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Global Data Challenge

Total
Investment

* 1.8 zettabytes ( 1.8 trillion gigabytes) stored in oS
500 quadrillion “files” in 2011
*International Data Corporation ( IDC ) Digital
Universe Study

$ Cost per
T ELVAL

« Amount of data is more than doubling every 2
years.

° Digital Universe Paradox : Digital Universe Paradox.
. . . S : IDC iview “ Extracting Value f Chaos”
* Cost of creating, capturing, managing and OHTEE: TP Tview BATIACHG Talue om Thaos

storing information is going down since 2005

 Investment to create, manage, store and
derive information has gone up.
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Terabytes per Month 92% CAGR 2010-2015
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Data at different scales from biologist
Source: “Visualizing Biological data — now and in future”

Global Information Grid project of U.S DoD
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Visualization

Applied across domains

o Biology e.g. Protein Structures
Shows an intuitive movie of events
Too many events
Many events hidden from view
Spatially (Projection)
Short time-scale events




Visualization

Applied across domains |
o Biological Data

N ’
et

o Financial Data

On a recent visit to the
trading floor of a large Wall
Street firm, each trader had
at least 6 monitors.

Each monitor had at least
two plots!



Visualization

Applied across domains
o Biological Data
o Financial Data
o Climate Data
Based on the same data,
o Yes, its getting warmer!

o No, let us produce more
CO2.




Visualization

Applied across domains
o Biological Data

o Financial Data

o Climate Data

o Homeland Security /
Defense

Sensors are getting cheaper

Confluence of
heterogeneous data

Global Network of Data
Sources




Too much temporal data to observe.
O protein structures

Too much spatial data to visualize.
o homeland security

Data coming in too fast.

o financial time series, astronomical data
Observations subject to interpretation.

o Climate Data

o Most of wet lab experiment
We agree to disagree



Limits of Human Perception and Cognition
o Built-in limit on our capability to perceive 1-D signals.
Mean is 2.6 bits, standard deviation is .6 bits.

o Size, Brightness, and Hue
Should be 7.6, but measured at 4.1 bits.
o Conjecture: We do compressed sensing!

No algorithm will change our perception capability
o Not enough resolution
o Too few dimensions (three at most?)



unless we all turn into
cyborgs

and Increase our
abilities (hopefully?)
o Perception

o Cognition




Linear Temporal Logic:

- Language for specification of conjectures. So

Lition

» Has been applied to
» define semantics of temporal expression in
natural languages,
» verification of concurrent programs.

 Syntax of Linear Temporal Logic

o= x;<v|x;2v| (01 V og) | —o1 | (01 Uodg)

UCF



o

Biomarker Conjecture:

The level of protein X in the
blood goes high 4 to 6 months
before a cancer tumor is
observable

Automated
Verification



Yes /
No

Automated
Verification

Trading Strategy Conjecture:
Pair trading future A against

I' future B with open and close
thresholds of 0.1 would produce

il robust profits of $1000 per trade.




Not surprising!

Temporal Logic captures tense in natural language.
o not invented for hardware,
O or software.

Linear temporal logics to capture conjecture on data

o derived from experiments
Natural,
Or computational,
or cyber-physical
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Difference from Traditional Verification

I
f
o}
! - Model

Yes /
No

Checker

Model Verification Verifying Conjectures

Formal specification known from design Set of conjectures not known apriori




Difference from Traditional Verification
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Model Verification Verifying Conjectures

Formal specification known from design Set of conjectures not known apriori

Yes /
No

Checker

Succinct model — may be megabytes Large data — may be petabytes




Difference from Traditional Verification

I
i
'l Formal Model
i - Model

Model Verification Verifying Conjectures

Formal specification known from design Set of conjectures not known apriori

Yes /
No

Checker

Succinct model — may be megabytes Large data — may be petabytes

Model is perfect Data is not perfect - noisy




Difference from Traditional Verification

]
]
"
i - Model

Model Verification Verifying Conjectures

Formal specification known from design Set of conjectures not known apriori

Yes /
No

Checker

Succinct model — may be megabytes Large data — may be petabytes

Model is perfect Data is not perfect - noisy

Specification is not necessarily robust Conjectures must be robust




Really extreme scale data!
o Gigabytes (in our experiments) to Petabytes and Exabytes

Robust conjectures
o Specification would be true even if data was slightly perturbed
o Not all of data is often crucial to prove the conjecture

Next-generation exascale hardware

o No hope of verifying petabyte of data on single processor
Energy needed per unit computation will not be safely dissipated.



Use metric projection to reduce the dimension of the
data before verification starts

Can reduce dimensions by losing information
o Map 1000 dimensional data to 1 dimension

F(X;5 .5 X1000) = X4
Useful in Iterative Relaxation Abstraction, HSCC 2007,2008
o Not useful in general



Use metric projection to reduce the dimension of the
data before verification starts

Can reduce dimensions by losing information
o Map 1000 dimensional data to 1 dimension
F(X e 1000) Xy
Useful in Iterative Relaxation Abstraction, HSCC 2007,2008
o Not useful in general
o Map 1000 dimensional data to 200 dimensions in complex
nonlinear ways
F(X;, o0y Xi000) = (X2 + X2+ ... + X
Too complicated to analyze
May be useful in future but we do not know

10002)



Compress data by linear projection
Take data D and a suitable matrix M

Reduced data Dy =M * D

o Matrix multiplication is easy to parallelize

In general, no guarantees that relate D to Dy,.



If M is chosen randomly from a set of well-formed
distance preserving matrices, D, and D are closely
related.

In particular, distances between points in D and
distances between corresponding points in Dy are
almost the same.



Distance Preserving Projections
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What is a good choice for M?

O

» Any random matrix with entries
o V(3/n) with probability 1/6
o -V(3/n) with probability 1/6
o 0 with probability 2/3

o Where, n is the dimension of the original data.




To verity D(i,j) < c,

It is sufficient to verify

o V(1-€)| IMD@) — M(D(@);0)|| < V(1+€)| IM(D();.) -
M(D(i)j/o)l |

o D(1)
C.

i/ denotes the replacement of the jth component of D(i) by

o Note that every term in the second expression is from the
lower dimension data set MD



To verity D(i,j) < c, it is sufficient to verify

o V(1-e)|IMD(i) - M(D(1);/0)] < V(1+e) |IM(D(1);/.) —
M(D(i)j/o)| |

Proof:
|IMD() — M(D(i), )] |2
< (1+€)| |D(1) — (D(i)j/o)l |2 ... Distance Preserving Projection

= (1 +e)D(i,j)2 ... Choice of Projected Points



To verity D(i,j) < c, it is sufficient to verify

o V(1-e)|IMD(i) - M(D(1);/0)] < V(1+e) |IM(D(1);/.) —
M(D(i)j/o)| |

Proof:

[IMD(@) ;. — M(D(1);,) [

> (1-e)| |D(l) ie (D(i)j/o)l |2 ... Distance preserving projection
= (1-e) c2 .. Suitable choice of points



To verify D(i,j) < c, it is sufficient to verify

o V(1-e)|IMD@) — M(D();/,)| | < V(1+e)| [M(D();,) -
M(D(l)j/o)| |

Proof:

IMD(i) — M(D();,0)| |2 < (1+€)] D) — (D), )| |2+
(1+e)D(1,))?

IMDG) .~ MODG )] 2> G-6) D) = (D)1
- (1-e) c?

ThllS,.\/(l-e)| IMD(@) — M(D();/,)|| < V(1+e)| I M(D();,) -
M(D(l)j/o)| |

=> V(1-e) V(1+e) D(i,j) < V(1+e) V(1-e) ¢

=>D(,j)<c



Overall Flow
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No communication between processes

Only need to communicate projected data to worker
nodes

Massively parallel
Suitable for Exascale computing!

Will not extend to crisp non-robust specifications ©
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Find a pair of securities A and B that are “correlated”.

When the price of A is lower than the price of B,
o Buy A and sell B.

When the price of A is higher than the price of B,
o Buy B and sell A.



Which pair of securities?

How much should the price of A be higher than the
price of B?

o To sell A and buy B

How much should the price of A be lower than the
price of B?

o To sell B and buy A

To maximize profits (robustly)



Simulate the trading algorithm D with different
choices
o D(security1, security2, low, high)

Observe simulation results and find the most
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Simulate the trading algorithm D with different
choices

o D(security1, security2, low, high)

Observe simulation results and find the most
profitable scenario that is robust to small price

800 —

fluctuations.
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NASDAQ, NYSE, AMEX: >5000 securities
#Possible Trading Pairs: >25 million pairs!

Each pair generates a two-dimensional plot
o With 1.5 billion data points
Assuming 100 distinct open and close positions simulated

Too much information to visualize!!

A report with all these images would have a size of about 2 GB!



We evaluated conjectures of the form

o Strategy with future A and future B produces profit $1,000 robustly
when using an open and close threshold of X and Y respectively.

o GPU based implementation of ordinary temporal logic monitoring
algorithm.

Each pair of threshold given its own GPU
o Can print a gigabyte PDF of returns for visualization!!
o Used logic assertions to stop execution when conjecture was violated.

o Obtained about 1,000 graphs to visualize and study!
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Temporal Logics should be used to understand extreme
scale data

The problem is different than traditional verification
o Data is noisy

o Conjectures are often robust

o Extreme scale data on exascale computing

Future:
o Extend theoretical results into an algorithm.
o Evaluate on open source data

Financial data from global markets

And conjectures on trading strategies.









Presentation Agenda

* Current Dimension Reduction and Visualization Algorithms.
* Use of Temporal Logic to express Expert Conjectures
* Dimension Reduction

* Verification of Expert Conjecture

* Conclusion




Prior Work on Visualization and Dimensionality Reduction

» Dimensionality Reduction Algorithm:
i) Principal Component Analysis
ii) Multidimensional Scaling

» Visualization Algorithm: 2-D or 3-D graphical display of multi dimensional data.

A PERIODIC TABLE OFVISUALIZATION METHODS
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Figure 7: Periodic Table of Visualization algorithm by Visual-literacy



