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Outline
What We Can Learn About Prediction From the Brain

General Advice for Forecasting Competitions

DangerousCommon Myths

- Multilayer Perceptron (MLP) modeling is black magic

- The ANo Free Lunch Theor emo
- Static Data Mining or Patterns Tell Us About Causality

- Datadriven methods like learning cannot exploit domain
knowledge

Bayes versus Vapnik, and why dynamic robustness requires a
Acompr omi seo

ModelBased Versus Precedent or Kernel Based Forecasting
i Generalize But Remember

Why Pr(Model ) is crucial to brain ability to handle complexity
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Found in the Brain (Nicolelis, Chapin)
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Whatthe Brain Teaches Us AbolPrediction

AOne universal system canb?o
No need for 125 different
pays for luncho? How can

A Can take full advantage ofassive parallel hardwarelike
CNN chips.

A All predictions i including pattern recognition and
memory 1 are in service to action What Is true versus
what 1 s useful? It 1 s talw

A Incredible complexity T learns nonlinear dynamic relatiol
among millions of variables, based on only 10 data frarm
per second (300 million per year).



" Question to Census Statistical Advisory
Council (1979): What Principles Most

Important in Building Or Understanding
Such a Prediction S}stem?
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| would never use such a machine
even If | had it for free in my own lab.



Why It Was Seen As Impossible:
4 Schools of Thought in Statistics

Probabilism( hWe donot do 1 nfer e
Maximum Likelihood(Simplified fromJeffreysandCarnay)
Pr (Model & Weights W | Dat&) Pr (Data | Model & W)
ANl nf or mat I dag igbhascaiein this/gooup(
SEVESENEN rEIE)

Sometimes Pr (Model &W | Data)

= Pr (Data | Model & W)*Pr(Model & W)/Pr(Data
Sometimes minimize utilipased loss function

Robust statisticsl{ukey, Mostellel: try to get useful result
without assuming model must be true for some value of

weights W




From Vector to Mammal

1. AT&T winning ZIP code
recognizer and then CLION

Networks for inputs HIC ChApter 13 on web. )

with more spatial
complexity using

0. Vector symmetry i CSRN, .
Prediction Obj ect Net s ’\(/)Vlllglaplt_
- ver Multip
(Srgtl)\lulsﬁll_f:sl(\jl Time Interva
) Harmonized

HIC Chapter 10 on web.

M. E. Bitterman (Scientific American 1969; Science later):

Mouse learns to predict better in stochastic pattern recognition tasks,
where turtles jJjust slowly ngo crazy.
But reptile probably has stochastic capability, just not well-integrated.



Universal Vector Prediction System:

Principles To be Explained

For smooth function¥ =f(X), Multilayer Perceptron (MLP
minimizes complexity and hence estimation error. Barro

For general functiong=f(X), add simultaneous recurrenc
(y[n+1]=f(y[n],X) for Turing-like universality. SRN.

For dynamic or timeseries predictionadd timelagged
recurrenceY ()=f(Y (t-1), memory R(t-1)), X(t)) for
uni versal NNARMAXO capabi

Unify maximum likelihood (least squares training) with
precedenbased forecasting,; nl
(penalty functions), & weights for multiperiod prediction
and saliencé especially forreat | me A1 ncir e
learning

Y Learning speed also an issue, harder with better prediction. Many useful tricks
known. Kozma/llin/Werbos patent just a useful start.



NnNHI Co: NSF/ Mc Al r Wor
See 29 half of chapter 10, posted on web
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Winner of IJICNNO7 Forecasting Contest:
Ford 1998: nAl | For d
by 2001, foron-b oar d DI agn

How can one neural network predict and diagnose all Ford engines,
without retraining, even as they change over time? TLRN: adaptive
prediction even without | earning!
can predict anything. o

IJCNNO7, Prokhorov: TLRN prediction and control can improve mpg

of Prius hybrid by 15% fat zerno ¢



Neural Network in Commercial
Power Grid Hardware

First deployment of deployment of recurrent neural netw
In the field iIn a commercial electric power grid. (Improve
prediction to allow unprecedented monitoring and contri
harmonics.) Harley, Georgia Tech.



