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Approaches to Unsupervised Anomaly Detection

Nicholas S Merrill

(ABSTRACT)

Unsupervised anomaly detection is the task of identifying examples that differ from the nor-
mal or expected pattern without the use of labeled training data. Our research addresses
shortcomings in two existing anomaly detection algorithms, Kernel Principal Component
Analysis (KPCA) and Autoencoders (AE), and proposes novel solutions to improve both
of their performances in the unsupervised settings. Anomaly detection has several useful
applications, such as intrusion detection, fault monitoring, and vision processing. More
specifically, anomaly detection can be used in autonomous driving to identify obscured sig-
nage or to monitor intersections. Kernel techniques are desirable because of their ability to
model highly non-linear patterns, but they are limited in the unsupervised setting due to
their sensitivity of parameter choices and the absence of a validation step. Additionally, con-
ventionally KPCA suffers from a quadratic time and memory complexity in the construction
of the gram matrix and a cubic time complexity in its eigendecomposition. The problem of
tuning the Gaussian kernel parameter, , is solved using the mini-batch stochastic gradient
descent (SGD) optimization of a loss function that maximizes the dispersion of the kernel
matrix entries. Secondly, the computational time is greatly reduced, while still maintaining
high accuracy by using an ensemble of small, DUU0IO0 models and combining their scores.
The performance of traditional machine learning approaches to anomaly detection plateaus
as the volume and complexity of data increases. Deep anomaly detection (DAD) involves the

applications of multilayer artificial neural networks to identify anomalous examples. AEs



are fundamental to most DAD approaches. Conventional AEs rely on the assumption that
a trained network will learn to reconstruct normal examples better than anomalous ones. In
practice however, given sufficient capacity and training time, an AE will generalize to recon-
struct even very rare examples. Three methods are introduced to more reliably train AEs
for unsupervised anomaly detection: Cumulative Error Scoring (CES) leverages the entire
history of training errors to minimize the importance of early stopping and Percentile Loss
(PL) training aims to prevent anomalous examples from contributing to parameter updates.
Lastly, early stopping via Knee detection aims to limit the risk of over training. Ultimately,
the two new modified proposed methods of this research, Unsupervised Ensemble KPCA
(UE-KPCA) and the modified training and scoring AE (MTS-AE), demonstrates improved
detection performance and reliability compared to many baseline algorithms across a number

of benchmark datasets.



Modified Kernel Principal Component Analysis and Autoencoder

Approaches to Unsupervised Anomaly Detection

Nicholas S Merrill

(GENERAL AUDIENCE ABSTRACT)

Anomaly detection is the task of identifying examples that differ from the normal or ex-
pected pattern. The challenge of unsupervised anomaly detection is distinguishing normal
and anomalous data without the use of labeled examples to demonstrate their differences.
This thesis addresses shortcomings in two anomaly detection algorithms, Kernel Princi-
pal Component Analysis (KPCA) and Autoencoders (AE) and proposes new solutions to
apply them in the unsupervised setting. Ultimately, the two modified methods, Unsuper-
vised Ensemble KPCA (UE-KPCA) and the Modified Training and Scoring AE (MTS-AE),
demonstrates improved detection performance and reliability compared to many baseline

algorithms across a number of benchmark datasets.
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The goal of an anomaly (outlier) detection methods is to detect anomalous points within
a dataset dominated by the presence of ordinary background points. Machine learning
(ML) methods are commonly employed to analyze datasets to uncover anomalies. ML has
been most successfully applied to supervised tasks in which labeled data is available during
training. In anomaly detection, labels indicate whether a training example is considered
anomalous or normal. However, Anomalies are by definition rare and are often generated by
different or unknown underlying processes [26, 32]. Consequently, the conventional paradigm
of supervised learning is not well suited to anomaly detection because obtaining a sufficient

number of labeled anomalous examples is often infeasible [13, 32, 74].

Semi-supervised approaches to anomaly detection still require training data but attempt to
circumvent the need for labeled anomalous examples by only using more readily available
normal examples. Semi-supervised methods first attempt to model the single class of normal
examples. Then, examples that do not conform to the model are identified as anomalous.
Unfortunately, semi-supervised techniques are susceptible to over-fitting, or under-fitting;

the effect of which is poor precision or recall, respectively. [13, 32, 89].

The most flexible assumption is that of unsupervised anomaly detection where no labels are
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available. The training data is not I[J0J and may contain anomalies or challenging normal
examples. Instead, the training process alone attempts to separate normal and anomalous
examples based on the intrinsic properties of the data. Unsupervised techniques are necessary
if labeled data cannot be reasonably obtained or when patterns distinguishing anomalous and
normal behavior change irregularly over time [74]. Figure 1.1 provides a visual description of
the differences between the supervised, semi-supervised, and unsupervised anomaly detection

settings.

Even in domains where semi-supervised or supervised methods may be feasible, unsupervised
methods can be deployed to more readily label normal or anomalous examples. Unsupervised
techniques can also be used as a preprocessing or boosting step [101]. For conventional
supervised classification problems, removing or weighting anomalous examples in a training
set can produce significant improvements in accuracy [90]. Unsupervised methods can also
be used to automatically identify JOODO00OI0II00 U000 in training data by highlighting patterns
in the normal examples. For example, if most images of dogs in a training set have grass in
the background, then a classifier might key in on the grass features and ignore the relevant
target, causing a lack of generalization that would not be recognized from a holdout validation
set [55]. An unsupervised anomaly detector can assign the more abundant grass-background
examples of the dog class lower DUOOUID D00O00. A practitioner could then use this knowledge

to address the bias before training the supervised classifier.

Many approaches have been proposed to address the problem of unsupervised anomaly de-
tection. Traditional approaches can be thought of as belonging to the following categories:
statistical, proximity-based, subspace-based, or separation-based methods [32, 95]. The tax-
onomy is loosely defined, often methods combine techniques from multiple categories. Tra-
ditional approaches to anomaly detection, as with other machine learning problems, tend

to work well when the amount of data is small in number and dimensionality. However,
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a) Supervised Test Data

Traimning Data Classification Result

Trained Model

b) Semi-Supervised Test Data

Training Data Classification Result

Trained Model

c) Unsupervised

Unlabeled Data Anomaly Score
| e —

Training Process

Figure 1.1: Comparing the different modes depending on the availability of training data: a)
Supervised anomaly detectors uses a fully labeled dataset containing anomalous and normal
examples during training and returns a classification b) Semi-supervised anomaly detectors
use only normal examples during training c¢) Unsupervised anomaly detection takes unlabeled
data and produces an anomaly score. Adapted from [31]
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0000 learning-based, approaches are often necessary in order to scale to larger datasets and
higher dimensional inputs, such as images and sequential data. OUI0 refers to the multi-
hidden-layer arrangements of artificial neural networks (NN). The success of Deep Anomaly
Detection (DAD) techniques can be traced to their ability to automatically extract hierar-
chical features from the successive hidden layers. This has the additional benefit of removing
the need for manual feature extraction by domain experts and allows models to be trained

in an end-to-end manor from raw inputs.

Both traditional and deep methods of unsupervised anomaly detection must be able to
identify different types of anomalies. At the highest level of abstraction, an anomaly is an
example that does not conform to normal behavior [26]. In practice, applying this idea is
challenging. There are several cases where the separation between anomalous and ambiguous

data is ambiguous. Figure 1.2 illustrates the challenge of classifying anomalies.

The points a; and a, can more easily be identified as global anomalies, as they strongly
deviate from any clusters of normal examples. However, as requires more careful consid-
eration. Because it is not clearly distinct from the nearest cluster, it could be considered
a normal example that is part of N,, however, when observed only in context of its local
neighborhood, az appears [000JI0 anomalous [10, 16]. Another more subjective example is
presented by N3, which could be considered as a small cluster of normal data, or as three
coincidentally group anomalies. Furthermore, the figure illustrates how anomalies can often
only be identified by a collection of features. If each dimension is considered independently,
there is nothing abnormal about a; or a,. Each anomalous points share similar D; and D,
values to the collection of points in N, and N3z. Only by considering both dimensions to-
gether, simultaneously, does the anomaly become obvious. For instance, a car driving on the
highway in reverse is highly unusual, but on a driveway it is expected. Correct classification

often requires the correct feature representation, such as the inclusion of time or location,
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Figure 1.2: Different types of anomalies in an example 2-dimensional dataset. Adapted from
[16] and [32].

to identify these types of IUOIOOIOO! anomalies.

The subjectivity of these assignments further separates the task of anomaly detection from
conventional classification tasks. A method that provides a meaningful, continuous anomaly
score that describes the level of outlierness for each example is more desirable than a binary
label output [32]. In Figure 1.2 for example, it is sensible to assign a; a higher anomaly
score than az. The data may then be ranked according to the more flexible outlier score, and
often a domain and method specific threshold (decision score) makes the final categorization

if necessary.

Perhaps the greatest challenge of applying unsupervised techniques is that of parameter
selection. In the unsupervised context there is no distinction between training and testing

data as shown in Figure 1.1 [32]. This removes the normal practice of a validation step;
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i? i +QMbiBimi2i?2irQ M2r T°'QTQb2/ K2i?Q/- IMbmT2 pBb2/ 1Mb2K
M/ i?2 JQ/B7B2/ h° BMBM: M/ a+Q 'BM: 1 UJha@ 1VX h?2 # b2HBN
/i b2ib- M/ K2i'B+b mb2/ BM i?2 2p Hm iBQM Q7 I1L@ES* M/ Jhag
*2 Ti20X L2ti- *? BI/2ZKQMbi  i2bi?2 "2bmHib + Qbb MmK#2 Q7 #H
B/2MiB7v i?2 BKT +i Q7 i?2 T'QTQb2/ KQ/B7B+ iBQMbX //BiBQM H
+QKT "2/iQi?2 TQTmH ~ # b2HBM2b BM #°Q /2" 2p Givh+Br/ X i@BId
i?2bBb #v bmKK "BXxBM; i?2 +QMi ' B#miBQMb M/ bm;;2biBM; 7mim’ 2



*? Ti2 K

_2pB2r Q7 GBi2 im 2

h?Bb +? Ti2  "2pB2rb i?2 KQbi "2H2p Mi "2b2 "+? BM i?2 /QK BM Q
[2i2+iBQMX R2RIBONB#2Db i?2 /B772 2Mi +? HH2M;2b BM i’ /BiBQM
M/ /22T H2 "MBM;@# b2/ TT Q +?22b M/ 2tTH BMb i?2 M22/ 7Q" T
"2pB2r Q7 i  /BiBQM H MQK HvV /2i2+iBQM K2 kXK &BHORKXEKEMR/ BM :
TH +2b E2 'M2H S'BM+BT H *QKTQM2Mi M HvbBb UES* V rBi?BM i
K2i?Q/b b r2HH b 2tTH BMBM; Bib K DQ" HBKBi iBQMb M/ MQiBM
i72KX a2 «DBRBM?HB;?ibi?2 K DQ /B 2+iBQM BM /22T MQK Hv /2i2+]
r?BH2 am# koW BROIM bBx2b i?2 "QH2 Q7 "2+QMbi' m+iBQM@# b2/ TT
mMiQ2M+Q/2 U 1VX

kXR h” /BiBQM H 02 bmb .22T TT Q +?2b

S'Q:;2bb BM K +?BM2 H2 "MBM; UJGV TT'Q +?2b iQ mMbmT2 pBb?
HQr2/ /B772 2Mii  D2+iQ v +QKT “2/iQ Qi?2 i bFb bm+? b +H bb
K Mv 2 bQ7JG bm#b2i Q7 K2i?Q/b- FMQrM b /22T H2 "MBM: U.G
Q7@i?2@ i 2bmHibi? i7 2t+22/i? iQ7i /BiBQM H TT Q +?22bX
HB2 BM i?2B" #BHBiviQ RV b+ H2iQ p2'vH ;2/ i b2ibkVH2 M ?B
iQ@2M/ 7 b?BQM M/ jV/ r+QKTH2t- MQM@HBM2 ~ #QmM/ "B2b #2
/i NBX >Qr2p2°-i?2 /22T H2 "MBM; K2i?Q/bbm772  7°QK irQ BM?2"

N
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b2MbBiBpBiviQ ?2vT2 T ~ Ki2  b2H2+iBQM M/ KV "2HB M+2 QM H
H2 "MBMHKX(IMbmT2 pBb2/ MQK Hv /2i2+iBQM K2i?Q/b/Q MQi? p2 -
7Q°2 i /BiBQM H K2 Mb Q7 i° BMBM; /22T KQ/2Hb "2 MQi TTHB+ {
JG TT Q +?72b 2K BM i?2 #2bi T2 ' 7Q KBM; BINR3MKMK#2 Q7 /QK BM

u2i- i /BiBQM HJG TT Q +?22b HQM2 /Q MQi T QpB/2 +QKT 2?22MN
H2K Q7 mMbmT2 pBb2/ MQK Hv /2i2+iBQM- 2bT2+B HHvBM "2 br
/i Bb ?B;?-bm+? b BK :2bX +QKKQM T QW#Hh2KQ72BX2RIDBQN HE
BM/B+ i2bi? ii° /BIBQM H TT'Q +?2br?B+?2i? i '2HvV QM K2i"B+b Q
i?2B° #BHBiviQ K2 bm 2 /BbbBKBH "Biv B+RPAR 2m/BikRiN BB KM b
Q7 T2 7Q°K M+2 QM " r- ?B;? /IBK2MbBQM H- Q MQBbv /i - +QMp2
i /BiBQM H JG TBM2HB R 2MBBE 2RX BMr2p2 - 72 im 2 2M;BM22 BM;
/QK BM 2tT2 iBb2c KQ 2Qp2'-r?2°2i?2 #b2M+2 Q7 H #2Hb BM?B#
'BM22°2/ 72 im 2b K v MQi /2[m i2HvV /B772 2MiB i2 MQK HB2b 7 C
7°QK /IBK2MbBQM HBiv- ?B;? + /BM HBiv Bb HbQ M Bbbm2 7Q" K |
BM+m™ [m /  iB+ Q  2p2M +m#B+ iBK2 +QKTH2tBiv rBi? i?2 MmK#2"

L2Bi?2 i  /BiBQM HJG MQ .G K2i?Q/b 7mHHv //°2bbi?2 +? HH2M;?2
/2i2+iBQM- r?B+? KQiBp i2b +QMiBMm2/ rQ ' F BM #Qi? TT Q +?2bX
#miBQMb iQ #Qi? i  /BiBQM H K2i?Q/- E2°"M2H S'BM+BT H *QKTQN
iQ . .K2i?Q/-i?2 miQ2M+Q/2 U 1VX h?2 7QHHQrBM; b2+iBQMb ii:
biBim2Mi K2i?Q/b rBi?BM H ;2  RXKZXKBFX 6B1OMQKY Q7 mMbmT?2
/2i2+iBQM K2i?Q/b- b?QrBM; i?2 /[BpBbBQM M/ Qp2 'H T Q7 i /BiBQ

kXk h® /BiBQM H MQK Hv .2i2+iBQM

h> /BiBOQM HJG K2i?Q/b Q7 MQK HvV /2i2+iBQM + M #2 "Qm;?2Hv + |2
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6B:m 2 kXR, i tQMQKv Q7 mMbmT2 pBb2/ MQK Hv /2i28iBQM K2

BM/B+ i2b F2 M2H@# b2/ KHMBEBMIBR?2BHBZi?Q/bi? i "2i?2 7Q+mb
i?2bBb- ES* M/ 2+QMbi'm+iBQM@# b2/ 1b

C ai iBbiB+ H TTORMHC2E? ii?2/ i 7Bib FMQrMbi iBbiB+ HKQ/2H
MQK HB2b # b2/ QM i?2 /Bbi'B#miBQMX

C S'QtBKBiv@# b2/ M2 @ 2 D2b 2b Q7 /Bbi M+2- /2MbBiv- Q  +Hmbi
iQ B/2MiB7v MQK HB2bX

Cam#bT +2@# b2/ THMKL?bi “2/m+2/ HQr2 " @/BK2MbBQM H °
QK MB7®2HIi2  KQ/2Hb i?2 MQ'K H/ i - bm+?i? i MQK HB2b + \
B/2MiB7B2/ BM i?2 TT QT B i2 bm#bT +2bX

C a2T " iBQM@# b2/ HZI"Q #T2bM/ "B2b i? i b2T " i2 MQ'K H M/
/i mMbBM; TT ' Q +?2b bBKBH " iQ K Mvi  /BiBQM HJG +H bbB7

h?Bb + i2;Q Bx iBQM /Q2b MQi +Qp2° HH 2tBbhiBM; MQK Hv /2i2+iB
Q/b Q7i2M +QK#BM2 i2+?MB[m2b BM r vb i?2 #Hm" i?2 /BbiBM+iBQ
"2pB2r QMHv ii2KTib iQ T°QpB/2 bi'm+im 2 iQ i?2 KQbi +QKKQM|
TT'Q +?2b 7Q mMbmT2 pBb2/jKINQEK Hv /2i2+iBQM (

"27Q 2 2tTHQ BM; bT2+B7B+ K2i?Q/b- Bi BbrQ i? MQMBIRK#K2i @ +
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TT Q +?2b bbmK2 i? i /B772 2Mi K2i?Q/b i’ BM2/ QM /B772 2Mi b
+ Tim 2 /B772°2MiivT2b Q7 MQK HB2bX h? i Bb- +QK#BM iBQM Q7
Q/b T QpB/2i?2 KQbi2772+iBp2 NBX R#Brob+ QBIHMIGQME2 7° K2rQ F
KQiBp i2bi?2 # Q / BMp2biB; iBQM BMiQ M2r K2i?Q/b- b /B772 2Mi
H ;2  2Mb2K#H2X

ai iBbiB+ H K2i?Q/b + M #2 2Bi?2 T ~ K2i B+ Q°  MQM@T ~ K2i B+
KBbMQK2 BMi?Bb +QMIQi27 20 BQ/IQ2 2b2M+2 Q" #b2M+2 Q7 bT2+F
mb2/ BM i?2 H;Q Bi?KbX AMbi2 /-i?2 K DQ /B772 2M+2 Bb i? i T
M mM/2 HvBM; /Bbi B#miBQM iQ i?2 /i M/ 2biBK i2bi?2 T ~ K2i2"°
MQM@T * K2i'B+ "2[mB 2bMQ T'BQ" bbmKTiBQMb #Qmii?2/ i X h
U:JJVBb QM2 Q7 i?2 KQbi +QKKQM T ~ K2i B+ TT Q +?2bX

h?2 :JJ ii2KTibiQ 7Bib2p2° HKmMHiB@p "B i2: mbbB M /Bbi B#miB
i72 ;HQ# H QTiBK H 2tT2+i iBOM K tBIRIBx JBQMpR ; PBi?KBK2 +QK@
TH2tBiv M/ /2KQMbi  i2 b2MbBiBpBiviQ MQK HB2b BM i?2 i° BMBI
i?2 MMbmT2 pBb2/ b2iiBM;X h?2J ?QHQMQ#Bb /Bbi M+2 UJ.V bBKT
i72 /0 + M#2 /2b+ B#2/ #v bBM;H2 KmHiBp “BNREX: mPRb/RiVBHBD D B #
+ H+mH iBM; i?2J. "2 T QpB/RBMaz?iBRPQM. + MMQi + Tim 2 MQM
"2H iBQMb?BTb #2ir22M 72 im 2b BM i?2/ i -Bib 7 bi mM@iBK2 M/
# b2HBM2 7Q° MQK Hv /2i2+iBQM BM K Mv 2 &XbmP2?>BbiaKQiR@ 2|
" b2/ PmiHB2  .2i2+iBQM U>"PaV H;Q Bi?K Bb MQi #H2- MQM@T
mb2b bi iB+ M/ /vM KB+ #BM rB/i? ?BbiQ; Kb iQ KQ/2Hjy?R /Bbi B
>"PaBb KQM;i?2 KQbi +QKTmi iBQM HHv 277B+B2Mi K2i?Q/b- #mi
Q7 72 im 2b T 2p2Mib Bi 7°QK + Tim BM; +Q "2H iBQMbX

.Bbi M+2@# b2/ MQK Hv /2i2+iBQM K2i?Q/b 2 +H bb Q7 /B 2+i- M
i? iB/2MiB7v MQK HB2b #vi?2B : 2 i2  /Bbi M+2 7' QK M2B;?#Q BM
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Q7 i?2b2 TT Q +?2b- /2i BKRNBMbai2R2iBQMM2Ti2Q07 M 2B ;@B Q' -
i?72T B'rBb2 1m+HB/2 M /Bbi M+2b Q7 HH TQBMib2i2 KBMaHi P2/ X
MmMK#2 Q7 TQBMibbm "QmM/BM; 2 +? 2t KTH2 iQ #2 +QMbB/2 2/ i?
MQK Hv b+Q 2 i?2M #2+QK2b i?2 /B W22 ixDp i V22 BRI lofl)

Q i?2 p2 ;2 /Bbi MM2IiQ2IHHM 2Bk @HQ MY K DQ HBKBi iBQM Q7 i
K2i?Q/bBbi?2T B @rBb2 +QKT "BbQM-r?B+?BM+m'b [m /" iB+iB
rBi? i?72 MmK#2" Q7 2t KTH2bX

*HQb2HvV "2H i2/ iQ /Bbi M+2@# b2/ TT Q +?2b- /2MbBiv@# b2/ T
bbmKTiBQM i? i MQK HB2b "2 7QmM/ BM +QKT " iBp2HRHQr2 @/
HBMi"Q/m+2/ “;m #Hv i?2 7B bi /2MbBiv@# b2/ TT Q +?2-i?2 GQ+
K2i?Q/X GP6 mb2b M2 "2bi@M2B;?#Q" /Bbi M+2b iQ +QKT "2 i?22 /2
2QQ/MYX h?2 /2i BHb Q7 GP6 "2 7 QM®RH BVWMaR K EHBM iBQM Q7 i?2 M
b+Q 2b T Q/m+2/ #v K2 bm BM; “2H iBp2 /2MbBiv #v BKT Qp2b BM
M2B;?#Q @# b2/ K2i?Q/bX GP6 Bb QM2 Q7 i?2 KQbi +Bi2/ # b2HBN
[2i2+iBQM H;@Q kBk-2IKRIX (

h?2°2 "2b2p2  HMQi #H2 p 'B iBQMb Q7 i?2 GP6X h?2 *QMM2+iBp?2
mb2b +? BMBM; /Bbi M+2 " i?22 i? M 1m+HB/2 M /Bbi M+2iQ + H+1
BM; /Bbi M+2 Bb i?2bmK Q7 i?22 b?Q i2 ki M 2i®; 7% Q+ [ MOV MRRXKHTH 2 (

h?2 *P6 bB;MB7B+ MiHv QmiT2 7Q Kb i?2 GP6 BM BMbi M+2b r?2°2
+Q "2H jBEM®P2 GQ+ H PmiHB2 S 'Q# #BHBiB2b UGQPSV K2i?Q/ i
BMi2 T 2i #BHBiv Q7 i?2 GP6 #v '2TH +BM; i?2 MQ 'K HBx2/ /2MbBi|
Q7 M MQK Hv #v 7BiiBM; ? H7@: mbbB M /Bbi ' B#miBQMIYXQ i?2 M
h?2Qm;? i?2 GQPS K2i?Q/ ii2KTibiQ //°2bbi?2 T'Q#H2K Q7 BMi2 T’
Bi Bb MMHBF2HV iQ T Q/m+2 #2ii2° > MFBMjKPQ hB 22 MVB/H/B XN + B
PmiHB2 M2bb UAL6GPV H:;Q Bi?K mb2b M //BiBQM H "2p2°b2 M2
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TQBMi Bb ii?2 #QmM/ v Q7 irQ M2 “#v MQ 'K H +Hmbi2 b Q7 /B77
2°°QM2Qmb ?B;:? MQK Hvb+Q 29§R  i?Qb2 BMbi M+2b (

6Q  i?2 T'2pBQmbHV K2MiBQM2/ K2iXkQUb- K222+ DBBMB DF+ MiHV BK"
T2 '7Q°K M+2X h?2 GQ+ H*Q "2H iBQM AMi2:" HUGP*AV K2i?Q/ ii:
H2K Q7 T °~ K2i2° b2H2+iBQM BM i?2ef)iM bGPI*A pBDRMBRIiBMBMb "Q
2 +? TQBMi i? i /27BMR@ MP2BT OBMiDQQ/X K tBKBx iBQM TT Q +?
r7Q°2 +? TQBMi iQ K tBKBx2 Bib MQK Hv b+Q'2X brBi? GQPS- GP
bB M /Bbi'B#miBQM- #mi ii2KTib iQ 7Bi i?2 ;;°2; i2 MmK#2" Q7 2t
/IBbi M+2b BM M2B:?#Q°?2QQ/- iQ K2 bm 2 /2MbBivX //BiBQM HH\
/2MbBivob * iBQ- GP*A +QKT '2bi?2 " /BB Q7 HQ+ H M2B;?#Q°?2Q0Q/
Q7 '2[mB2b b2 "+?2 Qp2° HHT B'b7Q 2 +? 2t KTH2-i?2i° BMBM;
TH2tBivX h?2 mi?Q b Q7 GP*A Q772 M TT QtBK i2 p2 bBQM- GI
"2/ m+iBQM BM +QKTH2tBiv #eMOBRIrdm2/-222MB(B+ HT2 7Q K M+2
b?Qrb b2MbBiBpBiviQT "jKXi2  b2iiBM;b (

.Bbi M+2 M//2MbBiv K2i?Q/b 2HVQMT B rBb2 +QKT "BbQMb- #mi |
B/2MiB7v T ii2 MbBM/ i X *Hmbi2 ' BM;@# b2/ TT Q +?2b/B772  #v
bBKBH /i #v K2 Mb Q7 +k@K2 MBM+KmB2 BM; H;Q Bi?K Bb i?2 K
TT'Q +?2 7Q° K2K#2 b?BERXbB2MKRNMQ (Bi?K #2;BMb #v ° M/QKHv H
MmK#2 Q7 +Hmbi2 +2Mi QB/b-i?2M bbB;Mb 2 +? TQBMi K2K#2 b?
"2 i?2M "2+QKTmi2/- M/ i?2 bbB;MK2Mi bi2T "2T2 i2/X 7i2° MmKk
+2Mi"QB/b M/ K2K#2 b?BT bbB;MK2Mib +QMp2° ;2 iQ 7BM H bi i2
+QKTmi iBQM HHv 277B+B2Mi- +Hmbi2 ' BM;: TT Q +?2b "2 b2MbBi
i?72 BMBiB HMmK#2 Q7 +Hmbi2 b- M/i?2 BMBiB HBx iBQM Q7 +Hm|
iQ TQQ T2 7QRXM+BM- a29MBRQMBHb QM2 Q7 i?2 ;2M2° HHv #2bi T
+Hmbi2 @# b2/ K2i?Q/b-i?22 mMr2B;?i2/ *Hmbi2 @" b2/ G@®% H Pmit
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h?2 K2i?Q/b /Bb+mbb2/ bQ 7 °~ ii2KTi iQ B/2MiB7v MQK HB2b #v K
7mHH U K#B2MiV /BK2MbBQM HBivX >Qr2p2° - MQK HB2b Q7i2M QM
+i2 ' BbiB+b BM bK HH2 bm#b2i Q7 HBM2 ~ Q" MQMHBM?2 * +QK#
/IBK2MbBQM H bNBRyBX+RBB I B/2 i? i MQK HB2b "2 KQ'2 T°'QMQmN
bm#bT +2b U2K#2//BM;b- T°'QD2+iBQMbV #v i?2 "2KQp H M/fQ i M
+i2 Bx2b bm#bT +2@# BRPX TT Q +22b (

S'BM+BT H+QKTQM2Mi M HvbBb U9 RB-b/ 7 2BHQRH iBAMDIKKQRBIQ BIK 2M b
HBiv '2/m+iBQM i2+?MB[m2 M/ + M HbQ #2 TTHB2/iQ MQK Hv /2
OMiQ Q'i?Q:QM H t2b- Q" T'BM+BT H +QKTQM2Mib US*V- 2T 2b?
MQK HB2b i2M/iQ HB2 7 “i?2  7°QK i?2b2 T'BM+BT H +QKTQM2Mik
S* bbmK2b 72 im 2b "2 HBM2 "Hv +Q "2H i2/ M/ Bb b2MbBiBp2 iQ
HB2 b /m BM; i° BMBM; M/ i?2 +?QB+2 Q7 i?2 "2i BM2/ T'BM+BT H -
P2°bBQMb Q7 S* ? p2 #22M T ' QTQDb2/- #mi "2[mB 2 OMBEQM H T |

Pi?2° H:Q Bi?Kb ii2KTi KQ 2 2tTHB+Bib2 +?2 Q7 bm#bT +2b 7Q
>B;? *QMi> bi amTbT +2 U>B*aV bbmK2bi? i~ "2 T ii2"Mb "2 bi iB}
BM bm#bT +2b i? i /BbTH v H2bb mMMB7Q KBivX *QK#BM iBQMb Q7 b
T mM2/ # b2/ QM bi iBbiB+ H i2biBM;X 6BM HHv- i?2 GP6 Bb + H+m
MQK Hv b+Q 2b "2 98X ai#T +2 QmiHB2 /2i2+iBQM UaP.V mb2b
+ Bi2"BQM 7Q  bh2H2+iBM; HQ+ H bm#bT +2b ~ i?2 i? M 7Bt2/ b2i
6Q 2 +?2 /i TQBMi- +QMB2R2BQNEB?#Q b 7Q Kb 272 2M+2 b2iX
Bb /2i2 °KBM2/ b i?2b2i Q7 /BK2MbBQMb i? i KBMBKBx2b i?2p "B M
iQ i?72 M2B;?#Q°?2QQ/6b K2 M- MQ K HBx2/ #v i?2 M2r /[BK2MbBQM |

b+Q93X

h?2 K2i?Q/b /Bb+mbb2/ bQ 7 ° mb2 QMHv bm#b2i Q° HBM2 " i Ml
72 im 2bX >Qr2p2°- ?B;? /IBK2MbBQM H/ i Bb Q7i2M /Bbi ' B#mi2/ H
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bBQM MB7QH/b#Bi® v R2jOX(aT2+i° HK2i?2Q/b 2 bT2+B H +H bb «
K2i?Q/bi? i '27Q+mb2/ QM KQ/2HBM:; i?2b2 T ii2"MbX GQ+ H .2Mb
.2i2+iBQM UGP.1aV- mb2b S* 7°QK +QMM2+iBp239X 2EKBW2 HABi |

.B77mbBQM J T /2+QKTQb2b i° MbBiBQM K i'Bt 7°QK ~ M/QK r
72 im2 bRNRUKQM@HBM2 ~ K2i?Q/b T°Q/m+2 #2ii2° KQ/2Hb Q7 i?2
;72 12 +QKTmi iBQM H +Qbi M/ + M#2 bmb+2TiB#H2 iQ T Q#H2Kb C
b2H2+FRBEIEM (

J Mvi /BiBQM H +H bbB7B+ iBQM i2+?MB[m2b b2 p2 b i?2 # bBb

MQK Hv /2i2+iBQM TT Q +?22bX AM7HmM2M+2/ #v i?2 > M/QK 7Q" 2
i72 AbQH iBQM 6Q 2bi UB6Q 2biV H;Q BiRKbZDBi BIH2MBAK #2210 Q N2
HiBQM i'22b iQ b2T " i2 MQK HBBBX QK MQiKQH Bb (;m #Hv MQi
7Q°K Q7 bm#bT +2@H2 "MBM: b i?2 # M+?2b BM i?2i22b "2 #mBF
im 2bX 1ti2M/2/ AbQH iBQM 6Q 2bi ULA6V- BKT Qp2b mTQM i?2 Q°
i?72 # M+?BM; 2vT2 TH M2biQi F2QM MvbHQT2 bQTTQb2/iQ bi

QMHvV Qi?Q:QM H ?8X2 TH M2b (

h?2 PM2@+H bb amTTQ i 02+iQ  J +?BM2 UP*@ao0JV 2ti2M/b i?2 TQ
+?BM2 UaoJV H;Q Bi?K7Q  +H bbB7B+ iBQMiQ MQK Hv/2i2+iBQN
BiHv b2T ~ i2i?2 MQ 'K HUbBM;H2 TQbBiBp2V +H bb 7°QK MQK HB
K ;BM?vT2 TH M2 i? QB§XiP2ZFBQmMbHvV- HBM2 > 2vT2 TH M2 BM
/Q2b HBiiH2 iQ BbQH i2 i?72 MQ K H +H bbX AMbi2 /- i?BP MR#oJ K?2
K2i?Q/bi? i '2HVvQM M BMBiB HMQM@HBM2 " i° Mb7Q K iBQM Q7

'Bp2W/ i TQBMIiDRP N- +QKT BbBM; i?2 2 RPb®i-F2 'M2H K2i?Q/b "2
KQiBp i2/ #v i?2 B/2 i? i #2ii2° KQ/2H Q7 i?2/ i K v #2 7Q K2/ BM
r?72°2 F2 'M2H 7@®M)iBOMQrbi?2277B+B2Mi +QKTmi iBQM Q7 BMM:
2 +? TOBIKiPBM rBi?2Qmi i?2 M22/iQ 2tTHB+BiHvV + tH+mEk)2 i?2 K T
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7°QKi?2 K#B2MibT +2iQi?272 im 2bT +2X h?2 +?2QB+2 Q7 F2 M2+
K TTBM;®X

E2"M2H@# b2/ K2i?Q/b "2 K2i @+H bb Q7 K2i?Q/br?2°27 KBHB °
b2T " iBQM H;Q Bi?Kb+ M#2 TTHB2/i?272 im 2DbT +2X Pi?2 TQT
/12i2+iBQM K2i?Q/b BM+HmM/2 i?2 amTTQ i 02+iQ . i .2b+ BTiBQM
.2MbBiv 1biBK iQ " UE.1VX h?2 ao.. Bb bBKBH "iQi?2P*@aoJ-#mi Bl
b ?2vT2 bT?2 2 2M+HQDbBM; i?2 /i - " i?R)X?hM2 EvI2QTHS M22(M
_Qb2M#H ii rBM/Qr K2i?Q/- Bb MQM@T ~ K2i'B+- bi iBbiB+ HK2i?
: mbbB M FANM2&2@¢+BX@2M BHb P*@aoJb M/ i?2 E.1 M/ 2tTH BMb i?:
"2H iBQMDb?BT iQ i?2 P*@aoJX

kXkXR E2 M2H S'BM+BT H *QKTQM2Mi M HvbBb

E2'M2H S'BM+BT H *QKTQM2Mi M HvbBb UES* V Bb bT2+i Hi2+
S* iQi?2 MQM@HBM2 ~ 72 im 2 bT +2 30XBMO FRRONMEMB K2ii PZK O N @
bi® i2/i? i i?2 BM/2T2M/2Mi i'2 iK2Mi Q7 TQBMib #v i?2 P*@aoJ vB
/Q MQi iB;?iHV 2MQm;? KQ/2H i?2 / i X AM im M- >Q77K M “;m2b |
#2ii2° KQ/2H Q7 i?2 /i #v /Bb+Qp2 BM; i?2 mM/2 "HVBM; K MB7QH/
+QKTQM2MXb BMi- M MQK Hv b+Q 2 + M #2 /27BM2/ b i?2 “2+QMb
ir22M ;Bp2M 2t KTH2 M/ bm#b2i Q7 i?2 H2 "M2/ T'BM+BT H +QKT
/2+BbBQM #QmM/ “v- b bR®kM BMbEBTH BM ES* 2 /2b+ B#2/ BM
/2i BH BM ajXRBRBI? i?2 +Q "2+i T ~ K2i2 b2iiBM;b- >Q77K M b?Qr
[2KQMbi® i2/ #2ii2° ;2M2° HBx iBQM- ++m’ +v- M/ Q#mbiM2bb Qp
P*@aoJb QM MmK#2 Q7 "2 H@rQ H/ M/iQv/ i b2ibX

2bTBi2 /2KQMbi® i2/bm++2bb BM MQK Hv /2i2+iBQM- ES* ? b b2j
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uyv u"v

6B;m 2 kXk, h?2 /2+BbBQM #QmM/ "B2b Q7 ES* - P*@aoJ- M/ ao..
T Q/m+2/#v : mbbB ME2 M2HX U VQM i?2 H27ib?Qrb i?2 #QmM/ °
"2T°2b2Mi iIBQMX "Qi? MQ KM M/KTHRBN: H2 MOHKBEWQW i?22 bm 7 +
Q7 ?2vT2 bT?22WXKMIRPERM2 2T 2b2Mib F2 M2H T'BM+BT H +QKTQNM
bK HH #QmM/ v + Tim 2b HH i?2 MQ K H 2t KTH2bX "Qi? i?2 ao..
a0J Kmbi BM+Hm/2 i?2 MQK Hv BM Q' /2 iQ 2M+HQb2 HH i?2 MQ K
b?Qrb + Qbbb2+iBQM Q i?Q:QM HiQi?2T BM+BT H+QKTQM2Mi-
BMU VX / Ti20O)XQK (

"2[mMB 2bi?2 2B;2Mp Hm2 / A+ QKADWERIB QM KV K i'BtX h?Bb BM+m |
iBK2 +QKTH2tBiv rBiR BMB+2 bBM:E2 HBKBiBM; 7Q K Mv TTHB+ iBQ
iQ /Bb+Qp2° "2/m+2/ TT QtBK iBQMb Q7 i?2 F2 'M2H K i"Bt ? p2 #2
“2bTQMb2 iQ i?2 +QKTmi iBQM H +Qbib Q7 i?2 KQ 2 TQTmH * F2'M
+?BM2bX

IMB7Q K bm#b KTHBM: Q7 i?2 /i BM Q'/2 iQ "2/m+2 i?2 +Qbi Q7 +
Ki'Bt? b #22M T°QTQDb2/ 7Q  #Q@?MH MQK7B¥ [Bi@XBOM Ip2 -

# /b KTHBM; + M #2 +QMi KBM i2/ rBi? ;°2 i2° MmK#2 Q7 MQK |
TT'Q +? iQ bm#b KTHBM; Bb i?2 Lvbi'°K H;Q Bi?Kc M Qmi@Q7@
bbQ+B i2/ rBi? /BK2MbBQM HBiv "2/m+iBQMX >Qr2p2 - i?2 K2i?Q.
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iBK2 7mHH +QMbi " m+iBQM B78ijP2 F2 "M2H K i Bt (

Pi?2  K2i?Q/b ii2KTiiQ# i+?i?2/ i iQBi2 iBp2HvmT/ i2 T BM+BT
7mHH 2p Hm iBQMbX h?2 F2'M2H >2##B M H;Q Bi?K UE> V / Tik
H:Q Bi?K +QKKQMHvV mb2/ BM Bi2  iBp2 HBM2j&-S3XiQ Q?2p722 -im" 2
#2+ mb2mT/ i2b 2K /2QM T 2pBQmb bQHmMiBQMb-i?2b2Bi2  iBp2
BMT > HH2H M/ K v #2 bHQriQ +QMp2-;2X

AM //BiBQM iQ i?2 +? HH2M:2b Q7 +QKTmi iBQM H 277B+B2M+v-
bi*QM;HV b2MbBiBp2iQ T * K2i2  +?2QB+2X r "2Q7i?Bbb?Q i+QKBN\
BMi?2 b2KB@bmT2 pBb2/ b2iiBM; rBi? ?QH/@Qmi b2i Q7 MQK
i?2mMbmT2 pBb2/+ b2?22m BbiB+b# b2/ QM bi iBbiB+b Q7i?2 /D +
b2H2+iBM; T ° K2i2 b 7Q KRR WMRAH/R2MXQQ/ Hr vb T°Q/m+2 b iBb7 +iQ

IHIBK i2Hv- BM i?2 mMbmT2 pBb2/ b2iiBM; i?72°2 Bb MQ ;m ~ Mi22/
bT2+B7B+ T ° K2i2° b2H2+iBQM Bb M QTiBK HQ  2p2M "2 bQM #H?2
KQiBp i2/ 7Q KmH iBQMb iQ i?2 T'Q#H2K Q7 F2 'M2H T * K2i2  b2H
BM P*@aoJbX h?2b2 K2i?Q/b "2 KQiBp i2/ #v i?2 B/2 Q7 KBMBKBX
?B;? IBK2MbBQM H 72 im'2bT +2-bQi? i MQK HB2b 2KQ' 22 bBF
TOBMIRX(1p M;2ZHBHRKQMbi™ i2/i? i K tBKBxBM;i?2BM/2tQ7/BbT2"
2Mi*B2b T°Q/m+2b ;2M2° HHv ;QR/ K20B+QBE 7Q miPl’B M@F2 M2H P*
kdX >Qr2p2 -i?2 QTiBKBx iBQM BM+m "2/ H ;2iBK2 +QKTH2tBiv
i?72 7TmHH F2 " M2H K i BtX

Pm> 2b2 "+? K F2b +QMi'B#miBQMbi? i BKT'Qp2 ES* iQ T2 7Q K K
T2 pBb2/b2iiBM; M/iQ mMMKQ 2277B+B2MiHVRRMBIRri 222 fi2h HHBX
Q7 i?2 # b2 ES* K2i?Q/- BMi'Q/m+2b KBMB@# i+? biQ+? biB+ ;" /
277B+B2MiHv /2i2 KBM2 i?2 F2'M2H T °~ K2i2'- M/ T '2b2Mib M 2M
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PQB/bi?2 +QMbi'm+iBQM M/ /2+QKTQbBIiBQM Q7 i?2 7TmHH F2 M2}

kXj .22T MQK Hv .2i2+iBQM

h?222BM .22T G2 "MBM; M/ .22T MQK Hv .2i2+iBQM U. .V 272 b i
Hv2 "iB7B+B HM2m" HM2irQ Fb ULLV r?B+? 2BMbTB 2/ #vi?2L
1 +? +QKTmi iBOQM H mMBi UMQ/2 Q M2m ' QMV Q7 ivTB+ H LL "2
2H2K2Mi@rBb2 KmHiBTHB+ iBQM #v b2i Q7 BM/BpB/m H r2B;?ib-
i?2M 7BM HHv TTHB2b MQM@HBM2 ° +iBp iBQM 7mM+iBQMX h?2
Hv2 T2 +2Ti"QMV Q'; MBx2bi?2 +QKTmi iBQM HmMBib BMiQ H v2
b2[m2MiB HHv- bQ i? ii?2 QmiTmi Q7 QM2 H v2 b2 p2b bi?2 BMTm
L2m" H L2irQ F YIIXLV (

h> BMBM; LLb 7B bi "2[mB 2b i?2 7Q KmH iBQM Q7 HQbb U+QbiV
IB772 2M+2 #2ir22M i?2 M2irQ Féb +m "2Mi QmiTmi M/ bQK2 /2bB";
/B2Mi Q7 HQbtb BR@T2®@ T2 @nh;? i?2 T ~ K2i2 b Ur2B;?ib M/ #B b2bV
i?Bb /B772 2M+2X "v Bi2  iBp2 TTHB+ iBQMb Q7 i?Bb T Q+2bb-i?2
BMTmibiQ i “;2i QmiTmibX AM //BiBQM iQ i?2 T ° K2i2 b i? i +QMb
BM; HbQ BMpQHp2b b2i Q7 ?2vT2'T ° K2i2 b-bm+? b H2 "MBM; " i
bi2Th-r2B;?i /2+ v- 2+iX-i? i M22/iQ #2 pAhX+B7B2/ #v i?2 mb2" (

LLb "2 #H2iQ H2 "M ?B2" “+?B+ H/Bb+ BKBM iBp272 im 2b M/ ?1
BM M2M/@iQ@2M/ K MM2 X h?2bi i2@Q7@i?2 iT2 ' 7Q K M+2 Q7
i72 2tTHQ > iBQM Q7 .22T MQK Hv .2i2+iBQM U. .V K2i?Q/bX >Qr
+? HH2M:2b Q7 ?2vT2'T * Ki2 b2H2+iBQM- +?QQbBM; “+?Bi2+im 2b

. K2i?Q/b ? p2 #22M /2p2HQT2/ BM i?2 b2KB@bmT2 pBb2/ 7" K2r(
i72+Q "2+ib2iiBM;b. .K2i?Q/b? p2b?QrMBKT Qp2K2Mi Qp2 i /B
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T 'iB+mH "Hv QM ?B;?2 /BR¢2MOBXQM H /i (

a2KB@bmT2 pBb2/. .K2i?Q/b Q7i2M 2KTHQV miQ2M+Q/2'b U 1V I
KQ/2Hb bm+? bp "B iBQM H miQ2M+Q/2°bUo 1V M/ ;2M2" iBp2 /p
iQ KQ/2H MQ KKkR&Y)iX @BKBH " iQ bm#bT?¥2@KR2i@Q¥B2b TTHvV KQ 2
i* /BIBQM H /2i2+iBQM K2i?Q/b iQ i?2 2K#2//BM; bT +2b Q7 1bX o
7Q +2 bi iBbiB+ HT QT2 iB2bBM i?2 2K#2//BM; bT +2X aQK2 2t KT
i?72 1YP*@a®)P-(i?2 kYL (8- M/ 1YJ.k@X Hi2 M iBp@b®2' H2 "M@

BMmb2b i?2 7BM H ?B//2M H v2'b Q7 T'2@i BM2/ +H bbB7B2 b 7Q
H2 MBM; mbm HHvVv T ' Q/m+2b #2ii2" 2K#2//BM;b- #mi "2[mB 2b H
BM bBKBH " /QK BM iQ i® BM i?2(DXBGBMHV-+HRDDERM2@ ¢H bb +H t
TT'Q +?22b-bm+? bi?2PM2@+H bb L2nRBHM/2.i20TFPOM2RZ@ILbhY {H b
bB7B2'b U3R**BWMpQHpP2 KQ/B7vBM; i?2i° BMBM; Q#D2+iBp2 BM /22]
72 im'2bi? i /B772 '2MiB i2 MQK HB2b M/ +R)X2 /2+BbBQM #QmM

J2i?Q/b /2bB;M2/ 7Q b2KB@bmT2 pBb2/. .+ M Q7i2M #2 TTHB2/E
br2HHX u2i /B77B+mHiB2b BM ;2M2° HBxBM; ?vT2 T * K2i2  b2H2
HB2b BM i?2 i° BMBM; /i Q7i2M bB;MB7BRWXH172 ;b BRTHRB#BiK M
7H2tB#BHBiv Q7 i?2 # bB+ 1 K F2b Bi bmBi #H2 bi 'iBM; TQBMi 7Q
mMbmT2 pBb2/ . .X

kXjXR miQ2M+Q/2 b

M 1 ii2KTibiQ H2 "M i?2 B/2MiBiv 7mM+iBQM rBi? bQK2 +QMbi |
K TTBM:X hvTB+ HHv i?Bb +QMbi> BMi Bb BRIiiA2 MRARM H vQMi  +
r?72°2i?2 Q'B;BM H /BK2MbBQM HBiv Bb "2/m+2/X h?Bb 2/m+2/ "2
BMTmi- b2 p2b b 2M/@iQ@2M/ 72 im 2 2ti° +iBQM bi2T 7Q  i?2 ?2v#
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6B;m 2 kXj, +?Bi2+im 2 Q7 bBKTH2-+QMi +iBp2 miQ2M+Q/2"

T 2pBQmb b2+iBQMX Hi2 M iBp2iQ Q" BM +QK#BM iBQM rBi? +QM
bm+? b bT "bBiv- "2;mH 'Bx iBQM- Q" //2/ MQBDb2 + M #2 2M7Q +2/
Bb bBKTHVi?2 Q'B:BM H/ i - 1b+ M #2 j9)BME; B+ b #i2Mbi 72
"+7Bi2+im 2 Q7 # bB+-bBM;H2@?B//2M@H v2 - +QMi  +iBp2 1X

_2+QMbi'm+iBQM@# b2/ mMbmT2 pBb2/. .K2i?2Q/b mbBM; 1b K2 b
"2+QMbi'm+iBQM 2 °Q U 2bB/m H p2+iQ "V iQ B/2MiB7vi?2 MQK H
TT'Q +? '2HB2b QM i?2 bbmKTiBQMi? i 1brBHHH2 "MiQ "2+QMbi
"2KQ'2T 2p H2MiBM i?2 i  BMBM; / i - #2ii2°i? M MQK HQmb 2t K
"2 QmiHBM2/ BjM¥a2+iBQM

1b ? p2 #22M mb2/iQ KQ/2H M/ /2i2+i MQK HB2b BM ?B;? /BK2Mb
€9- BK )¢ i2KTQ3R M/ bT iBQi2KT@®RYWK/ 1 (+?Bi2+im 2b ? p2 BM+
TQ i2/ #Qi? k. M/j. +QMpPQHMIBQM HH v2'b M/ 2+m  2Mi KQ/mH
M/ GahJibk(NdJX h?2 "2+2Mi bm p2v #2F° FTHDEBY2b KQ 2 2t? mb
iBp2 HB h?Bb T T2  7Q+mb2b QM i?2 # bB+- TmHHV@+QMM2+i2/ U
K2i?Q/b + M #2 2 bBHv 2ti2M/2/iQ Qi?2° 1 “+?Bi2+im 2b Q" "2+Q
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K2i?Q/bX

1b mb2/ 7Q° MQK Hv /2i2+iBQM bm772° 7°QK i?2 7 +ii? i i?22 ~2+
b#Qi™ Q#D2+iBp2 7TmM+iBQM 7Q i BMBM; M/ M MQK Hv b+Q B
i H T'Q#H2K Bb i? i BM i?2 mMbmT2 pBb2/ b2iiBM;- i?2 i BMBM; +
MQK Hv b+Q 2 Q7 MQK HQmb 2t KTH2b BM i?2 i’ BMBM; / i X h?
bT "bBivQ Qi?2 7Q Kb Q7 '2:mH 'Bx iBOQM HQM2/Q2b MQi "Q#mbi
Qp2 ;2M2° HBXBM; MQK HB2bX

h?Qm;? "2+2Mi rQ Fb ? p2 i BM2/ 1b 7Q° MQK Hv /2i2+iBQM i bFb
i?2B° bB;MB7B+ Mi HBKBi iBQMb BM i?2 m b¥h T2 QBDI22 /b 2 PivBHVI BX
TT'Q +? i? i Bi2  iBp2Hv "27BM2/ i?2 i BMBM; b2i #v mbBM; QM:
bT +2 Q7 M /p2'b "B H miQ2M+Q/2 U 1V iQ "2KQp2 bnlpXr2+i2/
Pi?2  #QQbiBM; i2+?MB[m2b M/ 1+ b+ /2b? p2 HBF2rBb2 b?QrM "2
B)X :QMi X mb2/ K2KQ'v@ m;K2Mi2/ 1 iQ K2KQ ' Bx2 MQ K HBI
Hi2Mi 2T 2b2Mi iBQMb BM Q /2 iQ T 2p2Mii?2 KQ/2H 7jjQX H2 "ME
_Q#mbi *QMpPQHMIBQM H miQ2M+Q/2 b U_* 1bV M/ "2H i2/ K2i?Q/
. .#VH2 "MBM; M 2K#2//BM;bT +2pB M 1i? i+ Tim 2bKQbiQ7i
r?BH2 T"QpB/BM; K :BMiQ ++QmMi7Q  RI¥ZK QIR miBAwb; K2 iRQB
BMpQHp2b b2H2+iBM; MQBDb2 #bQ TiBQM i2 KX

h?2 +QMi ' B#miBQMb Q7 Qm™ "2b2 "+? "2 /BbiBM+iBMi?2 7 +ii? ii-
iBQM BM i?2 K#B2Mi bT +2 M/ /Q MQi "2[mB 2 Mv KQ/B7B+ iBQM
6m i?22 ' KQ '2-i?2 T°QTQb2/i2+?MB[mP2OkQMI A@GNMIiBMHEZ+#H B QR K#E
rBi? Qi?2° 2tBbiBM;- "2+QMbi m+iBQM@# b2/ i2+?MB[m2b- BM+Hm
BKT ' Qp2 "Q#mbiM2bb M/ T2 '7Q K M+2X



*2 Ti2" ]

S'QTQb2/ J2i?Q/b

i XR IMbmT2 pBb2/ 1Mb2K#H?2
E2°'M2H S'BM+BT H*QKTQM2Mi M HvbBb

h?2 :Q HQ7 i?Bb b2+iBQM Bb iQ 7B bi /2i BH >Q77K Méb Q' B;BM H
+QKTQM2Mi M HvbBb UES* V 7Q° MQK Hv /2i2+iBQM M/ i?2M iQ /
T K2i2 b2H2+iBQM M/ +QKTmi iBQM HBM277B+B2M+v + M #2 27

JXRXR h?2 E2"M2H S* H;Q Bi?K

h?2 ES* H;Q Bi?K Bb /2bB;M2/ iQ 7B bi + H+mH X2!i?2xMQM@HB N
Q7 [/ imKxERM RPN 7°QK i?2 QB@MBK2MbBQM H U K#B2MiV bT +:
TQi2MiB HHv BM7BMBi2@/BK2MbBQM H U7QF X: mikoB N BM BIBHN
MQM@HBM2 " K TTBM;-i?2 /H pB2 #¥2Mi2MiBMK iBQM

“(xi)= Xi) o UjXRV

r?2° 2
X

( Xn): UjXkV

1
0 —
N n=1

k9
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Bbi?2 K2 MQ7i?2/ i /BFiXBQHBQWMBBM i?2 i Mb7Q K iBQM- i?2 M:
T2 7Q°KHBM2 "T'BM+BT H+QKTQM2Mi M HvbBM @NBiR2MRBIQM 2H |
bm#bTM+2 N bbQ+B i2/ rBM?Ti?BM+BT H +QKTQM2Mib 2T 2b2MiBM;
p "B M+2 Q7 i?EXKi BM

h?2 T'TBM+BT H + QX B®M2MiD2Q@B ;2Mp2+iQ b +Q "2bTQM/BM; iQ i?2
p Hm2b Q7 i?2 +Qp "B M+2 KX 'lBAZQQR2/BoMi? i i?2b2 2B;2Mp2+iQ b
b2Mi MQM@HBM2 >~ KQ/2H i? i /2b+ B#2b mM/2 "HVBM; bi'm+im 2 Q
Q#D2+iBp2 Bb iQ 7BM/ W22 [B;@Mp2+VQ "M/ +Q "2bTQM/BM; 2B;2Mp
1 2 . M Q7

R T, o

F:N (Xi) T(xi) " UjXjVv

i=1

_2+ HHBM; i?2 "2H iBQMb?BT iQ i?2 2B;2Mp2+iQ"'b M/ 2B;2Mp Hm2

“eVK= gVvk UjXovVv

h?2 K BM +? HH2M:;2 Bb i? i +Qp "B M+2 K i'Bt Q7 i?27¢2 iM/2@bT +
i72°27Q°2 i?2 T'BM+BTVH +QMM QMR2MRUTHB+BiHv +QKTmi2/- b i?2
/i (x;) BbM2p2  p BH #H2X >Qr2p2 -M22 GRBHHH2F2 M2H 7mM+iE
-iQ "2TH +2 i?2 BMM2 T ' Q/Rm+iT2T2  iBQMb BM

(Xi;Xj) = (xi)  (x;): UjXx8v

6Q  i?2 +?QB+2 Q7 : mbbB M F2 M2H-

jixi  xjii?

52 ): UjXeV

(Xi;xj) = exp(
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_i?2°i? M 2tTHB+BiHv + H+mH iBM; i?2 i’ Mb7QVK- iBDWM BN D+ @ "
iBQMb Q7 (ki) QMW 2 7QmM/ BMbi2 /XK "B Qb2 2B ;2 Mp2+4Q " Q7
/27BMBiBQM F2 'M2H T'BM+BT H +QKTQM2Mi + M #2 2tT 2bb2/ b
(xi) -

V= <~ (x0); ujXxdv

[72°22 +?2 2HEBDMi+QKTQM2Mi QK- rpB+iQBb M 2B;2MP2+NQ Q7 i?2
F2'M2H /D +2MKy K i0®t ~(x;)X IbBM; i?2 F2'M2H i'B+F- i?Bb K i'B
im M #2 2tT 2bb2/ bQH2HvV b 7mM+iBQM Q7 K#B2Mi/ i -

1 X .
g=1 p=1 pig=1

r?2°R; = (Xi;x;)X h?22B;2Mp2MQ+Q " "2bTQM/BM;WB;2MR2MMQINM/

b+ HBM; QX BB T2 7Q K2/ bQVi? 7 » mMBi Hj2 Kj2 2t v X

] XR Xk MQK Hv a+Q BM;

h?2 MQK Hv b+Q 2x @b 7TIRMBW i#v /212 KBHMBWD;i i M2 i BGM/ 2QKQ
bQK2 MmK#2 Q7 H2 /IBM; T'BM+BT H +QKTQM2Mib i? i "2T 2b2Mi
OPDX h?2 "2+QMbi m+iBQM 2 "Q  Bb +QKTmi2/ #v

deE(X)= 7 (X) ~(x) W ~(x) W ~(x); UjXNV

r?22°wW +QMi BMIQrb Q7 T'BM+BT HVEQKI QMZIMNQ B /B MI; HQ i2Bi
2B;2Mp Wmag-=[VE::; VM X
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