stochastic neural network com-
prising a complete bipartite graph separating a visible from a
hidden layer. The maximum likelihood estimation of the RBM
parameters Wk, ck,bk (for layer k) is based on contrastive
divergence [21]. The pseudo-code for the training of the DBNs
used in this paper is shown in Alg. 1.

Algorithm 1 DBN training for Θ∗ = arg minΘ E(X|Θ)

1: Set V(0) = {v(0)
n }|X|

n=1 = X (i.e., v
(0)
n = xn for n ∈

{1, ..., |X |})
2: for k = 1:K-1 do
3: Estimate the RBM parameters W∗

k,b∗
k, c∗

k for layer k with
training set V(k−1) using contrastive divergence [21].

4: Build a new training set V(k) with elements v(k) = q(h =
1|v(k−1),W∗

k,b∗
k, c∗

k)
5: end for
6: Estimate the RBM parameters W∗

K ,b∗
K , c∗

K ,W∗
u, c∗

u for layer
K with training set V(k−1), where each of its elements is
associated with the U−dimensional binary vector {ui}|X|

i=1 (note
that each ui is a vector with zeros except at the yth

i dimension).
The estimation of these parameters is also done with contrastive
divergence.

B. Feed-forward and Feedback Mechanisms

The feed-forward inference is realized with (1) by taking
the image x, computing q(h1(i) = 1|x,Θ) for all nodes i
on the first layer and calculating q(hk(i) = 1|hk−1,Θ) for
all nodes from layers 2 to K − 1 in (3). Then, in order to

classify the test image, we compute the free energy given by
the activation of each class, as follows [19]:

f(x,u) = −c�KhK−1 − c�u u−∑
i

log(1 + exp{bi + WK(i, :)hk−1 + Wu(i, :)u}). (5)

The u vector that produces the lowest free energy is the most
likely class label estimated from the feed-forward mechanism.
Also, assuming that ui ∈ {0, 1}U is a vector with zeros in all
U dimensions except at the ith position, we can build a vector
of free energies, defined by: [f(x,u1), f(x,u2), ..., f(x,uU )],
which can be used to compute the posterior probability, as
follows:

p(y = i|x) =
exp{−f(x,ui)}∑U

j=1 exp{−f(x,uj)}
. (6)

The feedback method uses (2) starting with a fixed value
for u. Then we use alternating Gibbs sampling to obtain an
equilibrium sample from p(hK ,hK−1,u|Θ), where u is fixed
as explained above. This is followed by the computation of
p(hk−1|hk,Θ) until we reach the bottom layer, where we
again compute the probability distribution for p(x|h1,Θ) and
sample from it in order to obtain the generated image.

C. Closed-Loop Inference

This is the major contribution of this paper, and the idea is to
perform several feed-forward and feedback steps by iterating
prediction, data association and correction stages, similarly
to the procedures present in visual tracking algorithms [22].
Hence, we approximate the closed-loop inference mechanism
with a sequential inference model consisting of T iterations,
and producing the following distribution of classes given the
images generated at each iteration:

p(y(t)|{x(l)}t
l=1) ∝ (1/Z)p(x(t)|y(t))

U∑
j=1

p(y(t)|y(t−1) = j)p(y(t−1) = j|{x(l)}t−1
l=1),

(7)

where the superscript (t) indicates the iteration index, and Z
is a normalization factor. The gist of our approach consists
of, at each iteration step, predicting the posterior distribution
by combining the results from the previous iteration and a
transition model that accounts for how unsure the DBN is
about the classification of a specific class. Using this predictive
distribution, the system generates several images and picks the
one that maximizes the data association probability. Finally,
by taking a difference between the input image x(0) and the
image x(t) (i.e., generated at iteration t), the algorithm fixes
the posterior distribution at iteration t. Refer to Alg. 2 for the
proposed algorithm, which is detailed below.

First, we need to build a transition matrix, which is
estimated from the training set X by computing the probability
distribution p(y = i|y = j) for i, j ∈ {1, ..., U}. This
distribution is estimated assuming that U sets of class specific
training images are available. These sets are represented by



Algorithm 2 Closed-loop inference

1: Set x(0) = x ∈ [0, 1]M×M , representing the input image.
2: Transition matrix: compute transition matrix, representing

p(y = i|y = j) (for i, j ∈ {1, ..., U}) using (8).
3: for t = 1:T do
4: Prediction: compute the prediction distribution

p(y(t)|{x(l)}t−1
l=0 ) with (9).

5: Data association: search for the image that maximizes
p(x(t)|{x(l)}t−1

l=0 ) with (10), by taking x(t) as defined in (11).

6: Correction: correct the current prediction by estimating
p(y(t)|{x(l)}t

l=0) with (12).
7: end for
8: The class for image x is the one that maximizes (12).

Xj = {xn|(x, y)n ∈ X , yn = j} (with j ∈ {1, ..., U}), and
the distribution is estimated as follows:

p(y = i|y = j) =

(1/Z)
∑
x∈Xj

[(1 − α)p(y = i|x) + α], (8)

where Z is a normalization factor, p(y = i|x) is computed
with (6), and α ∈ [0, 1] represents a noise added to this transi-
tion matrix that is present in order to avoid an over-confident
estimation based solely on the training set. Note that this
transition matrix is in fact represented by the confusion matrix
computed from the training set results using the classifier in
(6), but we use the name ”transition matrix” to keep the same
nomenclature of visual tracking methods [22].

The prediction step estimates the distribution that the
inference will change the DBN’s current belief about the
classification result of the input data x. This is achieved with
the following calculation:

p(y(t) = i|{x(l)}t−1
l=0) =

U∑
j=1

p(y(t) = i|y(t−1) = j)p(y(t−1) = j|{x(l)}t−1
l=0),

(9)

with the first term of the sum computed with (8) and the
second term, with (6) for t = 1 and with (12) for t > 1.

The data association searches for a new image generated
by the DBN with the feedback method described in Sec. II-B,
that maximizes the following probability:

p(x(t)|{x(l)}t−1
l=0) =

U∑
j=1

p(x(t)|y(t) = j)p(y(t) = j|{x(l)}t−1
l=0),

(10)

where the second term of the sum is computed with (9), and
the first term is computed with (6) using the Bayes theorem
and assuming the priors p(x(t)) and p(y(t) = j) are constants.
An important part of the data association is how the image
x(t) is generated, especially because as described in Fig. 1, we
want the error between the generated image and the original
input image to be taken into account in order to fix the current
belief state of the DBN. Therefore, the image generation

is performed in two steps. First, we sample the distribution
p(y(t)|{x(l)}t−1

l=0) from (9) in order to obtain u(t) that will be
used as the input to generate an image x̃(t), as described in
the feedback method of Sec. II-B. Second, the actual input
image for (10) must have the errors amplified such that the
DBN can try to fix the errors, so we have:

x(t) = max(0,min(1, x̃(t) + κ(x(0) − x̃(t)))), (11)

where κ is a parameter that influences the amount of error to
be included in the image x(t), max(., .) returns the maximum
of the two values in the parameters, and min(., .) returns the
minimum (this guarantees that the final image will be in the
range [0, 1]). Therefore, the idea of this data association stage
is to generate a fixed number of images and select the one
that produces the highest value for (10).

Finally, the correction procedure fixes the current inference
by putting together the results from the prediction and data
association steps, as follows:

p(y(t) = i|{x(l)}t
l=0) =

(1/Z)p(x(t)|y(t) = i)p(y(t) = i|{x(l)}t−1
l=0),

(12)

where Z =
∑U

j=1 p(x(t)|y(t) = j)p(y(t) = j|{x(l)}t−1
l=0), the

first term is computed in the same way as in (10), and the
second term is the prediction from (9).

D. Example

In this section we show examples using the MNIST
dataset [1] and the Multiple Object Categories database [2],
which are described in more detail in Sec. III-A- III-B. For
MNIST, there are several possible sources of errors, such
as ”7” being confused with ”9”, or ”4” classified as ”6”,
etc. On the other hand, for the Multiple Object Categories
dataset, most of the errors are caused by the large shape
variation of the Dragonfly class. In Fig. 3 and Fig. 4, we show
several examples from both datasets, where the closed-loop
inference fixes the result from the feed-forward inference. It is
interesting to notice that as the inference evolves, the generated
image usually gets more similar to the original image, a fact
that is evidenced by the reduced error between the original
and generated images.

III. EXPERIMENTS

The major goal of this section is to show empirical evidence
that the closed-loop inference proposed in this paper can im-
prove the results obtained from pure feed-forward approaches
based on DBN and also to show how the recognition results are
affected by the parameters α in (8) and κ in (11). The number
of iterations T in Alg. 2 is fixed at 10 for all experiments
below. We show these results using the MNIST database [1]
and the Multiple Object Categories Database [2].



Fig. 3. Examples of the closed-loop inference using the MNIST dataset [1]
(see Section III-A). The columns show the iteration index t of the closed-
loop inference presented in Alg. 2 (labeled ”ITR”), the original input image
x(0) (”IN”), the generated image x̃(t) in (11) (”GEN”), the image difference
between x(0) and x̃(t) (yellow means bits present in x(0), but absent in x̃(t);
and red are bits present in x̃(t), but absent in x(0)), and the class producing
the maximum value for p(y(t)|{x(l)}t

l=0) in (12) (”CLASS”), respectively.

A. MNIST

The publicly available MNIST database (see Fig. 5) contain-
ing handwritten digits [1] has been used to test several different
classification algorithms, which makes it a useful testbed for
training and inference algorithms. It contains 60,000 training
images and 10,000 test images, and we adopt the framework
where no knowledge of the geometry is provided and no
special preprocessing or enhancement of the training set is
available. The DBN core structure is depicted in Fig. 2
and consists of a visible layer x with 784 nodes (receiving
the 28 × 28 input images), K hidden layers, with each hk

containing #nodesk nodes, and u with 10 nodes, representing
the labels of each of the 10 classes. The DBN was trained
with the 60,000 training images, which were divided into
600 balanced mini-batches, each containing 10 examples of
each class. The update of the weights happen after each mini-
batch, and we only use the greedy training, where each layer
is trained sequentially, as described in Sec. II-A, with 100
epochs. Also, for the top layer training, the labels are provided
as part of the input and are represented by turning on one
unit in a ”softmax” group of 10 units [23] as denoted in (6).

Fig. 4. Examples of the closed-loop inference using the Multiple Object
Categories database [2] (see Section III-B). These examples share the same
legends of Fig. 3.

For all results below, we repeat this training process 5 times
and report the average error obtained in the test set, which is
the percentage of mislabeled test samples. In order to verify
the correctness of our implementation, we compute the error
achieved by a DBN with the following structure: a visible layer
with 784 nodes, 3 hidden layers, with h1 and h2 containing
500 nodes, h3 with 2000 nodes, and u with 10 nodes. The
error for the greedy learning of the DBN above reported by
Hinton et al. [23] is 2.49%, while in our case, we obtained
2.51%.

Our first experiment shows the behavior of the proposed
closed-loop inference compared with the feed-forward infer-
ence as a function of the parameters α in (8) and κ in (11) and
also in terms of different DBN structures. Figure 7 shows how
the error is affected in percentage terms with different values
for α and κ using the DBN structure described by Hinton
et al. [23]. Specifically, the number of elements in brackets
represent the number of hidden layers, and each number in
sequence denotes the number of nodes in each layer. First
notice that for the shown structure, the closed-loop inference
can provide a relative improvement of between 2% and 8% on
average for the five runs considered. In fact, for some of those
runs, we can achieve an improvement of over 20%. Second,
it is clear that the parameter κ has a stronger influence in the



Fig. 5. Samples from the MNIST [1] database.

Fig. 6. Samples from the Multiple Object Categories [2] database.

result than α, particularly when the DBN has a more complex
structure (e.g., see the bottom graphs). Finally, as the DBN
structure becomes more complex, the behavior of the closed-
loop inference (w.r.t. to the parameters studied) becomes more
predictable, which means that it alleviates the need to perform
model validation methods (e.g., cross-validation).

For the second experiment, we fix α = 0.5 and κ = 2.0 and
plot the average error (over the 5 test runs explained above)
as a function of the complexity of the DBN structure both
for the feed-forward and closed-loop inferences (see Fig. 8).
Notice that the closed-loop inference always improves the
result produced by the feed-forward inference, and the best
error achieved using the same structure as in [23] is 2.30%.
In order to achieve more competitive results for that specific
database [24], we re-train the DBN with 1000 epochs (instead
of 100) using Alg. 1, and use it to initilize the up-down training
procedure (we ran 300 epochs of this learning algorithm),
which is a slower estimation procedure that fine-tunes the
weights [23]. With this new training, we achieved an error
of 1.22% using feed-forward inference, and 1.16% with our
proposed closed-loop inference.

Fig. 7. Error reduction and increase with the use of closed-loop inference
as a function of the parameters α in (8) and κ in (11). The graph shows
the result obtained from the DBN structure with h1 and h2 containing 500
nodes, h3 with 2000 nodes.

Fig. 8. Average error results as a function of the DBN structure for the feed-
forward and closed-loop inferences, considering that α = 0.5 and κ = 2.0.

B. Multiple Object Categories Database

Recently, Eslami et al. [2] presented the shape Boltz-
mann machine (shapeBM), where they tested their method
on a database containing four visual classes, comprising (see
Fig. 6): 1) 328 horse images facing left, but in a variety
of poses (i.e., the Weizmann horses [25]); 2) 68 dragonfly
images [26]; 3) 78 llama images [26]; and 4) 59 rhino
images [26]. These 533 images are cropped and normalized
to have size 32 × 32 pixels. Also, we use same number of
layers and nodes per layer as the methodology described by
Eslami et al. [2], which is as follows: two layers of latent
variables, with h1 containing 2000 nodes and h2 with 400
units. The main differences of our approaches (in terms of
the DBN structure) are: the introduction of the layer u with



Fig. 9. Example of performance on the Multiple Object Categories Database
using 20 training images. The performance of the closed-loop inference
compared to the feed-forward inference as a function of the parameters α
in (8) and κ in (11).

4 nodes (representing the label of each of the 4 classes), and
the full connection between the nodes of the visible and first
hidden layer. The training is performed in the same way as
for the case of the MNIST database, with the exception that
we had 1000 epochs and that we augment the training set by
applying random rigid deformations to the original images.
This is particularly important for the experiments that use an
extremely small number of training images. In fact, the number
of training images per class for this experiments varied from
R = 1 to 20, with 59−R test images per class (note that the
training and test images are picked randomly from the sets
described above). We average the accuracy and error results
over 100 runs, where each run involves a training, and feed-
forward and closed-loop inferences.

We first show the performance of the closed-loop inference
compared to the feed-forward inference as a function of the
parameters α in (8) and κ in (11) and in terms of the number
of training images. In Fig. 9, we show the percentage reduction
and increase of the error using the closed-loop inference.
Notice that for this database, it is clear that α is not as
important as the parameter κ. Also, notice that on average
the closed-loop inference reduces the error by 5%. Figure 10
compares the accuracy results obtained by the classification
method described by Eslami et al. [2] (see red and blue
curves) with our feed-forward (dotted black) and closed-
loop inferences (dotted green). Notice that the feed-forward
inference produces competitive results, and actually improves
the results by Eslami et al. [2]. Also, the closed-loop inference
improves upon the results of the feed-forward inference. It is
worth mentioning that this experiment provides evidence of
one of our claims, which is that the closed-loop inference can
be used in order to fix the mistakes of classifiers trained with
few training images. This is particularly clear for the cases
with 1 to 10 training images, where the relative improvement
is in the range of 5% of the accuracy result obtained with

Fig. 10. Comparison of the performances of the classification methods
described in [2] (red and blue curves), the feed-forward inference (dotted
black) and the closed-loop inference (dotted green).

feed-forward analysis.

IV. DISCUSSION AND CONCLUSIONS

The idea of using some intermediate form of the analysis to
drive some sort of feedback mechanism has been a recurrent
topic in the field of computer vision. There has been a renewed
interest in this topic lately, and we believe that the development
of DBNs with their discriminative and generative capabilities
will be quite important for the further exploration of this
topic. In this paper we propose the first closed-loop inference
mechanism based on DBNs. Using databases of handwritten
digits and shapes, we show that our methodology always
improves the accuracy of feed-forward mechanisms in a range
that varies from 5% to 10%, and we show the best results in
the field for the Multiple Object Categories database [2]. For
the MNIST database, we present competitive results compared
to DBN results using a similar network structure and training
setup, but we realize that our results are not comparable to
the best proposed approaches in field [24], which show error
results in the order of 0.2%. We will investigate further how we
can obtain results in this range with the proposed closed-loop
inference. Furthermore, it is interesting to study the role of α,
which in essence tells how much we trust the transition matrix
in (8). From the experiments, α seems to matter only when the
DBN structure offers limited capacity to model the problem
properly, which is a fact that can be used in order to do
model selection. Finally, with the Multiple Object Categories
database, we show that our closed-loop inference is able to fix
mistakes made by the classifiers trained with small training
sets, which is one of the issues present in current approaches,
as explained in the introduction.

It can be noticed from the experiments that the accuracy
of the presented closed-loop inference is highly associated
with the accuracy of the DBN feed-forward inference. We



will investigate how our proposed closed-loop inference can
be adapted to other types of neural networks, such as Deep
Boltzmann Machines [27], and other types of open loop
classifiers, such as Support Vector Machine [28].

One of the major points not covered by this paper is
the ability of our approach to generate gray-level images in
addition to the black and white images shown above. The
main issue is that the generation of more realistic gray-level
images requires much more complex DBN structures [20],
and it is not yet clear whether these DBNs will be able to
generate images that are detailed enough to be used by our
feedback mechanism. Another problem is with respect to the
scalability of our mechanism in terms of the number of classes.
For instance, as the number of classes increases, it has been
shown that it is possible to build powerful classifiers with deep
belief networks. For instance, the recently propose DBN used
for the classification of 1000 Imagenet classes [29] presents
competitive recognition results. However, it is not clear if
such complex network will be able to generate representative
images of specific visual classes. Finally, another problem
with the use of our approach is with respect to its efficiency
because, even though the feed-forward inference is reasonably
fast, the simple use of our approach implies an inference that is
as slower as the number of iterations required by the closed-
loop mechanism. However, recent implementations of DBN
make full use of GPU programming [29], which means that
this issue can be considerably alleviated.

REFERENCES

[1] Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-based learning
applied to document recognition,” Proceedings of the IEEE, vol. 86,
no. 11, pp. 2278–2324, 1998. 1, 2, 4, 5, 6

[2] S. A. Eslami, N. Heess, and J. Winn, “The shape boltzmann machine:
a strong model of object shape,” in Computer Vision and Pattern
Recognition (CVPR), 2012 IEEE Conference on. IEEE, 2012, pp. 406–
413. 1, 2, 4, 5, 6, 7

[3] H. Barrow and J. Tenenbaum, “Computer vision systems,” in Computer
vision systems: papers from the Workshop on Computer Vision Systems,
held at the University of Massachusetts, Amherst, Massachusetts, June
1-3, 1977. Academic Pr, 1978, p. 3. 1, 2

[4] I. Biederman, “Human image understanding: Recent research and a
theory,” Computer Vision, Graphics, and Image Processing, vol. 32, p.
2973, 1985. 1, 2

[5] T. Binford, “Visual perception by computer,” in IEEE Conference on
Systems and Control, 1971. 1, 2

[6] R. Brooks, “Model-based 3-d interpretations of 2-d images,” IEEE
Transactions on Pattern Analysis and Machine Intelligence, vol. 5, no. 2,
pp. 140–150, 1983. 1, 2

[7] S. Dickinson, Evolution of Object Categorization and the Challenge of
Image Abstraction. Cambridge University Press, 2009, in: S. Dickinson,
A. Leonardis, B. Schiele, and M. Tarr, (eds), Object Categorization:
Computer and Human Vision Perspectives. 1

[8] U. Grenander and M. Miller, Pattern Theory: From Representation to
Inference. Oxford University Press, 2007. 1

[9] D. Lowe, “Three-dimensional object recognition from single two-
dimensional images,” Artificial Intelligence, vol. 31, no. 3, pp. 355–395,
1987. 1, 2

[10] A. Pentland, “Perceptual organization and the representation of natural
form,” Artificial Intelligence, vol. 28, pp. 293–331, 1986. 1, 2

[11] S. Zhu and D. Mumford, “A stochastic grammar of images,” Foundations
and Trends in Computer Graphics and Vision, vol. 2, no. 4, pp. 259–362,
2006. 1, 2

[12] M. J. Choi, A. Torralba, and A. Willsky, “A tree-based context model
for object recognition,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 34,
no. 2, pp. 240–252, 2012. 1

[13] P. Felzenszwalb, R. Girshick, D. McAllester, and D. Ramanan, “Object
detection with discriminatively trained part-based models,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 32, no. 9, pp. 1627–1645, 2010. 1

[14] Y. Lee and K. Grauman, “Object-graphs for context-aware visual cate-
gory discovery,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 34, no. 2,
pp. 346–358, 2012. 1

[15] L.-J. Li, R. Socher, and L. Fei-Fei, “Towards total scene understand-
ing:classification, annotation and segmentation in an automatic frame-
work,” in Proc. IEEE Comp. Vision and Pattern Recognition, 2009. 1

[16] D. Marr, “Representing visual information,” Computer vision systems,
pp. 61–80, 1978. 1, 2

[17] A. Barriuso and A. Torralba, “Notes on image annotation,” arXiv
preprint arXiv:1210.3448, 2012. 1

[18] D. Hoiem, A. A. Efros, and M. Hebert, “Closing the loop in scene
interpretation,” in Computer Vision and Pattern Recognition, 2008.
CVPR 2008. IEEE Conference on. IEEE, 2008, pp. 1–8. 1, 2

[19] G. Hinton, “A practical guide to training restricted boltzmann machines,”
Momentum, vol. 9, p. 1, 2010. 1, 3

[20] M. Ranzato, J. Susskind, V. Mnih, and G. Hinton, “On deep generative
models with applications to recognition,” in Computer Vision and Pattern
Recognition (CVPR), 2011 IEEE Conference on. IEEE, 2011, pp. 2857–
2864. 2, 8

[21] G. Hinton and R. Salakhutdinov, “Reducing the dimensionality of data
with neural networks,” Science, vol. 313, no. 5786, pp. 504–507, 2006.
3

[22] Y. Bar-Shalom, Tracking and data association. Academic Press
Professional, Inc., 1987. 3, 4

[23] G. E. Hinton, S. Osindero, and Y.-W. Teh, “A fast learning algorithm for
deep belief nets,” Neural computation, vol. 18, no. 7, pp. 1527–1554,
2006. 5, 6

[24] D. Ciresan, U. Meier, and J. Schmidhuber, “Multi-column deep neural
networks for image classification,” in Computer Vision and Pattern
Recognition (CVPR), 2012 IEEE Conference on. IEEE, 2012, pp. 3642–
3649. 6, 7

[25] E. Borenstein, E. Sharon, and S. Ullman, “Combining top-down and
bottom-up segmentation,” in Computer Vision and Pattern Recognition
Workshop, 2004. CVPRW’04. Conference on. IEEE, 2004, pp. 46–46.
6

[26] L. Fei-Fei, R. Fergus, and P. Perona, “Learning generative visual models
from few training examples: an incremental bayesian approach tested
on 101 object categories,” in Computer Vision and Pattern Recognition
Workshop, 2004. CVPRW’04. Conference on. IEEE, 2004, pp. 178–178.
6

[27] R. Salakhutdinov and G. E. Hinton, “Deep boltzmann machines,” in
International Conference on Artificial Intelligence and Statistics, 2009,
pp. 448–455. 8

[28] C. Cortes and V. Vapnik, “Support-vector networks,” Machine learning,
vol. 20, no. 3, pp. 273–297, 1995. 8

[29] A. Krizhevsky, I. Sutskever, and G. Hinton, “Imagenet classification with
deep convolutional neural networks,” in Advances in Neural Information
Processing Systems 25, 2012, pp. 1106–1114. 8



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /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 /Error
  /CompatibilityLevel 1.7
  /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 true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EuroSig
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KozGoProVI-Medium
    /KozMinProVI-Regular
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomDGR-Bold
    /NimbusRomDGR-BoldItal
    /NimbusRomDGR-Regu
    /NimbusRomDGR-ReguItal
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /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 <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. 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 on-screen display, e-mail, and the Internet.  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 /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


