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Whatis Al anyway?
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Optimization
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Credit profile:
@ Paid bills
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Regression, in 1D
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Regression, in 2D
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How: Polynomials, splines, neural networks, support vector
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Symbolic Regression (SR)

(Like regression, but output a symbolic model too)
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Symbolic model:
y=50.2 + 9.1X
+ 3.20max(0, X)

[e.g. McConaghy 200t
McConaghy 2011]
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Al Subfields

w machine learning

w evolutionary computation

w fuzzy logic

w data mining

w artificial general intelligence
W pattern recognition

w ..

w (nee) nonlinear programming
w (nee) databases

w ..



Genetic Programming (GP):
A branch of a branch of Al
But a supeicool one..
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GP for SR
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Searches through the space of trees:
1. Initial random population; evaluate

2. Create children from parents via operators; evalu
3. Select best; goto 2



GP for SR: Crossover Operator




Example: GP for SR on Circuits
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[McConaghy 2005]



What istechnology anyway?



Technology




Technology
The Exciting New F* ("Fork Fan”)

Designed by World Renown Entrepeneur: Rod Ryan

Cools down all those “too hot” to eat
foods before they get to your mouth!

Never burn your tounge again!
Go ahead, be in a hurry.

Never wait for your
food to cool down
ever again.

Featuring:
* High Tech Ergonomic Design
* Two Speed “Whisper Quiet” Fan
* Right and Left Handed Compatible

* Stainless Steel Anti-Corrosion Matenals
* Dishwasher Safe!

“This is the BEST new kitchen innovation / have ever seen! Ideal for prison food!” Martha Stewart

modameic 2ibcarthlsnk.




Technology
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Technologyc Alternate Definition
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be reliably used by many people who do not
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wBoyd and Vandenberghe, Convex Optimization, 2004



Technologyc Alternate Definition

| would say that least squares is a mature

technology. ...This Is the highest praise.
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enough about the theory, the algorithms, and

the implementations are so good and so
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¢ Transcript of Steve Boyd Stanford lecture on convex optimization.

http://see.stanford.edu/materials/Isocoee364a/transcripts/ConvexOptimizationl
LectureOl.pdf



Technologyc Alternate Definition
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Unless your problem is huge or you have
some super real time thing like In
communications, then [once you formulate
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¢ Transcript of Steve Boyd Stanford lecture on convex optimization.

http://see.stanford.edu/materials/Isocoee364a/transcripts/ConvexOptimizati
onl-Lecture01.pdf
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wSVMs were introduced In the late 90s

¢ And have become a standard tool in the §
LINF OGAGAZ2YSNRQ (22f02E

wConvex optimization was popularized in the
late 90s

c!' YR A& 0S802YAy3a | adl yi
toolbox

wGP was popularized in the early 90s
c!' YR A& y2a F &ad0FyRINR |

toolbox



GP and Technology

Recently, a gauntlet was thrown:
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—&P SR and Technology

| gave this gauntlet to myself:
Gl 26 —0OFy Dt {w 06S a402LISR 4?2

standard, offthe-a KSt ¥ YSUK2R Ay 0KS
and engineers around the world? Can GP SR follaw in the

same vein of linear programming?

G{OFrftlFoAftAOE A& Ifole&a NB{I
problems but how can GP SR-be improved to solve problems
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Summary:
Aiming for SR* as a Technology
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SR Problem Definition

wGiven (X,y)

wFind a whitebox model (or mods!
w That minimizes error

wANnd minimizes complexity

Error (%)

Complexity



SR Problem Definition

w Given (X,y)

w Find a whitebox model (or moas|
w That minimizes error

w And minimizes complexity

Desirable Features:
w Scalable (# variables, # samples)
w Fast
w Reliable, consistent results
C 5SNI YR2YAT SR Th RSUSNNXYAYAAUAOK 0
w ldeal: simple algorithm
¢! NOK® ! f SNAY3 hLlA I tdzaK I X
¢ CCbhba I'bh { taa
w ldeal: hits global optimum (on problem formulation)



Summary of Goal
Speed of LS, Accuracy of GR
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A (Re) Introduction to
Regression



1D Linear Leasbquares Regressior




1D Linear LS Regression

Many possible linear models!




1D Linear LS Regression

Find linear model that
YAYAYAIl R HOEKI O
for alli In training data




1D Linear LS Regression

Find linear mgdel that

That Is:
[Wo, W16 F

I.I

[ N.

WAY HO

where yhat(X) = wy + W, * X,




1D Linear LS Regression

y=11+23*X

lL.e. w=1.1, w=2.3

C2 dzy R ¢ Aalljrdzl oNEBSalF & OS |- N/
Ol Y2dzyGa (G2 FYIFONRE )




1D QuadraticLS Regression

[Wo, W, W,6 F T NBY)AY HOE
where yhat(x) = wy + Wy * X, + Wy, * X2

We are applying linear (LS) learning on
linear & nonlinear basis functions. OK!




1D NonlinearLS Regression

[WO1 Wl’ sm6 F IJ I N, m?\ y H' O é K I lj
where yhat()_(t) V% + Wi * Xl sm* Sm(X_L)

We are applying linear (LS) learning on linear &
nonlinear basis functions. OK!




2D Linear LS Regression

Wo, W), W6 F I | NBYAY HO
where yhatk) = wy+ W, * X+ W, * X,
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LS Regression
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Generalized Linear Model (GLM

CGeneralized linear model (GLM) of B basis functions.
yhat() =wo+w *f,(0) +w*f,(x0 b gXfg(l) o

Just treat each basis function as an input variable, aAddr8!
Examples:

wyhat(x) =W + W, * X; + Wy * X°

(*)yhat(xl) = V\b + Wl * Xl+ Wsin* Sm(xl)

wyhat(x) = Wy + Wy * Xq + W3 ™ Xqp+ Wop ™ Xop + Wi ™ Xy * X5

wpolynomials, SVMs, FFNNs, many GP SR. Universal approximator!
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Constraint on LS Regression?
(1D Example)

> K 1 Sample; too few

X1

” / 2 Sampleg enough

X1

General rule?



onstraint on LS Regression

General Rule:
wfn@l NAlF 0f SAaY YySSR b x VYt

Examples:
1D Lin: [w, wy]* 2D Quad [w, Wy, Wy, Wy, Who, W,|*
=argminH yhat-y,)? [ I NBYAY)? HO&KI

bSSR& x wmbmMm T Hb SI9NR & v ycIb v I TY LF




LS Regression On High Dimensionalit

Consider 10,000 basis functions in a GLM
Q: Can we fit this with Ei8arning?
'Y | S&aH 6!a f2y3 la x

Consider 1M basis functions in a GLM
Q: Can we fit this with Ei8arning?
'Y | S&H 6!a f2y3 la x

*and no memory Issues etc



Regression in PO ?

How?? (and why??)
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How does Google find furry robots?



