
A HYBRID ITERATIVE ALGORITHM FOR NONNEGATIVE MATRIX FACTORIZATION
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ABSTRACT

The aim of Non-negative Matrix Factorization (NMF) is to

decompose a non-negative matrix into a product of two (or

multiple) non-negative matrices with reduced ranks. Several

iterative methods have been developed for this purpose, e.g.

the Alternating Least Squares (ALS) or Lee-Seung (LS) mul-

tiplicative methods. Despite its fast convergence, the ALS al-

gorithm suffers from its instability, and may diverge in prac-

tice. The LS method, although reasonably stable, is known

to converge slowly. In this paper, we develop a hybrid algo-

rithm using mixed iterations based on these two methods. We

show theoretically that the hybrid algorithm outperforms both

methods by achieving a better tradeoff between the conver-

gence speed and stability without increasing computational

complexity. We also provide numerical examples in which

we compare our hybrid algorithm with the LS and ALS algo-

rithms.

Index Terms— Non-negative matrix factorization (NMF),

Mixed iterations, Alternating least squares, Lee-Seung method

1. INTRODUCTION

Non-negative matrix factorization (NMF) attempts to decom-

pose a non-negative data matrix into a product of two (or mul-

tiple) non-negative matrices [6]. This technique has found

many applications in, for example, source separation, dimen-

sionality reduction and clustering. There are several other

methods that can deal with similar problems, e.g. principal

component analysis (PCA) and singular value decomposition

(SVD). One major problem with PCA is that the basis vectors

may have both positive and negative components, and the data

are represented as linear combinations of these vectors with

positive and negative coefficients. In many applications, the

negative components contradict physical realities. For exam-

ple, the pixels in a gray-scale image have non-negative inten-

sities, so an image with negative intensities cannot be reason-

ably interpreted. To address this problem, NMF was proposed

to search for a representative basis with only nonnegative vec-

tors, see [2]. In contrast to SVD which has a unique factoriza-

tion and the orthogonality property, NMF has advantages in

This work was supported in part by the EPSRC of the UK. The first
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mania.

the properties of sparsity, nonnegativity, and interpretability

[1].

To find an appropriate NMF decomposition, a cost func-

tion based on, e.g. the squared Euclidean distance, is usually

defined to measure the estimation error between the original

non-negative matrix and its decomposed product. Several it-

erative methods have been proposed for the optimisation of

such a cost function. The most widely used method is per-

haps the multiplicative algorithm by Lee-Seung (LS) [5] [6],

for which a modified form of iterations has been provided by

Lin [8], and some theoretical results are also given in [4]. The

LS algorithm has good convergence stability and also main-

tains the non-negativity of the decomposed matrices during

iterations. However, it is also well-known for its slow con-

vergence. Alternating least squares (ALS) method is also

used for the same purpose by fixing one argument and finding

the least-squares solution for the other in an alternating man-

ner [1]. The ALS algorithm converges much faster as com-

pared with LS algorithm, however, it is not stable and may di-

verge frequently in practice. In this work, we first analyse the

convergence issues of these two algorithms and then develop

a hybrid method based on their complementarity in Section

2. The convergence performance of the proposed method is

analysed theoretically in Section 3 and also compared numer-

ically with LS and ALS algorithms in Section 4, followed by

the concluding remarks in Section 5.

2. THE PROPOSED METHOD

2.1. The optimisation criterion

For a given matrix V, NMF finds W and H such that:

V = WH, (1)

where V ∈ R
m×p
+ , W ∈ R

m×r
+ and H ∈ R

r×p
+ . To find

such a decomposition the following cost function is usually

considered [5]

F (W,H) =
1

2
‖V − WH‖

2

F , (2)

where ‖.‖F is the Frobenious norm.
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Fig. 1. Convergence curve of a random test where both the

ALS and the LS algorithm converge.

2.2. The LS and ALS iterations

The LS algorithm uses the following multiplicative iterations

to minimise function (2):

Hn+1 = Hn �

(
W

T
nV

)
(WT

nWnHn)
, (3)

Wn+1 = Wn �

(
VH

T
n+1

)
(
WnHn+1H

T
n+1

) , (4)

where � denotes the element-wise matrix multiplication, n is

the iteration number, T is a matrix transpose, and the divisions

operate element-wise. In practice, a small positive quantity

(e.g. ε = 10−9), is usually added to the denominators in the

above updates to prevent the numerator from being divided

by zero.

Hn+1 = Hn �

(
W

T
nV

)
(WT

nWnHn) + ε
, (5)

Wn+1 = Wn �

(
VH

T
n+1

)
(
WnHn+1H

T
n+1

)
+ ε

. (6)

Adding ε provides potentially more stable iterations and make

the iterations theoretically more tractable [8].

The ALS algorithm minimises function (2) based on the

following iterations,

Hn+1 = (WT
nWn)−1

(
W

T
nV

)
, (7)

Wn+1 = VH
T
n+1(Hn+1H

T
n+1)

−1. (8)

The non-negativity is not guaranteed with such iterations due

to the matrix inverse. In order to mitigate this problem, the

factorized matrices are further projected onto the nonnegative

orthant as follows,

Hn+1 = P+ (Hn+1) , (9)

Wn+1 = P+ (Wn+1) , (10)

where the projection P+ [·] is defined as P+ [A] = max(A,0),
and 0 is a zero-filled matrix having the same dimension as A,

and max is an operator comparing two matrices element-wise

taking the elements with greater value.

2.3. Convergence issues of the LS and ALS algorithms

As reported by several studies, e.g. [9] and [7], iterations (9)
and (10) converge (when they do) faster than (3) and (4) or

(5) and (6). However, as observed in our experiments, the

convergence performance of ALS is not consistent and may

easily diverge. The convergence behavior can be observed

in the following two random tests, shown in Figures 1 and

2, for an artificially generated data matrix V ∈ R
3×4
+ . In

both tests, r was set to 2 and W ∈ R
3×2
+ and H ∈ R

2×4
+

were randomly initialised. Figure 1 indicates that the ALS

algorithm has faster convergence rate than the LS algorithm

when both algorithms converge. However, Figure 2 shows

that for another test, the ALS algorithm may diverge while

the LS algorithm still converges nicely.
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Fig. 2. Convergence curve of a random test where the ALS

algorithm diverges while the LS algorithm still converges.

2.4. The mixed iterations

To mitigate the convergence issues discussed above, we de-

velop a hybrid method in this section. Essentially, using the

combination of the iterations from the ALS and LS algorithms,

the hybrid algorithm achieves a tradeoff between the conver-

gence rate and the stability of the considered algorithms. It

can be observed that the iterations in both the LS and ALS

methods take the following general form:

Hn+1 = Hn + A
−1
n

(
W

T
nV − W

T
nWnHn

)
, (11)

Wn+1 = Wn + B
−1
n

(
VHn+1 − WnHn+1H

T
n+1

)
, (12)

where An and Bn are the step-size regulating matrices at it-

eration n. Specifically, in LS algorithm [5], these matrices are
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updated per element by

(An)ab = δab

((
W

T
nWnHn

)
ab

(Hn)ab

)
, (13)

(Bn)ab = δab

((
WnHn+1H

T
n+1

)
ab

(Wn)ab

)
, (14)

where δab (·) is the Kronecker symbol and ab is the index of

an element in a matrix in row a and column b. Since both An

and Bn are diagonal matrices, the inverse will be simply the

matrices with reciprocal diagonal elements. If An and Bn are

set as follows,

An = W
T
nWn, (15)

Bn = Hn+1H
T
n+1, (16)

we can obtain iterations (7) and (8) from (11) and (12), which

lead to the ALS algorithm. The convergence for such itera-

tions was reported in [3]. We remark that the quantity used

in (15) and (16) is similar to the projection operator for the

well-known least-squares method.

To improve the convergence speed of (3) and (5) and the

stability of (9) and (10), we adopt the following mixed forms

for An and Bn in (11) and (12),

(An)ab = δab

((
W

T
nWnHn

)
ab

+ ε

(Hn)ab

)
(17)

Bn = Hn+1H
T
n+1. (18)

As a result, we obtain the hybrid algorithm as follows

Hn+1 = Hn �

(
W

T
nV

)
(WT

nWnHn) + ε
, (19)

Wn+1 = VHn+1(Hn+1H
T
n+1)

−1. (20)

Although the algorithm is derived intuitively, its improved

convergence performance over the ALS and LS algorithms

can be justified both analytically and numerically, as discussed

in subsequent sections.

3. ANALYTICAL RESULTS

3.1. The convergence

Definition 1. [5] G(h,h′) is an auxiliary function for F (h)
if the conditions (i) G(h,h′) ≥ F (h), (ii) G(h,h′) = F (h)
are satisfied.

Similar to the Taylor expansion of (2) where An takes the

form of W
T
nWn, the auxiliary function for (5) is given by,

G (h,hn) = F (hn) + (h − hn)∇hF (hn) (21)

+
1

2
(h − hn)

T
(An) (h − hn) . (22)

Recall Lemma 2 from [5] or Lemma 1 from [8], we see that

An − W
T
nWn is a positive definite matrix. In [8] it was

noted that if An is given by (13), then iteration (5) for the

update of Hn converges. However, for the update of Wn, it

was not required that Bn − Hn+1H
T
n+1 be a strictly positive

matrix. Therefore, we choose Bn = Hn+1H
T
n+1. Conse-

quently, using the following Lemma, it is straightforward to

observe that if iterations (5) and (6) converge, then iterations

(19) and (20) converge too.

Lemma 2. Suppose Hn and Wn are given by (19) and (20)
respectively. If Hn → H

∗, then Wn → W
∗, where W

∗ is

the limit of (5).

Proof. Since V = W
∗
H

∗, multiply with H
∗T , and then

multiply with the inverse (H∗
H

∗T )−1, to obtain

W
∗ = VH

∗T (H∗
H

∗T )−1. (23)

Suppose that from an iteration n we have Hn ≈ H
∗. From

(20) , we know that

Wn+1 = VH
T
n+1(Hn+1H

T
n+1)

−1 (24)

≈ VH
∗T (H∗

H
∗T )−1. (25)

Therefore, we obtain Wn+1 ≈ W
∗.

3.2. Stability and Convergence Rate

The proposed hybrid algorithm is more stable than the ALS

algorithm, as shown in the following analysis. Suppose we

take ‖.‖ as the sup norm. Without loss of generality, we as-

sume ‖V‖ = 1. We shall compare the stability of iterations

(7) and (8) with that of (19) and (20). Suppose ‖Wn‖ = ξ,
with ξ > 0 being a small constant, we have∥∥(WT

nWn)−1
W

T
n

∥∥ ‖Wn‖ (26)

≥
∥∥(WT

nWn)−1
W

T
nWn

∥∥ = ‖I‖ = 1, (27)

where I is an identity matrix. Hence, we obtain∥∥(WT
nWn)−1

W
T
n

∥∥ ≥ ‖Wn‖
−1

= ξ−1. (28)

On the other hand,

‖Hn+1‖ =
∥∥(WT

nWn)−1
(
W

T
nV

)∥∥ . (29)

As a consequence, ‖Hn+1‖ can grow and become unstable

within one step. The hybrid algorithm instead remains stable

under a given bound, since

‖Hn+1‖ ≤ ‖Hn‖

∥∥∥∥∥
(
W

T
nV

)
(WT

nWnHn)

∥∥∥∥∥ ≈
ξ ‖V‖

ξ2
= ξ−1.

(30)

We note that the hybrid algorithm inherits the stability of the

LS algorithm while converging faster. In many of our tests in

MATLAB, warnings for the condition number of (WT
nWn)−1

from (7) have been observed, while our hybrid algorithm per-

forms extremely well without such an issue.
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4. SIMULATIONS

In the first experiment, we generated V synthetically as the

absolute value of a zero-mean Gaussian distributed random

variable, and initialized W and H in the same way. The di-

mensions of these matrices were set as m = 500, p = 400,

and r = 4. We performed 20 independent random tests in

which both W and H were kept the same for all the three

algorithms. The evolution of the cost function averaged over

the 20 tests is shown in Figure 3 for the proposed algorithm,

as well as the LS and ALS algorithms. From this figure, we

observe that the proposed algorithm converges considerably

faster than both the LS and ALS algorithm. This argument

is especially true when the decomposition rank is relatively

low as compared with the data dimension. In our experi-

ments, this observation still holds for r being increased up

to 30. When increasing r to 50, the ALS algorithm becomes

unstable, while the proposed algorithm still converges even

though its rate becomes lower than that of the LS algorithm.

In the second experiment, we generated V as the spectrogram
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Fig. 3. Comparison of the average convergence behavior of

the proposed algorithm, the LS algorithm and the ALS algo-

rithm for the synthetically generated data.

of an audio signal C10 whistle.wav1, where the frame length

of the FFT was set to 512. Hence, the dimension of V was

m = 512, p = 174. Both W and H were randomly initial-

ized. The rank r was set to 4, and 50% overlap between the

windows was used for generating the spectrogram. All the

three algorithms were applied to decompose the music notes

from the audio signal. Their convergence curves averaged

over 20 independent tests (with W and H randomly initial-

ized) are shown in Figure 4, where the improved convergence

performance of the hybrid algorithm can be clearly observed.

The hybrid algorithm is currently under further investigation

and being applied to a wider range of data, and more results

will be reported shortly.

1Available at www.ee.surrey.ac.uk/Personal/W.Wang/demondata.html
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Fig. 4. Comparison of the average convergence behavior of

the proposed algorithm, the LS algorithm and the ALS algo-

rithm for the real audio data.

5. CONCLUSION

We have introduced a hybrid algorithm for NMF using the

mixed iterations based on alternating least squares and Lee-

Seung algorithms. An advantage of the hybrid framework lies

in that it can be readily extended to encompass other possible

iterations for enhancing their convergence performance. Both

theoretical and numerical results have shown the advantage of

the proposed hybrid method.

6. REFERENCES

[1] R. Albright, J. Cox, D. Duling, A. Langville, and C. Meyer, ”Algo-

rithms, initializations, and convergence for the nonnegative matrix fac-

torization,” NCSU Technical Report Math 81706, 2006.

[2] A. Ben Hamza and D. J. Brady, ”Reconstructin of reflectance spectra

using robust NMF,” IEEE Trans. on Signal Proc. vol. 54, no. 9, 2006.

[3] M. Berry, M. Browne, A. Langville, P. Pauca and R.J. Plemmons, ”Al-

gorithms and appliactions for approximation nonnegative matrix fac-

torization,” Computational Statistics and Data Analysis, 2006.

[4] D. Donoho and V. Stodden, ”When does non-negative matrix factor-

ization give a correct decomposition into parts,” in Advances in Neural

Inf. Process. Sys. (NIPS), vol. 17.

[5] D. D. Lee and H. S. Seung, ”Algorithms for Non-negative matrix fac-

torization,” Avd. Neural Inf. Proc. Syst. vol. 13, pp. 556-562, 2005.

[6] D. D. Lee and H. S. Seung, ”Learning the parts of objects by non-

negative matrix factorization,” Nature vol. 401, pp. 788-791, 1999.

[7] D. Kim, S. Sra, and I. S. Dhillon, ”Fast Newton-type methods for the

least squares nonnegative matrix approximation Problem,” in Proc. of

the 6th SIAM Int. Conf. on Data Mining, pp. 343-354, April 2007.

[8] C.J. Lin, ”On the convergence of multiplicative update algorithms for

nonnegative matrix factorization,” IEEE Trans. on Neural Networks,

vol. 18, pp. 1589-1596, 2007.

[9] R. Zdenuk and A. Cichocki, ”Nonnegative matrix factorization with

quadratic programming,” Neurocomputing, vol. 71, pp. 2309-2320,

2007.

412 2009 IEEE/SP 15th Workshop on Statistical Signal Processing

Authorized licensed use limited to: University of Surrey. Downloaded on July 07,2010 at 13:11:27 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /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 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /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
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /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 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


