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Skip Ad In a fractional hour

07/06/2020 Why BD and ML must meet FC?



UCMERCED 4
University of California, Merced

e The Research University of
the Central Valley

* Centrally Located
— Sacramento — 2 hrs
— San Fran. -2 hrs
— Yosemite — 1.5 hrs
— LA -4 hrs

« Surrounded by farmlands
and sparsely populated
areas

07/06/2020 Why BD and ML must meet FC?
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http://www.ucmerced.edu/fast-facts

07/06/2020
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UC Merced

Established 2005

15t research university in 215t
century in USA.

6815//,375 Undergraduates
521/592 Grads (most Ph.Ds)

60% (70%) 15t generation;
60% Pell

Strong Undergraduate
Research Presence (HSI, MSI)

2020: 9K undergrads, 1K grads
$1.3B expansion: now ~ 2020

Why BD and ML must meet FC?
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2017 (2018) U.S. News and World Report Rankings

Campus Public National
UC Berkeley 1 20

UCLA 2/1 24

UC Santa Barbara 8 37

UC Irvine 9 39

UC Davis 10 44

UC San Diego 10 44

UC Santa Cruz 30 79

UC Riverside 56 118

UC Merced 78 /67 /44 152 /136 / 107

https://www.universityofcalifornia.edu/news/6-uc-campuses-named-among-nation-s-top-10-public-universities

r//news.ucmerced.edu/news/2018/uc-merced-rises-nearly-30-spots-us-news-rankings
07/067262% Why BD and ML r%ust mget FC? J



UCMEK:ED Slide-7/1024 MESA LAB

2020 U.S. News and World Report Rankings
Graduate / Engineering

Campus National
UC Berkeley 3
UC San Diego 11
UCLA 16
UC Santa Barbara 24
UC Davis 31
UC Irvine 36
UC Riverside 75
UC Santa Cruz 87
UC Merced 134/107

https://www.universityofcalifornia.edu/news/thinking-about-graduate-school-uc-
priogrerns-top-us-news-2020-rankings Why BD and ML must meet FC?



W: mechatronics.ucmerced.e
UCMEmEDDr YangQuan Chen, chhen@ieee.ccl)\r{:]IESA AB

tronics, Embedded
Systems and Automation Lab

Real solutions for sustainability!

Established Aug. 2012 @ Castle, 4,500+ sq ft
6 Ph.D/10+ undergraduate researchers

10+ visiting scholars || sponsored /

mentored many capstone teams

Research Areas of Excellence:

(I1S1 H-index=61, Google H=83; i10=463, HCR-2018,19)
Unmanned Aerial Systems & UAV-based
Personal Remote Sensing (PRS)
Cyber-Physical Systems (CPS)
Mechatronics

Applied Fractional Calculus
Modeling and Control of
Renewable Energy Systems

Education and
Outreach Activities:

Eng Service Learning(Spl4)

AlAA Student Branch @UCM

Preview Days, Bobcat Day etc.
Robots-n-Ribs|MESABox! STEM-TRACKS
TEAM-E; UASASTEM. USDA HSI: 2016-20
ME142 Mechatronics (take-home labs)
ME280 Fractional Order Mechanics
ME211 Nonlinear Control

ME143 Unmanned Aerial Systems

Projects Related to
San Joaquin Valley:

Energy [Solar/wind

energy, Building efficiency
(HVAC lighting), smart grids
integration, NG pipelines]
Water (Water/soil salinity
management, water sampling UAVS)
Precision AgZEnvironment (Crop
dynamics, optimal harvesting, pest,

ME?212 Robusthess and Ontimalitv

methane sniffing/mapping, DH ...)
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ultl -campus Synergy on CIDERS
Callfornla Institute of Data-drone Engineering and Services

UCM, UCSC,UCB, UCSD,
LLNL

CIDERS in Scientific data-drones: platforms, operation, and certification

UCM
UCD
UCSD

CIDERS in precision agriculture
UCM

UCD
LBL
SNL

CIDERS in environmental monitoring: water, fire, soll, dust, AQUCSD

Why BD and ML must meet FC”
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Outline

* Fractional Calculus, Complexity, and
Fractional Order Thinking

e Big Data, Variability, and Fractional Calculus

 Machine Learning, Optimal Randomness and
Fractional Calculus

* Looking Into Future: Fractional Calculus is
Physics Informed

07/06/2020 Why BD and ML must meet FC?
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What is “Fractional Calculus”?
e Calculus: integration and differentiation.

* “Fractional Calculus’: integration and
differentiation of non-integer orders.

— Orders can be real numbers (and even complex
numbers!)

— Orders are not constrained to be “integers” or even
“fractionals”

How this is possible?
Why should | care?

Any (good) consequences (to me)?

07/06/2020 Why BD and ML must meet FC?
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Soft matters, complex fluids

07/06/2020 Why BD and ML must meet FC?
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“Fractional Order Thinking”

or, “In Between Thinking”

e For example

— Between integers there are non-integers;

— Between logic 0 and logic 1, there is the “fuzzy logic”;

— Between integer order splines, there are “fractional order
splines”

— Between integer high order moments, there are noninteger
order moments (e.g. FLOS)

— Between “integer dimensions”, there are fractal dimensions

— Fractional Fourier transform (FrFT) — in-between time-n-freq.

— Non-Integer order calculus (fractional order calculus — abuse of
terminology.) (FOC)

07/06/2020 Why BD and ML must meet FC?
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“Fractional Order Thinking”

e Self-similar e Porous media
o Scale-free/Scale- * Particulate

invariant * Granular
e Power law * Lossy

 Anomaly

* Long range e Disorder

dependence (LRD) , g tissue, electrodes,
e 1/f @ noise b10, nano, network,

transport, diffusion,
soft matters (biox) ...

07/06/2020 Why BD and ML must meet FC?
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What Is considered as complex?

(Inverse) Power Law C(IPL)

() BREIAR

https://www.zhihu.com/question/20313934
AT ABREIHRSRITFHRBEAELIHBZED?

07/06/2020 Why BD and ML must meet FC?
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omplexity “bow tie

(When you start to call it complex?)

behaviors, ... Long Memory ...

Complex I Scale-Free,
systems. P Heavy-Tailedness,
phenomena, Long Range Dependence,

07/06/2020 Why BD and ML must meet FC?



“UCMERCED MESA LAB

Empirical Power Laws

Complex Webs: Anticipating the Improbable, B.J. West and P. Grigolini, Cambridge (2011).

18


Presenter
Presentation Notes
	Here is a list of phenomena covering 10 disciplines, whose regularity is captured by scaling laws and/or power law distributions. Such behavior has been the hallmark of complexity for many scientists and here I take it to be the harbinger of the fractional calculus. From the inverse power law tail of income first discovered by Pareto and now bears his name, to the distribution of airway diameters in the bronchial tree, to the rank ordering in the number of citations of published papers. The complexity of the underlying phenomena in each of these cases I maintain will lend itself to a fractional calculus description sooner or later.
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|IPL 1n Different Contexts

Scale-free networks (degree distributions)
Pink noise (power spectrum)

Probability density function (PDF)
Autocorelation function (ACF)

Allometry (Y=a X°)

Anomalous relaxation (evolving over time)
Anomalous diffusion (MSD versus time)
Self-similar

07/06/2020 Why BD and ML must meet FC?
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Other connectedness to FC? (hidden)

 Fractal, irregular, anomalous, rough, Hurst
— Multifractal, multi-scale, scale-rich

« Renormalization (?), Universality

e EXxtreme events— spikiness, bursty, intermittence
 Fluctuation in fluctuations; Variability,

e Emergence, Surprise, Black swan

« Nonlocality, Long term memory

e Complex (behavior, processes, network, fluid, dynamics,

systems ...)

e When the forest is big, there are all types of birds ("It takes

all kinds” K1 K 1 4 &#EA), 20/80 rule(Z )\ €%

=2
)

07/06/2020 Why BD and ML must meet FC?
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My submission:

Fractional dynamics
point of view
of
complex systems for complexity
characterization and regulation

07/06/2020 Why BD and ML must meet FC?
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Complex I Scale-Free,
systems. P Heavy-Tailedness,
phenomena, Long Range Dependence,
behaviors, ... L Long Memory ...
Mittag-Leffler Law
Fractional _
dynamic Fractional calculus

based models
07/06/2020 Why BD and ML must meet FC?
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Power Law

f(z) = ax®

When kis negative: Inverse power law
Scale-free

Scale invariance /
f(ex) = a(ex)* = & f(x) o f(x).

o “Scaling laws in cognitive sciences” by CT Kello, GDA Brown, R Ferrer-i-
Cancho, JG Holden, K Linkenkaer-Hansen, T. Trends in Cognitive Sciences
14 (5), 223-232, 2010

07/06/2020 Why BD and ML must meet FC?
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Complex I Scale-Free,
systems. P Heavy-Tailedness,
phenomena, Long Range Dependence,
behaviors, ... L Long Memory ...
Mittag-Leffler Law
Fractional _
dynamic Fractional calculus

based models
07/06/2020 Why BD and ML must meet FC?
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Root of long (algebraic) tail, or

Inverse power law

Tail MATTERS!

07/06/2020 Why BD and ML must meet FC?
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Heavy tall, fat tall

PIX >z]~ 2"
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Brownian motion Lévy flights
a _ b A
DE '
/ 3
s 11
'L «\ Hi pTe !\ﬁ{
Wandering albatrosses flight search patterns

G.M. Viswanathan, et al. Nature 381 (1996) 413-415.

07/06/2020 Why BD and ML must meet FC?
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[7] S. Stoev, and M.S. Taqqu,

Splklness/Burstlness

"Simulation Methods for 0,=-0.97,8,=0.3 $.=0, 8.=0 ¢.=0.97 6.=03
: : 1 1 771 |
Linear Fractional Stable 20 . . 100
Motion and FARIMA
Using the Fast Fourier <0 ol
Transtorm”. Fractals, 20040 1 . i
- ol
Kai Liu, YangQuan Chen,* " 0 0
and Xi Zhang. An
' 20, -10 - 50 -
Evaluatlon of ARFIMA ‘ 5000 10000 O 5000 10000 O 5000 10000
Autoregressive
Fractional Integral 200 100 100
Moving Average) I, - D‘W’Wﬂ\
Programs. Axioms 2017, & . 00 i
6(2), 16; " ool _
doi: | -100 ror -200} .
-200 - -200 . -300 -
0 5000 10000  © 5000 10000 ~ 0 5000 10000
4000 - 1000 - 1000
o
S 2000 I o DQWMJ»M
Il
Z Ottt -1000) { -1000}
E -2000 | 2000} | 2000}
4000, 5000 10000 g 5000 10000 > g 5000 10000

FARIMA(1.4, 1)


http://dx.doi.org/10.3390/axioms6020016

UCMERCED Long-range  VIESALAB

dependence

Hurst

Self-similar
4parameter

ARFIMA

o-Stable
distributions\. COIM p lex
sighals

Network Traffic, Smart Grids
HRYV, Outliers in time series,
biox signals ...

Fractional Gaussian

“Spikiness” noise (FGn)

intermittence Heavy tails

Fractional Brownian motion (FBm)
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Connection to FC via PDF

* “Fractional Calculus and Stable Probability
Distributions” (1998) by Rudolf Gorenflo , Francesco

Mainardi http://arxiv.ord/pdf/0704.0320.pdf

O u 0%
—:D((I . — 0 < < —I_C)Q._ t> U'.
ot ) 0| |e | -
with  w(x,0) =6(x) 0<a <2
07 0%
—— = (/3 —. x>0, t>0.
ot20 (A) Ox? - -

07/06/2020 Why BD and ML must meet FC?
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Credit: Bruce West

e Can these be
synthesized?

 |s the fractional
calculus entailed by
complexity?

33


Presenter
Presentation Notes
	Lest you be lulled into a false sense of security, let me present some additional mathematical models that have unique complexity properties. The complexity of chaos in nonlinear dynamical systems, with its sensitive dependence on initial conditions, is very different from the feedback behavior of homeostasis in systems theory, which shares some characteristics with collective intelligence of networks, that is unlike reactive-diffusive systems.
	The short answer to the question is no. But let us take a step back to Newton and his version of the differential calculus, fluxions. No where in the Principia is there any mention of fluxions, all the argument are geometrical. Unless one looks very closely and behind those arguments are the differential we know. Thus, the differential calculus is not entailed by classical mechanics, but it is certainly a more natural description than geometry.
	In the same way the fractional calculus is not entailed by complexity, but is certainly the more natural way to describe the behavior of complex phenomena.


UCMERCED
Take home messages

* Triangle:
 Complexity
e Power Law
 Fractional Calculus

o Stochasticity with rich forms
(heavytailedness)
* Fractional order master equations
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Outline

* Fractional Calculus, Complexity, and
Fractional Order Thinking

e Big Data, Variablility, and Fractional Calculus

 Machine Learning, Optimal Randomness and
Fractional Calculus

* Looking Into Future: Fractional Calculus is
Physics Informed

07/06/2020 Why BD and ML must meet FC?
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10 V’s of Big Data
. 139/ Volume

o #2/Velocity

o #3: Variety

o #4: Variability y—
o #5: Veracity

o #6: Validity

o #7: Vulnerability
o #8: Volatility

e #9: Visualization

o #10: Value
https://tdwi.org/articles/2017/02/08/10-vs-of-big-data.aspx_.

07/06/2020 Why BD and ML must meet FC?
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When talking about big data, we have to talk about “10V"s.

» Variability in big data's context
refers to a few different things. One
IS the number of inconsistencies In
the data. These need to be found
— by anomaly and outlier detection
methods in order for any
meaningful analytics to occur.
» Variability can also refer to diversity.
In practice, the data can be
classified into several different

types, for example, W
unhealthy.

. Velocity
. Variety
4: Variability
. Veracity

. Validity

: Vulnerabili
. Volatility
‘\Visualizati
#10:\Value

httos://tdwi.ora/articles/2017/02/08/10-vs-of-big-data.aspx
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#1: Volume

. As the same photo
usually has multiple instances stored across different devices,
photo or document sharing services as well as social media
services, the total number of photos stored is also expected to grow
from 3.9 trillion in 2016 to 4.7 trillion in 2017.

e --1In 2016 estimated
. That's 6.2 billion gigabytes.

07/06/2020 Why BD and ML must meet FC?


http://www.statisticbrain.com/youtube-statistics/
http://mylio.com/true-stories/next/how-many-digital-photos-will-be-taken-2017-repost
https://www.statista.com/statistics/271405/global-mobile-data-traffic-forecast/

UCMER(;ED Slide-39/1024
#2: Velocity

« Velocity refers to the speed at which data is being
generated, produced, created, or refreshed.

e Sure, It sounds impressive that Facebook's data
warehouse stores upwards of , but
the velocity at which new data iIs created should be taken
Into account. Facebook claims 600 terabytes of incoming
data per day.

« (Google alone processes on average more than "

" which roughly translates to
more than 3.5 billion searches per day.

07/06/2020 Why BD and ML must meet FC?


https://code.facebook.com/posts/229861827208629/scaling-the-facebook-data-warehouse-to-300-pb/
http://www.internetlivestats.com/google-search-statistics/
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#3: Variety 4L

« \When It comes to big data, we don't only have to
handle structured data but also semistructured and
mostly unstructured data as well. As you can
deduce from the above examples, most big data
seems to be unstructured, but besides audio,
Image, video files, social media updates, and other
text formats there are also log files, click data,
machine and sensor data, etc.

07/06/2020 Why BD and ML must meet FC?
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#4: Variability 22461

« Variability in big data's context refers to a few different
things. One Is the number of inconsistencies In the data.
These need to be found by anomaly and outlier detection
methods in order for any meaningful analytics to occur.

e Big data Is also variable because of the multitude of data
dimensions resulting from multiple disparate data types
and sources. Variability can also refer to the inconsistent
speed at which big data is loaded into your database.

07/06/2020 Why BD and ML must meet FC?
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#5: Veracity ESE%

* This Is one of the unfortunate characteristics of
big data. As any or all of the above properties
Increase, the veracity (confidence or trust in the
data) drops. This is similar to, but not the same as,
validity or volatility (see below). Veracity refers
more to the provenance or reliability of the data
source, Its context, and how meaningful it is to the
analysis based on it.

07/06/2020 Why BD and ML must meet FC?
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#6: Validity 5 314

o Similar to veracity, validity refers to how accurate
and correct the data Is for Its intended use.
According to of a
data scientist's time Is spent cleansing their data
before being able to do any analysis. The benefit
from big data analytics Is only as good as Its
underlying data, so you need to adopt good data
governance practices to ensure consistent data
quality, common definitions, and metadata.

07/06/2020 Why BD and ML must meet FC?


http://www.forbes.com/sites/gilpress/2016/03/23/data-preparation-most-time-consuming-least-enjoyable-data-science-task-survey-says/
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#7: Vulnerability Mag5 14

« Big data brings new security concerns. After all, a data breach with
big data is a big breach. Does anyone remember the infamous
?

« Unfortunately there have been many big data breaches. Another
example, . In May 2016 "a hacker called Peace
posted data on the dark web to sell, which allegedly included
Information on 167 million LinkedIn accounts and ... 360 million
emails and passwords for MySpace users."

 [nformation on many others can be found

07/06/2020 Why BD and ML must meet FC?


http://krebsonsecurity.com/2015/07/online-cheating-site-ashleymadison-hacked/
http://www.crn.com/slide-shows/security/300081491/the-10-biggest-data-breaches-of-2016-so-far.htm/pgno/0/5
http://www.informationisbeautiful.net/visualizations/worlds-biggest-data-breaches-hacks/

UCMERCED  stssox
K#8: Volatility ¥ & 1%

 How old does your data need to be before it is considered
Irrelevant, historic, or not useful any longer? How long does data
need to be kept for?

» Before big data, organizations tended to store data indefinitely -- a
few terabytes of data might not create high storage expenses; it
could even be kept in the live database without causing
performance issues. In a classical data setting, there not might even
be data archival policies in place.

« Due to the velocity and volume of big data, however, its volatility
needs to be carefully considered. You now need to establish rules
for data currency and availability as well as ensure rapid retrieval
of information when required. Make sure these are clearly tied to
your business needs and processes -- with big data the costs and

o&amplexity of a storage and rthVEiyeB\[/)z%I!1 Process are magnified.
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#9: Visualization

« Current big data visualization tools face technical challenges due to
limitations of in-memory technology and poor scalability,
functionality, and response time. You can't rely on traditional
graphs when trying to plot a billion data points, so you need
different ways of representing data such as data clustering or using
tree maps, sunbursts, parallel coordinates, circular network
diagrams, or cone trees.

e Combine this with the multitude of variables resulting from big
data's variety and velocity and the complex relationships between
them, and you can see that developing a meaningful visualization is
not easy.

07/06/2020 Why BD and ML must meet FC?
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#10: Value

 Last, but arguably the most important of all, is value. The
other characteristics of big data are meaningless if you
don't derive business value from the data.

 Substantial value can be found in big data, including
understanding your customers better, targeting them
accordingly, optimizing processes, and improving
machine or business performance. You need to
understand the potential, along with the more challenging
characteristics, before embarking on a big data strategy.

07/06/2020 Why BD and ML must meet FC?
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o
\

TR ) R (475-221BC) i
?ﬂlﬁa%ﬂ]*ﬁfiﬁwa%ﬂw\;ﬁﬁ’] N¥EE,

» What is “%5%” for Big Data?
— Variability
“The Only Thing That Is Constant Is Change -

— Heraclitus 9z 56 7 K7 (L2 Jo T T 20 A
FEH )

07/06/2020 Why BD and ML must meet FC?


https://baike.baidu.com/item/%E4%B8%87%E5%8F%98%E4%B8%8D%E7%A6%BB%E5%85%B6%E5%AE%97
https://baike.baidu.com/item/%E8%8D%80%E5%AD%90/6764725
https://baike.baidu.com/item/%E8%8D%80%E5%AD%90/6764725
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(Fractlonal Order) .

“It 1s In changing that we find purpose.

— Heraclitus

e “Nothing endures but change.”
— Heraclitus

* “No man ever steps in the same river twice, for

It's not the same river and he's not the same
man.”

— Heraclitus

07/06/2020 Why BD and ML must meet FC?


Presenter
Presentation Notes
Before the invention of IO calculus, the concept of dynamics is already there, but I argue it s in fact the “fractional order” dynamics from the beginning !
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2000+ years later

Integer Order Calculus
 Invented late 17th century by and

» Note: }riteger Oder iew o@s
only“for our oy\m “convenience”(Scott Blair)
7 —

e Denying fractional calculus Is as saying there Is

Nno non-integers In betweeryintegers

07/06/2020 Why BD and ML must meet FC?


https://en.wikipedia.org/wiki/Isaac_Newton
https://en.wikipedia.org/wiki/Gottfried_Wilhelm_Leibniz
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“We may express our
concepts in Newtonian
terms If we find this
convenient but, If we do

S0, we must realize that
we have made a
translation into a
language which Is
foreign to the system
‘which we are studying.”
07&1950)

/2020 Why BD and ML must meet FC?
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(anything’s) variability

. , changes in the components of Earth's
climate system and their interactions

. , @ measure of the tendency of individual
genotypes in a population to vary from one another

. , a physiological phenomenon where the
time interval between heart beats varies

. , the range of possible values for any
measurable characteristic, physical or mental, of human beings
. , when a quantity that is measured at different
spatial locations exhibits values that differ across the locations
. , @ measure of dispersion in statistics

*Gait, breath, cognitive, temperature, soll, crop, ......
https://en.wikipedia.org/wiki/Variability

07/06/2020 Why BD and ML must meet FC?


https://en.wikipedia.org/wiki/Climate_variability
https://en.wikipedia.org/wiki/Genetic_variability
https://en.wikipedia.org/wiki/Heart_rate_variability
https://en.wikipedia.org/wiki/Human_variability
https://en.wikipedia.org/wiki/Spatial_variability
https://en.wikipedia.org/wiki/Statistical_variability
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Cosmic Background Radiation
https://i.ytimg.com/vi/WB5jmdJvQeU/maxresdefault.jpg

07/06/2020 Why BD and ML must meet FC?
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Variability in universe? True

http://www.americaspace.com/wp-
content/uploads/2015/08/Pagell.jpg

07/06/2020 Why BD and ML must meet FC?
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Variability in “big data™?

o Surel
» But how MAD)about it?

— We need Fractional Calculus!

So, to be complex to/have big data?"

e Sure! 7

« But how MADabout it?
— We need Fractional Calculus!

07/06/2020 Why BD and ML must meet FC?
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Yes, BD should meet FC!

HOW?
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FODA: Fractional Order Data Analytics

o First proposed by Prof. YangQuan Chen 2015.
@ased on using fractio rder signal
processing techniques for uantlfylng the/ enerati
w of observed oripe '
parameter, fGn, fBm, ...

ractlonal order integral, differentiation

)_OI\/I/FLOS (fractional order lower order
moments/statistics) —

— /Alpha stable processes, Levy flights
— ARFIMA, GARMA (Gegenbauer), CTRW ...

07/06/2020 Why BD and ML must meet FC?
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C O D

07/06/2020 Why BD and ML must meet FC?
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B

https://www.exelisv is.com/ Learn/WhitepapersDetaiI/Tab 1d/802/ArtMID/2627/Ar
ticlelD/13742/Vegetation-Analysis-Using-Vegetation-Indices-in-ENVI.aspx

07/06/2020 Why BD and ML must meet FC?
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http://www.intechopen.com/books/responses-of-organisms-to-water-stress/water-stress-and-agriculture
07/06/2020 Why BD and ML must meet FC?
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ND@VS. water stress??

NDVI vs. SWP (with shaded region)

0.8
07 q& vy = -0.0008x + 0.4407
¢ RE=0
0.6 =0.
05 5 Y
8 04 ‘*—;——ég—
z 03 *e ’,’* 4 NDVIvs. SWP
0.2 * Linear (NDWVIvs. 5W
' T .
01
0
o 10 20 30 40
SWP(-Bars)

NDVI vs. SWP (without shaded region)

07
06 g v = -0.0012x+ 0.4560
' RZ = 0.005
05 *
os qﬁ—ﬁ&"
3 +*
Z 03 W 3o # NDVIvs SWP
0.2 Linear (WDWI1wvs. SWP)
01
u {
0 10 20 30 40

WP(-Bars
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Drones as “Tractor 2.0” for Farmers

* RRR or SSM of water, fertilizers, pesticides etc.
 Fractional Calculus may save the world one day.

e Drones create big data and demand EQDA due to
“complexity” thus variability, inherent in life

Process.

07/06/2020 Why BD and ML must meet FC?
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Outline

* Fractional Calculus, Complexity, and
Fractional Order Thinking

e Big Data, Variability, and Fractional Calculus

 Machine Learning, Optimal Randomness and
Fractional Calculus

* Looking Into Future: Fractional Calculus is
Physics Informed

07/06/2020 Why BD and ML must meet FC?
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Meaningful
Compression

Structure Image

i iy Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai ? Classification Diagnostics
Visualistaion Reduction Elicitation Detection

Advertising Popularity
Prediction

Learning Learning ) Weather

Forecasting

. Unsupervised Supervised

Systems

Clustering Regression

Machine ey

Growth
Prediction

Targetted

Marketing
Forecasting

Customer

== Learning

Estimating
“Tife expectancy

Real-time decisions

</

; Robot Navigation
SR
07/0vszucu

Gamg Al

Reinforcement
Learning

Skill Acquisition

Credit:
Learning Tasks 2019 KFUPM Dr. Mariem Y. Zouch

Why BD and ML must meet FC?
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3 =Fes RAE—

Y2 VS.
EOVAR - -

EREKR?

[Speed] ﬂ[Learnlng]_[Accu racy]

onvergenc ptimization Global
rate methods Searchlng

More
Intelllgent
More %AA

B
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bibel g

PAIEEIRE

@then @t

3 (i) RE=E
L

ARERIEAR

—

Learning algorithm is
Important, or we will
tire to death

07/06/2020 Why BD and ML must meet FC?
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Reflection jii&:
d(Machine) Learning is now a hot research topic; .

dHow to learn efficiently (optimally) is always important;

dThe key for learning Wmization method;

o — ——
dThus designing a@ method is the

most important topic now /
dWhat is the optimal way to optimize?
dWhat is the more optimal way to optimize?
————

L coreds optimization, can we d Machine

Learning” (i.e., @wnh minimum/smallest labelled data) ?
~_



Levy flight is optimized randomness for albatross
via millions of year evolution or slow optimization

a

Wandering albatrosses flight search patterns

N~
G.M. Viswanathan, et al. Nature 381 (1996) 413-415.




Levy flight is optimized randomness for albatross
via millions of year evolution or slow optimization

Q .
o

Can it be more optimal?

Wandering albatrosses flight search patterns

G.M. Viswanathan, et al. Nature 381 (1996) 413-415.
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Nowadays, Big Data and Machine Learning are two hottest
topics and they are closely related to each other. To better
understand them, we also need F.C. (9Z7F49) and
HT (EFE)

=

Opportunities of machine learning

\ Advanced
] customization

i‘{:?/.

[
Image recognition m

\Y)
b 4

Voice recognition

ODnce:FIerér;Zﬁ%e; [\ I Jj Sensory data analysis

Intelligent data analysis
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Slide-73/1024
N

A
Nonli Nondifferentiabl
onnear Nonlinear Equations on l_ e.r en-La ¢ Global Optimization
Least Squares Optimization

/ . . .
Optimization
r A
Uncertainty Deterministic Multiobjective Optimization
\ \.
Stochastic Programming Robust Optimization Continuous Discrete
| \
/ Integer Combinatorial
Unconstrained Constrained € . L
Programming Optimization

—

Nonlinear Programming

Network Optimization

Bound Constrained

Linearly Constrained

T~

\

L\

Semiinfinit
Semidefinite Programming ermurinite

Programming

Mathematical Programs
with Equilibrium Constraints

Mixed Integer

Nonlinear Programming

Derivative-Free
Optimization

Quadratic
Programming

Linear
Programming

/
Second-Order
Cone Programming

Quadratically-Constrained
Quadratic Programming

Complementarity
Problems

https://math.stackexchange.com/questions/3664716/taxonomy-
overview-of-optimization-methods

07/06/2020
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Two broad categories

» Derivative-free v

- Direct Search; NM, PSO
e Gradient-based \
— GD and its variants

07/06/2020 Why BD and ML must meet FC?



UCME%ED Slide-75/1024

Derivative-free

Single agent search vs. swarm-based search

2-D Alpine function
>

n

f(x) = f(x,..., Tpn) = Z |z; sin(z;) + 0.1x;

=1

07/06/2020 Why BD and ML must meet FC?
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Explorais often achieved by randomization or
random humbers in terms of some predefined

robability distributions.
TN

Exploitation F#AFIA uses lacal information such as gradients
to searcﬁ@more Intensively, and such intensification

can enhance the rate of convergence.

What is the optimal randomness?

T Te—

)
JWel, YQ Chen, Y Yu, Y Chen (2019). Optimal Randomness in %

Swarm-Based Search. Mathematics 7 (9), 828 [ ' ]
- T

07/06/2020 Why BD and ML must meet FC?



https://www.mdpi.com/2227-7390/7/9/828
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AHT EE distributions — sample paths
-/

) -

07/06/2020 Why BD and ML must meet FC?
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2.3 Experimental results

J

07/06/2020 Why BD and ML must meet FC?
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— oV

-

R
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\ -

0 Y,

07/06/2020 Why BD and ML must meet FC?
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Connection to FC via PDF

o “Fractional Calculus and Stable Probability
Distributions™ (1998) by Rudolf Gorenflo , Frangesco

Mainardi http://arxiv.ord/pdf/0704.0320.pdf

O u 0%y
— = D{a —oc < u < oo, t2>0,
ot )a\ I | |
with  w(z,0) =0(z) 0<a <2
ai;ﬁ " ai U
— D j — A > U . t > U .
afz}j (4) Ow? - -

07/06/2020 Why BD and ML must meet FC?



UCMERCED e MESA LAB
Optimal randomness

means fractional calculus!

b, =—0 aF, a8 =03 o, =0, e, =0 b =0 9T, e =03
1o0
B
(1] =0
_
o~
8] - 1 L]
=
—s0
o SO0 1Too0o0 o S000 1TooO0
1o0
L]
, o PWW ‘n'l\'*
n
e —1oo | .
" i i —zoo | i
=
—aD0
o SO0 1Too0o0 o S000 1TooO0
oo
=
= S e ey o
= ‘ {1 —1ooof .
*» —=zo00of | 4 2000 |  { —zooo L .

[ ] sy MDOOO [ ] Sk 1O
s B AN L. e, 1)

More optimal than the ‘{Gptimized/PSOY|CS {Cuckoo Search)

—

07/06/2020 Why BD and ML must meet FC?



UCME%ED Slide-83/1024
Two broad categories

* Derivative-free (fractional calculus helps)

- A

— Direct Search, NM, PSO

e Gradient-based 2
— GD and its variants

07/06/2020 Why BD and ML must meet FC?
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GD and/SGD

~ 56

Tq‘ T

/_

07/06/2020 Why BD and ML must meet FC?
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Momentum Noisy
GD GD
Accelerate Gradient Stochastic

Descent GD

Nesterov Other Perturbed
GD Variants GD

B
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[ _

07/06/2020 Why BD and ML must meet FC?
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NAGD: Nesterov Accelerated GD

Yk+1 = aye — pV f (L) — R
A k+1 — 1@—|— y\k:f—l -|- by I - Eﬂtum :
o — Adagrad
M %

QdSet b = % and one can
derive the NAGD.

dSet 6=0 and one can derive
GDM.

https://stats.stackexchange.com/questions/179915/whats-the-difference-between-
momentum-based-gradient-descent-and-nesterovs-acc

07/06/2020 Why BD and ML must meet FC?
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Michael |. Jordan:

Is there an optimal way to optimize?

» . 1CM2018 1 hour report” Dynamical, symplectic and

“stochasticperspectives on optimization”

v

 SIAM Mathematics of Data Science (MDS20) Distinguished
Lecture Series. Machine Learning: Dynamical, Statistical,
and Economic Perspectives.

« [|AS6/11/20.0n L@evin Dynamics in Machine Learning -
Michael I. Jordan.

« ACM 4/1/2020."The Decision-Making Side of Machine
Learning"'

07/06/2020 Why BD and ML must meet FC?


https://youtu.be/wXNWVhE2Dl4
https://youtu.be/Z4u3EA2k8vg
https://youtu.be/QTnjqdxG99c
https://youtu.be/K3lFvai4viY
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Review of Michael Jordan’s work:

Nesterov-aceelerated GD (NAGD) can be formulated as

Tk = Yr— 1—qu(
Gt e e i)

Set t = k,/p and one can derive its corresponding differential equation

dThe main idea of Michael Jordan’s work is\to analyze
the iteration algorithm in the cantinuous-time

domain: a};/

For differential equation, one can use Lyapdanov
method or variational method to analyze ‘its
properties.
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Review of Michael Jordan’s work

Take Lyapunov functional as

V(t):tQ(f(X(t))—f*)+2||X—|—%X—:1:*

whose time derivative is

@ 2 (f (X (1) — f*) — 2 (X — 2",V (X)) <0

due to the convexity of f(X).
Then one has
V(0) _ 2fzo —a*||°

S t2 — t2

which indicates a O(t%) convergence rate.

L P —
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One can also use the variational method to derive the master differential
equation for an optimization method.

Variational principle

 Maupertuis: Least Action Principle
« Hamilton: Hamilton’s Variational Principle
« Feynman: Quantum-Mechanical Path Integral Approach

Pierre-Louis Moreau  Sir William Rowan  Richard Phillips
de Maupertuis Hamilton Feynman
(1698 — 1759) (1805 — 1865) (1918 — 1988)
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Nesterov accelerated GD (NAGD) can be formulated as

Review of Michael Jordan’s work [z m e

Y = T + i%; (xk — xp—1)

Set t = k./it and one can derive its corresponding differential equation

Define the Lagrangian

Q'hqg:-'"a@ﬂVaQ'la%a'":-Q'NJ]-‘
where (q1,q2, - - ,qN)/ar/“e/generalized coordinates.

oL dop op dok. ok daoe

g, dtéog &g, dtdq,” éq, dtéq,
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Review of Michael Jordan’s work

Consider the convex function f(x) and define the Bregman divergence

Dy (y,z) = h(y) —h(z) = (Vh(z),y —x)

wher¢, h(x) is also a convex function.

Define the second Bregman Lagrangian as

(2,0,8) % =P (uD, (2,0 + e=0) - £ (2))

—_

with ideal scaling conditions
Yo = et
By < e
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Review of Michael Jordan’s work

The second Bregman Lagrangian

L(x,v,t) = e TPt (uDy, (z, 2 + e %) — f (z))
— \

D, (x,x + e~ *v) can be viewed as the kinetic energy
and —f(x) is the potential energy.

da,, B¢, y; are arbitrary smooth functions to help
analyzing the convergence rate.
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Review of Michael Jordan’s work

Define a functional on curves via integration of the Lagrangian:

The Euler-Lagrange equation for the second Bregman/ Lagrangian reduces

to
d

EVh (Xt n eatXt) = 8, Vh(X,) — 5, Vh (Xt - eatXt) _

et

v/ (X¢)




UCMERCED MESALAB

Review of Michael Jordan’s work

Assume f is p-uniformly convex with respect to h (strictly convex) and the
scaling condtion 3; = e“* holds. One can conclude that

V (t) = e (HDh, (anXt + e—otit) +f(Xe) — f (x))

is a Lyapunov functional (V < 0), which indicates a O(e~?*) convergence rate.
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Review of Michael Jordan’s work

Discretize the previous Lagrangian system, and we can get following two
discrete algorithms:

Tp+1 = T2k + (1 — ) Yr
Vh(zp41) = Vh(zk) — apV f (Tr41)

Yr+1 = O ()
and
Trt1 = Tk + (1 — %) Yk
Yr+1 = O ()
Vh (zk+1) = Vh(2k) — axV f (Yk+1)
where, 7, = A’“%;Ak = j—i, and %eﬁt = (Agy11 — Ag)/d can be well approxi-

mated by a discrete-time sequence A;. Moreover, O is an arbitrary map whose
domain is the previous state x = (Tr11, 2xr1/2k, Yi)

[1] Wilson, A. C., Recht, B., & Jordan, M. I. (2016). A Lyapunov_analysis of momentum methoeds
In optimization. arXiv preprint arXiv:1611.02635.
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Review of Michael Jordan’s work

dOne can transform an _iterative (optimization) )algorithm
to its continuous-time limit case, which can simplify the
analyses (Lyapunov methoads).

dOne can directl@iﬁerential equation (of motion)
and then discretize— it to derive an iterative algorithm

(Variational methoq).

dThe key is to find a suitable Lyapunov functional to
analyze the stability and convergent rate.

Exciting nemFact: Optimization algorithms can be systematically

synthesized using Lagrangian mechanics (E-L) EOM.
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Obviously, why not fractional order?

Define h = %||z||° and 8; = +t, and one has

. "}/2
Xt + ;Vf (X¢) =0

hich in the same form as the master differential equation vj‘m
~ —
x(t) =% (t)

Could to be Optimal™? (Bettey than tl‘@

Go “fractional” to be more optimal !

Fractional calculus of variation (FOCV), FO
EL equation

07/06/2020 Why BD and ML must meet FC?
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GD and SGD
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@

o Optimal randomness using fractional order noises

can offer betterthan thebest perfom

similarly shown In

JWel, YQ Chen, Y Yu, Y Chen (2019). Optimal Randomness in
Swarm-Based Search. Mathematics 7 (9), 828 [ ]

https://www.mathworks.com/matlabcentral/fileexchange/71
-optimal-randomness-in-swarm-based-search

07/06/2020 Why BD and ML must meet FC?
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What control community can/should

offer to %S/ML community?

e “The Three Musketeers”
— Internal model principle (IMP)
— Nu-Gap metric .~
— Model discrimination

S

Eric Kerrigan,
Im(perial College London, UK

07/06/202 Why BD and ML must meet FC?


https://www.ifac2020.org/program/workshops/machine-learning-meets-model-based-control.html

UCMERCED

Analyses & Design with System Theory

dIn [1], the authors transfer the convergence problem
of numerical algorithms into a stability problem of a
discrete-time system;

dIn [2], the authors explained that the commonly used
SGD-Momentum algorithm in Machine Learning is a Pl
controller and designed a PID algorithm.

dMotivated by [2] and different from Michael Jordan’s
work, we will directly design and analyze the
algorithms /n S or Z domain.

[1] Kashima, K., & Yamamoto, Y. (2007).) System theory for numerical analysis. A 43(7), 1156-
1164.

[2] An, W.,, Wang, H., Sun, Q., Xu, J., Dai, Q., & Zhang, L. @ AEQCJontroller Approach for Stochastic
Optimization of Deep Networks. /n Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (pp. 8522-8531).
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Analyses & Design with System Theory

Gradient Descent (GD) is a first-order algorithm:

Try1 = T — pV f (k)

where 1 > 0 is the step size.
Using the Z-transform, we have that

MESA LAB
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Analyses & Design with System Theory

Apprommate the gradlent around the extreme point x*, and one has V f (z1) ~

A(xp —x*) with A = V2f

0 5

For GD, we have that G(z 1, which is an integrator.

\/\/\_/

dIntegrator in the forward loop Is to eliminate the
tracking error for a constant reference signal
(Internal Model Principle).
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Analyses & Design with System Theory

G D-Momentum (GDM) isthen designed to accelerate the conventioanl GD,

which is polpularly used in Machine Learning.

{ Yr+1 = oy — uV f (z1)

Th+1 = Tk T Yk+1

where g is the accumulation of history gradient and o € (0,1) is the rate of
moving average decay.
Do Z-transform for the update rule and derive

/ { 2Y (z) = oY (2) — plVf (zr)],
2X () =X (2) + 2Y (2)
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Analyses & Design with System Theory

Then one has
X (2) = £ —VF (@),

(z —1)(z — a)

Fz@domentum, we have that G(z) = (Z_l)z(z‘_a), with an integrator in

the forward Eop.

dGD-Momentum is a second-order (G(z)) algorithm with
an additional pole a and zero 0.

dThe “sg,cand-ord\er”means the order of G(z), which Is
different from the algorithm using the Hessian matrix
iInformation.
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Analyses & Design with System Theory

@GD can be simplified as
Yk+1 = T — pV f (k)

{ Try1 = (1 = A) Yrt1 + Ay

where p is the step size and A is a weighting coffecient.
Do Z-transform for the update rule and derive

{ 2Y (2) = X (2) — p[Vf (z1)],
2X (2)=(1—=X)2Y (2) + \Y (2)

MESA LAB
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Analyses & Design with System Theory

Then one has

X (2)= U5E5ulVE (2],
_|_
- @W}u (1= ) =V ()],
For NAGD, we have that G(2) ith an integrator in the for-

ward loop.

@and a zero

ANAGD is a secii%—order algorithm with an additional pole
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Analyses & Design with System Theory

A necessary condition for the stability of the algorithm
Is that all the poles of closed-loop system are within a
unit disc.

A 1If the Lipschitz continuous gradient constant L is given,
one can replace A with L and then the condition is
sufficient.
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Analyses & Design with System Theory

dFor each G(z), it has a corresponding iterative
algorithm.

G (z) can be third or higher order systems.

G (z) can also be a fractional order system.
. ———
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Analyses & Design with System Theory

General second-order algorithm design

Consider a general second-order discrete system

 z2+B
“E=TT0E 1

whose corresponding iterative algorithm is

{ Yk+1 = ayr — pV [ (Tr)
Tht1 = Tk + Yr+1 + byk

QdSet b = % and one can derive the NAGD.
JSet /=0 and one can derive GDM.
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Analyses & Design with System Theory

General second-order algorithm design

The iterative algorithm can be viewed as the state-
space realization of the corresponding system. Thus, it
has many different realizations (all are equivalent).

— Thtl = Tk + Yr+1 + Yk
z) = i [—va (ﬁ%)]z N Yk+1 = Y — V[ (zr)
Tk4+1 = aTk + Ygp+1 + bYk

z) = %a,[_ﬂvf (xk)]z N { Yp+1 = ayr — uV f (k)
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Analyses & Design with System Theory

General second-order algorithm design

We have introduced two parameters a and b, but how to optimize them?

We can use Integral Square Error (ISE) as the criterion to optimize the
parameters. Since for different target function f(x), its Lipschitz continuous
gradient constant is different. Thus, define p := uA as the loop forward gain.
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Analyses & Design with System Theory

General second-order algorithm design
_p | 04 | 08 | 12 | 16 | 20 | 24
a -0.6 -0.2 0.2 0.6 1 1.4

b 1.5 0.25 -0.1667 -0.3750 -0.5 -0.5833

It is found that the opfimala ana _sat/'sf/'

which is the same design as NAGD.
dWe have used other criteria such as IAE, ITASE to find
other optimal parameters, but the results are the
same as ISE.
dDifferent from NAGD, we derive the parameters by
optimization rather than mathematically design, which
can be extended to more general cases.
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Analyses & Design with System Theory

How does the zero influence the convergence performance?

The MNIST database is a
collection of hand-written
digits, which contains 60,000
training images and 10,000
testing images. It is widely
used as a Benchmark for
Machine Learning algorithms.

dIn the following, x-axis is always the epoch number.
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MESA LAB
Analyses & Design with System Theory

—
—_—
pu—
S—

Figure: Training loss (Left), Test accuracy (Right)


Presenter
Presentation Notes
Y-axis left is:
Y-axis-right is:
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Analyses & Design with System Theory

How does the zero influence the convergence performance?

dOne can find that both b = —0.25 and b = —0.5 cases
perform better than the SGD-Momentum. For b = 0.25
and b = 0.5, they perform worse.

dOne can find the additional zero can improve the
performance if we carefully adjust it.

dBoth our method and Nesterov method give an

optimal/good choice of the zero which is closely
related to the pole (b = —).

1+a
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Analyses & Design with System Theory

General third-order algorithm design

Consider a general second-order discrete system

G (2) = & texdd
-~ (2-1)(2+az+b)

- =

dSet b =d = 0, it will reduce to the second-order algorithm.

dCompared with the second-order case, poles can now be
complex number.

dMore generally, a higher order system can contain more
[nternal modaels.
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Analyses & Design with System Theory

General third-order algorithm design

If all the poles are real, then one has that \

o L

Yk+1 = Yr — pV f (21)
Zk+1 = AZk + Yk4+1 — CYk
Th4+1 = bTp + 241 — dzg

whose corresponding iterative algorithm is
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Analyses & Design with System Theory

General third-order algorithm design (ISE)

= o4 | os | 12 | s | 20 | 24

a 0.6439
b 0.0263
C 1.5439
d 0.0658

0.5247
0.0649
0.5747
0.0812

-0.4097
0.0419
-0.3763
0.0350

-0.5955
-0.0398
-0.3705
-0.0408

MESA LAB

-1.0364  -1.4629
0.0364 0.0880
-0.5364  -0.6462
0.0182 0.0367

__p | 04 | 08 | 12 | 16 | 20 | 24

Roots of -1.5000
numerator -0.0439
Roots of -0.6000

denominator -0.0439

-0.3250
-0.2500
-0.3250
-0.1997

0.2082
0.1681
0.2128
0.1969

0.1624
0.6000
0.1624
0.3750

1.0000 1.4000
0.0364 0.0629
0.5000 0.5833
0.0364 0.0629


Presenter
Presentation Notes
Notes:


UCMERCED

Analyses & Design with System Theory

General third-order algorithm design (ISE)

Since we use the ISE for tracking a step signal (it is
quite simple), the optimal poles and zeros are the
same as the second-order case with a pole-zero
cancellation.

dIn this optimization results, all the poles and zeros are
real.

dCompared with the second-order case, the only

difference is that we can have W
/\

How to derive complex poles in the design? FC helps
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General fractional-order algorithm design

Borrowing the idea from Micheal Jordan, we directly design a continuous
ime fractional order system

a € (0,2),5 € (0,20]

o the ISE criterion.

--m
1.8494 1.6899 1.5319 1.2284
,8 20 20 20 20
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Analyses & Design with System Theory

General fractional-order algorithm design

It is the continuous-time design. One can use the Numerical Inverse Laplace
Transform (NILT) and Matlab command stmcb() to derive its discrete form.

m
p=0.3:Gs(2) = 0.0010224+0.00542 —0.0Q32 Gy z)

— 2¥-2.8512242.7672—0.9163 "’ (
.0025224-0.00562z—0.0042 aQ (
T3—2.7742z?—|-2.625z—0.85 9> T2
0.0061 0.0037z—0.00
27+ z G2 (

0.046892—0.04471
22—-1.9582+0.9582
0.0426z—0.03876
22-1.9272+0.9266
0.01962z2—0.00637
22 -1.7482+0.7481
0.018952—0.0098
N 22—1.434z+0.4345

3—2.652222+2.3982—0.7 627
p = 0.9 : G3 ) = 018727 —0.00822—0.0044 G2

2332.3572241.836 47887

where G5(z) is the second order approximation and Gs(z) is the third order
approximation



https://www.mathworks.com/matlabcentral/fileexchange/39035-numerical-inverse-laplace-transform
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Poles analyses: Zeros analyses:

([ p=0.3:1,09256+0-24444 ( p=0.3 : —5.9388,0.5388
p=0.5:1,0.8870 &+ 0.2534; < p=0.5: —2.8330, 0.5930

b= 0.7:1,08260E 02529, p=0.7 : —1.2581,0.6515
p=0.9 : —0.3131,0.7516

p=0.9:1,0.6786 £ 0.1354]

\

A If we direct design the algorithm in the discrete domain,
all the poles are real.

The fractional order design contributes to the arise of
complex poles.
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General fractional-order algorithm design

If we have complex poles, then one has that

Z+c 1 1
G (2) =
(2) z—l(z—a+jb+z—a—jb)

whose corresponding iterative algorithm is

Yk+1 = ayi — bz — pV f (x1)
Zk+1 = azk + by
Tkl = Tk + Yr+1 + CYk
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General fractional-order algorithm design

We still use the MINST data set to compare the designed algorithm with the
commonly used SGD algorithm and 50 epoches are used to train the Network.
For the fractional order design, take the p = 0.9 case, where a = 0.6786,b =
0.1354, and different zero ¢ are designed. When ¢ = 0, it is similar to the
second-order SGD, while when ¢ # 0, it is similar to second-order NAGD. For
the SGD case, we set a« = 0.9. When simulation, set learning rate p = 0.1.
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Figure: ¢ = 0: Training loss (Left), Test accuracy (Right)
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Figure: ¢ = 0.283 Training loss (Left), Test accuracy (Right)
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dBoth ¢ =0 and ¢ = 0.283 cases perform better than
commonly used SGD-Momentum.

dGenerally, with ¢ carefully designed, better performance
can be achieved as the second-order case.

dThe simulation results can only prove that fractional
calculus (complex poles) can potentially improve the
performance, which is closely related to learning rate.
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Observation and take home messages

Michael 1. Jordan: Is there an optimal way to optimize?\Yes

limiting dynamics analysis and discretization, via @wuh other
randomness like Langevin motion.

YangQuan Chen: Is there a optimal way to Wif
Fractional Calculus is used:
. Win@ random sear

e AGD limit dynamics is fractional order designed VI

o —

e ... to be discovered

07/06/2020 Why BD and ML must meet FC?
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Outline

* Fractional Calculus, Complexity, and
Fractional Order Thinking

e Big Data, Variability, and Fractional Calculus

 Machine Learning, Optimal Randomness and
Fractional Calculus

* Looking Into Future: Fractional Calculus is
Physics Informed

07/06/2020 Why BD and ML must meet FC?
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Fractional Calculus: a response to more
advanced characterization of our more
complex world at too small or two large scale

1695 1960s [HENERCIRCENN
| —@

static models dynamical models fractional order

modeling
geometry, differential fractional calculus
algebra and integral
calculus

Slide credit: Igor Podlubny
07/06/2020 Why BD and ML must meet FC?
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Take home messages

Want to do better than the best?
Want to be more optimal?

Go Fractional!

07/06/2020 Why BD and ML must meet FC?
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Decision and Control In
the Era of Big Data ?

e Yes, we must use fractional calculus!
— Fractional order signals, systems, controls.

— Fractional order data analytics J

07/06/2020 Why BD and ML must meet FC?
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Future of Machine Learning

A W ML
# Scientific ML - (Mct embedded or cause-

effect discovery)

e Involving fr lus, we are closer to the

nature, I.e., “B

07/06/2020 Why BD and ML must meet FC?
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http://220.178.124.24.8080/wbbbs/archiver/?tid-16226.html

New wisdom equipped with FC
15 P - p— 1t 1 75 420 B AT A

o

=
2

/Non -normal way:
Fractional Calculus!

Heavvtalledness

————4

%m 1|mbe$ A

by non-norma

be explained

could
The nature’s rule (of complexity)

07/06/2020 Why BD and ML must meet FC?
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http://220.178.124.24.8080/wbbbs/archiver/?tid-16226.html

New wisdom equipped with FC

o« ZZNZ, RWZ[To - T RIX BN LG

— A AH TR AR AR, w2 aE st E) g A B
AN

Non-normal way:

Fractional

Calculus!

Heavytailedness
)

07/06/2020 \&hy BD and ML must meet FC?
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To have a better life, learn FC

o X1t “NIEAHL, HUEAKR, RikiE, fﬁi/f( IR

o

— “IE vk H 4R — prompts the use fractional calculus
 Better understanding complexity using fractional

calculus leads to FA#z \ 1

A

“RKANE—

- $HEA ) then

& (

- RAAG—HIT: BKITH, BRERE, £RTH
- RANG—Bl7: RERE, BINFEH, AF-M. L. . .

v
2 i G as  aE Be- FAS— AL

07/06/2020 Why BD and ML must meet FC?

l[:“ o [¢] o [ ]



https://baike.baidu.com/item/%E4%B8%AD%E5%BA%B8%E4%B9%8B%E9%81%93/24148986
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Q/A session

Thank you for your attendance and patience! Your
comments and critiques are welcome!

 Thanks goto

—@Yuquam Chen,@Jiamin Wel, Lihong Guo,@
enlong Wu, Or) Yanan Wang, Panpan Gu, Jairo
Viola, Haoyu Niu, DryJie Yuan etc. for walks, chats

and tea/coffee breaks-at Castle, Atwater, CA before
COVID-19 era.

07/06/2020 Why BD and ML must meet FC?
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Backup slides

07/06/2020 Why BD and ML must meet FC?
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e Socrates,

— https://en.wikipedia.org/wiki/The_unexamined_life Is
_not_worth_living

e Platos, Aristotle

570 -¢.495 BC 3around 475 BC 535 -c¢.475 BC

07/06/2020 Why BD and ML must meet FC?


https://en.wikipedia.org/wiki/Pythagoras
https://en.wikipedia.org/wiki/Parmenides
https://en.wikipedia.org/wiki/Heraclitus
https://en.wikipedia.org/wiki/Circa
https://en.wikipedia.org/wiki/Circa
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Fractional Order Controls

< 10 Controller + 10 Plant 4
« FO Controller + 10 Plant +
e FO Controller + FO Plant 4
e |O Controller + Plant 1

uncertalntles
R (s) E (s) H
K (s G(s) >
T 4 - U {5) Y (s)

D. Xue and Y. Chen*, “A Comparative Introduction of Four Fractional Order Controllers”.
Proc. of The 4th IEEE World Congress on Intelligent Control and Automation (WCICAOQ2), June
10-14, 2002, Shanghai, China. pp. 3228-3235.

07/06/2020 Why BD and ML must meet FC?
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