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Hyper (Cyber-Physical-Social) World
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» Cyber — computation, communication, and control that are discrete, logical, and switched

» Physical — natural and human-made systems governed by the laws of physics and

operating in continuous time

» Social — socially produced space, serves as a tool of thoughts, action, mind, sense,

interaction, communications, etc.

Hyperspace = Cyber Space + Physical Space + Social Space
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Characteristics of Hyperworld

“Its basic characteristic is direct mapping between virtual and real worlds via active devices including

sensors, actuators, micro-machines, robots, etc.”
-- Kunii, Ma & Huang, Keynote “Hyperworld Modeling” in VIS’96

*‘? Data/Info Explosion!  Last 5 years’ web data > 5,000 years’ whole data

*.:: Connection Explosion! C2C - D2D - H2H - M2M - CPS - T2T (loT)

% Service/App Explosion! WbS = SaaS = PaaS - laaS - EaaS - Cloud

*& Intelligence Explosion! Ubi-Sensing > CA-> TTT - Aml - Smart W/P




Intelligent Computing Waves

> 15t Al (Logic/KL-based, cyber-based) > 3': Social-based

- Machine learning - Autonomous software

- NLP & Comp-Vision - Multi/Massive agents

- Robot & game theory - Agent language

- Expert system - Agent negotiation & cooperation
- Knowledge/Reasoning - Personal/social behavior

- DAI (Distributed Al) - Web intelligence/semantics

> 2M: Physical-based

- Probabilistic computing > 4% Cyber-Physical-Social

- Fuzzy logic - Physical/everyday things’intelligence

- Neural network - Atop of the above 3 intelligent comp

- GA/Evolutionary computing - Scale, dynamic, heterogeneous, spontaneous
- Chaotic/Swarm computing - Predictable, controllable, adaptable,

- Biologic computing manageable, ethic, ...

- Others-aware & self-aware 2 mind/spirit?




Four Fundamental Issues of HyperWorld

How to realize the harmonious symbiosis of humans, information and things in the hyper

world?

How to implement the data-cycle system as a practical way to realize the harmonious

symbiosis of humans, information and things in the hyper world?
How to investigate intelligence from a holistic way in the hyper world?

How to do unifying studies of humans, networks and information granularity in the hyper

world?
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Compames/SomeUes



http://www.microsoft.com/mobile/developer/benefits/default.asp
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Big Data

What’s the difference between large data and big data?

Large Data:
GB

Massive Data:
TB

Big Data: Just Size?
>PB




Features of Big Data

4A\/s Features

m\/olume
Terabytes, Petabytes,...

m\Variety
Structured
Semi-Structured Big
Un-Structured Variety Veracity
Data
m\elocity

Streaming Data

Processing time requirement

\elocity
Hm\/eracity

Quality of Data




Cyber-Physical-Social Data

W BIGDATA

Terabyt WEB




Challenges Caused by Big Data

Variety

Velocity

Veracity

Large Scale Data, Limited Compute Resources

Diversified Format, Unified Representation

Requirement for quick processing

Inconsistent, Incomplete, Redundant Data




How to tackle the problems caused by the 4Vs of Big Data?
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A Tensor-Based Approach

 Tensor and Tensor Decomposition
e ‘4Vs Problem’ with Tensor

« A Framework for Big Data Analysis and Mining




Tensor Definition

Mathematics: Tensor

Computer Science: Multiple Dimensional Arrays

OEEEEaTT

One Order Tensor:
Vector

Three Order Tensor

Two Order Tensor:
Matrix




Tensor Computations and Algebra (1 2> .

Kronecker product.
Tensor-tensor product
Inverse

Identity tensor

Transpose

Tensor-matrix mode product
Stefan Ragnarsson, Ph.D thesis, 2012, Cornell

A X; B = fold,(B * unfold,(A))

Equivalently: (A%, B, _uy.... = D A s Brs Unfolding on mode 1 (take mode
1 fibers and linearize).
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[llustration

dy
dy X d3
d, d,
d3 > _
dq unfold transpose
dy xd
d 1 X a3
d1 X d3 d2
. Rotate 90°
) . d clockwise.
transpose fold d;
dy X d3
Rotate and repeat.
dy / ds \/ dy
/77777
72 7
— —
d3 dy dy




Formal Description
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Tensor Decomposition

Tensor decomposition is an important data processing tool.

t Big data are modeled as tensors

Big Data




Decomposition Process

Data SvD Matrix data SvD Approximation

A ...

% A= UZVTE

mL a‘mn \
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Incremental SVVD

values by using the incremental

Update the singular vectors and singular
A —UTVT .
decomposition results of matrix A1

Incremental Matrix

Atz (!

Updated U
Updated V

Updated )



HO-SVD Tensor Decomposition
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Approximate Tensor Calculation

Matrix Unfolding SVD for Every Unfolding Matrix

A RI1XIQI3
1 € ‘ L14' — UI-ZI/;T

A2 c R12x11]3

%3 = RIIIQXI:;
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Approximate Tensor _ Core Tensor

LA = Sx;UW % US x3 U x, U LS = Ax1 (U xo (US)T x3 (UHT

xsUL) xg UM xa(UE)T x5 (UL)T xg (UL)T




Incremental HOSVD

XzAG‘BH

Original SVD

B |udl=

Incremental S\VVD




A Tensor-Based Approach

 Tensor and Tensor Decomposition
e ‘4Vs Problem’ with Tensor
« A Framework for Big Data Analysis and Mining
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Fig. 8. Using the tensor extension operator, the sub-tensors are integrated
together to a higher unified tensor.

Unified Representation for Big Data



Velocity

Variety Big Data \eracity
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Incremental HO-SVD

<

J SUpdate Uj, Ug, U3

3.Extension l;:'.'.. 4.Unfolding
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Fig. 10. Example of incremental tensor decomposition,
truncated orthogonal bases U7, U,, Us of new tensor
7T are updated incrementally.




Veracity

Variety Big Data Veracity Original Tensor Core Tensor

Velocity Extract High Quality Core Tensor from PB(TB) Level Medial Tensor
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Volume

High Order Tensor

Variety Big Data

Matrix Unfolding

\elocity

Incremental Lanczos
at matrix level . .

i+1 Ci+k Ci+1 C

i+k

Al = thlglg T
Ay € Rl2xIi1s - ;A'=U'ZV'
LR Two layers incremental SVD parallel

l strateg Ies on servers

Matrix Unfolding

SVD for Every Unfolding Matrix

Approximate Tensor — Core Tensor

F = Sx U xUY xa UY x, UL LS = Ax1 (UD)T x2 (UET x3 (UY)T
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Transparent Computing vs. Cloud Computing

Computation in sever:

» Synthetic SVD Results

» Compute Core Tensor

@

Transparent Server

Transparent Network

Lg ......

Transparent Client

Computation in client:
» SVD
» Incremental SVD

All computation are performed in sever

> SVD
> Incremental SVD

» Compute Core Tensor

Cloud Computing



Distributed Computing with Multi-Objective Optimization

Computation Time Memory Usage ‘ Energy Consumption

Communication Traffic

OPT :minZ = g Tim+ g,Mem+ S,Egy + S, Tra




A Tensor-Based Approach

 Tensor and Tensor Decomposition
e ‘4Vs Problem’ with Tensor

« A Framework for Big Data Analysis and Mining




Big Data Framework

e Sw,
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.-
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The Framework

B > =

Secure Dimensionality Reduction
A Deep Computation Model
Big Data Ranking and Retrieval

A Promising Technique: Fuzzy Tensor




1. Secure Dimensionality Reduction

Encrypt

¥

Plain Tensor Cipher Tensor

Plain Decrypted
Core Core
Tensor Tensor

Decrypt

T o —— —




1. Secure Dimensionality Reduction

Paillier Encryption. Paillier encryption is a partially
homomorphic encryption scheme which is more efficient
than the fully homomorphic schemes. The encryption
and decryption procedure are defined as follows:

c= g™ - 7" mod n?,
L{c* mod n?)

= T(g" mod n) mod n.

The public key cryptosystem is based on the composite
degree residuosity classes. It preserves homomorphic
addition and multiplication that can be described as

E(x) + E(y) = E(z +y),
E(xy) = (E(z))Y mod n?.

No. | Operation | Homomorphic

-1 yes

— yes
X yes

vV no

mod no

1
2
3
4 : no
D
6

il

Encrypted Encrypted
Core Tensor Truncated Bases

Encrypted
Unified Tensor

Egeﬁixnk) E(Chunk) E(E‘}hunk)

‘ N 6 @ Ej

~ Chunk

Chunk

Ciient




1. Secure Dimensionality Reduction

Algorithm 1 Secure Lanczos Iteration on Cloud.
Input:
A symmetric matrix M € R™*".
Output:
The Eigen Values and Eigen Vectors.
1: Select two vectors w, € K", v, € R™ where w?vl =1.
2 Compute v = My, w = MTw,;

3 for j from 1 to k do
T

4 Compute a; = wiv, UV=1— QiU W=w— a;Ww;.
5 if |[v||l, =0 or ||w||2 = 0 then
[ Exit.
7. else
8 Compute w; = vTw. Algorithm 2 Secure Lanczos Iteration on Client.
9. end if Input:
100 if w; =0 then Middle results from Cloud.
11: Exit. Output:
122 else Processed Middle Results.
13: Send w;, v, w to Client. 1: Receive w;, v, w from Cloud.
14 Receive [3;, vj, vj41, wjs1 from Client. 2 B; = Tw;l; v = w;/B;.
15 end if 3 ?Séklld:ﬁvfﬁj; w1 = w/7;. Cloud
. — L Arqree — AT 3. 4 S Vi Vix1, Wiyq to Cloud.
1? en:; E}:l Uptt = Uy W= AT — By 5: Reoeivg th; Trjirt-:ll-iagoil—gl Matrix from Cloud.
6: Compute the Core Tensor and Truncated Bases.

18 Obtain the Tridiagonal Matrix
19: Send the Tridiagonal Matrix to Client.




2. Big Data + Tensor +Deep Learning = Deep Computation

Deep Computation Model:

» Input/Output: Tensor-Based Data
» Hidden: Tensor-Based Features

> Parameter: Tensor-Based Parameters

N

A 1 1 ] a,®
WUEY(s)
l(3)
a 3(2)

Deep Computation Model:

» A General Deep Learning Model for Big Data
»Unsupervised Feature Learning

> Bridge Between Representation and Mining

Clustering || Classification Prediction

| -
Eeep Computation Mod;

ﬁ

L




2. Big Data + Tensor+ Deep Learning = Deep Computation

Deep Computation Model:

» Input/Output: Tensor-Based Data
» Hidden: Tensor-Based Features

> Parameter: Tensor-Based Parameters

Deep Computation Model

» Tensor-Based Computing
»Tensor Distance - Data Distribution

» Cost Function = Tensor Distance

(1) inputlayer->hiddenlayer:.

H=£0" X +b").

9 — {W(l), b(l)}, W(l) c RQXI1XI2X---XIR, b(l)
a = b/'1><]2><---><b/'fI

(2) hiddenlayer>outputlayer:.
h

W,b

(X) = £,0% o { + p¥).

¢

N CCI O AT A
p=KxKx-xk

E RJ]XJ2X"'XJH

¢

Eﬁlxﬁzx---xﬁn

1 & / ﬁ
J00) =1 g0, X0 ¥ + 4 Z‘Z W
mn i=1 2 =L 2 In N
Jyo J J
(2)
+i22'”z(wﬁjz 22 Z H pJ1J2
k=1 j=1 Jjy=1 Jy Ji=l =L J,
N 1
v@ oy _ 2
j(W, b’X :Y ) = ngD(X”’,Y(”)
a=J xJyxox oy =K xK x-oxK
X c ]Pllezx...x[N;X] — X112 IN(I < J.j < ]j,l < J < N)
I=4+Y G =D 1,
Iy = \/21/” 1 " g, —y) &,-y,) = \/(X -y 6x - y)
p,—p, |
Em = 270" - 20° /

N, —p, = \/(1'1 S R (AR A e (N




2. Big Data+Tensor+Deep Learning=Deep Computation Mode

Deep Computation Model:

> Input/Output: Tensor-Based Data

» Hidden: Tensor-Based Features

Deep Computation Model

»Unsupervised Feature Learning

» Bridge Between Representation and Mining

L'T\




3. Big Data Ranking and Retrieval

V%:f~ﬂ~

5-order Tensor

Documents é( é 2 %)

4-order Tensor

-

3-order Tensor

Users

Tensorization

Data Space: Represent heterogeneous data as sub tensors.




3. Big Data Ranking and Retrieval

Record | StudentID | StudentName

Su b -Tensor 1 [D20128803] Liang Chen

Sub-Tensor

") 0,;»»;

Sub-Tensor

(Relation Tensor)

<Ml version='| (F encoding="LTF-¥ =
“University
<Student ategory=doctoral™
00201 28803/ 1[x=
<NarwLuarg Chinr/Mamie>
“Resaarch=
<ArneaIniemei of Things</Arex=

Element Element Element
<ID> <Name> <Research>

Sub-Tensor

“Fogws=Architecture; Sensor Ontology<Focus
<Research>
</Studeng

Sub-Tensor

@

Metric Space: Map all the sub tensors to a Hamming Space, and obtain the similarity

between all sub tensors. The similarities are stored in the relation tensor.




3. Big Data Ranking and Retrieval

Sub-Tensor

“"Flow"” equations:

= 2
ry =r,/2+r,/2

=l‘y/2 +r,

Fr=1x7r

P =T /2 .
Vector I denotes the rank of the data object




3. Big Data Ranking and Retrieval

7

Vmilarity Tensor Distance
@ ﬁ Ao =\/1X ix N i (X = YD) (X = Vi)

I,m

= J(x=y) G(x~y)

In the metric space, the similarity is ( 2)
1 o) IR=FRul;

computed with tensor distance. glm = > EXP 4 :
270, 20,

\ J




Veracity

Redundancy, Uncertainty, Inconsistency, Incompleteness

Extract the distinguish dimensions that can best capture the characteristics of big data




4. Fuzzy Tensor

Data Structure: 4V

!

Data Feature: 41

Tensor Generalization:
Tensor == Fuzzy Tensor

What/How

—_— e




4. Fuzzy Tensor

Fuzzy Data > @ - / Reduced Fuzzy HOSVD—

/ Rule Tensor
Rule
Base

Discovery

Core &) Core Rule ‘
—HOSVD < / Tensor / HOSVD

Non-Fuzzy Data
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[llustration 1:
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Sub Tensor;

Sub Tensor

~ * Deep Computation for Mining and Analysis
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OPT :minZ = BF, + B,F, +--+ BF.
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[llustration 2:

Smart Home




Heterogeneous Data from Intelligent Device




Four Step to Construct Six-Order Tensor

Smart Home

» Social Space: Father, Mother, Children...
» Physical Space: Bedroom, Dining room...

» Cyber Space: Computer, Electronic devices...

Step 2: Matrix Unfolding of Tensor A

]r
I U )
1,
P . I U@
Step {: Initial Tensor A Construction u

@

Step 3: Core Tens

or S Construction

I,

"Ul’«?)

8 __.-"'-U("’)

Step 4: Approximate Tensor Consiruction



Initial Tensor
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Tensor Decomposition

0 /f/ 0 0 0.436
0 0 0 1 0 :
,9/ 0 0 0 |0.795
U(c) 0 0 1 0 0 ..
0 ﬁ/ 0o [1175] o0
0 1 0 0 0
=
t:/ 0 0 | 0554 o0
0 0 0 0 1 S
J 0 /(/ 0547 | 0 0
u
A /
0 |[1063]| 0 0 | 0 0 0 0
//
0436 | 0.795 0 /2‘40 0 0 0 0 0 0 1 0
0.501 -0.417 -0.638 0 0 0 0 0 1 0 0
//ﬁ/




Approximate Tensor Construction

/ .
oo o] o 0 0 0 2
0| 0| o0o| o] o ] 7 0 7
oo oo @ 0 0 0 [
Step 1 o | 0| o] o|pm 2 ? > 5
o [ o 0 0 0 0.015 0
A_’ 0o | o 0 0 0 .596 0
0| o 0 0 0 1.076 0
0] o 0 0 0 -0.10 0/
0 0 0 0
0 0 0 [
0 0 0 0/
J = = > 5l Step 3
]
0 Ic 0 0 0 0 %
0 0 0 2 0 7]/ «— A
I 0 I 0 0 0 0/
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Likelihood Generated by Approximation Tensor

Record User Time & Space |Cyber Resource l\?W:ight llWeight 2I
1 Charles| 6:00PM, Living Rm. TV, =1 1 0.896
2 Lucy |[6:30PM, Swim.Pool |  Faucet,,=1 | 0.823
3 Alice | 7:10PM, Kitchen Pot,,=1 1 1.076
4 Lucy | 8:00PM, PC Rm. PC,,=1 1 1.164
. Alice |8:00PM, Living Rm. TV, =1 1 1.076
6 |Charles| 9:00PM, Kitchen Pot,,=1 ] (0.896
7 Lucy | 9:30PM, Bed Rm. LE =1 | 0.953
& Alice | 10:10PM, Bed Rm. LE, ;=1 ] 0.735
9 Bob | 11:30PM, PC Rm. PC,,=1 1 (0.489
10 |Charles| 10:10PM, Bed Rm. LE ;=1 - 0.359
11 Bob | 9:30PM, Bed Rm. LE ;=1 - 0.334
12 Bob | 6:30PM, Swim.Pool Faucet,,=1 - 0.341




Published Research Work




Unified Representation Model for Big Data
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Incremental HOSVD
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Distributed Dimensionality Reduction of Big Data
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A tensor-based framework for big data Representations, Relations,

Reductions, Retrieval, Reasoning and Recommendations!




