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Data Mining and Distributed Data Mining
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What is a Peer-to-peer (P2P) Network?
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P2P NASA Astronomy Data Mining
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Problems; of Existing DDM Algorithms
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Some Useful Results
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Continued

Updating andiPropagating Information

INode U calculates; the following:

AN =s"+ Z sum"™ —l[c” + Zcount”‘}

(v,u)eE" (vu)eE"

Onichangesiin st EX or receiving aimessage:

For each (v,u) € E*
If count™ + count™ = 0and A" > 0 or count™ + count”™ >0 and
either A” <0and A" > A" or A" > 0and A" < A"

Set sum™ =s" + ZSMmW” and count™ =c" + ZCountW”
(wyu)#(v,u)eE"

A" = sum™ + sum™ — ﬂ,(count“v + countv")

u Ugdzaig © e (w2 (v <E"

o Amessags s seni o o receivad from v Send {sum",count™} over vu to v

Continued Note

Aslonglas. A“ = A® >20and A" = A >0 therelisino

InputtheEdge set localibit suland themajonty

. needioruandVaeIexchangedata
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If A” > A" then v might mistakenly calculate A" > 0
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Local L2 Norm Monitoring Algorithm Possibilities
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Extension: Computing Cluster Centroid

BeyondlVonitering
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Sampling in Distributed Environments
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o Nodss may nave differsnt degress
o Nodss may contain diffsrant nurmoer of datal iolss

Random;Sampling

Protocol 5.2.1 Metropolis-Hastings Random Walk
1: FOR each node i, 1 <i<mn
IF receives a query g
Replies with d;
IF receives a random walk message
IF TTL ==0
Terminates the walk
ELSE
TIL =TTL -1
Sends out a query g to its neighbors (i)
IF receives all the replies from its (i)
Modifies transition probability ps; as follows:
1/max(d;,d;)  ifi#jand j € U(3)

ol e B AN R

— =
e

12: pij={ 1= Xpeopin fi=j
0 otherwise
13: Walk to next node with probability p;;.




OrdinaliRelaxation

[Letxiberaicontinuousirandemivarnable
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Ordinal Identification of Significant Entries from the Inner
Product Matrix
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Ordinal Inner Product Computation
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Variational Approximation: Another;
Possibility
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Solve —u"(x)=f(x), xe(a,b),u(a)=u(b)=0
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Continued Continued

Z, =) exp(-4.(x,36))

Intrieduce approximation usinglecally

(ECOMPesalIENEPrEsEntation _
NI IEXPENSIVENBICOMIULE

NI C )= Za,-ﬂf(x)
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Inferencing in a P2P Network Variational Approximation

Compute p(x,,|xv;9)zw Approximater P, |x,:0) by aidistribution O(x,)
xw

rlicldgiveteloles o7 S ogggnyed elloles O(x,) = HQ,- (x;)
1
Bl MECHE e £, |55 0) = Z*GXP(—(IZ.(X/,;H))
Where 4, (x,;0) == 6, .x.x,+ D 04x,)
i<j i

indices 1, | vary overihe nidden varizoles znd
0y =00+ 20,

/)




Optimization Formulation

Objective function

O(x,)

Q) =-Y 0t

O bEabihendstinution O G6) = 2 (1= )

Solution thet mepdmize J(Q) is 2 st of meen fisld equatons (ong for
gzlon )

Hi = O-(Z Hgﬂuj + 01(0)

j>i

o(z)=1/(1+exp(-z))

Distributed Inferencing

Heterogeneousibata
Eachisitelias arsthsetioiohsevediattiliies

=zlof) plods KOs clgout e gelrElmleiers of e
distriouiior)

The Algorithm: VIDE

Output: The mean p; of the marginal distribution under
the variational approximation, for every hidden variable
X

Let p be the number of nodes in the network.

: for each hidden variable X; do

thi + Distributed _Average({8a; - x; € x,})

B < Oio +p- 1y

Also, initialize p1; + &

: end for

: while ;1 has changed significantly in the last iteration
do

7:  for each hidden variable X; do

& M*_U(ijﬁj"'gfn)

9:  end for

10: end while

SO

Experimental Results
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How to Quantify the Accuracy.

Thelinference problenisreduced ol thelpreblemioi computing the
selutionVectortolaisystemiof mean=ield equations; inardecentralized
menner

Ezlor) [ slie fiels lis ol gsiliie ofiie soluiion. Corrasganlelisie) ol
ity thiare 15 e rslative g g [ Wit ras0get o e gairelized
Velrizlilonizll zlg oroinmzlton),

Our grror function tles e meudinum of g fover all sies [ W
denoie it OY e srr.

u We measure the mean and variancs of mex_err, in our exgeriments.

Description of Data Sets

Synthetic Datal Sets;

Lot = tmloge of rlelelan Veldeaolas, @ Y= mtmlogr of isiole
Vananless

Pelraliziers of tig Bolizimein Melcnline zire selecied in 2 Uliformly
rancon wely from [0,1).

Ganerate 2 gt of Vedimensional vactors of visiols vardaoles. For szch
vactor, cormguts tne e relative seror, as definsd in ing gravious

slide.

Description of Data Sets

SynthencDaIaISEIS (Conidy)s

Nz Siage jiuill izl Sxgonailiie o gemareis i igsi aciors
zlocorcine to Bolizrzn Disidoyion, We croose il est Veoiors i) &
ygliforly renclon ey,

We cnoose (r=10, V=80), (r=20, Y=100) ancl (=40, Y=200) in our
e0eriments,

Description of Data Sets

RealtlifelData Sets:

elrellEieis Ware ongssa | Ust e Wit Syt delt);

For g, Welsgd tigle s8iles kel gais geg 200 Adizle, zid
JOwors

UC Riversids Time Serigs Daiel Hegosiiony

Flarie Vo are criosen s folloys:

Adizie: F=86, V=100
u F0words: rl=72 , V=200
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Figure 1. Mean of maximum relative error
Vs, communication factor 1. using Uniform
Newscast and synthetic data. Recall that
Ay = (Number of iterati in the N t

Accuracy — Uniform Newscast,
Synthetic Data
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Figure 2. Variance of maximum relative error
vs. communication factor 4, using Uniform

ging p Y(Number of nodes in the
network).

and synthetic data.

Accuracy: Metropolis Hastings Sampling;
Synthetic Data

Figure 3. Mean of maximum relative error vs.
communication factor 9, using Metropolis-
Hasting: ing and synthetic data. Re-
call that 3,y = (Number of samples taken by
each node)/(Number of nodes).
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Figure 4. Variance of maximum relative er-
ror vs, communication factor 3, using
Metropolis-Hastings sampling and synthetic
data.

Accuracy: Uniform Newscast, Real Data
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Figure 5. Mean of maximum relative error
vs. communication factor iy using Uniform

Newscast and real-life data.
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Figure 6. Variance of maximum relative error
vs, communication factor iy using Uniform
Newscast and real-life data.

Accuracy: Metropolis-Hastings Sampling,

Real Data
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Figure 7. Mean of maximum relative error vs.
communication factor 3y using Metropolis-
Hastings sampling and real-life data.
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Figure 8. Variance of maximum relative er-
ror vs, communication factor dyy using
Metropolis-Hastings sampling and real-life
data.




Scalability: Uniform Sampling
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Figure 9. Dependence of the communication
factor 3, on the allowed mean-value for maxi-
mum relative error, for Uniform Newscast with
synthetic data.
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Figure 11, Dependence of the communication
factor 1y on the allowed mean-value for maxi-
mum relative error, for Uniform Newscast with
real-life data.

Privacy and DataiMining

“the besti(and perhaps only)wayto
overcome therlimitations? ofidataimining
technigues)isito domore researchiin datal
miningj includinglareas;like data'securityand
privacy=preservingidataimining; which are
actually’active and/growing researchjareas:”™
- SIGKDD; Executive Committee, “*DataiMining”
IsINOIFAgainst CivilllLiberties,“2008)

Privacy-preserving dataimining)is: the study/ofhow:
to produce valid mining models;and patterns
withoutidisclosing|private information.

- E GiennottiiandlE: Bonchil, *Rrivacy Preserving
DataVining),“KBUbig SummerSehool, 2006;

Scalability: Metropolis-Hastings Sampling
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Figure 10. Dependence of the communica-
tion factor 3,;; on the allowed mean-value
for the maximum relative error, for Metropoli
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Figure 12. Depend of the
tion factor 4y on the allowed mean-value
for the i relative error, for Metropolis-

Hastings sampling with synthetic data.

Hastings sampling with real-life data.

Privacy-Preserving Data Mining| (PPDM)

—
Organization C

Compare, match, and analyze data from different organizations
without disclosing the private data
to any other party




Blending| Privacy-Preserving Tiechniques Resources
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