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Natural Computation

 Neural Computation
♦A network of neurons

 Evolutionary Computation
♦A population of chromosomes

 Molecular Computation
♦A test tube of molecules

 Molecular Evolutionary Computation  This tutorial

♦A test tube of “evolving” molecules
♦ “In vitro molecular evolution”

Scope of This Tutorial

 What is “in vitro evolution”?
 How do we exploit this as EC technology, i.e. for

molecular evolutionary computation (MEC)?
 What new opportunities this offers to EC research

ers?
♦ In theory and in applications
♦ In science and in technology

 What challenges the new applications face?
 Where can I find more materials?
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Molecular Computation
(without Evolution)

Biomolecular Information Processing

AACCTGCGGAAGGATCATTACCGAGTGCGGGTCCTTTGGGCCCAACCTCCCATCCGTGTCTATTGTACCCGTTGCTTCG

GCGGGCCCGCCGCTTGTCGGCCGCCGGGGGGGCGCCTCTGCCCCCCGGGCCCGTGCCCGCCGGAGACCCCAACAC

GAACACTGTCTGAAAGCGTGCAGTCTGAGTTGATTGAATGCAATCAGTTAAAACTTTCAACAATGGATCTCTTGGTTCCGG

CATGCAATCAGTCCCGTTGCTTCGGCACTGTCTGAAAGCGCCTTTGGGCCCAACCTCCCATCCGTGTCTATTGTACCCG

TTGCTTCGGCGGGCCCGCCGCTTGTCGGCCGCCGGGGGGGCGCCGTTGCTTCGGCGGGCCCGCCGCTTGTCGGCCG

CCGGGGCTATTGTACCCGTTGCTTCGGATCTCTTGGGGATCTCTTGGTTCCGGCATGCAATCAGTCCCGTTGCTTCGGC

ACTGTCTGAAAGCGCCTTTGGGCCCAACCTCCCACCGTTGCTTCGGCGGGCCCGCCGCTTGTCGGCCGCCGGGGGGG

CGGCCGCCGGGGGCACTGTCTGAAAGCTCGGCCGCC

DNA mRNA

Proteins

Chromosomes, Genes, DNA, RNA, Pr
oteins, and the Central Dogma

DNA
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Molecular Computing: A Brief History

 Feynman (1959)
♦ Potential of molecules

 Benett (1982)
♦ DNA and thermodynamic computation

 Seeman (1991)
♦ Self-assembly of a DNA cube

 Conrad (1992)
♦ Lock-and-key paradigm for molecular computing

 Adleman (1994)
♦ Experimental demonstration of DNA computing

Feynman (1959)

 “There’s Plenty of Room at the Bott
om”

 Biological molecules can carry enor
mous amounts of information in an e
xceedingly small space.

     Inborn computing   power!

Benett (1982) Seeman (1991)
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Molecular Computing:
The Lock-Key Paradigm

Input signals

On              Off                  On

Free energy
minimization

Self-assembled mosaic

Adapter

Effector

Output signal or action

Amplification

Conrad (1992)

Association

Discover magazine published an art
icle in comic strip format about Leo
nard Adleman's discovery of DNA
computation. Not only entertainin
g, but also the most understandable
explanation of  molecular computat
ion I have ever seen.

Adleman
(1994)

[Adleman, Scientific American 1998]

An Example Problem Illustrated Bio-Lab Procedure
Generate random paths 

through the graph

Keep only those paths that 
begin with vin and end with vout

If the graph has n vertices, 
then keep only those paths 
that enter exactly n vertices

If any paths remain, say “Yes”; 
otherwise, say “No.”

Hybridization and ligation

PCR with vin and vout 

Gel electrophoresis

Gel electrophoresis 
sequencing

Keep only those paths that 
enter all of the vertices 

of the graph at least once.
Antibody bead separation 

with vi
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Basic Ideas in DNA Computing

 Exhaustive search
 Parallelism
 Density
 Miniaturization
 Energy efficiency
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Recent Applications

 Computational
♦ Cryptography (Boneh et al., 1995)
♦ Chess (Landweber et al., PNAS 2000)
♦ 20-var 3-SAT (Adleman, Science 2002)
♦ Tic-Tac-Toe (Stojanovic, Nature Biotech 2004)

 Biology and Medicine
♦ Genetic switch (Weiss et al., PNAS 2002)
♦ Gene control (Benenson et al., Nature 2004)

 Nanotechnology
♦ DNA crystals (Winfree & Seeman et al., Nature 1998)
♦ Molecular tweezer (Yurke & Turberfield et al., Nature 2000)
♦ TX complexes (Reif & Seeman et al, Nature 2000)
♦ Tiles (LaBean & Reif, 2003)

Breaking DES

[Boneh et al., 1995]

B1(0)

S0

B1(1)

S1

B2(0)

B2(1) BN(1)

BN(0)

SN⋯..

DES circuit initial graph

S0
l S0

r S1
l S1

r SN
l SN

r

S0
l S0

r S1
l S1

r SN
l SN

r

B1
l(0)B1

r(0) B2
l(1)B2

r(1)

B1
l(0) B1

r(0) B2
l(1) B2

r(1) S2
l BN

r(1)
A path in the graph

Self-Assembly of DNA Crystals

[Winfree et al., Nature 1998]

RNA Solution to a Chess Problem

[Faulhammer et al., PNAS 2000]
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Solving a 3-SAT Problem on Chip

[Liu et al., Nature 2000]

26

* Motion affected via white fuel strand via strand displacement.
[Yurke et al., Nature 2000]

Making a Molecular Tweezer

[Braich et al., Science 2002]

Solving a 20-var 3-CNF Problem Directed Evolution of a Genetic Circuit

[Weiss et al., PNAS 2002]
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Binary Counter

0

0

0
1

1

10
1
1
0
0
1
1 1

0

1
1

1
1

0
0

0
0
0
0
0
0
0
1 0 0 0

Assembly
grows in this
direction

Matching
“inputs”

“Outputs”

Type of tile can be determined
by two input conditions, and
can forward two outputs

[Winfree et al., DNAC 2003]

Playing a Tic-Tac-Toe Game

Stojanovic et al., Nature Biotech. 2004]

DNA as Smart Drugs

[Benenson et al., Nature 2001 & Nature, 2004]

Basic Operation

Difficulties in Current Molecular Computing
Paradigms

 Scalability
♦For big problems, exhaustive search is not effective.

 Reliability
♦DNA reaction is error-prone.

 Fault tolerance
♦What if a single molecule malfunctions?

 Design
♦How to design the decision (or diagnosis) rules?
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In Vitro Evolution
(without Computation)

Eigen’s Theory of Molecular Evoluti
on (1979)

Manfred Eigen
(1927 - )

In Vitro Evolution Experiments

[Joyce, Nature 2002]

SELEX (Systematic Evolution of Ligands by EXponential Enrichment)

Library of Random Oligonuceotides
Fixed FixedVariable(n)

n=10  s=106

n=20 s=1012

n=30 s=1018

n=50 s=1030

ssNA

Random ssDNA or RNA

Negative selection
Positive selectionRemoval of non-

binding ssNA

Isolation of ssNA-
targets complex

(RT) PCR
(T7 transcription)

Clone

Sequence

aptamer Amlification

Validation

[Tuerk & Gold, Science 1990]
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Hermann, T. and Patel, D.J.
2000. Adaptive recognition 
by nucleic  ac id aptamers. 
Science 287: 820-825.

Aromatic ring
stacking interactions

H-bonding

Specificity: Caffeine = theophilline + a 
methyl group on a ring N (circle); binding
is >1000 times weaker

theophilline FMN

AMP AMP

DNA
RNA

RNA RNA

Aptamers

Mechanisms of Riboswitch Function 

Curr Opin Struc Biol
(2004) 14:344

glmS gene (ribozyme activated by GlcN6P)

FMN riboswitch

TPP riboswitch

Genetic Control through Metabolite-Indu
ced Riboswitch
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Metabolite-Induced Riboswitch  Peptide Library

CD99

MARGAALALLLFGLLGVLV
AAPDGGFDLSDALPDNEN
KKPTAIPKKPSAGDDFDLG
DAVVDGENDDPRPPNPPK
PMPNPNPNHPSSSGSFSD
ADLADGVSGGEGKGGSDG
GGSHRKEGEEADAPGVIP
GIVGAVVVAVAGAISSFIAY
QKKKLCFKENDG

? ? ? ? ? ? 

? ? 

Immunization

Hybridoma

? ? 

? 

? 

? 

Phage display of
combinatorial peptide
library

Phage Display of Peptide Library

900 - 2000 nm in length, 7 nm wide

random peptide

Bio-Panning
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Input phage in each round

OD 405

Enriching the binding clones through bio-panning

Target-binding RNAs

Initial RNA Pool  Counter SELEX RNA-Target  cell  incubation

Unbound RNAs

Elution from Target cell
Enrichment by

RT-PCR and Transcription

N rounds

Nonspecific bound
         aptamers

cDNA

In vitro Transcription

RNA

RNA
cDNA

Normal PBMC

Membrane targets

Jurkat T leukemia

RNA Library

Cell SELEX Procedure

Cancer-Specific Aptamers

 A specific disease could be targeted without prior knowledge of any
    molecular changes associated with the disease state
 As capture probes to identify cancer-specific molecular markers
 As specific cell sorter & identifier

Kauffman’s Theory of Collectively
Autocatalytic Sets (2001)
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In Vitro (Molecular) Evolution: Syno
nyms

 In vitro selection
 Directed evolution
 In vitro evolution
 Molecular evolution
 SELEX
 Bio-panning
 “In vitro molecular evolution”

Molecular Evolutionary Computatio
n (MEC) in Vitro: Theory

Motivation: In Vitro Evolution as EC Te
chnology
 Each DNA molecule represents an individual at na

noscale
 A huge population of up to Avogadro number (6 x

1023) molecules
 Molecular recognition by chemistry
 Exponential self-replication by PCR
 Massively parallel variation-selection operators
 Ultra-low energy consumption
 Evolvable “wet” “molecular” hardware

Molecular Recognition
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Self-Replication

Heat

Cool

Polymer

Repeat

In Vitro Evolutionary Computation

 Problems in Existing DNA Computing Paradigms: Revisited
♦ Scalability

 For big problems, exhaustive search does not work.
♦ Reliability

 DNA reaction is error-prone.
♦ Fault tolerance

 What if a single molecule malfunctions?
♦ Design

 How to design the decision (or diagnosis) rules?

 In Vitro Evolution + Molecular Computation
     = Molecular Evolutionary Computation (MEC)
     = Bayesian Evolution + Probabilistic Library Model

Why Try Molecular EC?

 6.022 × 1023 molecules / mole
 Massively Parallel Search

♦ Desktop: 109 operations / sec
♦ Supercomputer: 1012 operations / sec
♦ 1 µmol of DNA: 1026 reactions

 Favorable Energetics: Gibbs Free Energy

♦ 1 J for   2 × 1019 operations
 Storage Capacity: 1 bit per cubic nanometer
 The fastest supercomputer vs. DNA computer

♦ 106 op/sec vs. 1014 op/sec
♦ 109 op/J  vs. 1019 op/J (in ligation step)
♦ 1bit per 1012 nm3 vs. 1 bit per 1 nm3

    (video tape vs. molecules)

The Theory of Bayesian Evolution

 Evolution as a Bayesian inference process
 Evolutionary computation (EC) is viewed as an ite

rative process of generating the individuals of ever
higher posterior probabilities from the priors and t
he observed data.
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Bayesian Formulation of EC

 Bayes’ rule for combining priors and likelihoods:

 Evolutionary computation (EC) can estimate the posterior probability of
model Ai using the population A(g):

 The fittest model for the Bayesian EC to find is:

[Zhang, CEC-99]

Bayesian Evolutionary Computation

P0(Ai) Pg(Ai |D)...

generation 0 generation g
P(A |D)P(A |D)

Pg(Ai)

Bayesian Evolutionary Algorithm (BEA)

1. Sample M individuals Ai (i=1,…,M) from P0(A). Set g=1.
2. Compute the posterior fitness Pi(g) = Pg(Ai|D) for i=1,…,M:

3. Generate offspring Ai′ by sampling from the posterior distribution using variation op
erators, such as mutation and recombination:

4. Select the individuals into the next generation with acceptance probability

5. Revise the priors
    Set g=g+1 and go to step 2.

PLM: Using Molecules to Represent t
he Probability Distribution

Library of combinatorial
molecules

+

Library Example

Select the library elements 
matching the exampleAmplify the matched library 

elements by PCR

Next generation

Hybridize
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The Probabilistic Library Model (PLM)

 A library of DNA molecules represents the empirical distri
bution of data variables.

 Each library element consists of n variables, X1,…, Xn .
 A big number of molecules are maintained in the library.

♦ L = { xi | i = 1,…,N }
♦ N: typically 1015 with 10 nM

 Duplications of elements are allowed. And the number of d
uplications is proportional to the strength of the element.

 The library is so maintained that it represents the joint prob
ability distribution of the data variables.
♦ P(X) = P(X1,…, Xn ) [Zhang, DNAC-2004]

The PLM (cont’d)

 The probability of variable Xk having value xk is computed
chemically by putting in the library the complementary seq
uence -xk of the query sequence xk and extracting the hybri
dized sequences followed by normalization.
♦ P(Xk=xk) ~ c(xk )/|L|

 Conditional probabilities are computed by the relative freq
uencies of the molecules.
♦ P(Xi|Xk) = P(Xi,Xk) / P(Xk)
♦ Here P(Xi=xi,Xk=xk) ~ c(xi,xk )/|L| and P(Xk=xk) ~ c(xk )/|L|

 The library as an ensemble
 Probabilistic computation
 Massively parallel computation of probabilities

The PLM as a Pattern Classifier

 Assume L contains sequence patterns xi with kn
own labels yi (training set)
♦ L = { (xi, yi) | i = 1,…,N }
♦ xi = {A,T,G,C}n: observable input, e.g. DNA sequenc

e
♦ yi = {0, 1}, observable output, e.g. cancer or normal

 Given a query sequence xq
♦ Put -xq into the test tube         -x: complementary to x

 Find the correct class yq for xq (classification)
♦ yq =1: cancer
♦ yq = 0: normal

Classification Decision: Probabilistic
Formulation
 P(X): Probability of observ

ing protein sequence X
 P(X,Y): Probability of sequ

ence X being in class Y
 P(X,Y,Z): Probability of se

quence X being in class Y
with some parameter Z

 P(Y|X): Conditional probab
ility of class Y given X
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Classification Learning: In Vitro Evol
ution
1. Start with library L of random sa

mples (molecules)
2. Given a training sample s = (x, y)
3. Classify s using L
♦ Extract x  N(x) := P(x)
♦ Extract Y  N(x,Y) := P(x,Y)

♦ y* = argmaxY N(x,Y)
4. Update L
♦ If y*=y, P(y*|x) 
     d N(y*|x) with d>1
♦ Otherwise, P(y*|x) 
     d N(y*|x) with d<1

The Learning Rule Leads to Bayesian
Update

Update of N(y*|x) leads
to update of the posterior
probability distribution
P(z|y,x), resulting in
a Bayesian learning rule for
classification learning with
DNA computing

[Zhang, DNA10]

PLM vs. Probabilistic Model-Buildin
g GAs  (or EDAs)
 Some recent genetic and evolutionary algorithms build   expl

icit probabilistic models for the population.
 These distribution-estimation algorithms (EDAs) generate of

fspring by sampling from the probabilistic model rather than
using crossover and mutation.

 Like EDAs, the probabilistic library model (PLM) generates
the offspring by sampling from a probability distribution.

 Unlike in EDAs, in PLM no extra probabilistic model is buil
t. The PLM itself represents a probability distribution.

 The use of a huge number of molecules (1015 or more) enabl
es the test tube to represent the empirical probability distribu
tion.

Molecular Programming (MP):
In Vitro Evolution of Genetic Progr

ams
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Molecular Programming (MP):
Evolving Genetic Programs in a Test Tube

 Theory
♦ Bayesian evolution [Zhang, CEC-99; Zhang, Handbook-2003]

 Model
♦ Probabilistic library model [Zhang, DNA10 & DNA11]

 Algorithm
♦ Molecular algorithms [Zhang, GP-98]

 Representation
♦ Decision lists [Zhang, GECCO-2005]

 Operators
♦ Molecular operators for variation and selection [Zhang, GECCO-2

005]

1. Let the library L represent the current distribution P(X,Y).
2. Get a training example (x,y).
3. Classify x using L as follows

3.1 Extract all molecules matching x into M.
3.2 From M separate the molecules into classes:

Extract the molecules with label Y=0 into M0

Extract the molecules with label Y=1 into M1

3.3 Compute y*=argmaxY∈{0,1}| MY |/|M|
4. Update L

If y*=y, then Ln ← Ln-1+{Δc(u, v)} for u=x and v=y for (u, v)∈ Ln-1,
If y*≠y, then Ln ← Ln-1−{Δc(u, v)} for u=x and v ≠ y for (u, v)∈ Ln-1

5.Goto step 2 if not terminated.

Molecular Programming of the PLM

[Zhang, GECCO-2005]

Step 1: Probability Distribution in the Library 

Step 2: Presentation of an Example (or Query)

Step 3: Classify the Example (Decision Making)
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Step 4: Update the Library (Learning)

Molecular Operators

 Variation
♦ Ligation
♦ Restriction
♦ Mutation (PCR)

 Selection
♦ Gel electrophoresis
♦ Affinity separation (beads)
♦ Capillary electrophoresis

 Amplification
♦ Polymerase chain reaction (PCR)
♦ Rolling circle amplification (RCA)

Variation: Hybridization & Ligation

 Hybridization
♦ base-pairing between two c

omplementary single-strand
molecules to form a double
stranded DNA molecule

 Ligation
♦ Joining DNA molecules tog

ether

 Usually used for candidate
solution generation.

Hybridization

Ligation

Variation: Restriction

 Cut the specific DNA site.
 Solution detection or filtering step

A A G C T T 

T T C G A A

A

T T C G A

A C G T T

A

OH 3’

3’ OH

5’ P

P 5’
EcoRI
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Selection: Gel Electrophoresis

 Detection desired solutions.
 Separate solution molecules by length

Complementary

Magnetic Beads

Magnet

Selection: Bead Separation

Detect & separate the specific DNA

Amplification: PCR

 Polymerase chain reaction
 Amplifies (produces identi

cal copies of) selected dsD
NA molecules.

 Make 2n copies (n : numbe
r of iteration)

 Used to filter solutions or
detection.

Application to Leukemia Diagnosis

120 samples from
60 leukemia patients

Diagnosis

[Cheok et al., Nature Genetics, 2003]

Gene expression data

Training with
6-fold validation

Class: ALL/AML

&
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Initial Library L0

(x2=1, x3=1, y=1)

(x2=1, x3=0, y=0)
AATTGGAAGGCCATGCCC

AATTGGCCTTGGATGCG
G

(x1=0, x2=0, x3=1, y=0)

(x1=0, x2=1, x3=1, y=1)

AAAACCAATTGGAATTGGATGC
GG

(x2=1, y=0)
AATTGGATGCCC

AAAACCAATTCCAAGGGGATGCC
C

(x 1=0, y=1)

AAAACCATGCG
G AAAACCATGCG

G AAAACCATGCG
G

(x 1=0, y=0)

AAAACCATGCC
C AAAACCATGCC

C AAAACCATGCC
C

(x 2=0, y=1)

AATTCCATGCG
G AATTCCATGCG

G AATTCCATGCG

G

(x 2=0, y=0)

AATTCCATGCC
C AATTCCATGCC

C AATTCCATGCC
C

…

(x 1=0, x 2=0, y=0)

AAAACCAATTCCATGCCC
AAAACCAATTCCATGCCC

AAAACCAATTCCATGCCC

(x 1=0, x 2=0, y=1)

AAAACCAATTCCATGCGG
AAAACCAATTCCATGCGG

AAAACCAATTCCATGCGG

(x 1=0, x 2=1, y=0)

AAAACCAATTGGATGCCC
AAAACCAATTGGATGCCC

AAAACCAATTGGATGCCC

(x 1=0, x 2=1, y=1)

AAAACCAATTGGATGCGG
AAAACCAATTGGATGCGG

AAAACCAATTGGATGCGG

… (x 1=0, x 2=0, x3=0, y=0)

AAAACCAATTCCAAGGCCATGC
CCAAAACCAATTCCAAGGCCATGC

CCAAAACCAATTCCAAGGCCATGC
CC

(x 1=0, x 2=0, x3=0, y=1)

AAAACCAATTCCAAGGCCATGC
GGAAAACCAATTCCAAGGCCATGC

GGAAAACCAATTCCAAGGCCATGC
GG

(x 1=0, x 2=0, x3=1, y=0)

AAAACCAATTCCAAGGGGATGC
CCAAAACCAATTCCAAGGGGATGC

CCAAAACCAATTCCAAGGGGATGC
CC

(x 1=0, x 2=0, x3=1, y=1)

AAAACCAATTCCAAGGGGATGC
GGAAAACCAATTCCAAGGGGATGC

GGAAAACCAATTCCAAGGGGATGC
GG

(x 1=0, x 2=1, x3=0, y=0)

AAAACCAATTGGAAGGCCATGC
CCAAAACCAATTGGAAGGCCATGC

CCAAAACCAATTGGAAGGCCATGC
CC

(x 1=0, x 2=1, x3=0, y=1)

AAAACCAATTGGAAGGCCATGC
GGAAAACCAATTGGAAGGCCATGC

GG

AAAACCAATTGGAAGGCCATGC
GG

…

x1

x2

x3

y

0

1

where

AAGG

AATT

AAAA ATGC

CC

GG

+

Amplify

Library Example 1

(x1=0, x2=1, x3=0, y=0)

TACGG
G

TTCCG
G

TTAAC
C

TTTTG
G

AATTGGAAGGCCATGCCC

AATTGGCCTTGGATGCG
G

AAAACCAATTCCAAGGGGATGCC
C

AAAACCAATTGGAATTGGATGC
GG

AATTGGATGCC
C

TTTTG
G

TTTTG
G

TTAAC
C

TTAAC
C

TTAAC
C

TTAAC
C

TTCCG
G

GGTTG
G

GGTTG
G

GGTTG
G

Hybridization

(x1=0, x2=1, x3=1, y=1)

(x1=0, x2=0, x3=1, y=0)

(x2=1, x3=1, y=1)

(x2=1, x3=0, y=0)

(x2=1, y=0)

TACGG
G

TTCCG
G

TTAAC
C

TTTTG
G

TACGG
G

TTCCG
G

TTAAC
C

TTTTG
G

(x2=1, x3=1, y=1)

(x2=1, x3=0, y=0)
AATTGGAAGGCCATGCC
C

AATTGGCCTTGGATGCG
G

(x1=0, x2=0, x3=1, y=0)

AAAACCAATTCCAAGGGGATGCC
C

(x1=0, x2=1, x3=1, y=1)

AAAACCAATTGGAATTGGATGC
GG

(x2=1, y=0)
AATTGGATGCCC
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Updated Library L1

(x2=1, x3=1, y=1)

(x2=1, x3=0, y=0)
AATTGGAAGGCCATGCCC

AATTGGCCTTGGATGCG
G

(x1=0, x2=0, x3=1, y=0)

(x1=0, x2=1, x3=1, y=1)

AAAACCAATTGGAATTGGATGC
GG

(x2=1, y=0)
AATTGGATGCCC

AATTGGAAGGCCATGCCC

AATTGGATGCCC

AAAACCAATTCCAAGGGGATGCC
C

(x 1=0, y=1)

AAAACCATGCG
G AAAACCATGCG

G AAAACCATGCG
G

(x 1=0, y=0)

AAAACCATGCC
C AAAACCATGCC

C AAAACCATGCC
C

(x 2=0, y=1)

AATTCCATGCG
G AATTCCATGCG

G AATTCCATGCG

G

(x 2=0, y=0)

AATTCCATGCC
C AATTCCATGCC

C AATTCCATGCC
C

…

(x 1=0, x 2=0, y=0)

AAAACCAATTCCATGCCC
AAAACCAATTCCATGCCC

AAAACCAATTCCATGCCC

(x 1=0, x 2=0, y=1)

AAAACCAATTCCATGCGG
AAAACCAATTCCATGCGG

AAAACCAATTCCATGCGG

(x 1=0, x 2=1, y=0)

AAAACCAATTGGATGCCC
AAAACCAATTGGATGCCC

AAAACCAATTGGATGCCC

(x 1=0, x 2=1, y=1)

AAAACCAATTGGATGCGG
AAAACCAATTGGATGCGG

AAAACCAATTGGATGCGG

… (x 1=0, x 2=0, x3=0, y=0)

AAAACCAATTCCAAGGCCATGC
CCAAAACCAATTCCAAGGCCATGC

CCAAAACCAATTCCAAGGCCATGC
CC

(x 1=0, x 2=0, x3=0, y=1)

AAAACCAATTCCAAGGCCATGC
GGAAAACCAATTCCAAGGCCATGC

GGAAAACCAATTCCAAGGCCATGC
GG

(x 1=0, x 2=0, x3=1, y=0)

AAAACCAATTCCAAGGGGATGC
CCAAAACCAATTCCAAGGGGATGC

CCAAAACCAATTCCAAGGGGATGC
CC

(x 1=0, x 2=0, x3=1, y=1)

AAAACCAATTCCAAGGGGATGC
GGAAAACCAATTCCAAGGGGATGC

GGAAAACCAATTCCAAGGGGATGC
GG

(x 1=0, x 2=1, x3=0, y=0)

AAAACCAATTGGAAGGCCATGC
CCAAAACCAATTGGAAGGCCATGC

CCAAAACCAATTGGAAGGCCATGC
CC

(x 1=0, x 2=1, x3=0, y=1)

AAAACCAATTGGAAGGCCATGC
GGAAAACCAATTGGAAGGCCATGC

GG

AAAACCAATTGGAAGGCCATGC
GG

…

x1

x2

x3

y

0

1

where

AAGG

AATT

AAAA ATGC

CC

GG

+

Amplify

Library

(x2=1, x3=1, y=1)

(x2=1, x3=0, y=0)
AATTGGAAGGCCATGCC
C

AATTGGCCTTGGATGCG
G

(x1=0, x2=0, x3=1, y=0)

AAAACCAATTCCAAGGGGATGCC
C

(x1=0, x2=1, x3=1, y=1)

AAAACCAATTGGAATTGGATGC
GG

Example 2

(x1=0, x2=1, x3=1, y=1)

TTCCC
C

TTAAC
C

TTTTG
G

TACGC
C

(x2=1, y=0)
AATTGGATGCCC

AATTGGAAGGCCATGCC
C

AATTGGCCTTGGATGCG
G

AAAACCAATTCCAAGGGGATGCC
C

AAAACCAATTGGAATTGGATGC
GG

AATTGGATGCC
C

TTTTG
G

TTTTG
G

TTAAC
C

TTAAC
C

TTAAC
C

TTAAC
C

Hybridization

(x1=0, x2=1, x3=1, y=1)

(x1=0, x2=0, x3=1, y=0)

(x2=1, x3=1, y=1)

(x2=1, x3=0, y=0)

(x2=1, y=0)

TACGC
C

TTCCC
C

TTAAC
C

TTTTG
G

TACGC
C

TTCCC
C

TTAAC
C

TTTTG
G

(x2=1, x3=0, y=0)
AATTGGAAGGCCATGCC
C

(x2=1, y=0)
AATTGGATGCCC

TTCCC
C

TACGC
C

TTCCC
C

TTCCC
C

TACGC
C

AATTGGAAGGCCATGCC
C

AATTGGATGCC
C

TTAAC
C

TTAAC
C

Updated Library L2

(x2=1, x3=1, y=1)

(x2=1, x3=0, y=0)
AATTGGAAGGCCATGCCC

AATTGGCCTTGGATGCG
G

(x1=0, x2=0, x3=1, y=0)

(x1=0, x2=1, x3=1, y=1)

AAAACCAATTGGAATTGGATGC
GG

(x2=1, y=0)
AATTGGATGCCC

AATTGGAAGGCCATGCCC

AATTGGATGCCC

AAAACCAATTCCAAGGGGATGCC
C

(x 1=0, y=1)

AAAACCATGCG
G AAAACCATGCG

G AAAACCATGCG
G

(x 1=0, y=0)

AAAACCATGCC
C AAAACCATGCC

C AAAACCATGCC
C

(x 2=0, y=1)

AATTCCATGCG
G AATTCCATGCG

G AATTCCATGCG

G

(x 2=0, y=0)

AATTCCATGCC
C AATTCCATGCC

C AATTCCATGCC
C

…

(x 1=0, x 2=0, y=0)

AAAACCAATTCCATGCCC
AAAACCAATTCCATGCCC

AAAACCAATTCCATGCCC

(x 1=0, x 2=0, y=1)

AAAACCAATTCCATGCGG
AAAACCAATTCCATGCGG

AAAACCAATTCCATGCGG

(x 1=0, x 2=1, y=0)

AAAACCAATTGGATGCCC
AAAACCAATTGGATGCCC

AAAACCAATTGGATGCCC

(x 1=0, x 2=1, y=1)

AAAACCAATTGGATGCGG
AAAACCAATTGGATGCGG

AAAACCAATTGGATGCGG

… (x 1=0, x 2=0, x3=0, y=0)

AAAACCAATTCCAAGGCCATGC
CCAAAACCAATTCCAAGGCCATGC

CCAAAACCAATTCCAAGGCCATGC
CC

(x 1=0, x 2=0, x3=0, y=1)

AAAACCAATTCCAAGGCCATGC
GGAAAACCAATTCCAAGGCCATGC

GGAAAACCAATTCCAAGGCCATGC
GG

(x 1=0, x 2=0, x3=1, y=0)

AAAACCAATTCCAAGGGGATGC
CCAAAACCAATTCCAAGGGGATGC

CCAAAACCAATTCCAAGGGGATGC
CC

(x 1=0, x 2=0, x3=1, y=1)

AAAACCAATTCCAAGGGGATGC
GGAAAACCAATTCCAAGGGGATGC

GGAAAACCAATTCCAAGGGGATGC
GG

(x 1=0, x 2=1, x3=0, y=0)

AAAACCAATTGGAAGGCCATGC
CCAAAACCAATTGGAAGGCCATGC

CCAAAACCAATTGGAAGGCCATGC
CC

(x 1=0, x 2=1, x3=0, y=1)

AAAACCAATTGGAAGGCCATGC
GGAAAACCAATTGGAAGGCCATGC

GG

AAAACCAATTGGAAGGCCATGC
GG

…

AAAACCAATTGGAATTGGATGC
GG

AATTGGCCTTGGATGCG
G

x1

x2

x3

y

0

1

where

AAGG

AATT

AAAA ATGC

CC

GG

+

Library

(x2=1, x3=1, y=1)

(x2=1, x3=0, y=0)
AATTGGAAGGCCATGCC
C

AATTGGCCTTGGATGCG
G

(x1=0, x2=0, x3=1, y=0)

AAAACCAATTCCAAGGGGATGCC
C

(x1=0, x2=1, x3=1, y=1)

AAAACCAATTGGAATTGGATGC
GG

Query

(x1=1, x2=1, x3=0)

TTCCG
G

TTAAC
C

TTTTC
C

(x2=1, y=0)
AATTGGATGCCC

Hybridization

TTCCG
G

TTAAC
C

TTTTC
C

TTAAC
C

TTTTC
C

AAAACCAATTGGAATTGGATGC
GG

AATTGGCCTTGGATGCG
G

AATTGGAAGGCCATGCC
C

AATTGGATGCCC

TTCCG
G

AATTGGAAGGCCATGCCC

AATTGGCCTTGGATGCGG

AAAACCAATTCCAAGGGGATGCCC

AAAACCAATTGGAATTGGATGCGG

AATTGGATGCCC

(x1=0, x2=1, x3=1, y=1)

(x1=0, x2=0, x3=1, y=0)

(x2=1, x3=1, y=1)

(x2=1, x3=0, y=0)

(x2=1, y=0)

TTCCGG

TTAACC

TTAACC

TTAACC

TTAACC

AAAACCAATTGGAATTGGATGCGG
TTAACC

AATTGGCCTTGGATGCGG
TTAACC

AATTGGAAGGCCATGCCC
TTCCGGTTAACC

AATTGGATGCCC
TTAACC

Majority voting

Predict the class
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MP vs. GP

Carbon (wet, soft)Silicon (dry, hard)Material
3D collision2D matrixInteraction
Ensemble of individualsSingle individualSolution
Inherently parallelCan be parallelizedParallelism
~ O(1015)~ O(104)Population size

Selection
Variation
Representation

Amplification (PCR)Proportional selection
Combinatorial samplingRandom xover, mutation
Variable-length listsVariable-size trees

Molecular Programming
(MP)

Genetic Programming (G
P)

Nano Self-Replication

Molecular Programming (MP) as a New P
aradigm for Molecular Computing

 Scalability
♦ Problem: For big problems, exhaustive search does not work.
♦ Solution: Evolutionary search

 Reliability
♦ Problem: DNA reaction is error-prone.
♦ Solution: Probabilistic formulation

 Fault tolerance
♦ Problem: What if a single molecule malfunctions?
♦ Solution: Ensemble machine approach

 Design
♦ Problem: How to design the decision (or diagnosis) rules?
♦ Solution: Evolutionary learning from examples

New Issues for the EC Researchers
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In Vitro Evolution vs. In Silico Evolution

DeterministicProbabilisticReproducibility
Very highUltrahighDensity
HighLowReliability
Ultra-fast (nanosec)Fast (millisec)Speed
SequentialMassively parallelParallelism
Fixed (synchronous)Amorphous (asynchronous)Configuration

Communication
Medium
Processing

2D switching3D collision
Solid (dry)Liquid (wet)
HardwiredBallistic

In Silico EvolutionIn Vitro Evolution

New Research Issues
 Representation

♦ New representation schemes under molecular constraints
♦ 2D and 3D structures for molecular genetic programs
♦ Parsimony/bloat issues

 Operators
♦ New molecular operators under thermodynamic constraints
♦ Biochemical wet operators
♦ Physical implementation of operators (e.g. physical simulated annealing)

 Theory
♦ The role of a huge population size
♦ Theory for guiding experimental procedures (e.g., SELEX)
♦ EC theories of the origins of life

 Applications
♦ Physical evolution
♦ Bio, pharma, medicine
♦ Nanotechnology
♦ Molecular electronics
♦ Molecular robotics

In Vitro Selection of RNA Aptamers by SELEX

RNA library

+ target

Complex of RNA 
and target Remove of unbound

oligonucleotides

ss oligonucleotide 
library

Target bound
RNA selection

ds DNA

Clone & Sequence

Transcription

RT
PCR

RNA polymerase
ssDNA

ssRNA

Anti-VEGF Aptamer (Macugen)

Age-related Macular Degeneration (AMD)

Eyetech 
Pharmaceuticals Inc.

Pfizer
Inc.

Nextar
 

Aptamer against VEGF using SELEX (1998)

FDA approved (2004. 12. 17)

Pfizer will pay Eyetech $90 million license fee 
and an additional $15 million investment

$25M

$100M

First FDA approved  aptamer-based drug
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RNA Aptamers into Therapeutics

 Easily screened

 High affinity and specificity

 Reduced in size and chemically synthesized

 Easily modified for bioavailability or delivery

 Reversible antagonist; regulatable

 Highly expressed

 May not induce immune response

1) As drug leads – lessen form VEGF165

2) As gene therapy

RNA Aptamers into Diagnostics

 Molecular ligand to variable molecules including carbohydrates and lipids

 High affinity and specificity

 Spot onto solid surface with high density

 Mass production with low cost, rapidity and high purity

 Reversible denaturation: stable and long storage

 Fixed with variable reporter

Rivalry to Antibody
Nanochip/biosensor 

         Programmable Patterning of DNA Lattices

A New, Powerful Technology
- for the construction of molecular scale structures
- for Rendering Patterns at the Molecular Level.

A  2D DNA lattice is constructed by a self-assembly process:
      --Begins with the assembly of DNA tile nanostructures:
                  - DNA tiles of size 14 x 7  nanometers
                  - Composed of short DNA strands with Holliday junctions

       - These DNA tiles self-assemble to form a 2D lattice:

-The Assembly is Programmable:
-Tiles have sticky ends that provide programming for the patterns to be formed.

 -Alternatively, tiles self-assemble around segments of a DNA strand encoding a 2D pattern.
- Patterning: Each of these tiles has a surface perturbation depending on the pixel intensity.

-pixel distances 7 to 14 nanometers
-not diffraction limited

 Key Applications:  Assembly of molecular electronic components & circuits, molecular robotic c
omponents, image rendering, cryptography, mutation detection.

(John Reif, Duke)
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DNA-Based Nanorobotics Devices
105

(Mao et al 99) (Yurke et al 00) (Simmel et al 01) (Simmel et al 02)

(Yan et al 02) (Li et al 02) (Alberti et al 03) (Feng et al 03)

Rotation

Rotation

Open/close Open/close Open/close

Extension/contraction Extension/contraction Extension/contraction

Evolvable Biomolecular Hardware

 Sequence programmable and evolvable molecular systems c
an be  constructed as cell-free chemical systems using biom
olecules such as DNA and proteins.

Collaborating Labs
      - Biointelligence Laboratory, Seoul National University
      - Biochemistry Lab, Seoul National Univ. Medical School
      - Cell and Microbiology Lab, Seoul National University
      - Advanced Proteomics Lab, Hanyang University
      - DigitalGenomics, Inc.
      - GenoProt, Inc.
Supported by
      - National Research Lab Program of Min. of Sci. & Tech.
      - Next Generation Tech. Program of Min. of Ind. & Comm.
More Information at
      - http://bi.snu.ac.kr/MEC/
      - http://cbit.snu.ac.kr/
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