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Scientists Report They Have Made
Robot That Makes Its Own Robots

-

gy KENNETH CHANG

For the first ume, computer scien
tists have created a robot that de-
signs and builds other robots, almost
entirely without numan help.

In the short rum. this advance
could lead to a new industry of inex-
pensive rodots customized for spe
cific tasks. Inthe ‘xongmn—decades
at least — robots may one day be

life.
But the quest 0 create artificial
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Simulation & Reality

|
( Evolve Simulators ‘ Evolve Robots '
|

Collect Sensor Data «——  Try it in reality!










Emergent Self-Model

With Josh Bongard and Victor Zykov, Science 2006
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Emergent Self-Model
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Emergent Self-Model

Stage |l
Using the maodel to generate a gait

With Josh Bongard and Victor Zykov, Science 2006




Emergent Self-Model

With Josh Bongard and Victor Zykov, Science 2006




Emergent Self-Model

Stage lll:
Trying gait in reality

With Josh Bongard and Victor Zykov, Science 2006




Emergent Self-Model
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With Josh Bongard and Victor Zykov, Science 2006




Emergent Self-Model
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With Josh Bongard and Victor Zykov, Science 2006
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Other gaits generated for

damaged morphology




Other gaits generated for

damaged morphology




L With Josh Bongard and Victor Zykov, Science 2006
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System Identification




Candidate models ,Candidate tests
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Candidate models
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Photo: Floris van Breugel




Structural Damage Diagnosis
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Number of tests

With Wilkins Aquino
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Models: Expression trees Experiments: Data-points

Subject to mutation and selection Subject to mutation and selection

{const,+,-,*,/,s8in,cos,exp, log, abs}

Michael D. Schmidt, Hod Lipson (2006)
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Solution

Complexity
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Inferring Biological Networks
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Original Equations

Inferred Equations

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









Mean Absolute Error
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Equation Size (number of operators)

Charles Richter
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Mean Absolute Error[N]

¢ Pacejka
mE21
A E2 2
mE2 3
® E2 4
A E25
mE26

- E2 7

- E2 8
-@-Polyn.

Equation complexity [operators]

Ingmar Zanger, John Amend



Wet Data, Unknown System
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With Michael Schmidt (Cornell) and Gurol Suel (UT Southwestern)



Symbolic Regression Inferred Time-Delay Model:
dK b, +c.S
— =g+ kK "%k
dt K
dS b, +c,K

—=a, +
d > S




Searching for meaning






Correlations
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H

L

114.28*

61.591*

<2

2

+692.322* x*

~369.495* x~

» Coefficients may have different
scales and offsets each run



2

\
H = (d& +2.42847*cos(8)

E) 2

do
L = 3.52768% E— —9.43429%*cos(6)
\




Double Linear Oscnlator

pJ Z
H =-14.691*x] —15.551*x; —21.676 * x,x, +8.3808*(%) +2.6046*(%)

:

would be plus for Lagrangian



Double Linear Oscillator

-
_—e
F Cde}
H =146 x 1551 x5, —21.676% xx, + 8.3808* ﬁ -+—2.6046*| ﬂ
< k . dr . dt

.

would be plus for Lagrangian
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Detected Invariance:

J L X(m+m)en? + my L), +
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Detected Invariance:

L(m+m)w* + m,L e, +
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Probabilistic Finite State Machines

¢, 6,0, G;0, G, G, G;G, G;0, G; G;0, G;0, G, G, G;0,

Ishanu Chattopadhyay
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Che New HJork Cimes

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



