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Deep anomaly analytics is a rapidly evolving field that leverages the power of deep
learning to identify anomalies in various datasets. The use of deep anomaly analytics
has increased significantly in recent years due to the growing need to detect anomalies
in complex data that traditional methods struggle to handle. Deep anomaly analytics
has the potential to transform various industries, including, e.g., healthcare, finance, and
cybersecurity, by providing valuable insights and helping to diagnose diseases, prevent
fraud, and detect cyber threats. However, there are also many challenges associated
with deep anomaly analytics. This editorial provides an overview of the field of deep
anomaly analytics, and highlights a few key challenges facing this field, i.e., time series
anomaly detection, graph anomaly detection, efficiency (of models), and solving
real-world problems. Additionally, it serves as an introduction to this special issue that

delves further into these topics.

ver recent years, deep learning techniques
O have shown remarkable success in various
areas, such as social computing, virtual assis-
tants, advertising, visual recognition, and natural lan-
guage processing. One area where deep learning is
also proving to be effective is in the detection of anom-
alies in large and complex datasets. This emerging field
of deep anomaly analytics has the potential to revolu-
tionize the way we detect and handle anomalies in
various domains, such as health care, cybersecurity,
finance, digital media, neuroscience, and manufacturing.
The goal of anomaly detection is to identify unusual
events or patterns in data that deviate from normal
behavior. Detecting anomalies is a critical task of
numerous applications. Traditional methods for anom-
aly detection rely on, for example, statistical methods,
rule-based systems, or clustering techniques. However,
these methods may not be effective in handling the
complexities of large and heterogeneous datasets."?
Deep anomaly analytics overcomes this limitation by
leveraging the power of deep learning to detect anom-
alies in high-dimensional data.
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Deep anomaly analytics uses various deep learning
techniques such as graph neural networks (GNNSs),
autoencoders, variational autoencoders (VAEs), deep
belief networks, convolutional neural networks, and
recurrent neural networks, among others. These tech-
niques enable the detection of complex anomalies
that may not be easily detectable using traditional
methods. For instance, in health care, deep anomaly
analytics can help in the early detection of rare dis-
eases that may be difficult to diagnose using tradi-
tional methods.®

Despite the significant potential of deep anomaly
analytics, many challenges remain. For instance, one of
the key challenges is the need for high-quality datasets
for training deep learning models. Another challenge is
the interpretability and explainability of the results
obtained from these models, which are critical in
domains such as health care, where the decision-
making process needs to be transparent and interpret-
able. Researchers and practitioners are working to
overcome these challenges and develop robust and
reliable deep anomaly analytics techniques.

This special issue covers selected recent research
results along this line. Nineteen articles were submit-
ted in response to our call for articles, and five articles
were accepted after a thorough review process by
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international experts. Here, we highlight a few key
topics that this special issue touches on.

Time series data are a sequence of observations col-
lected over time. Time series anomaly detection is impor-
tant because it has numerous applications in diverse
fields.* For multivariate- or univariate-input and single-
dimensional-output time series, the single-dimensional
output can normally be transformed into an abnormal
score. However, finding an appropriate transformation
is challenging. The difficulty lies in identifying abnormal
patterns, which can be further compounded by rare
or imbalanced anomalous data. While deep learning
approaches have shown promise in this area, there
is still much research being conducted to address
such issues.

One intuitive approach is to use inverse weights in
the training loss to alleviate the rarity or imbalance.
However, alternative methods have also been explored.
For instance, Yang et al.> proposed a deep learning
solution for PM2.5 anomaly prediction using an extreme
value theory-based loss function and an architecture
with self-attention. By modeling the data distribution
effectively, the extreme value theory provides a better
understanding of the underlying pattern of anomalies.
Additionally, the self-attention mechanism captures glo-
bal information from the time series, improving the mod-
el's ability to detect subtle anomalies. Given the variety
of data and situations that may require different de-
signs, the exploration of appropriate architectures and
training losses is likely to remain an ongoing task.

Capturing temporal dynamics from time series data
is sometimes insufficient for effective anomaly detec-
tion. In the case of unmanned aerial systems, for exam-
ple, it is crucial to model the co-evolution among
multiple features in time series. To tackle this chal-
lenge, Ma et al. proposed a novel approach that inte-
grates Bayesian networks and normalizing flows. They
developed graphical normalizing flows (GNF), a graph-
based autoregressive deep learning model that per-
forms anomaly detection in multivariate time series
through density estimation. GNF offers a promising
solution to the problem of modeling the complex inter-
actions among multiple features and provides a more
accurate and comprehensive approach to anomaly
detection in dynamic systems.

Graphs are commonly used to represent complex
systems, where nodes represent entities, and edges
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represent relationships between them.” Detecting ano-
malies in such graphs can help identify unusual patterns
of behavior, which may be indicative of malicious activ-
ity or system failure. For instance, one important appli-
cation of graph anomaly detection is in social network
analysis, where graphs can be used to represent social
relationships between individuals. Detecting anomalous
behavior in social networks can help identify malicious
actors who may be attempting to manipulate the net-
work or spread misinformation. This application can be
extended to detect anomalous citations from scholarly
big data.®

Recent advances in graph anomaly detection
involve the use of deep learning techniques such as
GNN and attention mechanisms to learn representa-
tions of the graph and detect anomalies. Generative
models, such as VAE and generative adversarial net-
works, can be used to learn the distribution of normal
graphs and detect anomalies based on deviations from
this distribution.

Graphs can be incredibly large and complex, which
makes it challenging to scale anomaly detection algo-
rithms to handle large graphs in real time. In such con-
texts, efficiency becomes crucial. Ren et al." introduced
a contrastive self-supervised learning framework for
detecting anomalies on heterogeneous networks. They
explored a new perspective for generating positive and
negative instances on heterogeneous graphs at the
metapath level. This approach preserves rich semantics
as a transferable form of knowledge for downstream
anomaly detection tasks. The proposed method is highly
efficient, conserving computational resources and mak-
ing it suitable for use in embedded devices.

Despite these advances, it is worth noting that
graph anomaly detection faces many challenges, includ-
ing, for example, scalability, diversity of anomalies, label
scarcity, noise and sparsity, dynamics, evaluation met-
rics, and benchmarks. Addressing these challenges
requires ongoing research and the development of new
algorithms and techniques that can scale to handle
large, complex graphs and can adapt to different types
of anomalies in diverse domains.

29,10

Efficiency is a critical aspect of deep learning that
demands constant attention. Deep anomaly analytics
typically involves processing large amounts of data
from various sources, such as sensors, logs, and user
behavior. To process these data in a timely manner, it
is important to have efficient algorithms and comput-
ing infrastructure that can handle the volume and com-
plexity of the data.'” In some applications, such as

IEEE Intelligent Systems



EDITORIAL

34

cybersecurity or fraud detection, anomalies need to be
detected in real time. This requires algorithms that can
process data quickly and efficiently, so that anomalies
can be detected as soon as they occur.

Liu et al”® studied an important application of
anomaly detection in which efficiency is crucial, i.e.,
hyperspectral imaging (HSI). HSI is a hybrid technology
that combines spectroscopy and imaging. Conventional
HSI methods require the capture of a large amount of
spatial-spectral data within a limited acquisition band-
width. This presents a challenge for real-time anomaly
detection. Improving signal collection and data proc-
essing efficiency are two main aspects of enhancing
overall efficiency to achieve real-time hyperspectral
anomaly detection. However, improving signal collec-
tion efficiency using conventional HSI hardware is lim-
ited. On the other hand, in terms of data processing
efficiency, the optical neural network (ONN) is a novel
method that uses optical processors to replace conven-
tional electronic processors as a prospective alternative
physical platform for deep learning In Lingfeng,® an
ONN deep learning method is proposed to leverage a dig-
ital micromirror device to spatially modulate light to
enable simultaneous HSI data acquisition and anomaly
analytics. It can significantly reduce the sampling time by
orders of magnitude without loss of detection accuracy.

Modern society and life depend on the safe operation
of many complex safety-critical systems, including, for
example, power plants, oil wells, railway control sys-
tems, and telecommunication infrastructures. Anoma-
lies in the operation of any of these systems can have
potentially catastrophic consequences in the real
world. However, employing anomaly detection to facili-
tate the safe operation of such systems poses several
challenges. Deep learning can provide solutions to
some of these key problem areas,’ such as automated
feature extraction and preprocessing as well as dealing
with high-dimensional and noisy data. Despite this
potential, developing effective deep learning architec-
tures for real-world anomaly detection remains chal-
lenging and can often lead to suboptimal outcomes.
Magnusson et al.”® introduced a novel type of recur-
rent neuron, developed using evolutionary principles,'
for predicting anomalies in oil wells. They demon-
strated that this neuron outperforms state-of-the-art
recurrent neurons by a significant margin. The applica-
tion of evolutionary neuron synthesis is not limited to
anomaly detection but offers promising opportunities
for solving various other problems. The combination of
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deep learning and the evolutionary synthesis of new
neurons and network architectures could potentially
lead to breakthroughs in ambitious pursuits like artifi-
cial general intelligence.

In conclusion, deep anomaly analytics has the poten-
tial to revolutionize the way we detect and handle anoma-
lies in various domains. This special issue offers a glimpse
of the state-of-the-art research in the field. There are still
many issues and challenges surrounding deep anomaly
analytics that need to be addressed. We anticipate sig-
nificant advancements in both the research and appli-
cation of deep anomaly analytics in the years to come.

We would like to thank Prof. Longbing Cao, the former
editor-in-chief of IEEE Intelligent Systems, for making
this possible. We are very grateful to the administrative
team for their support in managing this issue. We also
thank all authors for their submissions and all reviewers
for their diligent work in evaluating these submissions.
A few authors helped with the preparation of this edito-
rial. We used ChatGPT to improve the presentation.

—_

. G.Pang, C. Shen, L. Cao, and A. V. D. Hengel, "“Deep
learning for anomaly detection: A review,” ACM
Comput. Surveys, vol. 54, no. 2, pp. 1-38, 2022,
doi: 10.1145/3439950.

2. J.Ren, F. Xia, I. Lee, A. Noori Hoshyar, and

C. Aggarwal, "Graph learning for anomaly analytics:
Algorithms, applications, and challenges,” ACM Trans.
Intell. Syst. Technol., vol. 14, no. 2, pp. 1-29, Feb. 2023,
doi: 10.1145/3570906.

3. T. Fernando, H. Gammulle, S. Denman, S. Sridharan,
and C. Fookes, “Deep learning for medical anomaly
detection — A survey,” ACM Comput. Surveys, vol. 54,
no. 7, pp. 1-37, 2022, doi: 10.1145/3464423.

4. A. Blazquez-Garcia, A. Conde, U. Mori, and
J. A. Lozano, “A review on outlier/anomaly detection
in time series data,” ACM Comput. Surveys, vol. 54,
no. 3, pp. 1-33, 2022, doi: 10.1145/3444690.

5. H.-C.Yang, M.-C. Yang, G.-W. Wong, and M. Chang
Chen, “Extreme event discovery with self-attention
for PM2.5 anomaly prediction,” IEEE Intell. Syst.,
vol. 99, pp. 1-11, Jan. 2023, doi: 10.1109/MI1S.2023.
3236561.

6. Y. Ma, M. N. Al Islam, J. Cleland-Huang, and

N. V. Chawla, “Detecting anomalies in small

unmanned aerial systems via graphical normalizing

flows,” IEEE Intell. Syst., early access, Mar. 2023,

doi: 10.1109/MIS.2023.3252810.

March/April 2023


http://dx.doi.org/10.1145/3439950
http://dx.doi.org/10.1145/3570906
http://dx.doi.org/10.1145/3464423
http://dx.doi.org/10.1145/3444690
http://dx.doi.org/10.1109/MIS.2023.3236561
http://dx.doi.org/10.1109/MIS.2023.3236561
http://dx.doi.org/10.1109/MIS.2023.3252810

10.

1.

12.

13.

14.

15.

F. Xia et al., “Graph learning: A survey,” IEEE Trans.
Artif. Intell., vol. 2, no. 2, pp. 109-127, Apr. 2021,

doi: 10.1109/TAI.2021.3076021.

J. Liy, F. Xia, X. Feng, J. Ren, and H. Liu, “Deep graph
learning for anomalous citation detection,” IEEE
Trans. Neural Netw. Learn. Syst., vol. 33, no. 6,

pp. 2543-2557, Jun. 2022, doi: 10.1109/TNNLS.2022.
3145092.

X. Ma et al., “A comprehensive survey on graph
anomaly detection with deep learning,” IEEE Trans.
Knowl. Data Eng., early access, Oct. 2021, doi: 10.1109/
TKDE.2021.3118815.

R. Ma, G. Pang, L. Chen, and A. v. d. Hengel, “Deep
graph-level anomaly detection by glocal knowledge
distillation,” in Proc. 15th ACM Int. Conf. Web Search
Data Mining (WSDM'22), New York, NY, USA, 2022,
pp. 704-714, doi: 10.1145/3488560.3498473.

J. Ren, M. Hou, Z. Liu, and X. Bai, "EAGLE: Contrastive
learning for efficient graph anomaly detection,” IEEE
Intell. Syst., early access, 2023, doi: 10.1109/MIS.2022.
3229147.

G. Menghani, “Efficient deep learning: A survey on
making deep learning models smaller, faster, and
better,” 2021, arXiv:2106.08962.

L. Liu, D. Ni, and L. Dai, “Spatial anomaly detection in
hyperspectral imaging using optical neural networks,”
IEEE Intell. Syst., early access, 2023, doi: 10.1109/MIS.
2023.3241431.

T. Wang, S.-Y. Ma, L. G. Wright, T. Onodera,

B. C. Richard, and P. L. McMahon, “An optical neural
network using less than 1 photon per multiplication,”
Nature Commun., vol. 13, no. 1, Jan. 2022, Art. no. 123,
doi: 10.1038/s41467-021-27774-8.

L. Magnusson, R. Olsson, and C. Tran, “Recurrent neural
networks for oil well event prediction,” IEEE Intell. Syst.,
early access, 2023, doi: 10.1109/MI1S.2023.3252446.

March/April 2023

EDITORIAL

16. R. Olsson, C. Tran, and L. Magnusson, “Automatic
synthesis of neurons for recurrent neural nets,” 2022,
arXiv:2207.03577.

FENG XIA is a professor at the School of Computing Tech-
nologies, RMIT University, Melbourne, VIC 3000, Australia.
His research interests include data science, artificial intelli-
gence, graph learning, and systems engineering. Xia received
his Ph.D. degree from Zhejiang University, Hangzhou, China.
He is a Senior Member of IEEE and ACM, and an ACM Dis-
tinguished Speaker. Contact him at f.xia@ieee.org.

LEMAN AKOGLU is the Heinz College Dean’s Associate Pro-
fessor of Information Systems at Carnegie Mellon University,
Pittsburgh, PA, 15213-3890, USA. Her research interests
include graph mining, pattern discovery and anomaly detec-
tion, with applications to fraud and event detection in
diverse real-world domains. Akoglu received her Ph.D. degree
from Carnegie Mellon University. Contact her at lakoglu@
andrew.cmu.edu.

CHARU AGGARWAL is a Distinguished Research Staff Mem-
ber at the IBM T. J. Watson Research Center, Yorktown
Heights, NY, 10598, USA. His research interests include data
streams, privacy, uncertain data, and social network analysis.
Aggarwal received his Ph.D. degree in operations research
from the Massachusetts Institute of Technology. He is a
Fellow of IEEE, ACM, and SIAM. Contact him at charu@us.

ibm.com.

HUAN LIU is a Regents Professor and Ira A. Fulton Professor
of Computer Science and Engineering at Arizona State Uni-
versity, Tempe, AZ, 85287-8809, USA. He is a Fellow of IEEE,
ACM, AAAI, and AAAS. Contact him at huanliu@asu.edu.

IEEE Intelligent Systems

35


http://dx.doi.org/10.1109/TAI.2021.3076021
http://dx.doi.org/10.1109/TNNLS.2022.3145092
http://dx.doi.org/10.1109/TNNLS.2022.3145092
http://dx.doi.org/10.1109/TKDE.2021.3118815
http://dx.doi.org/10.1109/TKDE.2021.3118815
http://dx.doi.org/10.1145/3488560.3498473
http://dx.doi.org/10.1109/MIS.2022.3229147
http://dx.doi.org/10.1109/MIS.2022.3229147
http://dx.doi.org/10.1109/MIS.2023.3241431
http://dx.doi.org/10.1109/MIS.2023.3241431
http://dx.doi.org/10.1038/s41467-021-27774-8
http://dx.doi.org/10.1109/MIS.2023.3252446
mailto:f.xia@ieee.org
mailto:lakoglu@andrew.cmu.edu
mailto:lakoglu@andrew.cmu.edu
mailto:charu@us.ibm.com
mailto:charu@us.ibm.com
mailto:huanliu@asu.edu


<<
	/CompressObjects /Off
	/ParseDSCCommentsForDocInfo false
	/CreateJobTicket false
	/PDFX1aCheck false
	/ColorImageMinResolution 200
	/GrayImageResolution 300
	/DoThumbnails false
	/ColorConversionStrategy /sRGB
	/GrayImageFilter /DCTEncode
	/EmbedAllFonts true
	/CalRGBProfile (Adobe RGB \0501998\051)
	/MonoImageMinResolutionPolicy /OK
	/AllowPSXObjects false
	/LockDistillerParams true
	/ImageMemory 1048576
	/DownsampleMonoImages true
	/ColorSettingsFile (None)
	/PassThroughJPEGImages true
	/AutoRotatePages /None
	/Optimize false
	/ParseDSCComments false
	/MonoImageDepth -1
	/AntiAliasGrayImages false
	/GrayImageMinResolutionPolicy /OK
	/JPEG2000ColorImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/ConvertImagesToIndexed true
	/MaxSubsetPct 100
	/Binding /Left
	/PreserveDICMYKValues false
	/GrayImageMinDownsampleDepth 2
	/MonoImageMinResolution 400
	/sRGBProfile (sRGB IEC61966-2.1)
	/AntiAliasColorImages false
	/GrayImageDepth -1
	/PreserveFlatness false
	/OtherNamespaces [
		<<
			/IncludeSlug false
			/CropImagesToFrames true
			/IncludeNonPrinting false
			/OmitPlacedBitmaps false
			/AsReaderSpreads false
			/Namespace [
				(Adobe)
				(InDesign)
				(4.0)
			]
			/FlattenerIgnoreSpreadOverrides false
			/OmitPlacedEPS false
			/OmitPlacedPDF false
			/SimulateOverprint /Legacy
			/IncludeGuidesGrids false
			/ErrorControl /WarnAndContinue
		>>
		<<
			/IgnoreHTMLPageBreaks false
			/IncludeHeaderFooter false
			/AllowTableBreaks true
			/UseHTMLTitleAsMetadata true
			/MetadataTitle /
			/ShrinkContent true
			/UseEmbeddedProfiles false
			/TreatColorsAs /MainMonitorColors
			/MetricUnit /inch
			/RemoveBackground false
			/HonorBaseURL true
			/ExpandPage false
			/AllowImageBreaks true
			/MetadataSubject /
			/MarginOffset [
				0.0
				0.0
				0.0
				0.0
			]
			/Namespace [
				(Adobe)
				(GoLive)
				(8.0)
			]
			/OpenZoomToHTMLFontSize false
			/PageOrientation /Portrait
			/MetadataAuthor /
			/MobileCompatible 0.0
			/MetadataKeywords /
			/MetricPageSize [
				0.0
				0.0
			]
			/HonorRolloverEffect false
		>>
		<<
			/IncludeProfiles true
			/ConvertColors /NoConversion
			/FormElements true
			/MarksOffset 6.0
			/FlattenerPreset <<
				/PresetSelector /MediumResolution
			>>
			/DestinationProfileSelector /UseName
			/MultimediaHandling /UseObjectSettings
			/PreserveEditing true
			/PDFXOutputIntentProfileSelector /UseName
			/BleedOffset [
				0.0
				0.0
				0.0
				0.0
			]
			/UntaggedRGBHandling /LeaveUntagged
			/GenerateStructure false
			/AddRegMarks false
			/IncludeHyperlinks false
			/IncludeBookmarks false
			/MarksWeight 0.25
			/PageMarksFile /RomanDefault
			/UntaggedCMYKHandling /LeaveUntagged
			/AddPageInfo false
			/AddBleedMarks false
			/IncludeLayers false
			/IncludeInteractive false
			/AddColorBars false
			/UseDocumentBleed false
			/AddCropMarks false
			/DestinationProfileName (U.S. Web Coated \050SWOP\051 v2)
			/Namespace [
				(Adobe)
				(CreativeSuite)
				(2.0)
			]
			/Downsample16BitImages true
		>>
	]
	/CompressPages true
	/GrayImageMinResolution 200
	/CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
	/PDFXBleedBoxToTrimBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/AutoFilterGrayImages false
	/EncodeColorImages true
	/AlwaysEmbed [
	]
	/EndPage -1
	/DownsampleColorImages true
	/ASCII85EncodePages false
	/PreserveEPSInfo false
	/PDFXTrimBoxToMediaBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/CompatibilityLevel 1.7
	/MonoImageResolution 600
	/NeverEmbed [
	]
	/CannotEmbedFontPolicy /Error
	/PreserveOPIComments false
	/AutoPositionEPSFiles false
	/JPEG2000GrayACSImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
	/EmbedJobOptions true
	/JPEG2000ColorACSImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/MonoImageDownsampleType /Bicubic
	/DetectBlends true
	/EmitDSCWarnings false
	/ColorImageDownsampleType /Bicubic
	/EncodeGrayImages true
	/Namespace [
		(Adobe)
		(Common)
		(1.0)
	]
	/AutoFilterColorImages false
	/DownsampleGrayImages true
	/GrayImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/AntiAliasMonoImages false
	/GrayImageAutoFilterStrategy /JPEG
	/GrayACSImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/ColorImageAutoFilterStrategy /JPEG
	/ColorImageMinResolutionPolicy /OK
	/ColorImageResolution 300
	/PDFXRegistryName (http://www.color.org)
	/MonoImageFilter /CCITTFaxEncode
	/CalGrayProfile (Dot Gain 15%)
	/ColorImageMinDownsampleDepth 1
	/PDFXTrapped /False
	/DetectCurves 0.0
	/ColorImageDepth -1
	/JPEG2000GrayImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/TransferFunctionInfo /Remove
	/ColorImageFilter /DCTEncode
	/PDFX3Check false
	/ParseICCProfilesInComments true
	/DSCReportingLevel 0
	/ColorACSImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/PDFXOutputConditionIdentifier (CGATS TR 001)
	/PDFXCompliantPDFOnly false
	/AllowTransparency false
	/UsePrologue false
	/PreserveCopyPage true
	/StartPage 1
	/MonoImageDownsampleThreshold 1.5
	/GrayImageDownsampleThreshold 1.5
	/CheckCompliance [
		/None
	]
	/CreateJDFFile false
	/PDFXSetBleedBoxToMediaBox true
	/EmbedOpenType false
	/OPM 1
	/PreserveOverprintSettings true
	/UCRandBGInfo /Preserve
	/ColorImageDownsampleThreshold 1.5
	/MonoImageDict <<
		/K -1
	>>
	/GrayImageDownsampleType /Bicubic
	/Description <<
		/ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
		
		/FRA <>
		/KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
		/HUN <>
		/NOR <>
		/DEU <>
		/CZE <>
		/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 6.0 e versioni successive.)
		/DAN <>
		/JPN <>
		
		/SUO <>
		/CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
		/CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
		
		
		
		/PTB <>
		/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 6.0 en hoger.)
		/TUR <>
		/POL <>
		
		/SVE <>
		
		/ESP <>
	>>
	/CropMonoImages false
	/DefaultRenderingIntent /Default
	/PreserveHalftoneInfo true
	/ColorImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/CropGrayImages false
	/PDFXOutputCondition ()
	/SubsetFonts false
	/EncodeMonoImages true
	/CropColorImages false
	/PDFXNoTrimBoxError true
>>
setdistillerparams
<<
	/PageSize [
		612.0
		792.0
	]
	/HWResolution [
		600
		600
	]
>>
setpagedevice


