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‘Learning from “Big Data”

B Challenges
> Big size (D > and/or N >)
» Fast streaming

» Incomplete

» Noise and outliers

B Opportunities in key tasks
>
>

Dimensionality reduction
Online and robust
regression, classification
and clustering

Denoising and imputation

Internet




Roadmap

L Context and motivation

O Large-scale linear regressions

» Random projections for data sketching

» Adaptive censoring of uninformative data
O Large-scale data and graph clustering
O Leveraging sparsity and low rank for anomalies and tensors

O Closing comments




Random projections for data sketching

Ordinary least-squares (LS) Given y € RP, X ¢ RP*P

015 = in ||y — X603
Ls := arg in|ly I2

If rank(X)=p = 0i5= (XTX)ﬁley

[ SVD incurs complexity @(Dp?) Q: Whatif D > p?

[ LS estimate via (pre-conditioning) random projection matrix Ry,

R

g N o 0
015 = arg min IS¢eHpBp (y — X0)||5 d< D

Q Ford = O(plogp - log D 4+ e ' Dlogp) complexity reduces to o(Dp*)

M. W. Mahoney, Randomized Algorithms for Matrices and Data, Foundations and Trends A
In Machine Learning, vol. 3, no. 2, pp. 123-224, Nov. 2011.



Performance of randomized LS

(d Based on the Johnson-Lindenstrauss lemma [JL'84]

Theorem. Forany e > 0,if d = O(plogp/e?)then w.h.p.
ly = XO1s(l2 < (1 + ¢)lly — XO1s]

10Ls — Orsl2 < Ver(X)V/v2 —1]61s]2

#(X) condition number of X; and v = ||y l2/|¥]l2

i.....]—™—Randomized LS (HD precon ditioned) | _|
—'—-Randomized LS (no precon ditioning)

[ Uniform sampling versus
Hadamard preconditioning

Relative MSE

» D=10,000and p =50
» Performance depends on
Xandy

5
d/D

D. P. Woodruff, "'Sketching as a Tool for Numerical Linear Algebra,"
Foundations and Trends in Theoretical Computer Science, vol. 10, pp. 1-157, 2014. 5



Online censoring for large-scale regressions

U Key idea: Sequentially test and update LS estimates only for informative data

J Adaptive censoring (AC) rule: s Un@
S Y S Y
Censor if AU / y* _
Y — XL 01| < 7O 0 | \ ‘ /1
\r_/ Xy v —Yn O 7 o
Un

(1 Criterion
e2 252
- e

fn(e) = f(en) = 2 2 ‘ n‘ > TO

0 \€n| < TO0

O Threshold controls avg. data reduction: 7 ~ Q_l(%(l — %)), D>p

D. K. Berberidis, G. Wang, G. B. Giannakis, and V. Kekatos, "Adaptive Estimation from Big Data via Censored 6
Stochastic Approximation," Proc. of Asilomar Conf., Pacific Grove, CA, Nov. 2014.



‘ Censoring algorithms and performance

d AC least mean-squares (LMS)

T
—x_0,_

[ On = 01 + p(1 _@)X”(yn —X30n-1) ] o { 0, otherwise.

O AC recursive least-squares (RLS) at complexity O(dp?)

S T ” 2
6,=0,_1+ (]- _@Ecnxn(yn = Xnen—l)

~ ~ n ~ n —1

C, =" [Cn_l — (1 —@)Cn_lxnxgcn_l (n — 1+ XZCn_lxn) ]

/

1tr(R;1)02v >
n 2Q(r)

. exp(4L? /o> A A logn
AC-LMS E [0, ~ 6] < “PEEL) (6, - 003 + 1 )+

Proposition 1 AC-RLS ~tr (R{')o? <E [||9n - 90||§] <
n

D. K. Berberidis, V. Kekatos, and G. B. Giannakis, "Online Censoring for Large-Scale Regressions with
Application to Streaming Big Data," IEEE Trans. on Signal Processing, vol. 64, pp. 3854-3867, Aug. 2016.



Censoring vis-a-vis random projections

1 RPs for linear regressions [Mahoney ‘11], [Woodruff’14]
» Data-agnostic reduction; preconditioning costs O(pD log D)

p
AL XD —> 0, = argmin ||S;HB(y — X0)|3
d Sd X X3 6
X y
O AC for linear regressions S— t'\
®
» Data-driven measurement selection - | 71— 0,
. . * RLS
» Suitable also for streaming data ) ox /
» Minimal memory requirements <l L

1 AC interpretations =
» Reveals ‘causal’ support vectors )

> Censors data with low LLRs:  10€[P(¥n;00) / D(Yn; On—1)] < T




Performance comparison

[ Synthetic: D=10,000, p=300 (50 MC runs); Real data: 8, cestimated from full set

Highly non-uniform data

0 D=10,000, p=300 (50 Monte Carlo Runs)

05

Protein Tertiary Structure Dataset (D=45,730, p=9)

A3 —_—AC-RLS 1 0.45r
1 == Randomized LS (HD preconditioned) | |
==uRandomized LS (no preconditioning)

2
2

0.35F

0.3r

104—60]|
10013
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015

0.1

10

1 1 1
0 0.05 0.1 0.15

0.4r~

................. —AC-RLS
—Randomized LS (HD preconditioned)
---Randomized LS (no preconditicning) | 4

1 1 1
0.25 0.3 0.35 0.4 0'OO‘EYOS

0.‘2
d/D

| | | 1 | T | |
01 016 02 025 03 04 045 05 055

0.3
d/D

O AC-RLS outperforms alternatives at comparable complexity

[ Robust to uniform (all “important”) rows of X ;

Q: Time-varying parameters?




Roadmap

L Context and motivation

O Large-scale linear regressions

U Large-scale data and graph clustering
» Random sketching and validation (SkeVa)

» SkeVa-based spectral and subspace clustering
O Leveraging sparsity and low rank for anomalies and tensors

d Closing comments

10



‘Big data clustering

U Clustering: Given {Xn}f;[:l , or their distances, assign them to K clusters

4 I
mlnz |z, — Cmpl|2 4+ |70 |1 C:=[ec1, ..., ck]

Centroids

s.to 1T7rn — 1,7, =0, n=1,.N| H=[m,.. m
- J

Assignments
: . 0.1 K _ | : . K
> Hard clustering: m, € {0,1} NP-hard! > Soft clustering: m, € [0, 1]

O K-means: locally optimal, but simple; complexity O(NDKI)

O Probabilistic clustering amounts to pdf estimation

» Gaussian mixtures (EM-based estimation) p(:c; U 9) — Zﬁzl Tk p(a:; Gk)
H,—/
» Regularizer can account for unknown K p(x|Ck)

Q. What if and/or ?

Al. Random Projections: Use dxD matrix R to form RX; apply K-means in d-space

C. Boutsidis, A. Zousias, P. Drineas, and M. W. Mahoney, “Randomized dimensionality reduction for K-means
clustering,” IEEE Trans. on Information Theory, vol. 61, pp. 1045-1062, Feb. 2015. 1



Random sketching and validation (SkeVa)

U Randomly select d < D “informative” dimensions

Q Algorithm  For r =1,..., Rinax

% Sketch d < D dimensions: X — X() ¢ RIxN

% Run k-means on X() — {C’](;)}szla {ég)}kf-{zl

% Re-sketch ¢’ < D — d dimensions — X () ¢ R4’ XN
< Augment centroids ES’) = [ég)T,égf )T]T Vk, é( = c“")| > 5 ™ m%r )
% Validate using consensus set S(") = {x,,|&" € Ck , T, € Cl(cz), and ki = ko}

> 1* = argmaxf(S()

[ Similar approaches possible for N > [ Sequential and kernel variants available

P. A. Traganitis, K. Slavakis, and G. B. Giannakis, "Sketch and Validate for Big Data Clustering,"

IEEE Journal on Special Topics in Signal Processing, vol. 9, pp. 678-690, June 2015. 12



Divergence-based SkeVa

4 Idea: “Informative” draws yield reliable estimates of multimodal data pdf!

» Compare pdf estimates H(x) := = > _| k(Xp,X) via “distances”

- Integrated square-error (ISE) Arsg(p1||p2) = [ (p1(x) — pa(x))? dx
[fpl dX — ’p2)1 ]

A Forr=1,..., Runax

% Sketch V points — X(7) € RPX¥ — (1) (x) := L5 ﬁ:(xg),x)

@ 1 AP ][0) > Amax. then re-sketch /" points é\
2 1 [AGDFT) < Amin) (¥ Fi=1 ) @-@"O‘ Jéw

> Cluster X(™) — {C"")1K - associate X/X("”*) to {C;(CT A

13



‘ RP versus SkeVa comparisons

1.01%: IS = ol ST N SO il = L .
i 8 £ a
by 5 3 ‘—*—full k-means
s W * oy * +RP
E T ‘ < SkeVa
v 0991 ) i = Divergence SkeVa KDDb dataset (subset)
g=] d el
& B P + H“H+ —————————————————— - D = 2’990’384’ N = 10’000’ K = 2
I0'9‘;00 5’.I50 660 6'.I50 760 7'.I50 860 8!')0 960 9!')0 10|00
Number of sampled dimensions - d
10°
10% % % % ¥full k-means
3 +RP RP: [Boutsidis etal ‘15]
-~ SkeVa
©10° 3 Divergence SkeVa versus SkeVa
210"
= l |
____________________ +_________-—---—"_ T T L I
L3N
10__ _"“—-n“ P B___,_-.._..__._.-.-..-.El--h_--_______'g'_'________-i_.-33
|

| 1 | | 1 1 | 1 | J
19’:»00 550 600 650 700 750 800 850 900 950 1000
Number of sampled dimensions - d

14



Performance and SkeVa generalizations

O Di-SkeVa is fully parallelizable
Q. How many samples/draws SkeVa needs?

A. For independent draws, Rax can be lower bounded

Proposition 2. For a given probability 75 of a successful Di-SkeVa draw r quantified
by pdf dist. A, the number of draws is lower bounded w.h.p. g by

log(1 — )

Rmax Z — N
L log (1 — Ay E[A(po, P)]) P
» Bound can be estimated online
i A 2log(q/2) AT (s A L AT (= 2
)(po, P ZA Ay (\/ no(dn)D )2 +AY(p,p) + A (p,po))

O SkeVa module can be used for spectral clustering and subspace clustering

15



Communities In “big” social nets

0 Community structure prevalent in “big” networks [Fortunato’10], [Girvan-Newman’'02]

» Strong intra-cluster connections; weak links elsewhere

O Extensively studied problem with many classical tools

» Graph partitioning [Kernighan et al'70], [Shi et al’'00]

» Modularity maximization [Newman’06]

O “Workhorse” approach: Spectral Clustering [Von Luxburg’07]

> Given weighted adjacency matrix W , want K communities

Compute graph Laplacian Spectral decomposition K-means on rows of

- - K trailing eigenvectors

L = Diag(W1) - W L =UAU"' Uk = [u,...,ux]

16



‘ Spectral clustering as kernel K-means

O Kernel K-means [Dhillon et al’'04]

» Map data {x; € R”})Y, to higher-dimensional (D > D) space x; — ¢(x;) € F

{g}f;ZHQS(Xi yc | > d(x)

71€Cx

“kernel trick”

Kl =o' (x)9(x;) min  tr(K) — tr(IT' KII)

HERNXK

1

> Assignment matrix: [TT];; = [Ck]
0 otherwise

if x; € Cyg

O Proper kernel choice

> Kernel K-means <——> spectral clustering

> Both rely on similarities = useful for graph clustering, but do they scale well?

17



Kernel sketch and validate (K-SkeVa)

O Randomly select ¥ << /N “informative” vertices

Q Algorithm: For r =1,..., Rinax
> sketchy < N vertices: K — K™ ¢ RV*¥
> Run k-means on K" — {Cvl(:)}le, {7’&'(7”)}521
> Re-sketchr’ < N — v vertices — K ¢ Ryxw+v)
> Re-compute clusters w/ newly sampled V' vertices K() ¢ Rv* () {C_l(f)}le
> Validate using consensus set S{™) = {Xg) c X | Fk s.t. X,S,Z") C ((f,(f) N C_,(:))}

[’r* = argrmin £(ST) ]

Q Fully parallelizable!

P. A. Traganitis, K. Slavakis, and G. B. Giannakis, "Spectral clustering of large-scale communities via random sketching
and validation,” Proc. of Conf. on Information. Sciences and Systems, Baltimore, MD, Mar. 2015 18



|dentification of network communities

O Kernel K-means instrumental for partitioning of large graphs (spectral clustering)
» Relies on graph Laplacian to capture nodal correlations

arXiv collaboration network (General Relativity): N=4,158 nodes, 13,422 edges, K = 36 [Leskovec’11]

Spectral Clustering SkeVa (n = 500) SkeVa (n=1,000)
3.1 sec 0.5 sec 0.85 sec

d For D >, kernel-based SkeVa reduces complexity to O(d)

P. A. Traganitis, K. Slavakis, and G. B. Giannakis, “Spectral clustering of large-scale communities via random
sketching and validation,” Proc. Conf. on Info. Science and Systems, Baltimore, Maryland, March 18-20, 2015. 1°



Roadmap

[ Context and motivation

O Large-scale linear regressions

1 Large-scale data and graph clustering

1 Leveraging sparsity and low rank

» Anomaly identification

» Tensor subspace tracking

d Closing comments

20



‘ Anomalies in social graphs

O To identify e.g., “strange” users and “atypical” behavior

Known links
between
suspects

Ahdelhamid Abaaoud is suspected D EX am p I es

O DEAD of arganizing the Paris attacks.

» E-mail spammers

Mr. Abaaoud is suspected of
being a leader of a branch of

wememcswensrie  Can early detection of anomalies » Cybercriminals

called Katibat al-Battar al

Sl halt future terrorist.attacks? _
> Terrorist cells
@ BROTHERS
O Egonet features
o n,
8 am am [+] 1]
Mr. Hedfi was in Ibrahirn Abdeslam Mr. Mostefal had > Degree1 number Of edges,
contact through and Mr. Abasoud been in contact with .
L] e L B Alten. centrality, betweeness, ...
branch. French afficial,

O Challenge: Too many users, BUT few features per user

O Approach: Adopt “egonet” features, and leverage structure; e.g., sparsity and low rank

B. Baingana, P. Traganitis, G. Mateos, and G. B. Giannakis, "Big data analytics for social networks,”

Graph Analysis for Social Media, I. Pitas, Editor, CRC Press, 2015. 21



Low-rank plus sparse model

O Egonets can unveil anomalous behavior [Akoglu et al’10]

O N-node graph with egonet features Y := [yq,...,yn]| € RP>XV

> Yn = |Uni,--- ,ymD]T collects D features for egonet n

» Nominal features related via “ power law” while anomalies are sparse

Y=X+0+E

Low-rank nominal features Sparse outlier matrix

O Account for “misses” via sampling operator Pq

[PQ(Y) =Po(X+0 +E) J

22



Robust low-rank component pursuit

O Low-rank- plus sparsity-promoting estimator

' Y - X —0)% + \IX]l + MO
nin, | Pa( Nz + A X[« + A1][O]1

> 0l = loan and [|IX[. =3 o:(X)
d,n i

O Numerical test: Anomalies in ArXiv collaboration network (General Relativity co-authors)

> D=9, N=5,242 nodes

» Observed Jan. ‘93 — Apr.’03

M. Mardani, G. Mateos, and G. B. Giannakis, ~"Recovery of low rank plus compressed sparse matrices with
application to unveiling traffic anomalies,” IEEE Trans. Info. Theory, vol. 59, no. 8, pp. 5186-5205, Aug. 2013. 23



Modeling Internet traffic anomalies

O Anomalies: changes in origin-destination (OD) flows [Lakhina et al’04]

» Failures, congestions, DoS attacks, intrusions, flooding

L Graph G (N, L) with N nodes, L links, and F flows (F >> L); OD flow z,

1

1 Packet counts per link / and time slot t

0.9r

0.8f

Anomaly )
F / o
Yi,t = Z TI,f(Zf,t +ars) + vy Zj

0.2 9 N T

€ {0,1}

0.1f

0 1 1 1 - 1
0 0.2 0.4 0.6 0.8 1

[ Matrix model across T timeslots: Y = R(Z + A)+V

M. Mardani, G. Mateos, and G. B. Giannakis, “Recovery of low-rank plus compressed sparse matrices with application
to unveiling traffic anomalies," IEEE Transactions on Information Theory, pp. 5186-5205, Aug. 2013. 24



OD flow volume ()? t)

Low-rank plus sparse matrices

O Z (and X:=RZ) low rank, e.g., [Zhang et al‘05]; A is sparse across time and flows

Singular values

x10°
ﬁ: 2
0 - o
0 200 400 600 800 1000
Time index(t)
A 1
{X,A} =arg min -[[Y =X -RA|% + M Al + A [X][.| (P1)
{X,A} 2
Data: http://math.bu.edu/people/kolaczyk/datasets.html 25



Internet2 data

1 S—©5 ‘
| ---- True

£08 “i_| - Estimated
o)
-§ 0.6 —— [Lakhina04], rank=1 | 2 Pfa: 0.03
S - ==+ [Lakhina04], rank=2 3 Py=0.92
S 040! —-=-+[Lakhina04], rank=3 || I
B —O— Proposed method 2
g 8 —— [Zhang05], rank=1
Q 02 - ==-[Zhang05], rank=2

== [Zhang05], rank=3

0 0.2 0.4 0.6 0.8 1
False alarm probability

» |Improved performance by leveraging sparsity and low rank
» Succinct depiction of the network health state across flows and time

Data: http://www.cs.bu.edu/~crovella/links.html

26



‘From low-rank matrices to tensors

 Datacube X €¢ RM*NxT' e.g., sub-sampled MRI frames a,

Y? ~ th (Xt>
A= a;
Co CRr
/ /b2 /bR
: —|‘= Tt S br
M |
| a2 | AR B: ﬁl
d PARAFAC decomposition per slab t [Harshman ’70]
C
R :
Xt =2 e ’Yt,rafrb: = Adiag(v,)B'
= Yi
d Tensor subspace comprises R rank-one matrices {arb;r}f:

Goal: Given streaming Y{* ~ Fg, (Adiag(v,)B"), learn the subspace
matrices (A,B) recursively, and impute possible misses of Y,

J. A. Bazerque, G. Mateos, and G. B. Giannakis, "Rank regularization and Bayesian inference for tensor completion

and extrapolation,” IEEE Trans. on Signal Processing, vol. 61, no. 22, pp. 5689-5703, Nov. 2013. 27



‘Online tensor subspace learning

B Image domain low tensor rank  Y}! =~ F (Adiag(v,)B ")

-

\_

. A
(A, B,) = arg i —me{nY ~ Fo, (Adiag(v,)BIIE + 57,2}

A
+ o (1A% + IBII%)

~

J

B Tikhonov regularization promotes low rank

Proposition [Bazerque-GG ‘13]: With  [o]- = ||a.||||b-|l||c-||

2/3 : 2 2 2
oI5 = omin (1A} +BIE + [CIF)

B Stochastic alternating minimization; parallelizable across bases

B Real-time reconstruction (FFT per iteration) X, = A, diag(%,)B/

M. Mardani, G. Mateos, and G. B. Giannakis, "Subspace learning and imputation for streaming big data
matrices and tensors," IEEE Trans. on Signal Processing, vol. 63, pp. 2663 - 2677, May 2015.

28




Dynamic cardiac MRI test

B in vivo dataset: 256 k-space 200x256 frames

Sampling trajectory R=100, 90% misses R=150, 75% misses

B Potential for accelerating MRI at high spatio-temporal resolution

B Low-rank Fq, (X;) plus Fq, (DS;) can also capture motion effects

M. Mardani and G. B. Giannakis, "Accelerating dynamic MRI via tensor subspace learning,”
Proc. of ISMRM 23rd Annual Meeting and Exhibition, Toronto, Canada, May 30 - June 5, 2015.

29



Closing comments

 Large-scale learning

» Regression and tracking dynamic data
» Nonlinear non-parametric function approximation

» Clustering massive, high-dimensional data and graphs

d Other key Big Data tasks
» Visualization, mining, privacy, and security

1 Enabling tools for Big Data

» Acquisition, processing, and storage

» Fundamental theory, performance analysis
decentralized, robust, and parallel algorithms

=

Elafalo]a) Graphfa b

» Scalable computing platforms

J Big Data application domains ...

» Sustainable Systems, Social, Health, and Bio-Systems, Life—enrichingqﬁd [
nk You!

Multimedia, Secure Cyberspace, Business, and Marketing Systems ..

K. Slavakis, G. B. Giannakis, and G. Mateos, “Modeling and optimization for Big Data analytics,”

IEEE Signal Processing Magazine, vol. 31, no. 5, pp. 18-31, Sep. 2014. 30



	Adaptive Sketching and Validation for Learning from Large-Scale Data  
	Slide Number 2
	Slide Number 3
	Slide Number 4
	Slide Number 5
	Slide Number 6
	Slide Number 7
	Slide Number 8
	Slide Number 9
	Slide Number 10
	Big data clustering 
	Slide Number 12
	Divergence-based SkeVa 
	Slide Number 14
	Performance and SkeVa generalizations 
	Communities in “big” social nets
	Spectral clustering as kernel K-means
	Kernel sketch and validate (K-SkeVa)
	Slide Number 19
	Slide Number 20
	Anomalies in social graphs
	Low-rank plus sparse model
	Robust low-rank component pursuit
	Slide Number 24
	Slide Number 25
	Slide Number 26
	Slide Number 27
	Slide Number 28
	Slide Number 29
	Slide Number 30

