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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 ñNo Free Lunch Theoremò (not a theorem!)

- Static Data Mining or Patterns Tell Us About Causality

- Data-driven methods like learning cannot exploit domain 

knowledge 

¸ Bayes versus Vapnik, and why dynamic robustness requires a 

ñcompromiseò 

¸ Model-Based Versus Precedent or Kernel Based Forecasting

ïGeneralize But Remember

¸ Why Pr(Model ) is crucial to brain ability to handle complexity



Ability to learn to ñPredict Anythingò 

Found in the Brain (Nicolelis, Chapin)

(Richmond): ñt+1ò ït  is .12 seconds. Each cycle has a forwards pass to predict, and a 
backwards pass to adapt 

(Bliss, Spruston): found ñreverse nMDAò synapse and backpropagation along dendrites

BUT: needs demonstration for more than just rat whiskers! We need ñCOPN2ò! 
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What theBrain Teaches Us AboutPrediction

ÅOne universal system can learn to ñpredict everything.ò 

No need for 125 different methods in 32 chapters. But ñwho 

pays for lunchò? How can it be possible?

ÅCan take full advantage of massive parallel hardware like 

CNN chips. 

ÅAll predictions ïincluding pattern recognition and 

memory ïare in service to action. What is true versus 

what is useful? It is always about ñprediction of the future.ò

ÅIncredible complexity ïlearns nonlinear dynamic relations 

among millions of variables, based on only 10 data frames 

per second (300 million per year).



Question to Census Statistical Advisory 

Council (1979): What Principles Most 

Important in Building Or Understanding 

Such a Prediction System?

All said: They do not exist. It is impossible. 

I would never use such a machine 

even if I had it for free in my own lab. 



Why It Was Seen As Impossible:

4 Schools of Thought in Statistics
¸Probabilism(ñWe donôt do inference. We just prove stuff.ò)

¸Maximum Likelihood (Simplified from Jeffreysand Carnap)

Pr (Model & Weights W | Data) ºPr (Data | Model & W)

ñInformation geometryò (Rao) is basically in this group.

¸Bayesian (e.g. Raiffa)

¸Sometimes Pr (Model &W | Data)

= Pr (Data | Model & W)*Pr(Model & W)/Pr(Data)

¸Sometimes minimize utility-based loss function

¸Robust statistics (Tukey, Mosteller): try to get useful results 

without assuming model must be true for some value of 

weights W



From Vector to Mammal
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HIC Chapter 10 on web. 

1. AT&T winning ZIP code

recognizer and then CLION 

Networks for inputs

with more spatial 

complexity using
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2. reptile

Predicts and ñImagines 

The Possibilitiesò

(Stochastic y=f(X,e).

HIC Chapter 13 on web. ) 

3. Mouse

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

Mouse learns to predict better in stochastic pattern recognition tasks,

where turtles just slowly ñgo crazy.ò  Cut mouse cortex, get turtle behavior.

But reptile probably has stochastic capability, just not well-integrated.  



Universal Vector Prediction System: 

Principles To be Explained
¸For smooth functions Y=f(X), Multilayer Perceptron (MLP) 

minimizes complexity and hence estimation error. Barron.

¸For general functions Y=f(X), add simultaneous recurrence 
(y[n+1]=f(y[n],X) for Turing-like universality. SRN.

¸For dynamic or time-series prediction, add time-lagged 
recurrence Y(t)=f(Y(t-1), memory (R(t-1)), X(t)) for 
universal ñNARMAXô capability (TLRN)

¸Unify maximum likelihood (least squares training)  with 
precedent-based forecasting, ñuninformative priorsò 
(penalty functions), & weights for multiperiod prediction 
and salience ïespecially for real-time ñincrementalò 
learning.

Ý Learning speed also an issue, harder with better prediction. Many useful tricks 

known. Kozma/Ilin/Werbos patent just a useful start. 



ñHICò: NSF/McAir Workshop 1990 

See 2nd half of chapter 10, posted on web

White and Sofge eds, Van Nostrand, 1992



Winner of IJCNN07 Forecasting Contest:

Ford 1998: ñAll Ford Cars Will Have TLRNs 

by 2001, for on-board Diagnosticsò 

¸ How can one neural network predict and diagnose all Ford engines, 
without retraining, even as they change over time? TLRN: adaptive 
prediction even without learning! ICNN05: ñA neural network which 
can predict anything.ò 

¸ IJCNN07, Prokhorov: TLRN prediction and control can improve mpg 
of Prius hybrid by 15% ñat zero costò! 



Neural Network in Commercial 

Power Grid Hardware

¸First deployment of deployment of recurrent neural network 
in the field in a commercial electric power grid. (Improved 
prediction to allow unprecedented monitoring and control of 
harmonics.) Harley, Georgia Tech. 


