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A Modified Levenberg Marquardt Algorithm for
Simultaneous Learning of Multiple Datasets
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Abstract—Levenberg-Marquardt (LM) algorithm is a powerful
approach to optimize the parameters of a neural network (NN).
Given a training dataset, the algorithm synthesizes the best path
toward the optimum. This brief demonstrates the use of LM
optimization algorithm when there are more than one dataset
and on/off type switching of NN parameters is allowed. For
each dataset a pre-selected set of parameters are allowed for
modification and the proposed scheme reformulates the Jacobian
under the switching mechanism. The results show that a NN
can store information available in different datasets by a simple
modification to the original LM algorithm, which is the novelty
introduced in this brief. The results are verified on a regression
problem.

Index Terms—Levenberg-Marquardt
dataset learning, masked neural networks.

algorithm, multiple

NOMENCLATURE

t Discrete time index

y(®) (yi(t)) Output vector of the neural network at time ¢
(i entry of y at time 7)

T(?) (t;(¢)) Target output vector at time ¢ (i entry of 7 at
time ¢)

u(f) (w;(r)) Input vector of the neural network at time ¢ (i’h
entry of u at time )

w(t) (w;(1)) Parameter (weight/bias) vector of neural
network at time 7z (i entry of w at time t)

I Identity matrix

J(@) Jacobian of the classical LM algorithm at time ¢

Jr() Jacobian of the proposed LM algorithm at
time ¢
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E®?) Error vector of the classical LM algorithm at
time ¢

Er (1) Error vector of the proposed LM algorithm at
time ¢
Step size parameter

m¢ (m?)  Mask vector for the d"* dataset (i entry of m?)

el(v) i entry of the error vector for the p input/output
pair at time ¢

D Number of different datasets

Py Number of input/output pairs in dataset d

P Number of input/output pairs for classical
single dataset learning setting

N Total number of adjustable parameters in the
neural network

L Loss function for a single dataset

Lr Combined loss functions for multiple dataset
setting

K Number of NN outputs

I. INTRODUCTION

RTIFICIAL neural networks have been studied many

times in the past. Given an input output dataset, a NN
structure can realize a map accompanied with an error bound.
The works of Funahashi [1], Cybenko [2] and Hornik [3] have
set two facts: 1) NNs are universal approximators and 2) A
single hidden layer NN can realize a given input/output map
with a prescribed error bound if the number of neurons in
the hidden layer are large enough. The work of Hagan and
Menhaj [4] was a pioneer in casting the LM optimization
scheme for NNs and since then the algorithm has been
successfully implemented in various applications [5], [6],
[7] and become a standard tool in several commercial NN
optimization software. The works devoted to speeding up the
LM algorithm are worthy of consideration as each training
cycle in LM scheme requires matrix inversion and utilizing
matrix inversion lemma for reducing the complexity may be
a remedy [7], [8], [9].

The idea that motivated us to study this problem has its roots
in the functionality of biological brain. There could be regions
that contain multifunctional biological structures that are
triggered chemically via the secretion system. Analogously,
we build a NN structure and define a mask that runs over the
NN and ask for the realization of multiple tasks for multiple
masks.
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To demonstrate the idea, we adopt single hidden layer NN
structures to study the problem of simultaneous learning of
multiple datasets. The conventional feedforward NN structures
are suitable for gradient based tuning schemes, i.e., differen-
tiable neuronal activation functions are assumed throughout
this brief.

The problem of learning multiple datasets have been con-
sidered several times in the past. In [10], a NN is trained
for a given dataset, the network is then pruned and the
process for next dataset considers the previously fixed weights
together with the adjustable weight subset, which was the
pruned subset of the previous stage. The algorithm in [10]
considers the datasets one by one and tries to teach the new
dataset to a gradually contracting neural space (free neurons
or weights) aided also by the previously fixed weight values.
The results focus on deep neural structures with several well
known datasets. This is a good example of storing different
datasets within different subnetworks of a NN structure, which
was studied also in [11]. The work in [12] focuses on two
separate online classification settings, which is based on the
availability of a number of orthogonal vectors that makes it
possible to store the parameter vector as a sum. When the
appropriate mask multiplies the weight vector, the weight set
associated to the chosen mask, which is called context key,
is obtained. The method requires finding orthogonal terms
to store the weight and bias set. The main difficulty here is
to find the orthogonal terms when there are many different
datasets. Further, since the considered neural structure is a
deep NN structure containing thousands of neurons and many
layers, one cannot make sure that the structure is the smallest
possible one that meets the desired learning goals. This issue
can be studied by the modification proposed in the current
work. In [13], a large NN structure is initialized and without
any modification, for a given task, the best weight/bias subset
is sought. As long as the NN is large in structure, the diversity
that spans the functional space of the NN can be ensured and
a best matching mask vector could be inferred for a given
arbitrary dataset. The work in [13] solves the reverse problem
and defines four continual learning scenarios and describes
how a best matching mask could be extracted if a dataset is
given. In [14], a deep NN structure is initialized and every
weight is multiplied by 1 to keep, O to hide and -1 to invert.
The optimization problem is to find the best multiplier vector
to obtain a good performance. The authors reported that the
approach resulted in up to 99% of pruning rate. The cited body
of literature focuses largely on the deep NN structures, where
the redundancy is excessive and necessity to each one of the
adjustable parameters is questionable. Further, the works cited
assume the lottery ticket hypothesis proposed by Frankle and
Carbin [15], which states that there exists a subnetwork that
performs the desired mapping with an acceptable performance
and the problem is to identify its elements within the deep NN
structure.

A natural problem arising in the cited volume of literature
is the catastrophic forgetting, which causes forgetting of the
learned information for one dataset while the tuning is carried
out for another [16], [17]. The current paper remedies the
problem of catastrophic forgetting in an efficient way as all
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Fig. 1. Four datasets and preselected four subnetworks. Inactive parameters
are shown dashed and the weight values are frozen throughout the NN.

input output pairs are treated simultaneously in the Jacobian
matrix.

The contribution of this brief is to modify the original
LM tuning algorithm in such a way that gradient information
can be effectively used in learning of multiple and possibly
dissimilar datasets under the conditions that are valid for ordi-
nary NN training. This contribution advances the subject area
towards effective multifunctional and masked NN applications
that may open horizons for reinterpreting federated learning,
explainable artificial intelligence and resource sharing hard-
ware applications.

This brief is organized as follows: Section II describes the
modified LM algorithm, Section III discusses an exemplar
learning problem and the last section is devoted to the
concluding remarks.

II. MODIFIED LEVENBERG-MARQUARDT ALGORITHM

In the implementation of the LM optimization scheme for
such problem, a NN structure is chosen and each dataset is
linked with its own mask vector, the components of which
enable or disable a particular weight/bias parameter. In Fig. 1,
a NN structure specialized for four different datasets is shown.
The weights shown by dashed lines are disabled in the
corresponding configuration.

According to the figure, we deduce two immediate facts for
the masking mechanism.

1. Every single parameter (weight or bias) must be active

at least for one dataset.

2. The masking scheme must allow information flow from

each input to each output.

Assume we have D different datasets and for each of them
we adopt a randomly chosen mask vector that performs an
on/off operation on the entries of the NN parameter vector, w.
Depending on the content of the mask vector m, some weights
are activated for all datasets, some are peculiar to particular
subgroups of the datasets. This way creates a NN structure that
has a set of real parameter set (w) composed of the weights
and biases, and an associated mask vector for each dataset
m?, d=1, 2,..., D).

Considering there is only one dataset (D = 1) and all
weights and biases are active, i.e., all entries of the mask vector
are 1, we have the following LM based parameter update law:

w(t+1) = w(n) — (Wlvxn +J(I)TJ(I))71J(t)TE(t) )
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where, p is the step size parameter and the Jacobian (J(#)) and
the error vector (E(#)) are given in (2) and (3), respectively. It is
well known that for large values of pu, LM algorithm displays
the characteristics of Error Backpropagation (EBP) algorithm
with step size 1/u and for small w, the algorithm behaves
like Gauss-Newton (GN) algorithm and becomes vulnerable to
matrix inversion problems. LM algorithm is therefore a smooth
transition in between EBP and GN exhibiting the positive
qualities of both to some extent, [8]. The loop structure of the
approach without details of u adaptation and early stopping
is given in Algorithm 1, where the stopping criterion is based
on a prescribed performance level.
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Now consider a masked NN structure such that the
adjustable parameter vector w is associated with a separate
mask vector (md) for each dataset d=1, 2, ..., D. Elements
of m? are composed of zeros and ones, activating and
deactivating the corresponding entry in w. Having this picture
in the front, the @ component of Jacobian has its new form
as in (5). The overall Jacobian (Jr) of the multiple dataset
learning problem is given in (6) and the tuning law utilizing J¢
is given in (7). Apparently, the structure of the tuning law is
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Algorithm 1 Levenberg-Marquardt Algorithm

1: =1;

2: L=Inf;

3: u=1;

4. performanceLevel = ChooseLevel;

5: SetNeuralNetwork

6: while L > PerformanceLevel

7. E=[k

8 J=I[I

9: % Pattern loop

10: for p=1toP

11: y = ForwardPassPatterni#p

12: % Append sample error v -y to E

13: E=[E; 7 -y]

14: % Loop over each output of the NN
15: for k=1t K

16: Row of_J = [];

17: % Parameter (weight/bias) index
18: for i=1toN

19: Compute 3e§/3w,-
20: Row_of_J = [Row_of_J 8e£/8w,-]
21: end
22: J =1[J ; Row_of_J]
23: % One row of J(f) is ready and appended
24: end
25: % One KxN sub-block of J(f) is ready
26: end
27: % J(t) is ready, update now

28 wit1) = W) - (u T+ IO IO TE@)

29: DistributeNewValuesToTheirPositions
30: L=ETE

31: DisplayCost L

32: Update_u_IfNecessary

33: RunEarlyStoppingRoutineIfNecessary
34. t=t+1;

35: end

the same as that in (1) and the concatenated error vector used
in (7) is given in (8). The update scheme in (7) optimizes the
cost in (9) and for each individual mask, the NN approximates
the associated dataset. The accuracy that can be accomplished
by the NN depends on the size of the masked subnetwork.
Arguments of this discussion are the same as in ordinary single
dataset NN training schemes.
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where

Ji
J2
. (6)

Jr=1.
Ip (K f P,,) xN
d=1
and the modified LM update law can be formulated as below.
w(it+1) =w(@)
-1
— (1WIyxn +IrOTTE @) IO ER @) (1)

where

E'(n
EX()

Er)=| . ®)
EP ()
D T

ey =Y (B‘0) (E0) ©)
d=1

The procedure for the proposed scheme is given in
Algorithm 2. The difference between (7) and (1) is the fact that
(1) is peculiar to single dataset case and (7) allows teaching
multiple datasets each accompanied by a mask vector creating
a specific subnetwork.

The modification proposed here is important in the sense
that the algorithm is guided towards identifying the maximal
overlaps in the neural functional structure that is distributed
over the neural network connectivity. In a single dataset case
with conventional scheme (1), the optimization algorithm finds
a solution among many other possibilities. Imposing masks
and obtaining subnetworks make the available optimization
problem much more challenging as the solution space is
constrained by the training datasets, which are more than
one and which are possibly dissimilar. This naturally requires
finding local similarities in between the datasets and this is
automatically organized utilizing the LM algorithm and the
formulation given in (7).

III. SIMULATIONS

In the simulations, we study a regression problem and we
generate four datasets (D = 4). The set of functions generating
the datasets are orthonormal over (x,y) € [—1, +1]x[—1, +1].
This is deliberate as we would like to test the NN’s capability
of handling the dissimilarities. The NN has 2-100-1 structure,
the input vector is [x y]T, the hidden neurons have hyperbolic
tangent type nonlinearity and the output neuron is a linear one.

The four functions have been sampled linearly, i.e., 21 data
points along each axis create a total of 441 grid points. We
used the same input data grid for sampling the four func-
tions, which generate different outputs requiring appropriate
switching. Since our goal is to demonstrate the use of modified
scheme, we have not used a validation set and stopped the
training after 2000 iterations. We define the mean squared error
(MSE) as in (10).

D
MSE() = Lr(t)] ) _ Pa
d=1

(10)
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Algorithm 2 Modified Levenberg-Marquardt Algorithm
1: t=1;

2: L=Inf;

3: u=1;

4. PerformanceLevel = ChooseLevel;

5. SetNeuralNetwork

6: SetMaskVectors

7. while L > PerformanceLevel

8: Ep=1[J

9 Jr=1I

10: % Dataset loop

11: for d=1toD

12: % Pattern loop

13: for p=1to Py

14: y = ForwardPassPatterni#p

15: % Append sample error 7 —y to E

16: Er= [Ef; T —y]

17: % Loop over each output of the NN
18: for k=1t0 K

19: Row_of_Jd = [1;

20: % Parameter (weight/bias) index
21: for i=1toN

22: Compute mf X 8e‘2/8wi

23: Row_of J4 = [Row_of Jd m?xae';/aw,']
24: end

25: Ja = [Jg; Row_of_ Jd]

26: % One row of J(7) is ready and appended
27: end

28: % One KxN sub-block of J(f) is ready
29: end

30: % Jg is ready. Append to Jacobian

31 Jr = [Jr3dal

32 end

33: % Jacobian Jp(f) is ready, update now
3 w1 = w@) - (u IHJr@) " Jr ) Jr(0)"EE (1)
35: DistributeNewValuesToTheirPositions
36: Lp = Ep'Ep

37: DisplayCost Lr

38: Update_u_IfNecessary

39: RunEarlyStoppingRoutineIfNecessary

40: t=1t+1;
41: end
After 2000 iterations of running Algorithm 2, MSE

decreases to 9.882e-5 and the results shown in Fig. 2 are
obtained. According to the figure, the NN is proved capable
of learning multiple datasets simultaneously.

Since the training considers all training samples together,
the proposed scheme is not vulnerable to the well known
catastrophic forgetting phenomenon. A last issue is the ini-
tialization of the elements of the mask vector (mld). For
this, define a random variable (1) that distributes uniformly
between 0 and 1. Based on this, we adopted the following
scheme:

d=12,...

J {lu20-3 ,D;i=1,2,...,N (11)

M =10u<03"
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Fig. 2. Top: Target datasets (7). Bottom: The difference between NN response

and the target values (7—y).

The chosen threshold above is 0.3. One can increase
or decrease this threshold to obtain similar results. As the
threshold approaches 0, it becomes difficult to learn any of
the datasets as the degrees of freedom allocated for each
dataset reduces and the subnetwork activates few parameters.
As the threshold approaches 1, it becomes impossible to learn
multiple datasets as most parameters are kept active for all
datasets. Depending on the size of the NN, one should be
aware of this and choose a reasonable value that generates a
good learning performance.

IV. CONCLUSION

This brief proposes a modification to the Levenberg
Marquardt algorithm. The approach allows learning of
multiple datasets simultaneously and catastrophic forgetting
is prevented. Each dataset is accompanied by a mask vector
that activates a particular parameter set resulting in a sub-
network. The obtained subnetwork realizes the information in
the selected dataset. Simulations results prove the solvability
of the multiple optimization problems within the Levenberg
Marquardt algorithm’s setup.

[1]
[2]
[3]

[4]

[5]

[6]

[7]

[8]

[9]

(10]

(11]

[12]

[13]
[14]
[15]
[16]

(17]

2383

REFERENCES

K. I. Funahashi, “On the approximate realization of continuous mappings
by neural networks,” Neural Netw., vol. 2, no. 3, pp. 183-192, 1989.
G. Cybenko, “Approximation by superpositions of a sigmoidal function,”
Math. Control, Signals Syst., vol. 2, no. 4, pp. 303-314, 1989.

K. Hornik, M. Stinchcombe, and H. White, “Multilayer feedforward
networks are universal approximators,” Neural Netw., vol. 2, no. 5,
pp. 359-366, 1989.

M. T. Hagan and M. B. Menhaj, “Training feedforward networks with
the Marquardt algorithm,” IEEE Trans. Neural Netw., vol. 5, no. 6,
pp. 989-993, Nov. 1994.

C. Lv et al, “Levenberg—Marquardt backpropagation training of
multilayer neural networks for state estimation of a safety-critical
cyber-physical system,” IEEE Trans. Ind. Informat., vol. 14, no. 8,
pp. 3436-3446, Aug. 2018.

S. Kimdabi and A. Antoniou, “Design of minimum-phase filters using
optimization,” IEEE Trans. Circuits Syst. II, Exp. Briefs, vol. 64, no. 4,
pp. 472476, Apr. 2017.

B. M. Wilamowski, S. Iplikgi, O. Kaynak, and M. O. Efe, “An
algorithm for fast convergence in training neural networks,” in Proc.
IEEE Int. Joint Conf. Neural Netw., Washington, DC, USA, 2001,
pp. 1778-1782.

J. D. J. Rubio, “Stability analysis of the modified Levenberg-Marquardt
algorithm for the artificial neural network training,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 32, no. 8, pp. 3510-3524, Aug. 2021.

S. Ur. Rehman, S. Tu, O. Ur. Rahman, Y. Huang,
C. M. S. Magurawalage, and C.-C. Chang, “Optimization of CNN
through novel training strategy for visual classification problems,”
Entropy, vol. 20, no. 4, p. 290, 2018.

A. Mallya and S. Lazebnik, “PackNet: Adding multiple tasks to a single
network by iterative pruning,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit. (CVPR), 2018, pp. 7765-7773.

A. Mallya, D. Davis, and S. Lazebnik, “Piggyback: Adapting a single
network to multiple tasks by learning to mask weights,” in Proc. Eur.
Conf. Comput. Vis. (ECCV), 2018, pp. 72-88.

B. Cheung, A. Terekhov, Y. Chen, P. Agrawal, and B. Olshausen
“Superposition of many models into one,” in Proc. Adv. Neural Inf.
Process. Syst. (NeurIPS), 2019, pp. 1-10.

M. Wortsman et al., “Supermasks in superposition,” in Proc. 34th Int.
Conf. Neural Inf. Process. Syst. (NIPS), 2020, pp. 15173-15184.

N. Koster, O. Grothe, and A. Rettinger, “Signing the Supermask: Keep,
hide, invert,” 2022, arXiv:2201.13361.

J. Frankle and M. Carbin, “The lottery ticket hypothesis: Finding sparse,
trainable neural networks,” 2018, arXiv:1803.03635.

R. M. French, “Catastrophic forgetting in connectionist networks,”
Trends Cogn. Sci., vol. 3, no. 4, pp. 128-135, 1999.

J. Kickpatrick et al., “Overcoming catastrophic forgetting in neural
networks,” Proc. Nat. Acad. Sci., vol. 114, no. 13, pp. 3521-3526,
2017.

Authorized licensed use limited to: ULAKBIM UASL - Hacettepe Universitesi. Downloaded on April 28,2024 at 09:28:25 UTC from IEEE Xplore. Restrictions apply.




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

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


