Scientific Data Mining

Distilling Free-Form Natural Laws from
Experimental Data |
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Hod Lipson, Cornell University
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Lipson & Pollack, Nature 406, 2000
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Adapting in simulation

Simulator A
—| Evolve Controller ' Crossing The
In Simulation E Rea“ty Gap
Download |

Try it in reality! v




Adapting In reality

— | Evolve Controller A
In Reality i Too many
'Physical Trials

Try it ! v




Simulation & Reality

SO
\

“Simulator”

Evolve Simulators

Evolve Robots

Collect Sensor Data |

Try it in reality!
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Morphological Estimation




Emergent Self-Model

With Josh Bongard and Victor Zykov, Science 2006



Damage Recovery

With Josh Bongard and Victor Zykov, Science 2006
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System ldentification




Candidate models . Candidate tests
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Static ID: Damage Diagnhosis

140 2
‘ 15 :
135 —&—EEA
* ] 15
o 13907 ) i - Random
@ o
E 15 1 (= F e &
— o 12 3 ‘~.'
> 120 - ~4-EEA W Random e,
.‘-6 . 2 ".. = 3
° : |
D 115 ' » 0F i
o ™ o LB
u « 05 'S i
q:) 110 P g " —% e
04 -
105
100 0 - :
0 2 4 6 8 10 0o 1 2 3 4 85 6 1 & 9 10 1
Number of tests Number of tests
(a) (b)
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Discrete Dynamics Inference

100010101101 -> 1 100010101101 > O
0101010 -> 0 0101010 - 0
00111010 > 1 00111010 - 0
101010 - 0 101010 > 0
0011101 > 1 0011101 - 1
0001 - 1 . 0001 - 0
11 - 0 11 - 0

Balanced DFA o Unbalanced DFA

gon

Bongard J. C, Lipson H., (2005) “"Active Coevolutionary Learning of Deterministic Finite
Automata”, Journal of Machine Learning research (JMLR), Vol. 6 No. 10, pp. 1651-1678

Outperforms best known
algorithms on large scale
unbalanced DFAs



Circuit Building Blocks

intracellular space

Ted Cornforth



Symbolic Regression

What function describes this data?

mp ' ' ' ' e 0o, L . '
. f(x)=e*sin(|x|)
5 5l
a a
a a
S10p , , , , L] S10p
a 2 4 b g 10 a 2 4 b g 10

John Koza, 1992



Encoding Equations

Building Blocks: + - * / sin cos exp log ... etc

8
| ] sin(x,)
|l 1 Xy*sin(xy)
2t i
g of 1 (X =3)*sin(xy)
At i
(X, =3)*sin(-7 + X,)
Ak 4
_E“
I 9y 2 0 > 4 B 8
input

John Koza, 1992



15.8412

&

+
X sin
1.2 —
X
X 2
Models: Expression trees Experiments: Data-points

Subject to mutation and selection Subject to mutation and selection

{const,+,-,*,/,sin,cos,exp, log, abs}

Michael D. Schmidt, Hod Lipson (2006)



e~ o~ o~ o~ o~ o~ o~ o~ o~ o~ o~

O, ;
- —
i
(92]
—
~
o
<
>
0
O
O ~
S
I_I(
0
- O
| —
N —_
— — — O — ™M = =
o — ~ [N
mn Y ~ [N ~ [~ N o~~~
- ¢ T o~ o~ o~ v~ N ™M
-~ M IAT O T MO O o o
— L L S S
~ ™M
- g o o) el
<+ 883988383%F
<+ 99Ea38E2ERT
I P+ °r °r 1 °r @10 1 1.1
\wl YVVYVVVYVYVVVVYVYV
NS
Y—




-20

40 -

-6 -

-80 -

100 -

120
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< Coevolution
O

— - v - = Dynamic
~3— Full

fo= e"rlsin{x}

1.31E+05 5.24E+05 2.10E+06 8.39E+06 3.36E+07
Total Effort (point evaluations)




Solution Complexity
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Semi-empirical mass formula

Modeling the binding energy of an atomic nucleus

Inferred Formula:

2 AY
E, —1483-1343A+1230A%% 4 03927 | 17.29(N =2)

A0.26 + A

——> R?=0.99944

Weizsacker’s Formula;

z(z-1) _ (A-2z)

YR s(Az)  ——> R2=0.999915

E, =a,A-a,A”® —a,

+0, Z,Neven
s(AZ)=1 0  Aodd 5 =
-0, Z,Nodd





http://1.bp.blogspot.com/_It672ec89ls/TCBOp15_6HI/AAAAAAAAADY/pEkSPyRQ2bY/s1600/boolean_ellipse_soln.png

Systems of Differential Equations

* Regress on derivative

State Variables Derivatives
time | x, X, dx,/dt x,/dt
0 3.4 1.7 20 8.0
0.1 3.2 -0.9 10 8.0
0.2 3.1 -0.1 40 1.3
0.3 2.7 1.2 S7 19




Inferring Biological Networks

ds, _ 51 Ay

3 1+13.6769* A

-V

*
n_ 200[¢]-6*82 *N; -12*S,*N,
—_
V.

dt 1+13.6769* A :
R V6
2%y,
By _gxs,*N, +16%5, %A,
v, V3
=4 -16% A, *S,—100*N, *$S
dt '3‘2 8] V2 4
3 —Vy
%=6*82*N1—100*N2*S4
v, —V,
*
9% _ 00 31;*4 +32% A, *S, —1.28* A,
dt 1+13.6769A; T T
¢ 3 -
—2%v,
dSs

= _1.3*85
ad ——
@J

Original Equations

a5, _ 242114-992721| 1P
a —5— A

: 1+13,5956*
.
B2 _199.935) — 2 |_590475%3, *N, ~11.9895*S, *N,
dt 1+13.6734% A
-V, —Vg
2,
% =5.99857*S, * N, +15.99606* S, * A, —0.01286*S,
Vy V3 extraneous
| ddit“=15.997*A2*S3—100.015*N2*S4
V3 =V
dN, — *Q_ *N. _ * N\ *
~ =5.99857*, * N, ~99.9963* N, *S,

v, -V,

*
dd;AtS = —197.781(&J +31.9682* A, *S; —1.29659* Aq

4
1+13.2633A’ " ~
o
dﬁ =-1.29626*S;
dt —_—

@J

Inferred Equations

With Michael Schmidt, John Wikswo (Vanderbilt), Jerry Jenkins (CFDRC)



Wet Data, Unknown System

Bacillus Bacteria

&’ \ ‘q\w‘ 1\1/ %

PcomG'Cfp
Pr.oms'yfp

e

0 20 40 60 80 100 120
Time (hours)

With Michael Schmidt (Cornell) and Gurol Suel (UT Southwestern)
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dZ
dt2

dZ g

AtE

0.328708 -

-0.094%9 +

G State Variable:
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Symbolic Regression Inferred Time-Delay Model:

dK _a +bK+CKS

dt K K
d—S:a +bS—I—CSK
at  ° S

Biologist’s Inferred Model: Gurol suel, et. al., Science 2007

d—Kzak+ ﬂKKn_ o K )
dt ki +K" 1+K/T', +S/T
ds Bs 0, S

— =, + = — A
dt 1+(K/k1) 1+K /T, +S /T



Withheld Test Set #1 Fit

dG, 1582.0+17.3214-S,_,
dt Gt—18

dS, 114.922+0.3019-G, ,
dt Siis
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Withheld Test Set #2 Fit

dG, _3526.92-21.312-S, oy ;0 acc
dt Gt—l? |
dS, _132.271-0.0178-Gg; ., i
dt Sis |
5ID 'IDID me 1:'ISD QDID

250

time (1)




Withheld Test Set #3 Fit
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Looking For Invariants



Data Mining







4 [ 8 10 12 14 18 18 20 22
time (seconds)

42
2+X-X

2+1/(1000+x2)

24



From Data:

Calculate partial derivatives Numerically:

X y

0.1 2.3

0.2 45 OX oy
0.3 9.7 ﬁ .9 T~ 9
0.4 5.1 5y OX
0.5 3.3

0.6 1.0

From Equation:  Calculate predicted partial
* derivatives Symbolically:

of / of ox Oy
oX /oy oy X




Experiments

Elliptic Curve Sphere

Circle
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~Jas=l1in

SaeE0

ERS

e+03E = -3 4e+DzZE

H

L

dx )’

= 114.28*| —

dt

dx )

61.591* —
dt

+692.322* X’

—369.495* x°

» Coefficients may have different
scales and offsets each run
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2
H =(d—9j +2.42847*cos(0)

2
L = 3.52768*(%—?) —9.43429* cos(0)



Double Linear Oscillator
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would be plus for Lagrangian









edictive :E>

More

Predictive Ability [-log error] p,

Less
Predictive

o

-1.6 ¢

kl 02 — k2 CU]_Z — k3 w22 + k4 w10 COS(01 — k5 02) + k6 COS(02) + k7 COS(01) — k8 COS(kg 02) — klO
cos(kyy — K12 0,)
kl w12 + k2 CU22 — k3 w0, 003(01 — 02) — k4 COS(01) — k5 COS(02)

'k]_ (!)12 — k]_ (!)22 + kl w10 COS(02) + k]_ COS(02) + k]_ COS(0])

-kl wq— k2 (OF) + k3 wq 003(01 = 02) + k4 (OF) COS(G]_ — 02)

kl w10y — k2 COS(Hl — 02)

(OF) COS(Hl 02) + (OF]

-2 0

-10

|

Complex Parsimony [-nodes] Simple



Detected Invariance:

LXmtm)w* + myLy’w,? +
m,L L., w,cos(f, — 8,) —
19.6L;(m, +m,)cos 8; —
19.6m,L,cos @,
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eq Untitled - Eurega

! File Edit Control Options Tools View Help

Enter Data '! Smooth Data Pick Modeling Task } | Start Search ﬁl Solution Statistics 4

List of current solutions

Selected solution plotted with the data
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2 4 8 10 14 16 18
More Tools » - ’
[.—] Complexity [size]

Ready

Eure



http://ccsl.mae.cornell.edu/eureqa

CITIZEN
SCIENCE



http://blog.makezine.com/archive/science/




Rickr

Hocken
Raiir
Mocken
Raifir
Hocken
Raiir

Wocken

R

Rickr

Hocken
Raiir
Mocken
Raifir

Wocken

Rickr

Wocken

3 T |3.'1=
Mg Ii.]

G = m( " {r -

Co=miT-y+me-Fyrnr-f-An
Co=tly+m @t

Cy = expiit - W% - PP}
Cy=miPy+miFy
Cy=BrmBr+mTpy-1Ey+mEy
Cr=mt+nybt

= i g pT+ng
1+ngy

By =expimy B 7+ ngk T - N

By =y y -

B, = 1-expling /A% + my - (B - 4%
By=m-explnz Ty +ng 1A+ B
By = m-exping [ - {n T Remnm

P \
I Ey M
By "193‘F| e+ npai

BT = Ing /™

Br = m-1-exp M2
’ TAL - - Pyl +nyof

TR
Er-n.[ B-v
el T

1,3034

2,149
1,729
0,237
2,233
0,486
0,503

0,910

35363

0,6354
1,6629
1,041
52163

106323

10645

039365

Bautedl __[Formel | m | mn | m

0,9145

-0,1871
05265

-1,78%
1,7526
0,268

02233

Basteil _[Formel | & | m | n

-1,4796

05072
-0,07132
002131
016729

17175

2,008

2,584

Von Thomas Hermanowski, Dr. Andreas Rick, Dr. Jochen Weber

-0, 168

-0523

-0, 368

043

09551

0,26126
-2,645
-0,1538
001469

-7,1793

002004

2,0855

Kraft

Moment

-07284

-07421  -0,04504
0790 0,10408
7.8903 14792
2,4033

NUNESIAKIDED fo
die Fundnocken in
der EN 134B0-3
Kaprell] fir Memb
rEnEpannwUngen
Table 3: Proposal
for nesy siress
Inensification
facior formulars. fe
orcular attachments
in the EN 134B0-3
dause 11 for memb
rane shesses.



A

— > L —



http://upload.wikimedia.org/wikipedia/commons/f/f1/Monkey-typing.jpg

Scalabllity

Complexity

Noise

Hidden (unobservable) variables
Justification



Approximations

Building Blocks Detected Pendulum Law Approximation

*, +, —, cos(), sin() ®?—19.6-cos(0) Exact Solution

*, +, —, sin() ®?—19.5999-sin(-1.57079 + 6) Trigonometric identity

* o+ — ®?+9.7108-602—-0.7042-04 Taylor series expansion (4t order)




Alphabet

Term Complexity Frequency System
S
K x, 1 23.578 4
k X, 1 21.6514 4
kv, 1 21.5596 4
kv, 1 19.1743 4
k cos(6,) 2 6.51376 2
k cos(6,) 2 6.14679 2
kv,? 3 5.50459 4
kv,2 3 4.49541 4
(X —X5) 3 4.22018 2
kv,v, 3 4.0367 2
ka, 1 2.75229 2
ka, 1 2.75229 2
k x,2 3 1.37615 2
k sin(4,) 2 1.19266 2
k sin(6,) 2 1.19266 2
k cos(6,) 2 0.917431 2
k cos(6,) 2 0.917431 2
k x,2 3 0.825688 2
k x,2 3 0.825688 2
kx, +kv, 3 0.733945 3
kx, +kv, 3 0.733945 3
kx, +KkX, 3 0.642202 2
kx, +kv,—ka, 5 0.458716 2
kx, +kv,—ka, 5 0.458716 2

Pareto Frequency [%]

10}

K X,
k X
: 2
*
kv,
kv
‘ k kv,?
cos(6,) ) v12
g 2
k cos(6,) AL
ka; X1 — Xy
*ka
2 ksin(6y) )
k sin(6) . t X
* X2
kcos(c'ol) s kxg+ kv kx, +kv,+ka;
k cos(w,) ‘Exz““tVz kx, +kv,+ka,
Xl + X2 *
3 4 5 5 7

Term Complexity [nodes]



Time to Regress

1-2
days

Time [hours]

A few
seconds

Il Single Pendulum (6,0)

[ Harmonic Oscillator (x,v,a)

[ Harmonic Oscillator (x,v)

[ Single Pendulum (0,w,0)

[___] Double Harmonic Oscillator (X;,X,,V;,V,)
[T Double Pendulum (6;,0,,c4,,)
[_ISeeded Double Pendulum (6;,6,,,,m,)
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STOCHASTIC MODELS
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Regressing Stochastic elements

Add a
“noise”
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Likelihood Fithess

Find a model that maximizes the
probability of seeing this data
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Sample the Timespan

Simulated Model on Data Point
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Solution
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Short Time Gaps in Experimental Data:

Exact Solution [%]

Exact Solution [%]
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Long Time Gaps in Experimental Data:

long all

L HH=A N T
LUK M
W/
/
BT
AL
i
/I
L

long dist
long like

Pl
0 50

r r r r r r
100 150 200 250 300 350

Computational Effort [generations]



Concluding Remarks

Wired 16.07

Wi B D

€€ Corre'~..on is enoug:. taced with massive
uata, [the Scientific Methoa; - becoming
obsolete. We can stop looking for mouc's. 99

Chris Ander- _.,

The data deluge accelerates our ability to
hypothesize, model, and test.



Che New Jork Eimes

Theoretical physicists are not yet obsolete,
but scientists have taken steps toward
replacing themselves



The end of insight

| am worried that we have enjoyed a
brief window in human history where we
could actually understand things, but that

period may be coming to an end.

-- Steve Strogatz
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