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Motivations: Autonomic Computing

Worldwide IT Spending on Servers, Power, and Cooling and

Spending Management/Administration Installed Base
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Source: IDC

Major part of the cost: management
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Goals of Autonomic Computing

AUTONOMIC VISION & MANIFESTO

http://www.research.ibm.com /autonomic/manifesto/

Self-managing system with the ability of

» Self-healing: detect, diagnose and repair problems
» Self-configuring: automatically incorporate and configure components

» Self-optimizing: ensure the optimal functioning w.r.t defined

requirements

» Self-protecting: anticipate and defend against security breaches

How:
> pre-requisite is to have a model of the system behavior

» there is no model based on first principles

Machine Learning and Data Mining for Autonomic Computing
[Rish et al., 2005]
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Autonomic Grid Computing System

Archeology
Astronomy
Astrophysics
Civil Protectiol

Flow of jobs
(&of 330K / day
A physics
High Energy
Physics
Life Sciences
Multimedia
Material
Sciefic@idr
. System
EGEE grid . Administrator
150K process cores Summarized
260 sites Outputs

G-StrAP:
?EE'I;:tec;rsage Multi-scale Job Stream monitoring I::> x

EGEE: Enabling Grids for E-sciencE, http://www.eu-egee.org
Infrastructure project, DataGrid(2002-2004), EGEE-1(2004-2006),

EGEE-11(2006-2008), EGEE-111(2008-2010) and EGI(2010-2013)
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Summarizing a dataset

» Clustering : grouping similar points in the same group (cluster)
» Extracting Exemplars: real objects from dataset

better suited to complex application domains (e.g., molecules,
structured items)

* is the averaged center; O is the exemplar
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Position of the problem

Given:

Data: £ = {x1,x2, ..., xn } Distance: d(x;, x;j)
Define:

Exemplars: {e;} is a subset of £

Distortion:

D({e}) =N, min( d*(xi, &) )
Goal:
Find a mapping o, x; — o(x;) € {ei}
minimizing the distortion

NB:

Combinatorial optimization problem (NP).
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Streaming: extracting exemplars in real-time

Job stream: jobs submitted by the grid users at 24 x 7,

more than 200 jobs/min

How to make a summary of the job stream ?

Features
streaming of jobs

arriving fast
user-visible

non-stationary distribution

Requirements
actual jobs as exemplars for traceability

real-time processing
model available at any time

change detection
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Clustering: The State of the Art

» Averaged centers: [Bradley et al., 1997]
k-means, minimizing the sum-squared distance from a point to its center
k-medians, minimizing the sum of distance from a point to its center
k-centers, minimizing the maximum distance from a point to its center

» Exemplars: [Kaufman and Rousseeuw, 1987]

minimizing the sum-squared distance fom a point to its exemplar
k-medoids, [Kaufman and Rousseeuw, 1990, Ng and Han, 1994]
Affinity Propagation [Frey and Dueck, 2007]
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List of main algorithms of clustering

» Partitioning methods:

k-means, k-medians, k-centers, k-medoids
» Hierarchical methods: linkages-based clustering (AHC)

BIRCH Balanced lIterative Reducing and Clustering using Hierarchies [Zhang et aI., 1996]
CURE: Clustering Using REpresentatives [Guha et al., 1998]
ROCK: RObust Clustering using linKs [Guha et al., 1999]

CHAM ELEON dynamic model to measure similarity of clusters [Karypis et aI., 1999]
» Arbitrarily shaped clusters:

DbScan: Density-based clustering [Ester, 1996]

OPTICS: Ordering Points To Identify the Clustering Structure [Ankerst et al., 1999]
» Model-based methods:

Naive-Bayes model [Meila and Heckerman, 2001]

Mixture of Gaussian models [Banfield and Raftery, 1993]

Neural network (SOM, Self-Organizing Map)  [Kohonen, 1981]
» Spectral clustering methods [Ng et al., 2001]

a recent method based on algebraic process of squared distance matrix 10/53



Clustering vs Classification

NIPS 2005,2009 workshop on Theoretical Foundations of Clustering
Shai Ben-David, Ulrike von Luxburg, John Shawe-Taylor, Naftali Tishby

K
Quality
Focus on
Goal
Analysis
Field

Classification
classes (given)
Generalization error
Test set

Prediction
discriminant

mature

Clustering

clusters (unknown)
many cost functions
Training set
Interpretation
exploratory

new
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Open questions of clustering

» The number of clusters

k-means, k-median, k-center, k-medoids set by user
Model-based method determined by user
Affinity Propagation indirectly set by user

» Optimality w.r.t. distortion

» Generalization property: stability w.r.t. the data
sample/distribution
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Open questions of clustering

» The number of clusters

k-means, k-median, k-center, k-medoids set by user
Model-based method determined by user
Affinity Propagation indirectly set by user

» Optimality w.r.t. distortion

» Generalization property: stability w.r.t. the data
sample/distribution

Affinity Propagation (AP) [Frey and Dueck, 2007]

12/53



Iterations of Message passing in AP

non-exemplar re————— cxemplar
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Iterations of Message passing in AP
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Iterations of Message passing in AP
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Iterations of Message passing in AP
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Iterations of Message passing in AP
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Iterations of Message passing in AP
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Iterations of Message passing in AP

non-exemplar m—————— cxemplar

ITERATION #6
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Iterations of Message passing in AP

non-exemplar m—————— cxemplar

CONVERGENCE

X%

Y
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The AP framework

input:
Data: x1, X2, ..., Xy Distance: d(x;, ;)

find:

o: x; — o(x;), exemplar representing x;, such that

argmax Z,N:l S(xi,0(xi))

where,
S(xi, %) = —d?(xi, %) ifi#j
S(xi,xj) = —s* s >=0: user-defined parameter

» s* = oo, only one exemplar (one cluster)

» s* =0, every point is an exemplar (N clusters)
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AP: a message passing algorithm

Sending responsibilities

Candidate

Competing
exemplar k candidate
Q exemplar k'
ik 4y
s alik’)
Data point i

Sending availabilities

Candidate
exemplar k
Supporting
data paint i’
alik)
Data point i
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Message passed

Sending responsibilties Sending availabilities
Candidate Competing Candidate
exemplar k candidate exemplar k
@ exemplar &' @ i k)
5 Supporting
i k) ati k) data point i’
aliky
o—_ ® @ ®
Data point Data point 7

The index of exemplar o(x;) associated to x; is finally defined as:
o(x;) = argmax {r(i, k) +a(i, k), k =1... N}



Summary of AP

Affinity Propagation (AP)
» An exemplar-based clustering method
» A message passing algorithm (belief propagation)

> Parameterized by s* (not by K)

Computational complexity
» Similarity computation: O(N?)
» Message passing: O(N2 log N)
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Hierarchical AP

Divide-and-conquer (inspired by [Nittel et al., 2004])

Data

ik Randomly divided into T subsets

;;;;;;;

subsets

Clustering by AP
exemplars

aggregation

Clustering by AP ?
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Hierarchical AP

Divide-and-conquer (inspired by [Nittel et al., 2004])

Data

ik Randomly divided into T subsets
S PR
v

Clustering by AP

(ei] lef] le]) exemplars
aggregation
lej.el,....e)
(12 T
e n@n‘ ) Clustering by AP ?
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Weighted AP

AP WAP
Xi Xi,y Nj
S(xi %)) — ni % S(xi, %)

price for x; to select x; as an exemplar

S(X,',X,') — S(X,',X,') + (n,- — ].) X €

price to select x; as exemplar € is variance of n; points

Theorem

AP(Xl, ey X153 X245 000y X2, ) == WAP((Xl, nl), (Xz, n2), )
—— ———

n; COpies n, copies

20/53



H1-AP: Hierarchical AP

Data

ik Randomly divided into
N T

@ Clustering by AP

(e!) (&) 5 [e™) exemplars

]
I
(nj,nf,....n") Clustering by WAP

» Complexity of HI-AP is O(N3/2)
[Zhang et al., 2008]
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H1-AP: Hierarchical AP

=

Data set (X; |

levels A/J\

//\A\ /¢\

.......... (xP 1) (] - (x)

,/¢\,/¢\ ,/%\

subsets

* b: branching factor
* h: number of levels
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Complexity of HI-AP

Theorem bio
HI-AP reduces the complexity to O(N#+1)
[Zhang et al., 2009]

K : number of exemplars to be clustered on average
1
b= (f£) : branching factor
2
Kz(%) h+1 . complexity on each branching
Zi:o b = % : total number of branching

Therefore: total computational complexity:
C(h)y=K?*(3)m—K ——
(h) = K*(3)

Particular cases, C(0) = N? and C(1) o< N3/2
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udy of the distortion loss

> real center of data distribution N(u,o?): u

» empirical center of n data samples: fi,

» distance distribution

~ 2
08 ’ . 1 Xi — HUn ~ N(0,02+UT)
oe . */azzﬁzfd | > selected center (exemplar) : [, (closest to
0.4 seleceted__3© . 1 ,a/n)
center
0.2 . . . .
» distance distribution
° |fin = fin] = min(]xi — fin|)
%2 0 o0z o4 os o8 1 12 ~ Weibull distribution (Type Ill extreme

value distribution)
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Weibull distribution (Type Il extreme value distribution)

where k is the shape parameter.
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Cumulative radial distribution of exemplars

r(d X )

27 o(h+1)

(b1 X ") 2
/\/}lnooFSd (M(h+1)v) - exp(—a(h“)x%) d>2,y= 4

d<2,vy=1

exp(—ahtx) d =2 4y =1.

where, h is the level of HI-AP,
FS(:,’H) is the cumulative distribution of samples at h-level,

radial distribution of exemplars

M is the number of samples,

d is the dimension,

log(Fsq(x))

Q

a=—limy_o

Nla|

X

(X. Zhang et al, SIGKDD 2009)
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Radial distribution of exemplars on different h and d

N=10e6 d=2
T T

~=h=2 apha=115333
ssh=1 alpha=227643
«<h=5 alpha=18036 | -
s+4h=0 apha=460764

N=10e6 d=4
T

13

e-oh=0 alpha= 269086
=oh=1 apha=251774
= h=2 alpha=214337
4+h=5 apha=70248

02
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Validation of HI-AP on benchmark data

Evaluation: Averaged Distortion

D([o]) = § Xity d*(xi,0(x:)

» Computational complexity is reduced

» Limited distortion increase

Data K N D AP Hi-AP | increased
Face (all) 14 | 2250 | 131 | 81.45 | 84.17 3.34%
Swedish Leaf | 15 | 1125 | 128 | 16.96 | 17.94 5.78%

Clustering benchmark data from Eamonn Keogh

WWw.cs.ucr.edu/~eamonn/time_series_data/
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Streaming: the state of the art

000000000000 Model (0O

1110101101011 1O 1SN IO AN Model :0Q

00000 o000 000000 o
Model 0O A\

Open questions:

» Model available any time
» How to deal with changes

» Quality of the model (distortion + size of the models)

30/53



Related works

Sliding window strategy [Guha et al., 2000]

fixed segmentation window —— > hinders the catching of the
distribution changes

data stream
level-0 ! ‘ y =
\ 1
level-1 :n:l/ -
k 2k 2k 2k

level-2 T ver eer eer eee ans

level-i =

31/53



Related works

A two-level scheme [Aggarwal et al., 2003]

»> online level to summarize the evolving data stream
> offline level to generate the clusters using the summary.

» clustering method is used to get initial micro-clusters and final
clusters. e.g., Density-based clustering method DBscan
[Cao et al., 2006]

Limitation: Model only available upon request.
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Extending AP to data streaming

Goal:

» providing an online summary made of exemplars

» coping with non-stationary distribution

STRAP:

» combine AP with change detection test

» self-adapt change detection test parameters
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STRAP: Extending AP to data streaming

cocoOQOQ o000 0000

Model

o0

Reservoir

34/53



STRAP: Extending AP to data streaming

cooOO 0O 00O

Model (0O

Does x; fit the current model 7

» if yes, update the model

» otherwise, go to reservoir

Reservoir
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STRAP: Extending AP to data streaming

00000 0000000 00D

Model 10O

Has the distribution changed ?
CHANGE TEST
» if yes, rebuild the model

» otherwise, continue

Reservoir
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STRAP: Extending AP to data streaming

00000 0000000 00D

Model i0Q />

Has the distribution changed ?
CHANGE TEST
» if yes, rebuild the model

» otherwise, continue

Reservoir
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STRAP Method

data data streaming
— "l process system

| .models { e, ni,X; t}

Does x; fit the current model 7

» if yes, update the model  update the weight with time decay

» otherwise, go to reservoir

Has the distribution changed 7

> if yes, rebuild the model  based on current model and

reservoir by WAP

» otherwise, continue
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Rebuild the model ?

» when reservoir is full

» when changes are detected: Page-Hinkley statistic
(Cumulative-Sum-like test)
[Page, 1954, Hinkley, 1971]

pt changing distribution

pt = % i1 Pe
me =>4y (pe — Pe + 9)
M = max{my}

PHtZ Mt—mt

if PHy > A, changed detected

How to set the threshold \ ?
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Setting of threshold A

» fixed empirical value [Zhang et al., 2008]

» self-adaptive change detection test [Zhang et al., 2009]

Self-adapt A = An optimization problem

Optimization criterion: Bayesian Information Criterion

[Schwarz, 1978]

BIC: F, =
1 (Sqec d0v. ) loss
+ plog N size of model
+ nO; percentage of outliers
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Optimization of the threshold \

OPTIMIZATION:

> c-greedy search from a finite set of A values
A = argmin{E(F\}),

A1

A2

A3

A4

E(F>\1)

E(F)\z)

E(FA3)

E(F)\4)

» Gaussian Process Regression based on {\;, F),}

continuous value of X is generated
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Validation of STRAP on KDD99 data

Data used
» Real world data: KDD99 data

» intrusion detection benchmark
» 494,021 network connection records in R
» 23 classes: 1 normal + 22 attacks

» Baseline: DenStream [Cao et al., 2006]

Performance indicator (supervised setting)
: _ 5G]
» Clustering accuracy = ==

- - cd
> Clustering purity = & "%, %

KDD Cup 1999 data: http://kdd.ics.uci.edu/databases/kddcup99/kddcup99.html.
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Accuracy and Purity along time

Error Rate along time < 2%

Error rate
¥ Restart point| |

Error Rate (%)
-

0 05 1 15 2 25 3 35 4 45 5
time steps 5

Higher clustering purity than DenStream

‘ I sTRAP A=15000 [ STRAP A=5000 [l DenStream
100 T

Cluster Purity (%)

1 ‘2 ) 3 4
time w ndows
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Discussion

STRAP vs DenStream

» Pros
> better accuracy

Truth Detection rate: 99.18%
False Alarm rate: 1.39%
Online Error rate < 2%

» model available at any time
» Cons
» DenStream: 7 seconds

» STRAP : 7 mins
slower by one order of magnitude
due to the model available at any time
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EGEE streaming jobs

SUBMITTED

WAITING

SCHEDULED——»] ABORTED
RUNNING

CANCELLED
A

DONE(ok)

[ DONE(failed)

[ lewst |
» EGEE logs of 39 RBs during 5 months (2006-01-01 ~
2006-05-31)

» 5,268,564 jobs

» for each job, its
» final status (successful or failure)
» 6 features describing the time-cost of services in a job lifecycle
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8

Real-time Monitoring: summarizing the job stream

Online summarizing the streaming jobs into clusters:

3 8

5
cocooco~

N

Percentage of jobs assigned (%)
o

o

exemplar shown
asajob vector 53%

139

10
47
54

129

0
0

2Clusters’

g
18
24

LogMonitor is
getting clogged

coococo~

ococococoo

9
10 18
(2011@
129

8

595
139




Clustering Accuracy

100 : — ‘
StrAPWlthPH)\t
95 - = = streaming k—centers||
S
>
Q
g
3
Q
Q
<
.\r’\,\.‘~_
-~~"‘o"‘ S
80 R
0 1 2 3 4 5
time step x 10°

10% higher than baseline method(Streaming k-centers)
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Discussion

» Real-time quality (330K jobs/day):

» tested on Intel 2.66GHz Dual-Core PC with 2 GB memory

» 60k jobs per minute C/C++
» Concise online summary of the streaming jobs, with

» proportion of failures

» performance of the grid services

» Dynamics of the load distribution

25

20+ q

151 A ! l A

ol ‘ il 4l

‘
0 50 days 100 * 150

U'|
e
L

number of restarts per day
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Large-time scale offline analysis

» the history behavior of interesting exemplars
» without prior knowledge about failure patterns

» summarizing Gbyte data

Flow of jobs

| —
T T T — Onine exemplars

sssssssssssssssssss

AP

Super Clusters
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Excerpt of the general history (failures)

90%
mERni 1 ] 1N E I-r
80%
1

» 70%
5 HEIl | IEEiEE mi I|I I‘"FI"H :
b 1 60%
> 50%
O

40%
@
ol4 30%
>
D16

20%

N
@

10%

N
S
=)

20 40 60 80 100 120 140

“early stopped error”, Who and When 7

Date Jan 7~13 | Jan 30 ~ Feb 3 | Mar 16~21 | May 17~19
UserID Al Al B1 D1 and Al
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G-strap: Multi-scale Real-time Grid Monitoring System

Grid Monitoring System

0
utput
Il

Streaming jobs Data :
I Pre-processing/ StrAP “i)nl'.rt]e
Normalization ﬂ Oﬂ' or
Super Post-monitor
Clustering > Analysis

» provide multi-scale models to describe the Grid status

» guarantee the quality of model w.r.t the optimal exemplars
and accuracy
» cope with the non-stationary distribution
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Contributions

Algorithms:

» Extending AP to a quasi-linear algorithm H1-AP
» Analyzing the distortion loss

» Extending AP to data streaming STRAP
» Self-tuned adaption to non-stationary distribution

» Guaranteeing the performance w.r.t distortion and
discrimination accuracy

Grid modeling: G-STRAP

» Model available any time, real-time

» Multi-scale support for the system administrator
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Fixed number of clusters by messaging passing
AP: S(xi,x;) = —s*  s*: user-defined parameter (penalty)
AP with given K :
S(xi,xi) <« by messages Responsibility and Availability
with the constraint:
the number of exemplars = K

Application-wise

» more complex job description

» toward user profiling (user-friend help)

» coupling with alarm system

» exploiting the empirical distribution to support optimal
scheduling
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