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Symbolic Regression

ID Mat A MatB Temp. Press. .. Quality
1 103 22.0 25.0 1.40 5.0
2 120 23.0 228 1.45 5.2
3 115 224 248 1.55 5.3
n
rem D
Quality =——— Mat A
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Symbolic Regression with Vectors

ID Mat A MatB Temp. Press. Quality
1 10.3 22.0 [20,25,30,..,25] [1.5,1.4,6138,..,1.2] 5.0
2 120 23.0 [18,22,23,..28] [1.6,1.3,1.7,..,1.2] 5.2

3 115 224 [20,21,28,..,30] [1.6,1.6,1.7,..,1.3] 5.3

n

Aggregation-function — ([ a0

Temp

Quality = mean Pross| Mat A Component-wise
division i / Scalar
Vector
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Symbolic Regression with Vectors and Aggregation Windows

ID Mat A MatB Temp. Press. Quality

1 10.3 22.0 [20, 25, 30, ..., 25] [1.5,1.4,1.58, ..., 1.2] 5.0
2 12.0 23.0 [18,22,23,..,28] [1.6,1.3,1.7, ..., 1.2] 5.2
3 115 22.4 [20,21, 28, ..,30] [1.6,1.6,1.7, ..., 1.3] 5.3
mean
Temp (3,10)
— Mat A
Press
/ Scalar
Vector
Aggregation-
window @

Quality = means<;<1p <
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Optimization Sub-Problems in Symbolic Regression

Genetic
Programming

Model structure
Local parameters

Aggregation-window
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Kommenda, Michael, et al. "Effects of constant optimization by nonlinear least squares minimization in symbolic regression." Proceedings of the 15th annual
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Optimization Strategies

— Iterative random sampling — Iterative guided sampling

— (1, A)-ES — Using an approximate gradient
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Segment Optimization Problem

Known bounds + aggregation function - targets
(e.g. mean, std dey, ...)

argmin( Y (fagg(lS:61) = fugg (vils:eD))
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Random Vector Problem Instances
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Run-Length Distributions

— Used at GECCO’s Black-Box 7
Optimization Benchmarking

0.8t

— Objective target (e.g. MSE)
— 0.10, 0.09, ..., 0.01, 0.00

— % of reached target
after x evaluations

0.6

0.4+
how many targets are reached?

Froportion of reached targets

0.2+

1 10 100 1000 10000 100000 1000000

Evaluations
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Given a budget of 1000 evaluations,



Parameter Analysis — Sample Count

Sample Count
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Search Space Parameters

Search range

> Full

Sample selection

> Exhaustive
> Random

> Orthogonal

Current

Start Index
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Parameter Analysis — Search Space Configuration

Search Range Sample Selection
— Full —Random Direction — Random Range — Random — Orthogonal

1 1
0.8+ .84
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041 D41
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0 t . t . t 0 t . t . t

1 10 100 1000 10000 100000 1000000 1 10 100 1000 10000 100000 1000000
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Segment Optimization Fitness Landscape

— vl instance (control group)
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Segment Optimization Fitness Landscape

— v2 instance

Aggregation Start

] 200 A00 B00 200
Known bounds

" 500
Aggregation End
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Aggregation: Mean

Aggregation: Standard deviation

Aggregation Start
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New Instances based with Vector Interactions

x1 =v2*v3 x2 = v4/v5 x3 = v4 * v6/v5

0 200 400 600 800 4] 200 400 800 800 0 200 400 800 800
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Segment Optimization Fitness Landscape

— X6 instance

Aggregation Start

a 200 400 600 200

Known bounds

0 250 500 750 1000
Aggregation End
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Parameter Analysis — Search Space

Search Range Search Range
— Full — Random Direction = Random Range — Full — Random Direction = Random Range
1 1-
0.8 0.8
0.6 —I-r 0.64
0.41 I( 0.41
02 Instance: x6 0.2, Instance: all
J
0 t ' } t 0 t t } t t
1 10 100 1000 10000 100000 1000000 1 10 100 1000 10000 100000 1000000
Evaluations Evaluations
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Parameter Analysis — 1-dim vs multi-dim

Dimensions Dimensions Dimensions
m— Single =— Al m— Single  m— A m— Single =— Al
1 15 1
0.5 0.84 0.8
0.64 0.6 0.6
0.4 ] ]
Instance: x1 0 Instance: x6 o Instance: all
0.2 0.2 0.2
0 T t t t 0 } } + t] - : : + +
10 100 1000 10000 100000 1000000 1 10 100 1000 10000 100000 1000000 1 10 00 1000 10000 100000 1000000
Evaluations Evaluations Evaluations
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Summary Parameter Analysis

— Iterative Random Sampling

Fewer samples

—> faster convergence

1-dim vs mutli-dim

— instance dependent

Narrowing the search space
- no impact

—> slower convergence

Next: Iterative guided sampling

Using an approximate gradient
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Gradient-Based Optimization

— Objective function

1000

— f(x) ... mean squared error for single
dimension (start or end)

750

—  Five-point stencil

solution x—2h x—h X x+h x+2h

move this
direction

500

Aggregation Start

/ _ f(x=2h)— (x—h)+8f(x+h)—f(x+2h)
f(x) = o

250

— h=1

500 750 1000
Aggregation End
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Random Direction = Guided Direction

— Positive slope

— Try lower index
~ 3 ]

VA S S S NS S S S S S 6’/////

00700

— Negative slope
- Try higher index

= .

l
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Parameter Analysis — Guided Direction

— Random Direction = Guided Direction — Random Direction — Guided Direction — Random Direction = Guided Direction
1 1+ 1
=it
0.8 0.8 0.8
0.6 0.5 0.6
0.4 0.4 0.4
0.2 0.2 0.2
Instance: x5 Instance: x6 i Instance: all
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Random Range - Guided Range

1. Gototarget x;,4

2. Search area around target

step-size

Y

/*\
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xl+1

xiy1 = x; — round(y - Vf(x))
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Parameter Analysis — Step-size

Step-size y
e RANdOM o e, st OO
Range
1- 4
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0.4
0.2
m)
Instance: x3
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Parameter Analysis — Search-width

Search-width § Search-width &§
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Summary Parameter Analysis

— Iterative Random Sampling — Iterative Guided Sampling
— Fewer samples — QGuided direction
- faster convergence - instance dependent

- no real improvement
— 1-dim vs mutli-dim
- instance dependent — Guided range

- minimum step-size required

: slower convergence than random range
— Narrowing the search space = g g
- no impact

> slower convergence > Stuck in local optima?
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Conclusion and Way Forward

Known bounds + aggregation function - target
(e.g. mean, std dey, ...)

— Seems very simple on paper ) af%?in(Z(fagg(vi[f:E])—fagg(vf[5=61))2)

L

L )\ J
T Y

i Ll Estimated Known

— Surprising behavior

— Narrowing the search space - no effect

— Guide the search - slower convergence

— Segment optimization in the context of symbolic regression
— Will it behave the same?
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Segment Optimization Problem

— Given
— List of vectors v;
— Known aggregation-function f,,,

— Known aggregation indices i and j

arg min
[, :
\

— Find
— Aggregation indices [ and ]
— So that

— The difference between the aggregated values
using i and J and the known indices i and j is minimal

> (Fago ilT:71) = fugo ilis /D)

J \ J

|

Estimated

Known
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Random Vectors

Mean

g
Std. dev.
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Random Vector Problem Instances

vl v6

Mean

Std. dev.

Final
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Segment Optimization Fitness Landscape

— v4instance

1000

2 | _
e e
ilu ol i || II H'I I'.'!ili‘." '___ th
|'I ] ¥ 3 '|I|. |I'i| r" i 'jl
1 5 1r o "‘r I||,IJ'H- 1 H
‘ i I I

.r -_"I_
- o I.'-."-_-'-L
—_
*Eﬁiej
—=
t & e
=
g,
B
= =
.:-'—_""_
-
Aggregation Start

0 200 4ch 800 BOO

500
Aggregation End

UNIVERSITY

OF APPUED SCIENCES

PAGE | 34 UPPER AUSTRIA



Experiment Configuration

— 1,1 - Evolution Strategy — Parameter Variations

— 100000 maximum evaluations/samples — Dimension
> 1-dim, 2-dim
— Search range
> Full, random direction, random range

> Depending on sample count

— Mutation = select best sample

— Sample selection

— 20 Repetitions _ _
> Exhaustive, random, linear

— Sample count

— 6 Instances
> 1,10, 100, 1000, 10000

— Vector length 1000
— Total ~ 50 variations
— Some combinations are excluded

> E.g. sample count for exhaustive

UNIVERSITY
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Parameter Analysis

Sample Count

— 10 =100 = 1000 = 10000
T
| S———
Fixed parameters
— Dimension ol
> 1-dim .
— Search Range Z ol
> Full g
— Sample Selection £ 04T
&
> Random
024
1] . | | | |
1 10 100 1000 10000 100000
Ewvaluations
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Gradient-Based Optimization

— Numerical gradient

fx+h) = f(x)

1000

f'G) = lim

h
b — In reality
= r(];ove th current ) Small h € R
o irection . .
5. solution — Integer indices
8 > Smallh €N

250

500 750 1000
Aggregation End
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Five-Point Stencil

— Segment optimization ® O O ® o
—  f(x) .. mean squared error x—2h x-—h X x+h x+2h
— h=1

+f(x—2h) —8f(x—h)+8f(x+ h) — f(x+ 2h)
12h

flx) =
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Parameter Analysis — Sample Count

Sample Count

— ) 00 =— 1000 =— 10000
‘|__
—  Fixed parameters — "
> Dimension = 2-dim
0.8+
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Fixed parameters

>

>
>
>

Parameter Analysis — Search Space Configuration

Dimension = 1-dim
Sample Count = 100
Search Range = Full

Sample Selection = Random

081

061

041

0271

Search Range

— Full == Random Direction — Random Range

W

100

1000

Evaluations
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Sample Selection

— Random — Orthogonal
e
|
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Parameter Analysis — Sample Count

Sample Count

— 0 =00 =— 000 =— 0000
‘I_
Fixed parameters o
Dimension = 2-dim \
_ 0.8
Search Range = Full 10000 samples
Sample Selection = Random » start here
E 0.6
2
= 04-
g
0
0.2
0 t t t t
1 10 100 1000 10000 100000
Evaluations
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Fixed parameters 1.
> Dimension = 2-dim
>  Sample selection = Random -
>  Sample count = 100
0.6
0.44

Parameter Analysis — Search Space

0.24

Search Range

— Full — Random Direction — Random Range

Instance: x6

10
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Evaluations
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Instance: all
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PAGE | 42

S
& ( unversTy
ot OF APPUIED SCIENCES
~MoO) UPPER ALSTRIA




Parameter Analysis —

—  Fixed parameters
> Dimension = 2-dim
>  Sample selection = Random
>  Sample count = 100
>  Search-width § =100

Step-size
Step-size y

— Noguide =—01 =—1 =—10 — 100 = 1000
0.8

0.6

0.4

0.2

m)
Instance: x3
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Evaluations

1000000
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= Noguide =—01 =1 ===10 = 100 == 1000
0.8
0.6
0.4+
0.2
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D 4 4 4 4 t
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Evaluations

PAGE | 43

& ( unversTy
o OF APPLIED SCIENCES
~MOO) UPPER AUSTRIA



>

>
>
>

Parameter Analysis — Search-width

Search-width &

Search-width 6

— Noguide =10 =—350 =100 = 250 — Noguide =10 =50 === 100 =— 250
—  Fixed parameters i " _
Dimension = 2-dim
Sample selection = Random 0.8/ 08
Sample count = 100
Step-size y = 100 - -
0.4 0.4
e
0.2 ] 0.2
Instance: x3 Instance: all
—
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