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Abstract
How life began is still a mystery. While various theories suggest that life began in deep sea volcanic
vents or that a world where life consisted predominantly of RNA molecules preceded us, there is
no hard evidence to give shape to the chain of events that led to cellular life.
Perhaps the fundamental enigma of our origins is how life began to self-replicate in such a
way that evolution could produce Earth’s “endless forms most beautiful.” With the exception of
biological organisms, we have no examples of self-replicating, evolving chemical systems, despite an
extensive research program with the goal of identifying them.
In this thesis, I construct a chemical system that preliminary evidence suggests is capable of
the most basic self-replication and evolution. The system uses no enzymes or biological sequences,
can support and replicate a combinatorial genome, and is completely autonomous. There are no
fundamental obstacles to the replication by this system of much more complex sequences or to
open-ended evolution.
The design of the system is inspired by the work of Graham Cairns-Smith, who has proposed
that life began with clay. Clays are tiny layered crystals; some clay crystals can contain one of
several different patterns of atoms or molecules in each layer. The choice of patterns for the layers
could be viewed as a sort of genome: it would be copied as the clay grew, and if the crystal broke,
each new piece would inherit its pattern from the old piece and could replicate it in the same
manner. If some patterns of layers grew and reproduced faster than other patterns, crystals with
faster-growing patterns would be selected for.
Instead of the atoms or small molecules of which clay consists, I use molecules consisting of 4 to 6
interwoven, synthetic DNA strands called DNA tiles to design crystals that in principle can replicate
and evolve as Cairns-Smith imagined. While the choice of construction material was influenced by
ease of use – in contrast to clay crystals, DNA tile crystals have been previously characterized and
are easy to synthesize and image in the laboratory – the choice was fundamentally made because
DNA tile monomers are programmable, allowing us to create novel crystal morphologies rationally.
The crystals I construct, termed “zig-zag ribbons,” contain a sequence of information (“a
genome”) in each row. Growth of the ribbon adds rows, one at time, each of which contain an
arrangement of DNA tiles that encode the same information sequence as the previous row. Altering
the set of “tiles” used to assemble ribbons allows us to alter the alphabets for and the permitted
lengths of sequences that can be copied.
I describe how to design tile sets that can replicate genomes with different alphabets and the
kind of sequence evolution that is in theory possible with some simple tile sets. Altering the tile set
can not only change the kinds of sequences that may be replicated, it can also make growth and
splitting more robust. I show how to make changes to the crystals’ design to prevent errors during
growth and splitting and to reduce the rate of spontaneous generation of new crystals.
It has been previously shown that DNA tile crystallization can be used to perform universal
v

computation; I show that in theory crystals that can compute can undergo open-ended evolution
as they try to produce more and more complex programs to take advantage of available growth
resources. This mechanism is simple enough to potentially observe in the laboratory in the near
future.
This work suggests that the concept of a self-replicating chemistry is closely related to the
concept of a chemistry that can store information and compute. It is only by clearly understanding
how chemical systems can transfer and process information that we can hope to understand how
self-replication and evolution can occur, and by implication, understand how life might have begun.
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Part I

Introduction

My dear sir, in this world it is not so easy to settle these plain things. I have ever found your
plain things the knottiest of all.
Herman Melville, Moby Dick
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Chapter 1

Preamble
The origin of life may be the last great mystery in biology. While it is not a new problem, it is one
for which we have few plausible ideas, let alone well-supported ones. Yet it is of central importance.
If “nothing in biology makes sense except in the light of evolution” [Dob64], then knowing what
cells evolved from is fundamental.
The scientific problem of life’s origins came about when Darwin proposed that life evolved
through the natural selection of fitter individuals. Darwin provided compelling evidence that life
changed over time that this change had a scientific explanation. By implication, evolution had a
beginning, which in the same way might be a subject of scientific study.
Unfortunately, the nature of Darwin’s theories were such that they did not tell us how science
might explain such a beginning. In an 1871 letter to Joseph Hooker, Darwin suggested that life may
have begun in a “warm little pond, with all sorts of ammonia and phosphoric salts, lights, heat,
electricity, etc. present, [so] that a protein compound was chemically formed ready to undergo still
more complex changes.” [Dar88]. Such speculations about life’s origins were neither testable nor
refutable.
One-hundred and twenty-five years later our ideas about the origin of life are still for the most
part neither testable nor refutable. While we know more about some basic questions than Darwin
did—What was the Earth like when life emerged? When did life emerge?—we are still in many
ways stuck on them [CJAG95, MAM+ 96, Org98a]. How life arose from inanimate materials remains
a mystery [Org98b, Org98a]. It’s not even clear what kind of evidence we might hope to find to
verify or refute our hypotheses.
Nevertheless, some progress has been made. Since Darwin, many other scientists have produced
many ideas about what might have happened. We can also largely eliminate many possibilities for
our origins [Eig71, Smi70]. In the past 15 years or so an experimental discipline of attempting to
systematically study candidates for an origin of life has arisen (e.g. [Joy96, SBL01, GC04, FC06]),
which is giving rise to a field where one can rigorously study and discuss how life could have arisen.
In the same way that fundamental studies of physical systems under the extreme conditions that
might have existed in the early universe inform our understanding of the origins of the cosmos, it
seems reasonable to believe that investigating the potential of chemical systems to replicate, evolve,
and speciate could inform a rigorous discussion of how life as we know it began.
We are still far from a definitive chronology of how life began. We are even still far from a
well-supported idea of how life ⁀could have begun. To agree on how life originated, we must both
find compelling evidence that life did originate as we imagine and a clear and compelling way
2

to eliminate competing hypotheses. While we cannot eliminate any material from a role in the
origin of life, we know something about the physical requirements for self-replication. Thus, a
rigorous search for our origins must take into account the following: The ability to correctly copy
its genome is essential to any system capable of self-replication and evolution. The question of
how self-replication can come about was studied first as a logical problem, in computer science,
and the results were clear: the ability to compute makes the task of self-replication relatively
easy [vNAWB66, Sip97]. We might even speculate, therefore, that the ability of a physical system
to compute is closely related to its ability to self-replicate.
So what kind of chemistry can do computation? The notions that the modern cell is essentially
an information processing organ [Bra95] and the desire to build computing elements the size of
molecules have stimulated a study of how molecular information processing is best accomplished.
While much of this work is relatively new, both fundamental theoretical results and a diversity
of excellent experimental results have been achieved. Studies of the thermodynamics of computation [BL85] and of the capabilities of abstract chemical systems [Mag97] inform the limits of
this chemistry. Work on self-assembly, in which information is processed to guide the assembly of
a supramolecular structure [RPW04] and on the assembly of molecular circuits [BGBD+ 04] have
suggested important possibilities for the kinds of chemical systems that can process information.
A chemistry that is a candidate for the origin of life must not only be able to self-replicate but
also to evolve a genome over time that is more complex than the one with which it began. We know
even less about how such a process might happen than we do about how self-replication might arise.
While we are now starting to know a little about fitness landscapes of RNA [FS98, CODS04, GGS05]
and protein [HS96, CK06] structures and catalysts, and about how changes in developmental programs can cause changes at the organism level [Dav06, Car06], an understanding of how large-scale
transitions in biological evolution come about is not understood at the molecular level [SS95].
Further, work on evolution of computer programs has suggested that most systems that can selfreplicate and evolve are not capable of open-ended evolution [BMP+ 00]. Thus, understanding what
is necessary for a self-replicating system to evolve into a more complex life form is an important
part of the question of the origin of life, and still a research problem.
This thesis adopts the perspective that the origin of life is a problem of information processing.
It is both a theoretical exploration and a physical demonstration of one way that a system satisfying the important attributes for life can be constructed from molecules. I hope this work is a
demonstration of the power of this unconventional approach. By using a programmable chemistry
for our explorations, we can investigate the information processing capabilities of a whole class of
chemistries (Although much, of course, is lost in translation.) It is my hope that such broad-based
chemical explorations, conceptually guided by computer science, will bring fresh insight to the
uniquely challenging question of how life began.

1.1

The Origin of Life as a Field of Study

To ask how life started, it is necessary to decide what life is and what it is not. While a definition
for life is in many ways impossible to pin down, some reasonable requirements for life are that it be
autonomous, self-replicating, and subject to Darwinian evolution [BRC04]. These requirements are
not only clear, but at the current time well directed: Self-replication and evolution are fundamental
to any life, and yet fascinating because they get at the “fuzzy” region between life and non-life that
we don’t understand.
3

What kinds of chemistry can autonomously self-replicate and evolve? Except for biology, no one
has shown conclusively that any chemical system can do so. Nevertheless, many scientists have had
ideas about what kinds of chemistry might do so, and therefore what the first life could have been
like. One of the first to put forth an idea (after Darwin) was Aleksandr Oparin, a Russian scientist
who suggested that cell-like coacervates could have formed spontaneously, then grown and divided
much as modern cells do [Opa03]. As a graduate student of Harold Urey, Stanley Miller showed
that a mixture of highly reducing compounds then thought to be the components of the early
earth would form organic molecules when jolted with electricity [Mil53]. The “primordial soup”
theory suggests that these organic molecules would be concentrated, and there would gradually form
complex and self-replicating entities, much as Darwin imagined. While the idea that life emerged
as soft matter in a liquid environment is widely accepted, Graham Cairns-Smith has suggested a
very different scenario, that clay crystals could propagate particular defects or arrangements of
layers during growth. If these clay crystals were ripped apart by forces such as erosion, the copied
defects or layers would be propagated by each of the pieces [CS66].
James Watson and Francis Crick’s discovery of the structure of DNA [WC53] suggested the
possibility that a molecule alone might be able to store and replicate information1 . Soon after this
work, L. S. Penrose used DNA as the inspiration for an article about the necessary features of a
self-replicating system [Pen58]. This article followed a demonstration of many of these principles:
his construction with his son Roger Penrose of a self-replicating system of wooden blocks [PP57].
Others have sought to reconstruct with chemistry such a single-molecule self-replicating system.
Frances Crick and Leslie Orgel proposed that RNA might have been the molecule whose replication
preceded current cells [Cri68, Org68]. The discovery that RNA had catalytic activity bolstered the
idea that an RNA world, where RNA both stored genetic information and performed the catalytic
activity necessary for replication, was a step on the path to the modern organism. Günter von
Kiedrowski showed that enzyme-free replication of a short template was possible with a short
palindromic RNA sequence that could template the assembly of two halves of itself, provided those
halves were properly chemically activated [vK86, SvK98].
The ability to generate random sequences of RNA and select for their function [Joy89, RJ90]
led to a new search for an RNA “replicase,” a particular RNA molecule that could catalyze its own
replication. An exhaustive search of RNA sequence space has uncovered some amazing catalysts
that can fully or partially replicate themselves given suitable parts. Gerald Joyce’s group recently
demonstrated that a particular palindromic RNA sequence could catalyze its own synthesis by
ligating together two smaller oligonucleotides [PJ02]. David Bartel, in work stemming from his
earlier work with Jack Szostak [BS93], has produced a ribozyme that can copy a template of
up to 14 base pairs [JUL+ 01]. In all these cases, molecules replicate themselves (or portions of
themselves), satisfying part of the requirement for a life-like system that could have been our
origins. However, it is not yet clear whether or how far any of these systems could evolve.
Could other non-template based molecules or assemblies have replicated themselves? Reza
Ghadiri’s group demonstrated that a peptide can catalyze its own assembly from two smaller peptides [LGMKSa96]. The self-replication of membrane vesicles has also been demonstrated [WWF+ 94].
Unfortunately, the case for non-trivial evolution of these systems is less encouraging than the evolution of RNA sequences.
Thus, the question of “what kinds of chemistry are capable of Darwinian evolution?” is es1
Interestingly, Schrödinger made the suggestion that an aperiodic crystal stored our genetic information in his
1944 book [Sch44].
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pecially interesting because it turns out to be hard. Evolving chemistry is all around us in the
form of modern biology: cells, viruses, prions, and the like, but thus far it hasn’t been possible to
demonstrate a self-replicating chemistry without using biological enzymes, which are themselves
the product of biological evolution.

1.2

Self-Replication in Computer Science

While making a chemical system that can self-replicate is a research problem, writing a selfreplicating computer program is easy. A program that copies itself can generally be written extremely succinctly. In English, such a program might be2
Write this sentence twice, the second time in quotes.
the second time in quotes.’’

‘‘Write this sentence twice,

This sentence has an analogue in any Turing universal programming language. Further, the
recursion theorem [Sip97] tells us that writing a program capable of replication and any other
computable function is also feasible in any such language.
To what extent is such an observation applicable to the physical world? Among John von Neumann’s last scientific contributions, published in a volume completed by Arthur W. Burks [vNAWB66],
was the invention the cellular automaton, a model of local computation that takes place on a physical grid. Von Neumann invented this model of computation to study self-replication. Inside the
rules of this cellular automaton, he created a self-replicating machine that could both perform
universal computation and reproduce itself. von Neumann’s machine was complex: it contained
29 different parts (states), which produced a lookup table for each rule consisting of 295 entries,
and the process of replication takes so much space that to my knowledge no computer has yet
simulated it [Pes95, BH00]. But while the machine was complex, it was also designed in a model
that attempted at some level to recapture the physical world.
Von Neumann’s machine was complex in part because it could not only self-replicate, but could
also construct arbitrary patterns of states according to instructions that were later replicated. But
self-replicating cellular automata that can allow limited evolution can be much simpler. Very small
2-dimensional automata [RACP93] and a tiny program in a model of computation without fixed
geometry called a graph automaton [TKM02] have been discovered. Since universal computation
can be implemented with extremely simple cellular automata [Coo04], it seems reasonable to expect
that a small cellular automaton capable of both universal construction and replication exists.

1.3

Programmable Chemistry

The ease with which self-replication can be implemented in a computer program suggests that
if there was a chemical system capable of even basic information processing, it might be able to
execute a one of the simple self-replicating, evolving computer programs computer scientists have
discovered. Such a system would itself be able to self-replicate and evolve.
What is a programmable chemistry? Biology seems to be the clearest example—when one
inserts a piece of DNA with a particular sequence (a program) into a bacterium, the bacterium
alters its behavior in accordance with the content of the added DNA. Informally, we’ll say that a
2

This sentence is not my creation but I cannot reliably locate its origins.
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programmable chemistry is one that can simulate an abstract model of computation, for example,
digital logic circuits or a Turing machine.
What can chemistry compute? An investigation of the limits of our ability to build computing
machines inspired some of the first investigations into programmable chemistry. Charles Bennett
suggested that DNA transcription, translation, and replication could be viewed as computation,
and that such computation was several orders of magnitude more efficient than silicon circuit computation, almost optimally efficient (according to the rules of thermodynamics) [BL85]. Later,
Leonard Adleman experimentally demonstrated that computation by a very different method, the
manipulation of a library of DNA using standard molecular biology techniques, could be used to
efficiently generate solutions to combinatorial search problems [Adl94]. Paul Rothemund showed
chemical processes could perform not just complex, but universal computation: a combination of
DNA strands and restriction enzymes could, in principle, simulate a Turing machine [Rot96]. Computation in chemistry without enzymatic reactions or polymers is also possible—it can simulate
both arbitrary boolean circuits [Mag97] and stochastic chemical kinetics in performing universal
computation [CSWB07]. Thus, the simplest kinds of chemistry can, in theory, perform any computation.
In practice, many chemical systems appear to be capable of universal computation. Erik Winfree
suggested that universal computation could be embedded in the process of self-assembly [Win96],
and he and others implemented a set of molecules which, with the correct programming, could
perform these computations [WLWS98]. Progress has also been made constructing systems that
do not use polymerization or crystallization to compute and therefore contain only a finite number
of species. Recent work by Seelig et al. showed that DNA, without enzymes, could implement
simple boolean circuit functions, and that other than the limits of DNA sequence binding specificity, this functionality could arbitrarily be expanded []. Media as diverse as reaction-diffusion
systems [SKS96], (pseudo-)rotaxanes [CBLS97], quantum-dot cellular automata [AOT+ 99], and
synthetic peptides [AG04] have been shown to also perform simple computations in the laboratory,
suggesting that the phenomenon of computation may be widespread in chemistry.
We copy information in crystals using Winfree’s method of algorithmic self-assembly [Win96,
WLWS98, RPW04], algorithmic self-assembly. Algorithmic self-assembly has its roots in the tiling
problem, the question of whether a given set of shapes can tile the plane [Wan61]. By using a set
of “Wang tiles,” squares with colors on each side that can be laid adjacent only to squares with
matching sides, Hao Wang showed that a version of this problem in which some tiles are already
added to the plane was undecidable [Wan62]. Later, Robert Berger showed that even if no tiles were
added to the plane to start, answering the general question of whether a set of tiles could tile the
plane was also undecidable [Ber66]. Winfree’s work demonstrated the computational universality
of self-assembly by showing that the chemically plausible assembly of molecular analogues of Wang
tiles was also computationally universal. Under conditions where only cooperative attachments of
blocks (by either one strong or two weak crystal bonds) was allowed, the assembly of a 2-D lattice
could in principle simulate a 1-D blocked cellular automaton, and therefore could also perform
universal computation. In his construction, a row of the 2-D crystal contains the state of the
automaton at one time step, with growth of the crystal in the forward direction advancing the
computation. Growth is nucleated from a structure which provides the initial state and prevents
backwards growth. When two edges of the block must match the existing tiling to attach to it—
these two edges can be considered the “input” states, and the remaining two edges on the block the
“output” of that computation. Since growth can continue indefinitely, arbitrarily long computations
6

can be performed.
Algorithmic self-assembly can be implemented in practice using DNA double crossover molecules
(synthetic assemblages of short oligo-nucleotides) [FS93, LYK+ 00, MSS99, YPF+ 03, CSK+ 04,
HCL+ 05] as Wang tiles. The DAO-E DNA double crossover molecules [FS93] used in the experiments in this thesis consist of several short oligonucleotides (20 to 80 base pairs). When annealed,
the oligonucleotides assemble into a brick-like structure due to a preference for Watson-Crick complementarity. The “core” of a DNA double-crossover molecule is double stranded, and therefore
not reactive with other DNA molecules, but base pairs on each of four ends of two helices in the
molecule are single stranded. The four single stranded edges are analogous to the colors of the
Wang tiles—tiles generally bind only to tiles or crystals with complementary sticky end sequences.
A set of many such molecules can therefore be viewed analogously to a set of Wang tiles. Work by
Mao et al. [MLRS00a], Rothemund et al. [RPW04], Barish et al. [BRW05], and others have demonstrated that the mechanism Winfree described can indeed guide the crystallization of DNA double
crossover molecules and produce aperiodic patterns in crystals that are the result of computations.
In this thesis, I describe how this system for creating “molecular jigsaw puzzles” can be used
to construct 1-D crystals (crystals that are several tiles wide, but cannot change their width once
nucleated). Crystals elongate via the ordered addition of DNA tiles, one row (of fixed width) at a
time. The set of molecules is designed so that a crystal can grow only by adding tiles that copy the
existing arrangement of tiles. Thus, each layer of the crystal contains the same piece of information.
Sustained growth produces many copies of the sequence.
A self-replicating system requires not only accurate computation to copy a sequence, but also
the ability to separate the sequence and its copy or copies. In practice, separation of two copies is
riddled with problems, including non-separation of the original genome and its copy (end-product
inhibition) and destruction of the copied genome. One solution to this problem is to make many
copies of the genome before separation is required, so that even if the separation process is errorprone, at least a few copies of the genome remain intact. In this thesis, rough mechanical forces
is used to split the crystals into pieces, each of which can then grow new copies of the sequence.
While some pieces will be damaged, enough should remain intact to replicate the original genome.

1.4

Evolution in Simple Systems

Thus, this work describes how to autonomously replicate a sequence of information that is embedded
within a crystal. We will also show how in some environments, crystals bearing different sequences
can compete with each other. It is therefore possible to ask whether crystal evolution could lead
to the creation of complex crystal forms, and as such be a candidate for an ancestor of biological
organisms.
Many biochemists believe that the answer to this question for almost any system capable of
Darwinian evolution is “yes”: once Darwinian evolution is possible in an autonomous system,
more and more complex life would be forthcoming (e.g. [CS06]), and therefore the creation of a
self-replicating chemical might be the rate-limiting step in producing life.
Computer scientists have been studying self-replication computer programs for a long time [Sip98].
Yet despite numerous attempts to write programs that can evolve into more and more complex
programs, many programs seem to evolve to a certain point and stop [Bed07]. In a few cases, simulations have shown continued adaptation [CWO+ 04], but it’s not clear if that adaptation would
continue indefinitely. Further, the level of adaptation and increased complexity are not on the scale
7

of that seen in biological evolution. It is still unclear what the properties of a system capable of
open-ended evolution would be [BMP+ 00]. In the absence of examples of evolving chemical systems, one might be tempted to assume that evolution in a self-replicating chemical system might
also be difficult.
Yet in many respects, biology satisfies the intuitive requirements for what one might call “openended evolution”: from some system simple enough to arise spontaneously, life today has become
more complex than any machine we can currently build [EG00, VAM+ 01, DS86, Int07]. How did
this happen? One might choose to make some observations about life that might bias it toward
the occurrence of at least some evolution. First, biological organisms can replicate a combinatorial variety (any DNA sequence imaginable) of genotypes. Second, a genotype produces a clear
phenotype—a set of associated molecules that enable metabolism, protection, further replication,
etc. Third, phenotype has a clear effect on the ability to replicate—an ineffective enzyme can prevent digestion of a vital resource, or a sloppy method of copying DNA might produce dead offspring.
Lastly, complicated phenotypes can allow an improvement in fitness in complex environments—the
production of a new enzyme could allow the digestion of a new sugar or an increased ability to outwit competitors for a scarce resource. An ability to find adaptations that beget selective advantage
seems to be essential for open-ended Darwinian evolution.

1.5

Contents and Contributions

The chapters that follow represent an assemblage of published work or work in preparation to be
published.
The remainder of the introductory part of this thesis, Chapter 2, explains in detail how in
principle a DNA tile system for self-replication and evolution can be constructed. It shows DAO-E
DNA tiles [FS93] that can be assembled to form a crystal that, as it grows, copies a sequence, and
how the “life-cycle” that Cairns-Smith envisioned for clay crystals can be adapted to DNA tile
crystals. The second part of this work describes what it means for such a crystal to evolve, and
describes some example chemistries (sets of DNA tiles) and environments in which simple evolution
could occur.
The second part of this thesis describes how we overcame major technical challenges, both
theoretical and experimental, to achieving self-replication and evolution with DNA crystals. All of
these challenges relate to the fact that for evolution to reach an optimum on a particular fitness
landscape, information replication has to occur accurately [Eig71, EMS88]. In the context of DNA
crystals this means that we need to ensure three things: that information within crystals are copied
correctly, that nucleation of crystals containing random sequences occurs rarely, and that crystals
don’t lose information when broken.
Techniques to reduce errors during growth of 2-D DNA crystals by redesigning the molecular
components of the crystal were known previously [WB04, RSY05, CG05]. Chapter 3 addresses
the second requirement described in the previous paragraph, by describing how a similar type of
redesign can in theory drastically reduce the rate of nucleation of crystals while only marginally
reducing their growth rate. Chapter 4 describes laboratory experiments that verify that this redesign technique reduces crystal nucleation rates. Chapter 5 describes how we adapted techniques
to prevent growth errors in 2-D crystals to improve the fidelity of information copying in our crystals. The experiments described in that chapter show that this adaptation does work and confirms
further predictions about growth “proofreading” that were too difficult to perform in two dimen8

sions: that increasing the amount of redundancy introduced in the redesign process decreases error
rates.
Part 3 describes my work on crystal evolution. The first two chapters ask the question “What is
all this stuff good for?” since it’s not immediately obvious to the biochemist schooled in catalysis,
that DNA crystals actually do anything that might beget them selective advantage. In Chapter 6,
I describe one thing they can do: perform universal computation, and how that implies that DNA
crystals are capable of highly non-trivial evolution. In an environment where resources for growth
can change, well-adapted crystals, like biological life forms, can sense which resources they’re likely
to have access to and use those for growth. In Chapter 7, I show that a similar mechanism of
selection for complex crystals in some environments can take place even with a very small set of
tiles. These results indicate that we can begin doing experiments to look for open-ended evolution
of DNA crystals in the near future.

Contributions
A version of Chapter 2 has been published as:
Rebecca Schulman and Erik Winfree. Self-Replication and Evolution of DNA Crystals. In
Advances in Artificial Life, 8th European Conference, pages 734–743. Springer-Verlag, 2005.
Erik and I wrote this paper. Many of the conceptual ideas in this paper are due to Erik.
A version of Chapter 3 has been submitted for publication. I am first author on this work, and
Erik Winfree is my coauthor. I proved all the theorems in the paper and did the simulations and
the analysis. Erik and I together decided on the content of and wrote the paper.
A version of Chapter 4 has been submitted for publication. I am first author on this work, and
Erik Winfree is my coauthor. I performed all the experiments described in this paper and Erik and
I both designed the experiments and did the analysis.
A version of Chapter 5 is in preparation for submission. This work will be authored by Christina
Wright, myself, and Erik Winfree. Christina performed the experiments and designed and did the
programming required for the simulations. I designed the experiments and all the molecules used
and wrote key parts of the simulation engine. I wrote the paper with help from Erik.
A version of Chapter 6 has been accepted for publication as
Rebecca Schulman and Erik Winfree. How Crystals that Sense and Respond to Their Environments Could Evolve. Natural Computing, 2007.
The ideas are mine, refined by discussion with Erik. I wrote the paper with Erik.
I conceived of the ideas in Chapter 7, and refined them in conversations with Erik Winfree. I
wrote the chapter.
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Chapter 2

Self-Replication and Evolution of
DNA Crystals
Abstract
It is widely accepted that Darwinian evolution is responsible for the complexity and adaptability
seen in modern biology. However, the mechanisms by which evolving organisms adapt to their
environment are not well understood. A central roadblock to studying evolution is the dearth of
physical systems in which Darwinian evolution can be studied; a tractable synthetic system for
replication and evolution would facilitate the study of how physical selection pressures lead to
evolutionary change. A chemical self-replicator might also be used to evolve solutions to problems
in chemistry or nanotechnology. If such a system were simple enough, it could also shed light on
how self-replication emerged spontaneously at the origin of life.

2.1

Introduction

In 1966, Graham Cairns-Smith proposed a simple mechanism by which polytypic clay crystals could
replicate information in the absence of biological enzymes [CS66, CS88]. Polytypic clay crystals
contain discrete layers, each of which contain molecules of a particular identity or orientation.
A cross-section of the crystal therefore contains an information-bearing sequence. Cairns-Smith
proposed that crystal growth extends the layers, copying the sequence (the crystal’s genotype).
Occasionally, physical forces break a crystal apart. Because crystals replicate their genotype many
times during growth, splitting of a crystal can yield multiple pieces, each containing at least one
copy of the information-bearing sequence. Cycles of growth and fragmentation might therefore
cause each sequence to be exponentially amplified.
We propose a method of self-replication that works by a similar process of growth and fragmentation. Instead of replicating sequences in clay, we suggest that this process could also be
used to amplify sequences in algorithmic DNA crystals. DNA crystals are composed of DNA tile
monomers [FS93]. Different types of DNA tiles can be designed to assemble via programmable
rules [Win96]; a typical DNA crystal is assembled from several tile types. As in Graham-Smith’s
conception, DNA crystals can contain a sequence that is copied during growth, in this case a linear
arrangement of DNA tile types (Figure 2.1a). Unlike most types of clay crystal growth, DNA
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Figure 2.1: DNA crystals. (a) The DNA crystal life cycle. The materials required for growth are
constantly replenished. Crystals die when they are flushed out of solution in an exit stream. (b)
Tiles with complementary single-stranded sticky ends can attach by hybridization. For convenience,
DNA tiles may be represented as square tiles; tiles with the same side labels correspond to molecules
with matching sticky ends. (c) Atomic force microscopy image of DNA crystals formed by the
molecules shown in Figure 2.2b. At higher resolutions (inset), individual tiles can be discriminated.
crystal growth is tractable in the laboratory and occurs at time scales (hours) that are suitable for
experimental investigation.
In Section 2.2, we describe in more detail how crystal evolution works and introduce the components of DNA crystals and a model of the growth process. The examples in Sections 2.3 and 2.4
illustrate how DNA crystals can copy arbitrary amounts of information and how in particular environments, this information affects the replication rate. In Section 2.5, we describe techniques for
increasing the accuracy of replication.

2.2

Replicating Information with DNA Crystals

The DNA crystals we propose consist of DNA tile monomers [FS93] which can attach to other
tiles in a programmable fashion: each of the four sides of the DNA tile has a short single stranded
portion which can hybridize with the complementary strand of another tile (Figure 2.1b). DNA
tiles can assemble into 2-dimensional crystals [WLWS98] and can be programmed to form other
structures, such as thin ribbons (Figure 2.1c). A wide variety of DNA tile crystals have been
synthesized [MSS99, LYK+ 00, CBG+ 04, HCL+ 05].
Under slightly supersaturated conditions [Win98], the attachment of a DNA tiles to a growing
crystal is only energetically favorable if it occurs cooperatively, i.e., by the formation of two or more
sticky end bonds. The attachment of a tile to a crystal performs a step of a computation in the sense
that a unique tile (among many possible in solution) may attach at a particular growth location.
With an appropriate choice of tiles, DNA tile assembly can perform universal computation [Win96].
The zig-zag crystal shown in Figure 2.2a is formed from the tiles shown in Figure 2.2b. Matching
rules determine which tile fits where. When a zig-zag crystal is added to a solution of free tiles
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a
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Figure 2.2: The zig-zag tile set. (a) A zig-zag assembly. Two alternating tile types in each
row enforce the placement of the double tiles on the top and bottom, ensuring that under slightly
supersaturated conditions, growth occurs in a zig-zag pattern. Although only growth on the right
end of the molecule is shown here, growth occurs simultaneously on both ends of the molecule.
At each step, a new tile may be added at the location designated by the small arrow. (b) The
basic zig-zag tile set consists of six molecules (tile types). Each square and rectangle shown is a
logical representation of the molecule shown to its left. By convention, tiles cannot be rotated. The
tiles shown here have unique bonds that determine where they fit in the assembly: each label has
exactly one match on another tile type. The logical representations of DNA tiles have the same
connectivity as DNA tile molecules but are rotated 45◦ and have a different aspect ratio. (c) The
tile set shown in Figure 2.2b forms only one type of assembly. A tile set consisting of the tiles in
(b) and the four tiles shown here allows four types of assemblies to be formed. The vertical column
of each type contains a different 2-bit binary sequence.
under slightly supersaturated conditions, growth is constrained to occur in a zig-zag pattern by
the requirement that each tile addition must form two or more sticky end bonds, as shown in
Figure 2.2a. It is easy to confirm that under such conditions, there is always a unique tile that may
be added on each end of the ribbon.
Zig-zag crystals are designed so that under slightly supersaturated conditions, growth produces
one new row at a time, and continued growth repeatedly copies a sequence. The requirement that a
tile must attach by two bonds means that it must match both its vertical neighbor (another tile that
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Figure 2.3: The royal road tile set. (a) The royal road tile set consists of four tiles for each of n
sequence positions, two for propagating an X bit and two for propagating a Y bit. Two boundary
tiles are also used. 2n different sequences can be copied with this tile set. (b) When more Y
than X tiles are present, sequences containing more Y tiles tend to grow faster. (c) As growth
progresses, sequences containing mostly Y tiles become more and more common. Each sequence
shown represents an assembly consisting of many copies of the illustrated sequence.
is part of the new column being assembled), and its horizontal neighbor (in a previously assembled
row). Several tiles might match the label on the vertical neighbor, but because tiles must make two
correct bonds in order to join the assembly, only a tile that also matches the label on the horizontal
neighbor can be added. Therefore, the tile being added in the new column must correspond to the
one in the previous column. As a result, information is inherited through templated growth. The
set of tiles formed by adding the tiles in Figure 2.2c to those shown in Figure 2.2b can propagate
one of four strings. Additional tiles may be added to the set of tiles in Figures 2.2b and 2.2c to
create a tile set that copies one of 2n sequences of width n. We will later discuss tile sets in which
an unbounded amount of information can be copied.
The growth of a zig-zag DNA crystal increases the number of copies of the original information
present in the ribbon, but does not change the rate at which new copies of the sequence are produced.
The rate of copying can be sped up by tension elongation force which causes crystals to break. With
each new crystal that is created by breakage, two new sites become available to copy information.
Repeated cycles of growth and breakage exponentially amplify an initial piece of information.
Occasionally, a tile matching only one bond rather than two will join the assembly, resulting in
occasional copying errors, which are also inherited. If errors happen during copying, which they
will under almost any achievable condition [Win98], and crystals with particular sequences grow
faster than others, then evolution can occur.

2.3

Simple Evolution: The Royal Road

An artificial selection experiment involves both an environment (a set of resources for growth,
their chemistry and the ambient physical conditions) and an initial population of organisms. Here
the environment includes a set of DNA tiles; we assume all reactions take place under physical
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conditions where copying errors occur very occasionally. The set of DNA tiles determines the set
of sequences which may be copied and the “chemistry” of the system, i.e., the rules which tiles
bind to each other1 . A particular arrangement of DNA tiles is the information that is propagated
in these experiments, the genotype; it is the organism being evolved. The phenotype of a sequence
is its replication rate in the given environment. In this section we describe a tile set that allows
many kinds of sequences to grow; a selection pressure results from physical conditions in which tile
concentrations differ for each tile type.
A DNA crystal can grow only when it comes in contact with matching tiles. We assume assembly
occurs in a well-mixed reaction vessel where the higher the concentrations of tiles of the type that
may be legally added the vessel contains, the more quickly such contact occurs. Therefore, a
simple selection pressure results from a difference in concentration between tile types used to copy
the sequence information: assemblies with sequences containing tiles present at high concentrations
will grow and reproduce faster than assemblies with sequences containing tiles present at very low
concentrations.
A tile set in which one of two bits can be propagated at each of n sequence positions is shown
in Figure 2.3a. Let Xi and Yi be the two tile types that can be propagated at position i. If Yi
is present in solution at a concentration higher than that of Xi , as suggested by Figure 2.3b, the
fitness landscape for this selection resembles the simplest case of a well-studied problem in genetic
algorithms, the “royal road” [MFH92]. Here, the growth rate increases monotonically with the
number of Yi s in the sequence s. So long as the Yi tiles remain more common in solution, sequences
containing only Yi tiles will quickly dominate (Figure 2.3c).

2.4

Selection of Regular Languages

Section 2.3 illustrated how tile concentration can create a selection pressure, causing some sequences
to grow faster than others. While this is a simple selection pressure to understand, the adaptation
that occurs is also simple. In this section we describe how a single tile set allows for the replication
of an infinite number of sequences and how sequence constraints imposed by the tile set can provide
more interesting selection pressures.
In the previous example, the “chemistry” of the tile set determined the length of sequences
that could be copied, and which tiles could be used in which position of the sequence. Here we
consider evolution when the tile set “chemistry” allows only certain sequences to be copied, but
these sequences may be arbitrarily long. In particular, the tile set environment allows copying only
of sequences that are accepted by a particular finite state machine.
A finite state machine is an abstract device that can perform a computation requiring only a
fixed amount of memory. It consists of a set of states and rules describing how to transition between
states as each character of input is received. Computation begins in a prescribed state. When the
inputs have all been received, the current state is either in an accept state, in which case the the
input is accepted, or a reject state. Figure 2.4a shows a simple finite state machine (along with
the tiles that implement the transition steps of the machine) which detects whether the number of
1

Our choice of terminology reflects the observation that whether a self-replicator is made from clay, biological
polymer, or other material, the chemistry of the specific elements involved determines the evolutionary landscape.
As an example, the chemistry of nucleic acids can make some sequences hard to copy. Certain sequences fold up or
bulge [Joy87], making copying of those sections more difficult. Here, the constraints are not on how a sequence folds,
but on how its elements fit together: the tile set similarly determines the evolutionary landscape.
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Figure 2.4: Selection of sequences with particular numbers of logical 1s. (a) A diagram of
a finite state machine that can determine whether a binary sequence contains a number of 1s that
is divisible by 3. The double circled state is both the start and the accept state. (In general these
states are not the same.) The tiles shown can be used with the tiles in (b) to follow the instructions
of the machine during tile assembly. (b) Additional tiles needed to complete the tile set in (a).
The construction shown in (a) and (b) can be generalized to any finite state machine. (c) An
assembly encoding a sequence accepted by the machine in (a). Evaluation ends in an accept state,
so a bottom tile may be added and assembly can continue. (d) An assembly encoding a sequence
not accepted by the finite state machine in (a). Because execution of the finite state machine ended
with a state other than the accept state, assembly cannot continue.

ones in a binary sequence input is divisible by three.
The self-assembly of DNA sequence [Adl94] and tile [Rei97] alphabets can generate the set of
sequences accepted by a given finite state machine, also known as a regular language. Accepted
sequences can be of any length. In contrast to the tile sets described in Section 2.3, where the top
and bottom sides of a tile encode the position in the fixed-length sequence where the tile can be
added, the top and bottom sides of the tiles in Figure 2.4a encode the state of the machine as it
processes each character of the sequence being copied.
Constructing a tile set that copies only inputs accepted by a given finite state machine is
straightforward. Each possible transition between states is encoded as a single tile (Figure 2.4a).
The left and right sides of the tile encode the input, the top side encodes the state that machine is
in before the input is received and the bottom side encodes the state that the machine transitions
to after the input has been received. The top boundary tile encodes the start state and a bottom
boundary tile encodes each accept state (Figure 2.4b). Another set of tiles copies a sequence that
has been accepted by the machine. These tiles have only one state on their bottom and top sides,
and encode the same sequence bit on their left and right sides.
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During growth down the crystal2 , assembly evaluates the sequence according to the finite state
machine’s rules. If the machine ends in an accept state, a bottom tile can bind to the site and
upward growth can begin (Figure 2.4c). If the machine is not in an accept state, no bottom tile
exists which matches the growth front, and growth stops (Figure 2.4d). Thus, only sequences which
are accepted by the machine will continue to be replicated. These sequences will be the ones that
are selected for.
More complex selection pressure results if the crystals grown in this tile set environment are
moved to an environment containing tiles that accept a different language of sequences. For example, crystals grown using the tiles shown here might be moved to a mixture containing tiles that
allowed only sequences with a number of ones that is divisible by 5 to grow. Only sequences with
a number of ones divisible by 15 could survive in both environments.

2.5

Acceptable Error Rates for DNA Tile-Based Evolution

Several experimental studies have shown that DNA tiles can process information through cooperative binding [MLRS00b, RPW04], which suggests that DNA tiles should be able to copy information
in the manner that we describe. However, these studies show that errors very occur often during
algorithmic assembly [RPW04]. This is a concern because a low error rate is vital to the design
of a self-replicator. If the error rate exceeds an error threshold [Eig71], genetic meltdown occurs
and sequences become totally random. In this section we describe how in principle, it should be
possible to decrease the error rate below any relevant error threshold.
Errors during assembly occur when a tile binds to a growing assembly by fewer than two bonds,
an event called an unfavorable attachment. A mismatch error, an unfavorable attachment that
only partially matches the adjacent tiles, causes an error in replication (Figure 2.5a). Additionally,
in the absence of a pre-existing crystal, a series of unfavorable attachments occasionally produces
a full-width crystal with a random sequence, an event called spontaneous nucleation.
Both these kinds of errors can be analyzed using a reversible model of DNA tile self-assembly
based on the physics and chemistry of DNA hybridization [Win98]. Prior work on the robustness
of algorithmic self-assembly in this model can be adapted in order to show that, at a moderate cost
of tile set complexity and assembly speed, mismatch error rates can be made as small as is desired.
“Proofreading” tile sets implement the same logic of an original tile set but assemble more robustly,
dramatically reducing mismatch error rates without significant slow-down [WB04, CG05, RSY05].
The general idea of proofreading is to redundantly encode each element of sequence. When the
proofreading method is applied to the zig-zag tile set (Figure 2.5b), correct tile additions are stabilized by additional tiles in the same block that encode the same sequence element, whereas several
incorrect additions instead of just one are needed to propagate a sequence element incorrectly (Figure 2.5c). Error rates decrease exponentially as larger blocks of proofreading tiles are used [WB04].
Similar error correction techniques also exist for the prevention of spontaneous nucleation errors.
Like other crystallization processes, the rate at which spontaneous nucleation of growing zig-zag
2

Growth on the left side of the zig-zag crystal in Figure 2.4c reads the sequence elements backward, and evaluates
the finite state machine in reverse. While running the finite state machine shown in Figure 2.4a backward accepts
the same set of states as running the machine forward, for other machines there may be non-determinism when
the machine is run in reverse. A step may be possible that cannot lead to the start state, leaving an uncompleted
assembly. Assemblies corresponding to tile sets of this type will grow mostly in the direction where the finite state
machine is evaluated in the correct direction. Alternatively, it is also possible to replace this tile set with an equivalent
tile set that can grow only in the forward direction [Win06], at the cost of tile set complexity.
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Figure 2.5: Proofreading for zig-zag assembly. (a) Kinetic trapping is the major cause of
mismatch errors in DNA tile assembly. When a tile attaches to an assembly by only one side, it
forms a low energy bond and usually dissociates quickly. However, if a second tile attaches to the
assembly adjacent to the first tile before the first tile can dissociate, the first tile may be trapped.
The sequence is therefore copied incorrectly. Further growth will propagate the incorrect sequence
in subsequent columns. (b) A “proofreading” transformations of the four zig-zag middle tiles in
Figure 2.2b to a set of tiles that can in principle copy the same information more robustly. (c)
Zig-zag assembly of the original sequences using the transformed tile set. When an incorrect tile
attaches to the assembly, either the tile must fall off and be replaced by the correct tile, or further
errors are necessary in order to continue growth.
assemblies occurs is dependent on the energy of the critical nucleus, the smallest assembly of tiles
that tends to grow into a large crystal rather than melt. For zig-zag crystals, this critical nucleus is
a small assembly that contains both a top and bottom boundary tile. By increasing the minimum
width of an assembly that can contain both these tiles, it is possible to increase the energy of the
critical nucleus. For example, the rate of spontaneous nucleation of the zig-zag tiles in Figure 2.3a
decreases exponentially with the width of the crystal in tiles [SW05a]. We expect that the same
qualitative result applies to the more complex tile sets described in this paper.

2.6

Conclusions

To study the physical principles of Darwinian evolution, we propose a physical system based on
DNA crystals in which a combinatorial variety of genotypes can be faithfully replicated and a
genotype can direct a behavior or other measurable parameter that can be subject to selection.
DNA crystals are simple, containing no biological parts, and can be programmed to replicate an
17

infinite variety of genotypes. The ability to program the interactions between tiles allows us to
induce selection pressures which favor the growth of assemblies with interesting properties. Error
correction techniques exist which can lower the replication error rate as much as is required to avoid
genetic meltdown, at the cost of a small amount of additional complexity.
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Part II

High Fidelity Replication

O Nature, and O soul of man! how far beyond all utterance are your linked analogies! not the
smallest atom stirs or lives on matter, but has its cunning duplicate in mind.
Herman Melville, Moby Dick
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Chapter 3

The Design of Tile Sets That Prevent
Spontaneous Generation
Abstract
Algorithmic self-assembly, a generalization of crystal growth processes, has been proposed as a
mechanism for autonomous DNA computation and for bottom-up fabrication of complex nanostructures. A ‘program’ for growing a desired structure consists of a set of molecular ‘tiles’ designed
to have specific binding interactions. A key challenge to making algorithmic self-assembly practical
is designing tile set programs that make assembly robust to errors that occur during initiation and
growth. One method for the controlled initiation of assembly often seen in biology is the use of
a seed or catalyst molecule which reduces an otherwise large kinetic barrier to nucleation. Here
we show how to program algorithmic self-assembly similarly, such that seeded assembly proceeds
quickly, but there is an arbitrarily large kinetic barrier to unseeded growth. We demonstrate this
technique by introducing a family of tile sets for which we rigorously prove that, under the right
physical conditions, increasing the size of the tile set by a constant amount exponentially reduces
the rate of spurious nucleation. Simulations of these ‘zig-zag’ tile sets suggest that under plausible
experimental conditions, it is possible to grow seeded crystals in just a few hours such that less than
1 percent of crystals are spuriously nucleated. Simulation results also suggest that zig-zag tile sets
could be used for detection of single DNA strands. Along with prior work on constructing tile sets
that are robust to assembly errors during growth, this work is a step toward understanding how
algorithmic self-assembly can be performed with low error rates without a significant reduction in
assembly speed.

3.1

Introduction

Molecular self-assembly is an emerging low-cost alternative to lithography for the creation of materials and devices with sub-nanometer precision [WMS91, Leh93]. Whereas top-down methods such
as photolithography impose order externally (e.g., a mask with a blueprint of the desired structure) bottom-up fabrication by self-assembly requires that this information be embedded within
the chemical processes themselves.
Biology demonstrates that self-assembly can be used to create complex objects in this way.
Organisms produce sophisticated and functional organization from the nanometer scale to the
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meter scale and beyond. Structures such as virus capsids, bacterial flagella, actin networks, and
microtubules can assemble from their purified components, even without external direction from
enzymes or metabolism. This suggests that spontaneous molecular self-assembly can be engineered
to create an interesting class of complex supramolecular structures. A central challenge is how to
create a large structure without having to design a large number of unique molecular components.
Algorithmic self-assembly has been proposed as a general method for engineering such structures [Win96] by making use of local binding affinities to direct the placement of molecules during
growth. The binding of a particular molecule at a particular site is viewed as a computational or
information transfer step. By designing only a modest number of molecular species, which constitute the instructions or program for how to grow an object, complex objects can be constructed
in principle [RW00, CRW04, SW04]. The implementation of algorithmic self-assembly requires
controlled nucleation: An assembly that grows from the right nucleus executes the instructions
for assembly in the correct order, while uncontrolled nucleation leads to a spectrum of undesired
products. The primary concern of this paper is how to engineer molecules that ensure self-assembly
begins with controlled nucleation. We address this question theoretically, using a model that is
commonly used to study crystallization [LK97], but which incorporates the particularities of algorithmic self-assembly.
To motivate the model we use, we first describe a specific molecular system that can implement algorithmic self-assembly experimentally. DNA double crossover molecules [FS93] and related
complexes [LYK+ 00, MSS99, YPF+ 03, HCL+ 05, CSK+ 04] (henceforth, “DNA tiles”) have the necessary regular structure and programmable affinity to implement algorithmic self-assembly. Simple
periodic [WLWS98, LYK+ 00] and algorithmic [MLRS00a, RPW04, BRW05] self-assembly reactions have been realized experimentally. As an example, consider one of the DNA double crossover
molecules shown in Figure 3.1, which self-assembles from 4 strands of synthetic DNA. The DNA
sequences are designed such that the desired pseudoknotted configuration maximizes the WatsonCrick complementarity [See90, DLWP04]. Since the energy landscape for folding is dominated by
logical complementarity more so than by specific sequence details, it is possible to design similar
double crossover molecules with completely dissimilar sequences. To date, nearly 100 different
molecules of this type have been synthesized.
Interactions between DNA tiles are dictated by the base sequences of each of four single-stranded
overhangs, termed ‘sticky ends,’ which can be chosen as desired for each tile type. Tiles assemble
through the hybridization of complementary sticky ends. The free energy of association for two
tiles in a particular orientation is assumed to be dominated by the energy of hybridization between
their adjacent sticky ends. The hybridization energy is favorable when complementary sticky ends
bind, but negligible or unfavorable for non-complementary sticky ends. The DNA tiles shown
crystallize into sheets via the binding of sticky ends to four adjacent molecules, forming a lattice
(Figure 3.1). When multiple tile types are present in solution, each site on the growth front of the
crystal preferentially will select from solution a tile that makes the most favorable bonds. Under
appropriate physical conditions, a tile that can attach by two sticky ends will be secured in place,
while tiles that attach by only a single sticky end usually will be rejected due to a fast dissociation
reaction. We call these “favorable” and “unfavorable” attachments, respectively.
The design of an algorithmic self-assembly reaction begins with the creation of a tile program and its evaluation in an idealized model of tile interaction, the abstract tile assembly model
(aTAM) [Win98]. A DNA tile is represented as a square tile with labels on each side representing the four sticky ends. Polyomino tiles with labels on each unit-length of the perimeter can
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Figure 3.1: A DNA double crossover molecule and its assembly into a 2D crystal
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be used in addition to square tiles, since it is possible to generate the corresponding DNA structures. A tile program consists of a set of such tiles, the strength with which each possible pair
of labels binds, a designated seed tile, and a strength threshold τ . Under the aTAM, growth
starts with a designated assembly of tiles (usually just the seed tile) and proceeds by allowing
favorable attachments of tiles to occur. That is, tiles may be added where the total strength of
the connections between the tile and the assembly is greater than or equal to the threshold τ .
At a given step, any allowed attachment may be performed. Addition of tiles is irreversible. An
example of a structure that can be constructed using algorithmic self-assembly, a Sierpinski triangle, is shown in Figure 3.2a. Beginning with the seed tile, assembly in the aTAM will result in
the growth of a V-shaped boundary that is subsequently (and simultaneously) filled in by “rule
tiles” that obtain their input from their bottom sides and present their output on their top sides.
The four rule tiles for this self-assembly program consist of the four cases in the look-up table for
XOR. The assembly of these tiles therefore executes the standard iterative procedure for building Pascal’s triangle mod 2. Tile sets for the construction of a variety of desired products have
been described [Win96, LL00, RW00, ACGH01, CRW04, AGKS04], including a tile set capable of
universal construction [SW04].
In contrast to assembly in the aTAM, the assembly of DNA tiles is neither errorless nor irreversible. Further, the assembly of DNA tiles may not start from a seed tile. In recent experimental
demonstrations of algorithmic self-assembly [RPW04, BRW05], between 1% and 10% of tiles mismatched their neighbors and only a small fraction of the observed crystals were properly nucleated
from seed molecules. Following [SLPW04], Figure 3.2b illustrates how unseeded nucleation and
unfavorable attachments can lead to undesired assemblies.
To theoretically study the rates at which errors occur, we need a model that includes energetically unfavorable events. The kinetic Tile Assembly Model (kTAM) [Win98] describes the dynamics
of assembly according to an inclusive set of reversible chemical reactions: a tile can attach to an
assembly anywhere that it makes even a weak bond, and any tile can dissociate from the assembly
at a rate dependent on the total strength with which it adheres to the assembly (Figure 3.2c).
The kinetic tile assembly model is a lattice-based model, in which free tiles are assumed to be
well mixed, and effects within the crystal such as bending or pressure differences are ignored. The
kTAM has been used to study the trade-off between crystal growth rate and the frequency of mismatches (errors) in seeded assemblies [Win98]. In principle, the rate of some errors can be reduced
by assembling crystals more slowly. Analysis of assembly within the kTAM suggests that it is also
possible to control assembly errors by reprogramming an existing tile set so as to introduce redundancy. ‘Proofreading tile sets’ [WB04, CG05, RSY05, SW05c] transform a tile set by replacing
each individual tile with a k × k block of tiles, exponentially reducing seeded growth errors with
respect to the size of the block.
In this paper we propose a method of transforming a tile set to control nucleation errors. We
prove that in principle this method exponentially reduces the rate at which assemblies without
a seed tile grow large (unseeded growth), while maintaining the rate of growth that starts from
a seed tile and proceeds roughly according to aTAM (seeded growth). To do so, a tile set must
satisfy two conflicting constraints: when assembly begins from a seed tile, it must proceed quickly,
whereas assembly that starts from a non-seed tile must overcome a barrier to nucleation in order
to continue.
How is it possible to have a barrier to nucleation only when no seed is present? In a mechanism for the control of 1-dimensional polymerization, found both in biology [SM01, CDVW04]
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Figure 3.2: The Sierpinski tile set. (a) Because DNA tiles are generally not rotationally symmetric, formal tiles cannot be rotated. The lower diagram shows the seeded growth of the Sierpinski
tiles according to the aTAM at τ = 2. The small tiles indicate the (only) four sites where growth
can occur. When growth begins from a seed, no more than one tile can attach at each location, so
assembly results in a unique pattern. (b) Errors resulting from improper nucleation (assembly that
does not begin from the seed tile). Tile sets like the one in Figure 3.2a, where two individual tiles
can attach to each other with a strength ≥ τ are particularly prone to nucleation errors. Improper
nucleation can produce a long facet where an insufficient attachment allows a surrounding block of
tiles to attach favorably. Different blocks of tiles may be incompatible, leading to an inevitable mismatch at their intersection. The straight arrow indicates a site where such a mismatch will occur.
(c) The rates of tile assembly and disassembly in the kinetic Tile Assembly Model (kTAM). For
the growth of an isolated crystal under unchanging tile concentrations, the forward (association)
rate in the kTAM is rf = kf [tile] = kf e−Gmc , while the reverse (dissociation) rate is rr,b = kf e−bGse
for a tile that makes bonds with total strength b. Parameters Gmc and Gse govern monomer tile
concentration and sticky-end bond strength, respectively. A representative selection of possible
events is shown here. Attachments with reverse rates rr,1 are unfavorable for Gmc > Gse . The
kTAM approximates the aTAM with threshold τ when Gmc = τ Gse − ǫ. The same set of reactions
are favorable or unfavorable in the two models.
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and engineering [DP04], a seed induces a conformational or chemical change to monomers, without which monomers cannot polymerize. For example, in spontaneous actin polymerization, it is
proposed that a trimer occasionally bends to form an incipient helix that allows for further nucleation [SM01]. The Arp 2/3 protein complex seeds actin polymerization by imitating the shape
of an unfavorable intermediate to actin filament nucleation [KAP95]. In two- and three- dimensional systems, condensation of a gas [McD62], crystallization [Mar03], or in general in the Ising
model [SJB99], classical nucleation theory [Zet69, DG00] predicts that a barrier to nucleation exists
because the free energy of monomer clusters have an unfavorable energy term proportional to the
surface area of the cluster (possibly due to interfacial tension or pressure differences with respect to
the surrounding solution), and a favorable energy term proportional to the volume of the cluster.
Because volume grows more quickly than surface area as clusters grow larger, a supersaturated
regime exists where small clusters tend to melt, but above a critical size, cluster growth rather
than melting is favored. Aspects of both these methods are combined in some crystalline ribbons
or tubes, where growth, initially in two dimensions, is disfavored because of unfavorable surface
area/volume interactions, up to the point that the full width ribbon or tube has been formed. A
seed structure allows immediate growth by providing a stable analogue to a full-width assembly.
Protein microtubules [MBS+ 95] and DNA tubes [MHM+ 04, RENP+ 04, LPRY04] exhibit this type
of nucleation barrier.
In this paper we describe a tile set, the zig-zag tile set, that uses this method for the control of
nucleation during algorithmic self-assembly. Zig-zag tiles assemble into a potentially long ribbon
of predefined width. While a seed tile allows zig-zag ribbons to grow immediately, only full-width
boundaries can grow by favorable attachments, so without the seed tile there is a critical size
barrier that prevents spurious nucleation. Because it is simple to reengineer the monomers used
in self-assembly, by redesigning the tile set it is possible to increase the width and therefore the
critical size.
In addition to its intrinsic interest as an engineering scheme for controlling nucleation, the
zig-zag tiles solve the aforementioned problem in controlling nucleation during algorithmic growth.
With an appropriate seed, zig-zag ribbons can play the same role as the V-shaped boundary in
Figure 3.2a. Since rule tiles are not likely to spuriously nucleate on their own under optimal assembly conditions [Win98], once this boundary has set up the correct initial information, algorithmic
self-assembly will proceed with few spurious side products.
In Section 3.2, we describe the zig-zag tile set family in detail. In Section 3.3, we explain the
mass-action model of self-assembly kinetics that we use to analyze the assembly of zig-zag tiles. In
Section 3.4 we analyze thermodynamic constraints on ribbon growth. In Section 3.5, we prove our
main theorem, that the rate of spurious nucleation decreases exponentially with the width of the zigzag tile set. In contrast, the speed of seeded assembly decreases only linearly with width. Thus, for a
given volume, we can construct a tile set such that no spurious nucleation is expected to occur during
assembly. This illustrates how the logical redesign of molecules can be qualitatively more effective
in preventing undesired nucleation than just controlling physical quantities such as temperature
and monomer concentration. In Section 3.6, we use both mass-action and stochastic simulations
to provide numerical estimates of nucleation rates. These estimates suggest that reasonably sized
zig-zag tile sets can be expected to be effective in the laboratory.
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Figure 3.3: The zig-zag tile set. (a) The width 4 zig-zag tile set and seed tiles. Each shape
represents a single tile. Tiles have matching bonds of strength 1 when the shapes on their edges
match. (b) The ribbon structure formed by the width 4 zig-zag tile set (c) The L-shaped seed
nucleates linear assemblies. (d) The W-shaped seed tile, with appropriate tiles for vertical zig-zag
growth, could nucleate V-shaped assemblies.
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Figure 3.4: Zig-zag tile set growth. (a) Seeded growth of a zig-zag tile set in the aTAM. The
same growth pattern occurs reversibly in the kTAM when Gmc = 2Gse − ǫ. (b) Unseeded growth.
A possible series of steps by which the tiles could spuriously nucleate in the kTAM

3.2

The Zig-Zag Tile Set

A self-assembly program is a set of tiles that self-assemble into a desired set of tile crystals. A
zig-zag tile set (Figure 3.3a) of width k assembles to form a periodic ribbon of width k (Figure
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3.3b). Zig-zag tile sets of widths k ≥ 2 can be constructed. A zig-zag tile set includes a top tile
and a bottom tile, each consisting of 2 horizontally connected square tiles. Each of the k − 2 rows
between the top and bottom tiles contains two unique middle tiles that alternate horizontally.
The alternation of the two tiles enforces the staggering of the top and bottom tiles. Each tile label
has exactly one match on another tile type, so that the tiles cannot assemble to form any other
structures held together by sticky end bonds.
The tile set is designed to operate in a physical regime where the attachment of a tile to another
tile or assembly by two matching sides is energetically favorable, whereas an attachment by only
one bond is energetically unfavorable. In the aTAM, these conditions translate to growth with a
threshold of 2. Growth beginning from any tile in the zig-zag tile set goes nowhere in the aTAM—
no two tiles can join by at least two bonds. In contrast, growth can proceed from an L-shaped or
V-shaped seed tile (Figures 3.3c and 3.3d). Figure 3.4a illustrates the only possible growth path
in the aTAM from the L-shaped seed. The staggering of the top and bottom tiles allows growth
to continue indefinitely along a zig-zag path. (This growth path is analogous to spiral growth
in microtubules but unwrapped onto the plane.) Note that the top and bottom tiles alternately
provide the only way to proceed to each successive column. Assemblies that do not span the full
width (k tiles) cannot bind both kinds of tiles, and thus cannot grow indefinitely. Growth from a
seed tile of less than full width would stall. For example, with a seed tile of width k − 1, the top
tile could not attach by two bonds to the assembly.
In the kTAM, seeded growth occurs in the same pattern as in the aTAM. Unlike in the aTAM,
however, there are also series of reactions that can produce a full width assembly in the absence of
a seed tile. The formation of such an assembly is called a spurious nucleation error. An example
of such unseeded growth is shown in Figure 3.4b. Under the conditions of interest, some steps in
spurious nucleation are energetically favorable, but at least k − 1 must be unfavorable before the
full width assembly is formed. At this point, further growth is favorable. Spurious nucleation is a
transition from assembly melting, where assemblies are more likely to fall apart than they are to
get larger, to assembly growth, where each assembly step is energetically favorable. An assembly
where melting and growth are both energetically favorable is called a critical nucleus.
Nucleation theory [Zet69, DG00] predicts that the rate of nucleation is limited by the concentration of the most stable critical nucleus, [Ac ]. Intuitively, because more unfavorable reactions
are required to form critical nuclei in a wider zig-zag tile set, the free energy of Ac and therefore
[Ac ] at steady state should decrease exponentially with k. This argument is not rigorous, however,
because unfortunately the number of critical nuclei also increases with k. The rate of spurious
nucleation is proportional to the sum of the concentrations of all these critical nuclei. We will show
in the following sections that despite this issue, under many conditions nucleation rates do decrease
exponentially with k.

3.3

The Self-Assembly Model

To analyze the process of tile assembly, we formally describe the mass-action kinetic Tile Assembly
Model (kTAM). For a given tile set, kTAM describes the set of possible assembly reactions and the
dynamics of these reactions. The kTAM has been previously used to analyze the assembly process
of other tile programs [RW00, SW04], and is a general framework for understanding algorithmic
self-assembly.
A tile type t is a unit square, or a polyomino (a finite, connected set of unit squares) with
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bond types on each unit side of the tile. The set of possible bond types is referred to as Σ. A set
of tile types is denoted by T. A tile (as contrasted with a tile type) is a tuple of a tile type and a
coordinate location (x, y) ∈ Z2 . The set of tiles (all possible tile types in all possible locations) is
referred to as T . Tiles cannot be rotated. Tiles that abut vertically or horizontally are connected
if they have the same labels on the abutting sides. A set of tiles is connected if there is a path of
connected tiles between any two tiles in the set.
An assembly A is an equivalence class with respect to translation of a non-overlapping, connected
finite set of one or more tiles. The set of assemblies is denoted by A. A set of tiles Ã is considered
the canonical representation of A if
6 ∃ht, (x, y)i ∈ Ã s.t. x < 0 or y < 0 and ∃ht, (0, y)i ∈ Ã and ∃ht, (x, 0)i ∈ Ã.
That is to say, the canonical representation uses a coordinate system such that the assembly just
fits in the upper right quadrant of the plane with no negative coordinates. Ã(x, y) refers to the
tile type at coordinates (x, y) in this representation, or 0 if there is no such tile. For an assembly
A, width(A) = maxx |y1 − y2 |, such that ht1 , (x, y1 )i, ht2 , (x, y2 )i ∈ A. The length of A, length(A),
is defined analogously. The addition relation is defined between an assembly A and a tile t so
that A + t = B if and only if Ã and t are connected but non-overlapping, and Ã ∪ t is a member
of equivalence class B. For the attachment of two tiles to each other, we consider the set of tile
types T to be listed in some order, and treat the first tile as an assembly. The addition relation is
therefore defined between two tiles t1 and t2 only when t1 comes before t2 . t1 + t2 = A if and only if
t1 = ht, (0, 0)i, t1 and t2 are connected but non-overlapping, and t1 ∪ t2 is a member of equivalence
class A. This definition is crafted to correctly count the number of distinct ways in which tiles can
attach to each other. For example, two tiles of the same type with the same label on all four sides
can attach in exactly four distinct ways, and two tiles of different types that have matching left
and right sides respectively, and unique bonds on all the other sides can attach in exactly one way.
If abutting labels on two connected tiles match, these tiles form a bond. The standard free
energy, G◦ , of an assembly A is defined as G◦ (A) = −bGse , where b is the number of bonds in the
assembly and Gse (the sticky end energy) is the unitless free energy of a single bond.
The mass-action kTAM model considers reversible chemical reactions between tiles and assemblies occurring in well-mixed solution. In this paper, we consider all possible accretion reactions:
reactions either between two tiles or between a tile and an assembly. In the powered kTAM, single
tile concentrations are held constant during assembly (i.e. the reaction is “powered”). In a powered
accretion model of self-assembly, a reaction’s rate is dependent on at most one changing concentration, so dynamics are linear. Early in crystallization, the period modeled here, most tiles are still
unbound, and similarly most reactions are accretion reactions, so a powered accretion model is a
reasonable approximation to a reaction where tile concentrations are not held constant.
Formally, the set of powered accretion reactions are
R = {A + t → B + t, B → A : A, B ∈ A − T , t ∈ T , A + t = B} ∪

{t1 + t2 → A + t1 + t2 , A → ∅ : t1 , t2 ∈ T , A ∈ A − T , t1 + t2 = A}

The appearance of single tiles on both sides of the association reactions and neither side of the
dissociation reactions reflects the powered model’s assumptions that the concentration of single
tiles remains constant.
Mass-action chemical reaction dynamics [DB02] and the powered accretion reactions define for
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each assembly a differential equation that describes the rate of change of the assembly’s concentration in time.PThe concentration of assembly A is denoted by [A]. In general, for a chemical reaction
P
≥0
j mj Sj with rate constant k, where ni , mj ∈ Z , and Si are chemical species, massi ni Si →
Q
d[S ]
action dynamics predict dsj = k(mj − nj ) i [Si ]ni , where s represents time. (We use s instead of
t because t denotes a tile in this paper.) These dynamics add linearly for multiple reactions.
In the kTAM, each reaction has a forward rate constant kf that we assume to be the same for
◦
all reactions, and a backward rate constant kr = kf e−∆G , where ∆G◦ is the difference between
the sum of the standard free energies of the reactants and that of the products (where the standard
free energy of a single tile is 0). The concentration of all tile types is held at e−Gmc . (Identical concentrations are considered for convenience only; we show below how our formalism can be extended
trivially to treat reactions where species have different concentrations.) Assemblies consisting of
more than a single tile have an initial concentration of 0. Thus, for an assembly A at time point s,
d[A]
= kf
ds



X

◦ (B)−G◦ (A)

eG

A+t→B+t,
B→A ∈R

X

[B] − [A]e−Gmc +
◦ (A)−G◦ (B)

[B]e−Gmc − eG

X

[A] +

t1 +t2 →A+t1 +t2 ,
A→∅∈R

B+t→A+t,
A→B ∈R

◦ (A)

e−2Gmc − eG


[A] . (3.1)

Each term in the first summation is the difference between the rate at which A and a tile react to
form a larger assembly B and the rate at which the larger assembly B decomposes into A and a
tile. Each term in the second summation is the difference between the rate of formation of A by
a reaction where a single tile binds to a smaller assembly B, and the rate decomposition of A into
assembly B and a single tile. The terms in the final summation are the rate of formation of A from
two single tiles. In the remainder of this paper, we refer to the mass-action kTAM with powered
accretion reactions as simply “the kTAM.”
The free energy G(A), in contrast to the standard free energy, reflects both the entropy
P loss due
to crystal formation and the enthalpy gain of assembly. It is defined as G(A) = G◦ (A) + t∈A Gmc .
Because tile concentrations are constant, the steady-state concentration of an assembly A is given by
[A]ss = e−G(A) . For an assembly with n tiles and b bonds, this concentration is [A]ss = e(bGse −nGmc ) .
Lemmas 1 and 2 show that this model satisfies detailed balance within A − T . The lemmas also
apply to the case, not considered in this paper, where different tile types have different (but constant) concentrations. For a tile t, S(t) is defined as the relative concentration of its corresponding
tile type. Unit concentration is e−Gmc , such that the concentration of tile type t, [t] = S(t)e−Gmc .
Lemma 1 For all reaction pairs A + t → B + t and B → A, kf [t][A]ss = kr [B]ss , where kf and kr
are the rates of the respective reactions.
◦

Proof By definition kr = kf e−∆G , so that
◦ (B)−G◦ (A)

kr [B]ss = kf eG

[B]ss

G◦ (B)−G◦ (A) −G(B)

= kf e

e

G◦ (B)−G◦ (A) −(G◦ (B)+

= kf e

e

◦ (A)

= kf e−G

e−

P

t′ ∈B

Gmc −ln(S(t′ )))

′
t′ ∈B (Gmc −ln(S(t )))

P
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.

Because A + t = B,
◦ (A)

= kf e−G

e−

′
t′ ∈A (Gmc −ln(S(t )))

P

e−Gmc +ln(S(t))

= kf e−G(A) e−Gmc +ln(S(t))
= kf [A]ss [t].
Lemma 2 For reaction pairs t1 + t2 → A and A → ∅, kf [t1 ][t2 ] = kr [A]ss .
Proof
◦ (A)

kr [A]ss = kf eG

G◦ (A)

= kf e

◦ (A)

= kf eG

[A]ss
e−G(A)
◦ (A)+2G
mc −ln(S(t1 ))−ln(S(t2 )))

e−(G

= kf e−Gmc +ln(S(t1 )) e−Gmc +ln(S(t2 ))
= kf [t1 ][t2 ].
While only equal strength sticky ends are considered in this work, this proof shows that detailed
balance applies to a model of self-assembly with arbitrary sticky end strengths.

3.4

Thermodynamics of Zig-Zag Assemblies

To prove that nucleation rates of zig-zag ribbons decrease exponentially as their widths increase, we
would first like to identify the critical nuclei for spurious nucleation. Thermodynamic constraints
provide a powerful tool: Because assemblies with unfavorable energies have low steady-state concentrations, we can conclude that such assemblies occur rarely without having to consider rates. (In
contrast, assemblies with favorable energies may or may not form quickly, depending upon details
of the kinetics; such analyses form the bulk of Sections 3.5 and 3.6.)
We therefore consider the free energy landscape, where each point in the landscape corresponds
to a particular type of assembly. Optimal control over nucleation is achieved in a regime where
zig-zag growth is favorable, but the growth of less than full-width (thin) assemblies is unfavorable.
Within the kTAM, the energy landscape for assemblies is formally described by the free energy
G(A) = bGse − nGmc , which can be evaluated directly for any given assembly A. Gse and Gmc
describe the physical conditions for assembly. Recalling that the steady-state concentration of an
assembly A is e−G(A) , changing Gse and Gmc can bring the system into two qualitatively different phases. In the melted phase, G(A) is bounded below by −Gmc for all A, meaning that no
assembly has an appreciable concentration at steady state. In contrast, in the crystalline phase,
G(A) can continue to decrease without bound as certain polymeric assemblies become longer and
longer—that is, adding a repeat unit to the assembly strictly decreases its free energy1 . Within
the crystalline phase, there are regimes where different types of long polymers are favorable or
unfavorable, depending on the physical parameters. To ensure that thin polymers do not tend
1

In powered models, since [A]ss = e−G(A) , free energies that decrease without bound for longer polymers imply
that formal steady-state concentrations correspondingly increase without bound. This may seem odd, but it is not
problematic; it reflects that providing unbounded materials can lead to an unbounded accumulation of product, and
that longer polymers do not reach steady state within the time during which the powered model is an appropriate
model.
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Figure 3.5: Physical conditions where zig-zag polymer elongation is favorable. Gmc
(ln(tile concentration)) and Gse (bond strength) define a set of physical conditions for zig-zag tile
. (a) Phase diagram of the width 4 zig-zag tile set. In phase A, above the line
assembly. τ = GGmc
se
τ = 2, no assembly reactions are favorable, whereas in regimes B, C, D, E, and F, progressively
more types of assemblies (shown in (b)) become favorable. (b) The polymeric assemblies which
become favorable in the regimes B–F shown in (a). Elongation of a polymer is favorable when the
energy change ∆G for adding a repeat unit becomes negative. If adding a repeat unit adds n tiles
and creates b new bonds, ∆G = nGmc − bGse . For the polymer shown for regime C, for example,
∆G = 5Gmc − 9Gse , which is negative when τ = GGmc
< 95 . Polymers shown for earlier regimes are
se
also favorable in later phases: the polymer shown for regime B is favorable in regimes C–F and so
on. (c) The assemblies that can form from a zig-zag tile set of width k and the physical conditions
(in terms of τ ) in which these assemblies becomes favorable. For a zig-zag tile set of width k, only
1
full-width ribbons are favorable when 2 < τ < 4(k−2)+1
2(k−2)+1 = 2 − 2k−3 .
to grow, it is enough to show that for each of these polymer types, longer polymers have a more
positive free energy than shorter ones.
To characterize the energy landscape formally, we consider the important classes of polymeric
assemblies and evaluate their free energies. Figure 3.5b, B–F show the 6 main types of polymeric
assemblies2 for ribbons of width 4 by indicating the repeat group that may be added (by a series of
2

“Imperfect” long assemblies, for example an assembly with irregular width, can be considered as a member of
the smallest polymer class that contains a larger, more complete assembly. Since removing tiles from a “perfect”
assembly strictly increases its free energy, these “imperfect” assemblies have strictly lower concentrations than their
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6Gmc − 7Gse
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6Gmc − 7Gse

8Gmc − 11Gse

→
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9Gmc − 13Gse

←
→

10Gmc − 15Gse

5Gmc − 6Gse
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→
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7Gmc − 9Gse
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7Gmc − 9Gse

→
←

8Gmc − 11Gse

b

Figure 3.6: Zig-zag polymerization reactions. The addition of a polymer unit to a thin assembly consists of an initial unfavorable accretion reaction followed by a series of favorable accretion
reactions. (a) A favorable polymerization reaction. The positive free energy change from the four
favorable accretion reactions is larger than the negative energy change from the initial unfavorable
accretion reaction. Thus, polymers of width 3 are favorable where τ = 1.75. (b) An unfavorable
polymerization reaction. The positive free energy change from the two favorable accretion reactions is not large enough to compensate for the negative energy change from the initial unfavorable
accretion reaction, so that polymers of width 2 are unfavorable where τ = 1.75.
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Figure 3.7: Physical conditions (in terms of τ ) where an increase in assembly width is
favorable. Like the polymerization of thin ribbons, a reaction to produce a wider assembly from
a thinner one consists of an initial unfavorable accretion reaction followed by a series of favorable
accretion reactions to complete the new row. The number of favorable reactions determines for
what τ values the overall reaction is favorable.
accretion reactions, as shown in Figure 3.6) to extend the polymer. To determine whether adding a
repeat group results in a higher or lower energy assembly, we evaluate ∆G = G(Am+1 ) − G(Am ) =
∆nGmc − ∆bGse where Am is a polymeric assembly with m repeat units. If ∆G is negative,
then longer polymeric assemblies of this type are more favorable and we can expect this kind of
assembly to grow at some rate. This gives a linear condition on Gse and Gmc , specifying a regime
of physical conditions in which a certain class of long assembly is favorable. For example, for
polymer type E, each repeat unit adds 4 tiles (∆n = 4) and 6 bonds (∆b = 6), so these polymers
< 23 . Similar calculations result in the phase diagram shown in
grow if 4Gmc − 6Gse < 0, i.e., GGmc
se
Figure 3.5a, which shows the melted phase A, in which no polymers are favorable, and the crystalline
phase divided into regimes B–F wherein one additional type of polymer becomes favorable in each
def

plays a critical role.
successive regime. In all these calculations, the ratio τ = GGmc
se
Figure 3.5c shows the 2k − 3 classes of polymeric assemblies for the width k zig-zag tile set
(excluding the full width ribbons) along with the condition on τ that governs when elongation of
1
the respective polymers is favorable. When 2 > τ > 2 − 2k−3
, zig-zag growth is favorable, but the
elongation of all less than full-width polymers is unfavorable.
The table in Figure 3.7 enumerates the assemblies for which growing wider (rather than longer)
is favorable. The table shows that very long assemblies can favorably grow wider even when τ is
close to 2, so for optimal nucleation control it is necessary that lengthening of thin assemblies be
unfavorable. Otherwise, a favorable path to nucleation exists: an assembly can grow longer until
it is favorable for it to grow wider. The assembly would then grow to full width.
An example of the difference in the energy landscape between the regime where only full width
1
polymers are favorable (2 < τ < 2 − 2k−3
), and a regime where other polymers are favorable can
1
, as in the first and third landscapes in this figure,
be seen in Figure 3.8. When 2 < τ < 2 − 2k−3
the critical nuclei (denoted by the larger circles) are of width k − 1 (or width k) for the two widths
shown. The critical nuclei for the tile set of width 8 are more unfavorable than those of width 4.
In contrast, when τ is outside this regime, as in the second and fourth landscapes, a wider zig-zag
tile set does not change the critical nucleus size and should not cause an exponential decrease in
spurious nucleation rates.
corresponding “perfect” assembly.
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Figure 3.8: Example energy landscapes. Coarse-grained depictions of the energy landscapes
for two zig-zag tile sets of different widths under two different physical conditions. Each square
in the grid is an assembly of one width and length. The shading in the square represents the
energy of a rectangular assembly of those dimensions. Darker is more favorable. Contour lines
group assemblies of similar energies. Larger circles denote assemblies that are critical nuclei –
those assemblies that can both through a series of favorable increases in length or width reach full
width and through a series of favorable decreases in length or width melt into single tiles. The
most favorable critical nucleus, (the principal critical nucleus) is denoted by a large hollow circle.
1
When τ = 1.95, 2 < τ < 2 − 2k−3
(Figure 3.7(c)) for both k = 4 and k = 8, so the critical nuclei
are of width k − 1 or k. Under these conditions, the most favorable path to nucleation for both
tile sets is for a crystal of length 2 to grow to full width. Thus, the barrier to nucleation for a tile
set of width 8 is higher than the barrier to nucleation for a tile set of width 4. In contrast, when
τ = 1.77, the principal critical nucleus is the same for both tile sets: it is an assembly of width 3
and length 4. Under these conditions, the spurious nucleation rate will not be appreciably smaller
with the wider zig-zag tile set.
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1
Thus, the regime for optimal control over nucleation is limited to 2 > τ > 2− 2k−3
. The primary
theorem of the next section will be relevant only in this region. While the desirable region in the
phase diagram appears small, a slow anneal from a high temperature where τ ≫ 2 to a temperature
in which τ < 1 will pass through this regime, and a slow enough anneal will allow the bulk of the
reaction to take place in this regime. Therefore, it is reasonable to consider a mechanism for the
control of nucleation which is valid only in this narrow range of physical conditions. In the next
section, we analyze the nucleation rates of the zig-zag tile set within this regime.

3.5

An Asymptotic Bound on Spurious Nucleation Rates

The kinetic Tile Assembly Model predicts the concentration of each assembly at all times. For most
tile sets, the number of possible assemblies is large, and the individual concentrations of many kinds
of intermediate assemblies are not necessarily of interest.
PInstead, it is often helpful to talk about
the concentration of a class C ⊂ A of assemblies, [C] = A∈C [A].
P
d[A]
The derivative of the concentration of a class of assemblies, d[C]
A∈C ds , can be calculated
ds =
as the difference between the rate at which at which assemblies join the class and that at which
they leave the class. Reactions which produce new members of the class from assemblies not in the
class are the inward perimeter reactions, Rin = {A + t → B + t, A → B, t1 + t2 → B + t1 + t2 :
A∈
/ C, B ∈ C}. Reactions which use up members of the class to produce assemblies not in the
class (or single tiles) are the outward perimeter reactions = Rout = {B + t → A + t, B →
A, B → ∅ : A ∈
/ C, B ∈ C}.
Define the flux across a set of reactions R at time s as

F (R, s) =

X

A+t→B+t∈R

kf [A]e−Gmc +

X

◦ (B)−G◦ (A)

kf eG

[B] +

B→A∈R

X

kf e−2Gmc +

t1 +t2 →A+t1 +t2 ∈R

X

◦ (A)

kf eG

[A] (3.2)

A→∅∈R

in
out , s).
Then d[C]
ds (s) = F (R , s) − F (R
We will use these formalisms to bound the rate of spurious nucleation in a zig-zag tile set of
width k. The spuriously nucleated assemblies of width k will be denoted Ck . Let the top tile
in Figure 3.3a be designated tt the bottom tile be designated tb , and the seed tile be designated
ts . Formally,

Ck = {A ∈ A : ∃(x, y), (w, z) ∈ Z2 s.t. A(x, y) = tt , A(w, z) = tb , and

∀(q, r) ∈ Z2 , A(q, r) 6= ts } (3.3)

Note that the assemblies in Ck do not contain a seed tile because we are measuring the rate of
formation if zig-zag ribbons without seed tiles.
The inward perimeter reactions for [Ck ], which we call the spurious nucleation reactions and
denote by Rkin , are the reactions for which the product is a full width assembly, but the reactant
is not. In other words, they are the addition reactions which produce width k assemblies from
assemblies of width k − 1 by adding either a top or a bottom double tile (Figure 3.9). As shown
1
< 2k−3
, these reactions demarcate the point at which sustained
in Section 3.4, when 2 < GGmc
se
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Figure 3.9: Sample spurious nucleation reactions. Three spurious nucleation reactions for a
zig-zag tile set of width 4. The reaction may be either favorable or unfavorable. In (b), the addition
is favorable when Gmc ≈ 2Gse , because two new bonds are formed; In (a) and (c), the addition is
unfavorable under these conditions because in each reaction only one new bond is formed.
growth can proceed by exclusively favorable steps. The outward perimeter reactions, which we
call the ribbon shrinking reactions and denote by Rkout , are those in which a tile falls off a full
width assembly to produce an assembly of width k − 1. For assemblies that have suffered a ribbon
shrinking reaction, there is also a downhill path to complete melting in the energy landscape of the
1
type shown in Fig. 3.8 when 2 < GGmc
< 2k−3
.
se
The overall rate of spurious nucleation of width k zig-zag crystals (in units of Molar per second),
nk (s) =

d[Ck ]
(s) = F (Rkin , s) − F (Rkout , s),
ds

may be integrated over time to obtain the total concentration of spuriously nucleated assemblies.
Furthermore, an upper bound on nk (s) similarly translates into an upper bound on the concentration of spuriously nucleated assemblies. Because the growth path for full-width ribbons is so
favorable (zig-zag growth), one such bound is obtained by neglecting the ribbon shrinking reactions
and considering just the spurious nucleation reactions:
in
n+
k (s) = F (Rk , s) > nk (s).

Theorem 1 For a zig-zag tile set of width k > 2, if 2 >
2k ln 2
(δ−k)Gse .
1−(2k−3)δ , then for all times s, nk (s) < 4kf e

Gmc
Gse

> 2 − δ, δ <

1
2k−3 ,

and Gse >

+
(δ−k)Gse , All
Proof Since n+
k (s) < nk (s), we can prove the theorem by showing that nk (s) < 4kf e
+
the spurious nucleation reactions are addition reactions, so if we compute nk (s) using Equation 3.2,
the second and fourth terms of the expression are both zero. Spuriously nucleated assemblies are
defined as assemblies of width k, so the reactants in the spurious nucleation reactions are of width
k − 1. (Only accretion reactions are allowed.) For a tile set of width k > 2, the third term of
Equation 3.2—the contribution of the interaction of two tiles—also drops out. Therefore, for a tile
set of width k > 2 with spurious nucleation reactions Rkin ,

nk (s) ≤ n+
k (s) =

X

kf [A]e−Gmc ,

(3.4)

A+t→B+t∈Rkin

where [A] is the concentration of assembly A at time point s.
While it is in general difficult to calculate [A] at an arbitrary time point, the following lemma
shows that the concentration of an assembly can be bounded by its concentration at steady state,
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which is easy to compute:
Lemma 3 In a mass-action powered accretion model of self-assembly that has an initial state
containing only single tiles, every assembly has a concentration less than or equal to its steady-state
concentration3 .
Proof Suppose that this lemma is not true. Then there is a time at which the concentrations of one
or more assemblies exceed their values at steady state. Since the concentrations of all assemblies are
zero initially, there must be a first time s at which for at least one assembly A, [A] = [A]ss . At this
time, the concentrations of all other assemblies are either at or below their respective steady-state
concentrations. From Section 3.3, the rate of change of [A] is given by the formula
d[A]
= kf
ds



X

◦ (B)−G◦ (A)

eG

A+t→B+t,
B→A ∈R

X

[B] − [A]e−Gmc +
◦ (A)−G◦ (B)

[B]e−Gmc − eG

[A] +

X

t1 +t2 →A+t1 +t2 ,
A→∅∈R

B+t→A+t,
A→B ∈R

◦

◦ (A)

e−2Gmc − eG


[A] .

◦

Consider a single term in the second summation, [B]e−Gmc − eG (A)−G (B) [A], involving some
assembly B. We know that [A] has reached its steady-state concentration, so [A] = e−G(A) . By
assumption, [B] ≤ [B]ss = e−G(B) . Assembly A includes one more tile, t, than does assembly B,
so G◦ (A) − G◦ (B) = G(A) − G(B) − Gmc . Therefore,
◦ (A)−G◦ (B)

[B]e−Gmc − eG

[A] = [B]e−Gmc − eG(A)−G(B)−Gmc [A]

= [B]e−Gmc − eG(A)−G(B)−Gmc e−G(A)

= [B]e−Gmc − e−G(B) e−Gmc


= e−Gmc [B] − e−G(B)

≤ 0.

Similarly, for an assembly B that is a term in the first summation, B has the extra tile t so
that G◦ (B) − G◦ (A) = G(B) − G(A) − Gmc . The term can be simplified to
◦ (B)−G◦ (A)

eG

[B] − [A]e−Gmc = eG(B)−G(A)−Gmc [B] − e−G(A) e−Gmc

≤ eG(B)−G(A)−Gmc e−G(B) − e−G(A) e−Gmc

= 0.

The terms in the third summation are also non-positive, since
3

The concentration of the class Ck , which at the conditions we consider contains an infinite number of assemblies,
is actually infinite at steady state. The inward flux, as we will show, is finite because the concentration of unnucleated
assemblies stays finite at steady state, even though there are also an infinite number of unnucleated assemblies.
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a

b

Figure 3.10: Assembly dimensions of rectangular assemblies. (a) A k − 1 = 3 by l = 8
assembly. (b) A k − 1 = 3 by l = 7 assembly

◦ (A)

e−2Gmc − eG

◦ (A)

[A] = e−2Gmc − eG

e−G(A)

= e−2Gmc − eG(A)−2Gmc e−G(A)

= 0.

The change in concentration d[A]
ds (s) is composed entirely of terms of this form. Since each of
d[A]
these terms is non-positive, ds (s) is non-positive when [A] = [A]ss and [A] can never rise above
its steady-state value. Thus, [A] ≤ [A]ss .
As in Lemmas 1 and 2, this proof also applies to a model of self-assembly with arbitrary
stoichiometry and sticky end strengths. (Explicit proof is not shown.)
Lemma 3 implies that
F (Rkin , s) ≤

X

kf [A]ss e−Gmc

A+t→B+t∈Rkin

where [A]ss is the concentration of assembly A at steady state.
Partitioning the summation according to the length of the reactant assembly gives
F (Rkin , s) ≤

∞
X
l=1

X

kf [A]ss e−Gmc .

(3.5)

length(A)=l
A+t→B+t∈Rkin

To be a reactant in a spurious nucleation reaction, A must have a width of k−1. By assumption,
A cannot have any mismatches4 . Thus, each assembly A in the preceding summation can be viewed
as a k−1 by l rectangular assembly of the type shown in Figure 3.10 with zero or more tiles missing5 .
2Gse > Gmc by assumption, so the free energy of a k − 1 by l assembly cannot be more favorable
than the free energy of the k − 1 by l rectangle that contains it, since any missing tiles in the
rectangle could be added by a series of favorable reactions. Therefore, the concentration of any
k − 1 by l assembly at steady-state must be no larger than the concentration of its corresponding
k − 1 by l rectangular assembly. Note that this bound is very loose, since most assembly types
have several tiles attached by only one bond and therefore have a higher free energy. Let Ak−1,l be
a k − 1 by l rectangular assembly, and C(k − 1, l) be the number of assemblies of width k − 1 and
4

Because all bonds are unique, a potential tile addition to any assembly either matches the assembly on all sides,
such that no errors occur, or matches on no sides, such that the addition does not produce a connected assembly.
5
It could also be a subset of a rectangular assembly with top instead of bottom tiles, but the free energy of both
kinds of assemblies is the same. To account for this, we include a 2 pre-factor in Equation 3.6, thereby writing
counting both rectangles with top tiles and rectangles with bottom tiles.
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length l. Each assembly can bind a single tile in up to l locations along either the top or bottom
edge. Thus,
F (Rkin , s)

<

∞
X

X

l=1

≤

kf [Ak−1,l ]ss e−Gmc

length(A)=l
A+t→B+t∈Rkin

∞
X

C(k − 1, l)lkf [Ak−1,l ]ss e−Gmc .

l=1

A counting argument shows that C(k − 1, l) < 2(k−1)l+1 , so
F (Rkin , s)

<2

∞
X

2(k−1)l lkf [Ak−1,l ]ss e−Gmc .

(3.6)

l=1

The steady-state concentration of an unseeded assembly with n tiles and b bonds is given by
[A]ss = e−nGmc +bGse . The assembly Ak−1,l contains (k − 2)l small tiles and ⌈l/2⌉ top (or bottom)
tiles. There are (l − 1)(k − 2) horizontal bonds between small tiles and ⌈l/2⌉ − 1 horizontal bonds
between large tiles. In addition, there are up to l vertical bonds in each of the k − 2 spaces between
rows of tiles. Therefore,
[Ak−1,l ]ss ≤ exp (− ((k − 2)l + l/2) Gmc + ((k − 2)(l − 1) + l/2 + (k − 2)l) Gse ) .
Applying the assumption Gmc > (2 − δ)Gse and simplifying,


1 3δ
[Ak−1,l ]ss < exp (2 − k)Gse + (kδ − − )lGse .
2
2
Thus,
F (Rkin , s) < 2kf e−Gmc e(2−k)Gse

∞
X

1

3δ

l2(k−1)l e(kδ− 2 − 2 )lGse .

l=1

Since kδ −

1
2

−

3δ
2

Therefore, when Gse >

< 0 when δ <
2k ln(2)
1−(2k−3)δ ,

1
2k−3 ,

bounding Gse from below preserves the inequality.

F (Rkin , s) < 2kf e−Gmc e(2−k)Gse

∞
X

= 2kf e−Gmc e(2−k)Gse

l=1
∞
X

l2(k−1)l e−kl ln 2

= 2kf e−Gmc e(2−k)Gse

∞
X

l2−l

l=1

l=1

−Gmc (2−k)Gse

= 4kf e

e

(δ−k)Gse

< 4kf e

.
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2k ln(2)

)l 1−(2k−3)δ
(kδ− 12 − 3δ
2

l2(k−1)l e

This theorem says that the spurious nucleation rate, nk , decreases exponentially with k and with
Gse , within the limits of applicability of the theorem—which requires larger Gmc for larger k,
and hence slower growth rates. The strength of the theorem, therefore, lies in the extent to
which spurious nucleation decreases faster than the growth rate (rows added per unit time), rk ,
of seeded crystals. These relative rates translate into the degree of purity that can be obtained
when attempting to grow seeded crystals: suppose the concentration of seeds is c, and they are
grown to a length L during a time period s = L/rk . The concentration of unseeded crystals that
will have spuriously nucleated in that time is s · nk = L · nrkk , i.e., the ration of crystals that were
spuriously nucleated to the concentration of seeds is Lc · nrkk . (When we use nk without specifying
a particular time, we mean the asymptotic value, which is an upper bound.) Regardless of what
length or amount of seeded crystals is desired, reducing nrkk is the relevant metric for increasing the
yield of desired structures.
One way to study the trade-off between nk and rk is to ask, given a target growth rate r, what
is the lowest nucleation rate that can be achieved by adjusting Gmc and Gse while maintaining
rk = r? Previous work [Win98] has shown that near the τ = 2 phase boundary that is relevant to
our theorem, the growth rate is closely approximated by
rk =

kf
(e−Gmc − e−2Gse ),
k−1

measured in layers per second. The lowest nucleation rate for a given target growth rate r is then
n∗k (r) =

min

Gse ,Gmc
s.t. rk =r

nk .

A plot of n∗k (r) vs. r, if it could be calculated, would reveal how much the spurious nucleation
rate can be decreased for a given decrease in the growth rate, for zig-zag crystals of a given
width. Theorem 1 only gives us an upper bound on n∗k (r), but even so, this already gives us a
characterization of the advantage provided by wider zig-zag
 crystals.

1
1
and Gse
2 2k−3
−2G
ǫ−2G
se ) =
se − e
(e

Specifically, choosing 2Gse − Gmc = ǫ = ln k, δ =
kf
k−1

> 4k ln k, Theorem 1

kf e−2Gse . Thus, under
while rk =
guarantees that
< nk < 4ekf
these conditions, the ratio of nrkk also decreases exponentially, suggesting that seeded zig-zag crystals
can be grown with exponentially greater yield as width increases.
n∗k

3.6

e−kGse ,

Numerical Estimates of Spurious Nucleation Rates

Having shown in the previous section that zig-zag tile sets can be designed to achieve arbitrarily low
spurious nucleation rates relative to the growth rates, we now ask whether the nucleation barrier
provided by zig-zag tile sets is sufficient for practical implementation in the laboratory. There are
two main concerns: first, as each tile must be synthesized, k must be small (6 is currently practical,
while 50 is currently too large); second, assembly time must not be too long. (Growing 1000
layers of seeded crystals with less than 1% spurious nucleation—which we refer to as the “typical
reaction”—seems like a reasonable goal to accomplish within one week.) As the asymptotic bounds
of Section 3.5 are too loose for obtaining a realistic evaluation of nucleation rates for small k,
we now develop more accurate numerical calculations and stochastic simulations for estimating
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Figure 3.11: Calculated steady-state nucleation rates. Asymptotic bound on the nucleation
rate (nk = 4kf e(δ−k)Gse ) given by Theorem 1 and numerical calculations of nucleation rates at
steady state as described in Section 3.6.1. The graph compares the growth rate rk (in layers/s)
and the rate of spurious nucleation events, n+
k (in M/s), for 2Gse − Gmc = ǫ = 0.1. Since the
forward rate constant kf has not been measured experimentally for tile-based assembly, we use
kf = 6 × 105 /M/s based on typical oligonucleotide hybridization rates [QW89]. Filled triangles
and circles denote rates of spurious nucleation events for k = 3 and k = 4 respectively, estimated
from stochastic simulations, and are plotted in more detail in Figure 3.12. They are plotted here to
illustrate that these measured rates are consistent with the calculated rate of steady-state spurious
nucleation.
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Figure 3.12: Estimates of nucleation rates from simulations. Estimates of the ratio between
assembly speed rk and the average, over the time
R needed for seeded crystals to grow 1000 lay1 s +
ers,R of the rate of spurious nucleation events ( s 0 nk (s)) or the overall spurious nucleation rate
s
( 1s 0 nk (s)), as measured by stochastic simulations either (a) counting the frequency of reactions
that create full-width ribbons, i.e., Rkin , or (b) counting the number of assemblies that have 50
tiles or more. ǫ = 0.1. Simulations are only practical for high concentrations, and the numerical
calculations of Fig. 3.11 are only provably valid for lower concentrations.
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spurious nucleation rates.
The analysis in Section 3.5 overestimates the spurious nucleation rate in three ways. First,
it overestimates the concentration of almost all kinds of assemblies by assuming they have the
same concentration as a rectangular assembly of the same length and width, and it overcounts the
number of different types of assemblies. Second, Lemma 3 shows that the spurious nucleation rate
at steady state is the maximal spurious nucleation rate. However, it may take longer to approach
steady state than the time needed to run a “typical reaction,” and far from steady state, the
spurious nucleation rate may be much smaller than the rate at steady state. Lastly, this analysis
defines a spurious nucleation event for a zig-zag tile set of width k as a reaction that produces an
assembly of width k, and neglects the backward reaction. In practice, many reactions that form
an assembly of width k are unfavorable, so that the product assembly frequently shrinks back to a
sub-critical size instead of growing larger. Furthermore, when conditions only slightly favor growth,
even assemblies containing several layers have a reasonable chance of shrinking to nothing before
they grow substantially. I.e., we expect nk to be significantly smaller than n+
k in this case.
While it is not possible to compute the nucleation rate exactly, in this section, we describe three
numerical techniques that correct each inaccuracy for zig-zag tile sets of widths k = 3, 4, 5, and
6. In Section 3.6.1, we much more accurately compute the rate at which ribbons of width k are
formed at steady state. These computations show that the asymptotic bound of Theorem 1 is too
high by at least 4 orders of magnitude for the range of parameters studied. In Section 3.6.2 we
use a stochastic simulation of tile assembly to estimate the rate of spurious nucleation reactions
Rkin . Our results indicate that spurious nucleation reactions occur during a “typical reaction” at
virtually the same rate as at steady state. In Section 3.6.3, we use the stochastic simulation to
in
investigate whether the rate of spurious nucleation reactions (n+
k = F (Rk , s)) in a typical reaction
accurately predicts the rate at which large assemblies appear (which at steady state is equivalent
to nk (s) = F (Rkin , s) − F (Rout , s)). We find that for the range of parameters studied, at least
99% of assemblies that reach full width will melt before growing into large crystals, and thus our
other estimates of spurious nucleation rates may be overestimates of nk by at least this factor.
In Section 3.6.4, we show that these results together indicate that a zig-zag tile set of width 5
or 6 should be large enough to prevent almost all spurious nucleation in a “typical reaction”,
while maintaining reasonable assembly speeds. We conclude with an important caveat to these
results. Our results are derived under a kTAM model where assemblies may grow only through
the addition of single tiles. In contrast, in experiments small assemblies may aggregate rather than
growing exclusively by single tile additions, thus potentially producing nuclei that reach a critical
size more quickly than our simulations indicate.

3.6.1

Spurious Nucleation Rates at Steady State

Recall that for a zig-zag tile set of width k > 2, the steady-state rate of spurious nucleation reactions
is given by the sum
in
n+
k = lim F (Rk , s) =
s→∞

∞
X
l=1

X

kf [A]ss e−Gmc ,

A+t→B+t∈Rkin
s.t. length(A)=l

which ignores the rate at which spuriously nucleated assemblies dissolve back into pre-nucleated
assemblies. While [A]ss is known (if A has n tiles and b bonds, [A]ss = ebGse −nGmc ), it is not
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practical to compute the sum exactly because there are an infinite number of spurious nucleation
reactions. Additionally, it can be impractical to evaluate the inner sum even for a single value of l:
no efficient algorithm is known (see e.g. [Gol94] for the related problem of counting polyominos) for
exactly enumerating the reactions in Rkin . The number of distinct reactions increases exponentially
with the length of A, so that it is prohibitive to calculate all but the first terms of the sum.
Despite these difficulties, the expression can be calculated with small, known error bounds for
many k. The following lemma shows that under many reaction conditions of interest, the sum
converges quickly, so that its value can be approximated by summing only the first few terms:
Lemma 4 When Gse > (ln 10)(k − 2) + ln 4, Gmc = 2Gse − ǫ, 0 ≤ ǫ <


∞ 
X




p=l+1

X

A+t→B+t∈Rkin
s.t. length(A)=p









kf [A]ss e−Gmc  < 2 



X

1
2k−3

and l is even,




kf [A]ss e−Gmc 

in

A+t→B+t∈Rk
s.t. length(A)=l

Proof We start by re-writing the lemma to use convenient notation to refer to the inner sums
within the series for n+
k , which refer to the rate of spurious nucleation events involving assemblies
A of width k − 1 and length l:
X
kf [A]ss e−Gmc ,
Np =
A+t→B+t∈Rkin
s.t. length(A)=p

such that n+
k =

P∞

l=1 Nl .

Now, Lemma 4 may be stated as:

When Gse > (ln 10)(k−2)+ln 4, Gmc = 2Gse −ǫ, 0 ≤ ǫ <

1
2k−3

and l is even, then

P∞

p=l+1 Np

< 2Nl .

To prove this lemma, we will prove two sub-lemmas. First,
Lemma 5 If Gse > (ln 4) (k − 2) + ln 12
5 , Gmc = 2Gse − ǫ, l is even and 0 ≤ ǫ <
1
Nl+1 < 2 Nl .

1
2k−3 ,

then

Proof We will partition the assemblies of length l + 1 into classes corresponding to assemblies of
length l. We will then show the total spurious nucleation rate of reactions containing the assemblies
in each class is at least twice as small as the spurious nucleation rate of reactions containing their
corresponding assembly. The class of assemblies of length l + 1 corresponding to an assembly B of
length l will be denoted B̂.
To assign the assemblies to classes, we introduce a procedure that takes an assembly A of width
k−1 and length l+1, and then “condenses” its right end to yield an assembly B with width k−1 and
length l. Specifically, A and B are identical except for the last two columns of A and the last column
of B; there, if A had a tile in either the ultimate or penultimate column in some particular row,
then B will have a tile in its last column in the same row. Recall that for valid zig-zag assemblies,
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if a tile is present in a particular spot, its tile type is determined by its neighbors – thus, we don’t
have to specify tile types in our condensation procedure, since there is no choice. Formally, we say
that B = condensation(A) if for all 0 ≤ a < k − 1, 0 ≤ b < l − 1 : Ã(a, b) = B̃(a, b), and for
all 0 ≤ a < k − 1 : B̃(a, l − 1) = 0 iff Ã(a, l − 1) = Ã(a, l) = 0. Recall that Ã, the canonical
representation of A, begins indexing sites at 0, so the first column has index 0 and the last (l + 1st )
column has index l. Also note that since l is even, A cannot have a double tile extending into its
last column, so no double tiles are condensed.

To see that for every assembly A, condensation(A) is connected (and therefore a valid assembly), note first that A is an assembly, so it is connected. Furthermore, the connectivity graph of
B = condensation(A) (with a vertex for each tile and an edge for each abutting pair) is just a
graph-theoretic contraction of the connectivity graph of A that combines any two vertices in the
same row of the last two columns of A (then possibly adding some extra edges). Therefore, B
remains connected. Thus, each A of width l + 1 is assigned to a unique, valid assembly B of width
l.

Condensation is many-to-one, so there are many assemblies A that condense onto the same
smaller assembly B. We assign A to the class corresponding to the assembly condensation(A),
i.e., the class
B̂ = {A : condensation(A) = B} .
For a given assembly B of length l, the elements of B̂, all of length l + 1, can be created by adding
p tiles (1 ≤ p ≤ k − 2) to the l + 1st column of B, and then removing h tiles (0 ≤ h ≤ p − 1) from
the lth column.

Imagine making these changes one at a time, say from top to bottom, in each row either
moving or adding a tile. For each of the p − h tiles that are added to the l + 1st column where the
corresponding tiles in the lth column are not removed, p − h tiles are added to the assembly and
no more than 2(p − h) − 1 bonds may be formed. For the h tiles that are moved from the lth to the
l + 1st column, no tiles are added, and no more bonds can be created (some might even be lost).
Therefore, for each such assembly A,
[A]ss ≤ e−(p−h)Gmc e(2(p−h)−1)Gse [B]ss .

Let lA be the number of spurious nucleation reactions that an assembly A is a reactant of. The
rate of spurious nucleation events involving assemblies of length l + 1 is therefore given by:
X
Nl+1 =
kf [A]ss e−Gmc .
A,C∈A
s.t. A+t→C+t∈Rkin
length(A)=l+1

We now partition this sum by summing over all smaller assemblies B, and then for each A ∈ B̂
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(recall B̂ = {A s.t. condensation(A) = B}) we count the spurious nucleation reactions:
X
X
=
kf [A]ss e−Gmc
B∈A
A∈B̂,C∈A
s.t. length(B)=l s.t. A+t→C+t∈Rin
k

≤

X

lA kf [A]ss e−Gmc .

A,B∈A
s.t.condensation(A)=B
length(B)=l

Partitioning B̂ according to the number of tiles added and moved, and using our inequality for
[A]ss in terms of [B]ss , we have:
≤


 p−1 
k−2 
X
k−2 X p−1

X

p

p=1
B∈A
s.t. length(B)=l

h

h=0

lA kf [B]ss e−(p−h)Gmc e(2(p−h)−1)Gse e−Gmc .

Under the conditions of the lemma, Gmc > 2Gse −
<

 p−1 

k−2 
X
k−2 X p−1

lA kf [B]ss e−2(p−h)Gse e 2k−3 e(2(p−h)−1)Gse e−Gmc

X


 p−1 
k−2 
X
k−2 X p−1

lA kf [B]ss e 2k−3 e−Gse e−Gmc

X



p−1 
k−2 
X
X
p
−h
k − 2 2k−3
p − 1 2k−3
−Gse
lA kf [B]ss
e
e
e−Gmc .
e
p
h

p=1
B s.t.
length(B)=l

=

so that

X

p=1
B s.t.
length(B)=l

=

1
2k−3

B s.t.
length(B)=l

p

p

h=0

h=0

h

h

p−h

(p−h)

p=1

h=0

Noting that the inner sums are binomial expansions of (e.g. (1 + x)n =
thereof, we can simplify further:
=

X

B s.t.
length(B)=l

Pn

i=0

n
i

 i
x ) or portions


k−2 
X
p
−1
k − 2 2k−3
lA kf [B]ss
e
e−Gse (1 + e 2k−3 )p−1 e−Gmc .
p
p=1
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Since for k > 2,

1
2

<

−1

< (1 + e 2k−3 )−1 < 53 ,
X


k−2 
X
p
−1
3
k − 2 2k−3
e−Gse (1 + e 2k−3 )p e−Gmc
lA kf [B]ss
e
5
p

X


k−2 
X
p
3
k − 2 2k−3
2p e−Gse e−Gmc
lA kf [B]ss
e
5
p

X


k−2
1
3
e−Gse e−Gmc .
lA kf [B]ss 1 + 2e 2k−3
5

B s.t.
length(B)=l

<

B s.t.
length(B)=l

<

B s.t.
length(B)=l

p=1

p=1

1

Similarly, for k > 2, (1 + 2e 2k−3 ) < 4, and lA < lB + 1 since the longer assembly A can have at
most one more spurious nucleation reaction than B, so
<

X

3
(lB + 1)kf [B]ss eln(4)(k−2) e−Gse e−Gmc
5

X

6
lB kf [B]ss eln(4)(k−2) e−Gse e−Gmc .
5

B s.t.
length(B)=l

≤

B s.t.
length(B)=l

When Gse > ln(4)(k − 2) + ln( 12
5 ),
X

<

B s.t.
length(B)=l

=

1
2

X

1
lB kf [B]ss e−Gmc
2
1
kf [A]ss e−Gmc = Nl .
2
in

A+t→B+t∈Rk
s.t. length(A)=l

The above sub-lemma takes care of the smaller odd terms, but to show that the entire summation is bounded, we show that the smaller even terms are also bounded.
1
Lemma 6 If Gse > ln(10)(k − 2) + ln(4), Gmc > (2Gse − 2k−3
) and l is even, then Nl+2 < 12 Nl .

Proof The proof for this sub-lemma is similar to that for Lemma 5, except that the condensation
function is defined so that the presence of a double tile in the l + 1st and l + 2nd columns is taken
into account.
Here, we use a procedure that takes an assembly A of width k − 1 and length l + 2, and then
condenses its right end to yield an assembly B with width k − 1 and length l. Again, A and B are
identical except for the rightmost three columns of A and the last column of B; there, if A had a tile
in any of the last three columns in some particular row, then B will have a tile in its last column in
the same row. An added detail is that we must now consider that the rightmost two columns of A
may contain a double tile; in this case, the rightmost two columns of B must have a double tile also.
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The double tile may either be on the top or on the bottom; without loss of generality, we assume
it is on the bottom, since the other case can be treated identically. Again, the tile types of the new
tiles in B are determined by their neighbors. Formally, we say that B = condensation′ (A) if
∀ 0 ≤ a < k − 1, 0 ≤ b < l − 1 and (a, b) 6= (k − 2, l − 2) : Ã(a, b) = B̃(a, b), and

∀ 0 ≤ a < k − 1 : B̃(a, l − 1) = 0 iff Ã(a, l − 1) = Ã(a, l) = Ã(a, l + 1) = 0, and

B̃(k − 2, l − 2) = 0 iff Ã(k − 2, l − 2) = Ã(k − 2, l) = 0.

The proof that every assembly A has a connected condensation′ is virtually identical to the
proof in the previous lemma. The rest of the proof is also similar, except that different numbers of
tiles may be removed from the l + 1st and l + 2nd columns.
For a given assembly A, creating Ã from B̃, where condensation′ (A) = B, requires adding
p tiles, 1 ≤ p ≤ 2k − 3, to the (l + 1)st and (l + 2)nd columns of B, and then removing h tiles,
1 ≤ h < k − 1, from the lth column.
For each of the p − h tiles that are added to the (l + 1)st column and (l + 2)nd columns where
the corresponding tiles in the lth column are not removed, p − h tiles added to the assembly and
no more than 2(p − h) − 1 bonds may be formed. For the h tiles that are moved from the lth to
the (l + 1)st column or (l + 2)nd , no tiles are added, and no more bonds can be created.
Thus, the spurious nucleation rate of these assemblies is given by:
X
kf [A]ss e−Gmc
Nl+2 =
A+t→C+t∈Rkin
s.t. length(A)=l+2

X

<

lA kf [A]ss e−Gmc

A,B
s.t.condensation′ (A)=B
length(B)=l

<

2k−3
X

X

p=1
B s.t.
length(B)=l

When Gmc > 2Gse −
<

1
2k−3 ,


 k−2 
2k − 3 X k − 2
lA kf [B]ss e−Gmc e−(p−h)Gmc e(2(p−h)−1)Gse .
h
p
h=0

this similarly reduces to
−1

1

X

lA kf [B]ss e−Gmc e−Gse (1 + e 2k−3 )k−2 (1 + e 2k−3 )2k−3

X

k−2

−1
1
lA kf [B]ss e−Gmc e−Gse (1 + e 2k−3 )(1 + e 2k−3 )2
.

B s.t.
length(B)=l

<

B s.t.
length(B)=l
−1

1

For k > 2, (1 + e 2k−3 )(1 + e 2k−3 )2 < 10, and thus
X
lA kf [B]ss e−Gmc e−Gse 10k−2 .
<
B s.t.
length(B)=l
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Figure 3.13: Hypothesized critical nucleus for most spurious nucleation reactions. The
rate of spurious nucleation reactions by this assembly (shown in different shades of gray for tile
sets of widths 3,4,5,and 6) accounts for a large portion of spurious nucleation at slow speeds, and
also accounts for the rate of increase in spurious nucleation rates as assembly gets faster.
Therefore, when Gse > ln(10)(k − 2) + ln(4), and recalling that lA ≤ lB + 1,
<

X

1
(lB + 1)kf [B]ss e−Gmc
4

X

1
lB kf [B]ss e−Gmc
2

B s.t.
length(B)=l

<

B s.t.
length(B)=l

=

1
2

X

1
kf [A]ss e−Gmc = Nl .
2
in

A+t→B+t∈Rk
s.t. length(A)=l

Now, we can combine Lemma 5 and Lemma 6 to derive Lemma 4. If l is even,
∞
X

Np = Nl+1 + Nl+2 + Nl+3 + Nl+4 + . . .

p=l+1

1
1
1
1
< Nl + Nl + Nl + Nl + . . .
2
2
4
4
< 2Nl .
Thus, to calculate the spurious nucleation rate up an accuracy of 1δ , it is only necessary to
compute the inner sums of the series until the sum the current value of l is (even and) less than
1
2δ . (Note that this approach does not directly yield a proof of an asymptotic bound for arbitrary
k, because the formula for the nucleation rate is not a closed form expression.)
We have used this series truncation method to calculate the rate of spurious nucleation to 2
parts in 105 for k = 3, 4, 5, 6 and for a range of Gse , Gmc for which ǫ = 0.1. The values of Gse ,
Gmc , and k used were in a regime in which Lemma 4 applies. The results are shown in Figure 3.11.
In addition to the numerical calculations providing lower estimates, the slopes of log n+
k vs. log rk
in Fig. 3.11 are larger than those of log n1k vs. log rk . Specifically the numerical calculations give
k
slopes k+2
2 , compared to the asymptotic bounds that give slopes 2 . Is this reasonable? In the limit
as Gmc → ∞, all spurious nucleation should be dominated by the single species with the highest
steady-state concentration (adding tiles become so unfavorable that other species can be neglected).
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Tile set
width

Steady state

Typical
tion

reac-

3

1011 years

4
5
6

40 years
10 days
7 hours

< 9 × 1010
years
< 40 years
< 20 days
< 20 hours

50 tile assemblies in a
typical reaction
< 5000 years
< 30 days
< 10 hours
< 2 hours

Table 3.1: Time needed to grow 1000 layers such that less than 1 percent of assemblies
are spuriously nucleated.

The analysis in Section 3.4 suggests that this assembly is the one shown in Figure 3.13. The steadystate concentration of this assembly A for a tile set of width k is [A]ss = e−(2k−3)Gmc +(3k−6)Gse =
e−kGse +(2k−3)ǫ . If all forward nucleation reactions involve A, then
−Gmc
n+
= 2kf e−(k+2)Gse +(2k−4)ǫ
k = 2kf [A]ss e

while the speed of growth is
rk = kf e−2Gse

eǫ − 1
,
k−1

and thus the slope would be k+2
2 , as observed. Even for the range of smaller Gmc for which numerical
calculations were performed, this estimate of n+
k is based on assuming a single critical species is
within a factor of three of the precisely calculated value.

3.6.2

Stochastic Simulations for Estimating Nucleation Rates Before Steady
State is Achieved

In order to determine whether steady state is a good approximation for what happens in a typical
spurious nucleation reaction, we simulated zig-zag tile assembly for tile sets of widths k = 3, 4, 5,
and 6 and measured the rates of spurious nucleation events during the time it should take to
grow 1000 layers from seeds. Since there are an infinite number of powered accretion reactions,
exact simulation of growth under the kTAM using mass action dynamics is not possible. Instead,
we simulated assembly growth using stochastic chemical reaction dynamics. To approximate the
nucleation rate, we simulate a tiny reaction volume, and use these results to predict the nucleation
rate in a much larger volume.
We used the Gillespie algorithm [Gil76] to sample the trajectories of stochastic dynamics of
the zig-zag tiles in a small volume V , chosen to ensure accuracy as described below. Following
the powered model, our simulation assumes the concentration of each tile type to be constant and
explicitly tracks each assembly containing more than one tile. Initially, no multi-tile assemblies are
present. Single tiles are present at a concentration of e−Gmc so that the rate of two tiles colliding
(and thus producing a new assembly to be explicitly tracked) is Akf V e−2Gmc molecules / second,
where A is Avogadro’s number. For each assembly containing two or more tiles, the rate of tile
addition is kf e−Gmc and the rate that a tile with b bonds falls off an assembly is kf e−bGse .
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For k = 3, 4, 5, 6 and a range of Gse and Gmc where ǫ = 0.1, we counted the number of spurious
nucleation events, m, that took place over the time course of a “typical reaction”, s = 1000/rk ,
in a volume V that was chosen large enough to ensure that statistical error in m is less than
10 percent of its value (P > 0.95). If our simulations yield a nucleation rate of m events per
m
second, the molar rate of nucleation events for a bulk volume is given by n+
k ≈ V A . The results
of the simulation—which were possible only for small enough Gse such that nucleation events were
frequent enough to be counted—are shown in Figure 3.12. For k = 3 and k = 4, these rates are
within a factor of 2, and all values tested are within a factor of 10 of the linear extrapolation of the
curves from Fig. 3.11, indicating that the choice in Section 3.5 to bound nucleation rates based on
steady-state concentrations did not affect our estimate of nucleation rates too greatly. This should
be expected, given that under the conditions we studied most steady-state nucleation appears to
involve assemblies like the one shown in Figure 3.13.

3.6.3

Nucleation of Long Ribbons

In this paper, we have defined a spurious nucleation reaction for a zig-zag tile set of width k as a
reaction in which an assembly of width k − 1 grows to width k. The goal was that this definition
would be inclusive, such that all long ribbons would undergo at least one spurious nucleation
reaction, but not too loose, such that most spurious nucleation reactions lead to a long ribbon.
However, many of these spurious nucleation reactions are not energetically favorable—an assembly
may briefly reach width k before a tile falls off. The assembly then either melts or undergoes
another spurious nucleation reaction.
At what rate do long ribbons appear? Using the stochastic simulation described in the last
section and the same range of physical reaction parameters, we measured m′ , the number of ribbons
containing 50 tiles or more that were present at the end of a “typical reaction”, for the widths 3, 4,
5, or 6. This counts the number of spurious nucleation events that did not subsequently melt, and
thus it provides the basis for an estimate for nk . As only those crystals that nucleated sufficiently
far before the end of the simulation will have grown to a large enough size to have been counted,
m′
so we use the formula nk ≈ (s−50/(k−1)/r
. The results are shown in Figure 3.12.
k )V A
While the assumption that concentrations of unnucleated assemblies had reached steady state
appears to have been inconsequential, these simulations indicate that the assumption that a spurious
nucleation reaction always produces a long ribbon did cause a significant overestimate of the amount
of spurious nucleation. They suggest that most (at least 99%) of assemblies that reach critical size
will subsequently melt.

3.6.4

Expected Effectiveness in Practice

Do these results indicate that nucleation control with tile sets of width 6 or less are good enough?
Recall that our “reasonable goal for a typical reaction” addresses how much time is needed to grow
seeded ribbons of 1000 layers with less than 1% of the crystals being spuriously nucleated. The
fraction of crystals that are spuriously nucleated is given by f = Lc nrkk , where L is the number
of layers to be grown on seeds, and c is the concentration of seeds. While the simulations only
measured nk for large values of rk , it is possible to bound nk from above for smaller values of rk
by linearly extrapolating the lines in Figure 3.12, because the slopes log nk vs log rk should be no
1 −Gmc
smaller than at steady state, k+2
, we use this technique to bound rk from
2 . Taking c = L e
above, and therefore to bound the time necessary to grow 1000 layers on average where less than
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1% of the crystals are spuriously nucleated. The results, shown in Table 3.1, are encouraging. They
suggest that, using a zig-zag tile set of width 6, just a few hours would be enough to avoid most
spurious nucleation.
The analysis and simulations in this section support the idea that nucleation control using
the zig-zag tile set not only works, but is practical. While in most respects our models appear
complete, two effects which may be important in the actual process of assembly are not included.
One important effect is tile depletion: while our model considers the concentration of free tiles to
be constant, in a typical experiment tiles are used up because they join assemblies. Since the rate
of spurious nucleation is concentration dependent, we would expect the rate of spurious nucleation
to be larger at the beginning of a reaction, when almost all free tiles remain, than at the end,
when many tiles are used up. Because of this effect, our simulations may actually overestimate the
spurious nucleation rate.
However, our simulations also neglect an important possible reaction pathway that may greatly
increase the rate of spurious nucleation. While our model assumes tiles must be added to assemblies
one at a time, in an experiment, small assemblies can also attach to each other. The formation
and joining of several small assemblies may be faster than the spurious nucleation pathways described in this paper. A complete understanding of spurious nucleation of zig-zag tiles requires an
understanding of the speed of spurious nucleation reactions caused by aggregation.

3.7
3.7.1

Conclusions
Nucleation of Algorithmic Self-Assembly

Our original motivation for this work was to show that self-assembly programs that work in the
aTAM, in which it is straightforward to design tile sets that algorithmically assemble any computationally defined structure, can also be made to work in the more realistic kTAM. Tiles sets that
assemble correctly via unseeded growth in the aTAM with a threshold of τ = 1 will assemble correctly in the kTAM under the right conditions. However, tile sets that are designed to assemble via
seeded growth in the aTAM with a threshold τ = 2 may fail in the kTAM because mismatch, facet,
and spurious nucleation errors occur. These problems are ameliorated in the limit of slow assembly
speed [Win98]. Other work has described methods to control mismatch errors and facet errors
without significant slowdown [WB04, CG05, RSY05]. Here, we have developed a construction that
corrects the last discrepancy, spurious nucleation errors, again without significant slowdown.
However, it remains to be formally proven that these constructions can be combined to control
all types of errors simultaneously for any tile set of interest. No major difficulties are expected, in
large part because mismatch and facet errors can both be controlled by a single mechanism [CG05]
and the control of spurious nucleation errors works independently of this mechanism. Both methods
work by transforming an original tile set which works in the aTAM at τ = 2 into a new (typically
larger) tile set that is more robust to particular kinds of errors in the kTAM. Additionally, the
combination of these error correction mechanisms is expected to be experimentally tractable: the
cost of both these transformations is a moderate increase in spatial scale and the number of tile
types.
We expect that the zig-zag tiles can be used as a subroutine in more complex algorithmic
self-assembly programs when control of nucleation is needed. Other self-assembly programs for
controlling nucleation are certainly possible; we do not know whether the zig-zag tile sets are
optimal.
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Figure 3.14: Exponential amplification of assemblies. Probe strands assemble onto a target
sequence to create a seed assembly, which nucleates zig-zag growth. Periodic fluid shear causes
fragmentation of zig-zag assemblies, leading to exponential amplification. The diagonal structure
of the seed assembly shown here is a natural shape for assembling tiles on a scaffold strand [RPW04].

3.7.2

Detection of a Single DNA Molecule

Control over nucleation in algorithmic self-assembly can be seen as a special case the detection of a
single molecule. For a tile set of sufficiently large width, essentially nothing happens when no seed
tiles are present, whereas if even a single seed tile is added, growth by self-assembly will result in
a macroscopic assembly. Theorem 1 shows that the false-positive rate for detection can be made
arbitrarily small by design; the false-negative rate in the kTAM is approximately 0. Although this
idealized model does not consider many factors that could lead to poorer detection in a real system,
we don’t know of any insurmountable problems with implementing single-molecule detection this
way.
There are, however, two immediate drawbacks. First, detecting seed-tile assemblies is not
as useful as detecting arbitrary DNA sequences. Second, the linear growth of a single zig-zag
assembly would require a long time lapse before a macroscopic change is perceptible. As sketched
in Figure 3.14, we can surmount both obstacles. First, as in [MLRS00a, YLFR03], a set of strands
can be designed to assemble double-crossover molecules on a (sufficiently long) target strand with
nearly arbitrary sequence, thus creating the seed assembly if and only if the target strand exists.
Second, since fluid shear forces can fragment large DNA assemblies, intermittent pipetting or
vortexing could break large zig-zag assemblies, increasing the number of growing ends with each
fragmentation episode. This fragmentation process can be expected to lead to exponential growth
in the number of zig-zag assemblies without increasing the false-positive rate. (When a spuriously
nucleated assembly does eventually form, of course, it will also be exponentially amplified.)
Based on the analyses of the previous section, we can estimate the effectiveness of this procedure.
Is there a reasonable tile set width for which a single seed could amplify to a level of detectability
in a reasonably short time without any spurious nucleation occurring within the given volume?
Specifically, given a 10 µL reaction volume, a minimum detection level of 105 crystals and a protocol
in which assemblies split after growing on average to size 200 layers, we would like to determine
the minimum time and tile set width that meet these requirements. Creating 105 crystals requires
first growing from the seed to size 200, then 17 cycles of fragmentation followed by growing 100
additional layers (50 on each side), so amplification requires ta = 850/rk seconds. The expected
time for the first nucleation event is tf = nk 1V A , and our criteria for reliable detection is tf > 100ta ,
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1
k+2
i.e., nrkk < 85000V
A . Based on Figure 3.12, we use the approximation log(nk )+2 = 2 (log(rk )−1.7).
Solving for ta as a function of k, we find that good results are obtained for experimentally feasible
widths. For example, with k = 12, reliable detection of a single seed in V = 10 µL is ta ≈ 26 hours.
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Chapter 4

Preventing Spontaneous Nucleation in
the Laboratory
Abstract
A central goal of chemistry is to fabricate supramolecular structures of defined function and composition. In biology, control of synthesis is often achieved through precise control over nucleation
and growth processes: a seed molecule initiates growth of a structure, but in the absence of a seed,
growth is inhibited by a large kinetic barrier. Here, we show how such control can be systematically
designed into self-assembling supramolecular structures made of DNA tiles, called zig-zag ribbons.
Ribbons have a fixed width, chosen by design, but can elongate indefinitely. Theory predicts that
under slightly supersaturated conditions, elongation is favorable but the energetic barrier to nucleation of a new ribbon is proportional to its width. Here, we show experimentally that while zig-zag
ribbons of different widths have similar thermodynamics, nucleation rates decrease for wider ribbons, indicating that we can program the nucleation rate by choosing a ribbon width. The presence
of a seed molecule, a stabilized version of the presumed critical nucleus, removes the kinetic barrier
to nucleation of a ribbon. Thus, we demonstrate the ability to grow supramolecular structures from
rationally designed seeds, while suppressing spurious nucleation. Control over DNA tile nucleation,
by programming a kinetic pathway in algorithmic crystal growth, will make possible the high yield
synthesis of micron-scale structures with complex programmed features. More generally, this work
shows how a subroutine for self-assembly can be initiated.

4.1

Introduction

Biology demonstrates the potential of self-assembly to create sophisticated organization on the
molecular scale. The fundamental challenge in engineering novel self-assembled objects is that the
molecular components must themselves contain the information needed to guide self-assembly.
Controlling the nucleation of a self-assembled object is the first step to controlling the selfassembly process, as exemplified by the formation of actin networks [WM02, SM01], the growth of
microtubules on the centrosome [MBS+ 95], and the assembly of bacterial flagella [AH02]. These
systems avoid the difficulty of controlling homogeneous nucleation by relying on heterogeneous nucleation: growth is rare except in the presence of a seed molecule, from which it proceeds with little
or no kinetic barrier. Here, we demonstrate a general design strategy for creating self-assembled
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molecular structures for which nucleation is similarly controlled by a seed. We use programmable
DNA tiles to create a series of seeded “zig-zag ribbons” that exhibit increasing kinetic barriers to
homogeneous nucleation.
DNA tiles [FS93, LYQS96] are a general-purpose nanoscale construction material. A DNA
tile consists of multiple strands woven together to form double helices connected by “crossoverpoints” (Figure 4.1a). Tiles interact through the hybridization of their single-stranded (“sticky”)
ends (Figure 4.1b) and can assemble into extended structures, including 1- and 2-dimensional
crystals [WLWS98, LYK+ 00, RENP+ 04, MLK+ 05]. The interactions between tiles are programmed
through the design of sticky ends; complementary sticky ends hybridize, while non-complementary
sticky ends are unlikely to interact. Under slightly supersaturated conditions, where the attachment
of a tile to an assembled crystal by two or more sticky ends is favorable but attachment by just one
sticky end is unfavorable, in principle it is possible to program complex assembly processes [Win96].
We have constructed sets of DNA tiles that assemble to form ribbons of particular widths.
Ribbon assembly proceeds in two phases: nucleation and growth. Under slightly supersaturated
conditions, nucleation requires a mixture of favorable and unfavorable tile attachments. In contrast,
growth proceeds through a series of favorable monomer tile addition reactions (Figure 4.1d). The
crystals are designed such that the number of unfavorable attachments required for nucleation
is exactly the width of the ribbon minus one. Theoretically, increasing the number of required
unfavorable reactions can exponentially reduce the rate of nucleation [SW05a].
In this paper, we describe the design and synthesis of 3, 4, 5, and 6 tile-wide ribbons, denoted
ZZ3 – ZZ6. We show that each type of ribbon forms as designed and that there is a kinetic barrier
to homogeneous nucleation of ribbons of all widths. The growth rates of ribbons under slightly
supersaturated conditions confirm that nucleation rates are lower for wider ribbons. Finally, we
synthesize a seed molecule for ZZ4 ribbons and show that the kinetic barrier to nucleation is greatly
reduced in its presence.

4.2

Materials and Methods

Design. DAO-E tiles (Figure 4.1a,b) were used to construct ribbons [WLWS98]. Sequences for the
double-stranded tile regions were either those used previously [RPW04] or were designed by computer using sequence symmetry minimization [See90, DLWP04], a technique that selects sequences
with minimum undesired intramolecular and intermolecular interactions. Sticky end sequences were
designed to minimize differences in binding strength between pairs of complementary ends and to
minimize the binding energy between non-complementary ends. Binding energies were estimated
by the nearest neighbor energy model [San98]. Details are given in the Supplementary Information.
Experiments. All reactions were performed in Tris-Acetate EDTA buffer to which 12.5 mM
hydrous MgCl2 was added. Non-denaturing gel electrophoresis showed that all tiles formed single
products with at least 80% yield and that crystal seeds formed with roughly 50% yield. UV
absorbance was measured in an AVIV 14DS spectrophotometer (AVIV Biomedical, Lakewood,
NJ) equipped with a computer-controlled temperature bath. Atomic force microscopy (AFM) was
performed on a Digital Instruments Nanoscope III (Veeco Metrology) in fluid tapping mode using
NP-S tips. See the Supplementary Information for details.
Modeling. The simplified model of zig-zag ribbon nucleation shown in Figure 4.1d was expressed as a set of chemical reactions. This “the standard sequence” model (for nucleation and
growth) considers An an assembly containing n single or double tiles. The model ignores the com55

binatorial number of possible species of each size. An has a standard free energy ∆G◦n = bn ∆G◦se
where bn is the number of sticky end pairs formed in assembly An (e.g., b6 = 7 for the top assembly in Figure 4.1d) and ∆G◦se = 12 (∆H ◦ − T ∆S ◦ ). Values for ∆H ◦ and ∆S ◦ refer to the
enthalpy and entropy of a tile attaching to a ribbon by two sticky ends, as determined by the
experiments described below. The free energy of tile attachment by a single sticky end is unknown;
1
◦
◦
2 (∆H − T ∆S ) is used as a simplifying assumption. The model includes all reactions of the form
An + Am ⇋ An+m for 1 ≤ n ≤ m such that n + m ≤ M , where M is the largest ribbon size modeled
and is limited by computation time to 100. These reactions include growth by monomer addition
as well as joining and internal scission of ribbons [ENKF04]. As a simplification of size-dependent
diffusion-limited reaction rates, we use a forward constant kfn,m = kf = 106 /M/s (typical for
oligonucleotide hybridization [Wet91]) for reactions involving a tile or pre-critical nucleus, while
for reactions involving two ribbons kfn,m = kj = 15000 /M/s as estimated experimentally (see below). The reverse rates are determined by thermodynamics: krn,m = kfn,m e−(∆Gn +∆Gm −∆Gn+m )/RT .
There are no fitting parameters.
◦

4.3

◦

◦

Results

Ribbon Structure. To verify that the tiles assembled into the designed structures, the strands
for each ribbon were annealed at 100 nM (per strand) from 90 ◦ C to 20 ◦ C over 20 hours in a PCR
machine. Atomic force microscopy of each sample showed predominantly the desired structures
(Figure 4.2). Most ribbons were microns (hundreds of tile layers) long, suggesting that ribbon
nucleation was much slower than growth. To establish that annealing is necessary to produce long
ribbons, we mixed pre-formed tiles at room temperature, where nucleation is presumed to be fast,
and let them sit for 20 hours. Few ribbons longer than 10 tile layers were observed.
Homogeneous nucleation rates. The rate and temperature dependence of zig-zag ribbon
crystal growth and melting was studied using ultraviolet spectroscopy. At 260 nm, single-stranded
DNA absorbs more light than double-stranded DNA, so changes in absorbance provide a quantitative measure of hybridization. We annealed and melted samples of the strands for zig-zag ribbons
from 90 ◦ C to 20 ◦ C and back to 90 ◦ C at approximately 0.13 ◦ C per minute in a spectrophotometer
(AVIV 14-DS, Lakewood, NJ) to determine formation and melting temperatures of the ribbons.
There was a reversible absorbance change between 90 ◦ C and 45 ◦ C and a region of hysteresis
between 40 ◦ C and 25 ◦ C (Figure 4.3a). The previously determined melting temperatures of DNA
tiles and DNA tile assemblies [Rot01, RPW04] suggested that the reversible higher-temperature
transition was due to formation and melting of tile cores from/into strands, while the hysteretic
transition was due to formation and melting of zig-zag ribbons from/into tiles.
To confirm that the hysteretic transition was the result of ribbon formation and melting, we also
studied a set of tiles lacking sticky ends but otherwise identical to the original ribbon tiles. Anneals
and melts of ribbon tiles with and without sticky ends had the same shape in the region between
90 ◦ C and 50 ◦ C, but no significant absorbance changes at lower temperatures were observed for
the tiles lacking sticky ends (Figure 4.3a). Thus, the absorbance changes in the regime between
40 ◦ C and 25 ◦ C mostly reflect ribbon formation.
We therefore tabulated the melting and formation temperatures, defined as the temperatures
where half the ribbons were melted or formed, for 4 concentrations of each of the 4 ribbon widths
(Figure 4.3b–d). For a given ribbon type and concentration, the amount of hysteresis is dependent
on the speed of the melt: at equilibrium, the formation and melting temperatures are the same. As
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the speed of annealing and melting increase, conditions diverge from equilibrium, and the differences
between these temperatures grow larger. At the speed at which we performed the melts, the melting
temperatures of all the mixtures were approximately the same, but the formation temperatures were
strongly concentration dependent and very slightly dependent on ribbon width.
While ZZ3–ZZ6 were designed so that the melting temperatures of ZZ3–ZZ6 at a single concentration were the same, the predicted energies of sticky ends interactions suggested that the melting
temperature of ribbons at the highest and lowest concentrations should vary by several degrees.
This prediction is valid in a regime where melting occurs by attrition of one tile at a time from
the end of the ribbons (Figure 4.1d). Because the ribbons are long, such attrition is slow. Work
on DNA nanotubes found that the melting of the nanotubes was greatly sped up by tube scission
during melting [ENKF04], which suggested that the melting in the Figure 4.3 experiments may
also have occurred primarily by scission.
Ribbons likewise grow by adding one tile at a time. (In contrast, growth of 2- and 3-dimensional
crystals is faster, and growth speed increases as the crystal grows.) Thus, the speed the sample
was annealed at may also have been fast relative to growth and nucleation rates, The measured
formation temperature was likely the temperature at which the kinetic barrier to nucleation largely
disappears and many small nuclei form. These small nuclei could then join to form long ribbons.
Under these conditions, the formation temperature would be dependent on the concentration of
the tiles, but not the width of the ribbon, as we observed.
We therefore designed a second set of experiments with the goal of measuring ribbon nucleation
and growth rates under conditions where there is a kinetic barrier to nucleation. Instead of annealing
and melting the samples at a continuous rate, these experiments hold the sample at one temperature
for many hours. Samples were cooled from 90 ◦ C as before, to a target temperature between 25 ◦ C
and 41 ◦ C. When the target temperature was reached, the sample was held at this temperature
for 24 hours, then cooled to 15 ◦ C, where ribbons are fully formed. The samples were then melted
back to the target temperature at the original speed, then held for another 24 hours. All heating
and cooling was done at the same speed as the melts shown in Figure 4.3.
For these “temperature-hold” experiments, we held samples of ZZ3, ZZ4, and ZZ6 at temperatures between 25 ◦ C and 41 ◦ C. Absorbances from three ZZ4 experiments are shown in Figures 4.4a–
c. At 39 ◦ C, above the melting temperature, there is no activity apart from an initial transient
attributed to tile formation. At 33 ◦ C, there is a large barrier to nucleation: after 24 hours, there
is still a significant separation between the anneal and melt. At 25 ◦ C, there is a smaller kinetic
barrier to nucleation: the absorbances of the anneal and melt holds converge within 24 hours. The
traces of all melt holds show no significant change after 6–12 hours.
To study growth rates during the experiments, the normalized absorbances at the beginning
and end of each hold are plotted in Figures 4.4d–i. The blue and cyan lines recapitulate the
absorbance values during the temperature ramp. The red line reflects the amount of growth seen
during the anneal hold, while the magenta line similarly reflects changes during the melt hold. The
red and magenta lines converge above 35–36 ◦ C because no ribbons form at these temperatures
(the absorbance changes during the anneal hold are assumed to be due to tile formation). The
black dotted lines trace our fit of the absorbance values corresponding to unbound tiles, reflecting
the slight temperature dependence of the absorbance of double stranded DNA [MB87].
Hysteresis remaining after 24 hours (as measured by the gray area) grows with increasing
ribbon width and with decreasing concentration. Formation and melting temperatures were defined
analogously to the temperature-ramp experiments (Figure 4.4d–k). The increased hysteresis is
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primarily due to changes in formation temperatures, as the melting temperature for temperaturehold experiments exhibits no measurable dependence on ribbon width, and only a slight dependence
on concentration. This data suggests that seeded growth of wider ribbons can proceed without
significant spontaneous nucleation over a wide temperature range, and is suggestive of a larger
kinetic barrier to nucleation for wider ribbons.
Standard sequence simulations qualitatively reproduced the hysteresis, and formation and melting temperatures as a function of ribbon width and concentration, although in simulation hysteresis
was consistently more pronounced. As predicted by the model, ribbons at higher concentrations
melted at higher temperatures. Equilibrium tile concentrations were achieved within a few hours
of holding during the melt in the simulations. Because absorbance values also quickly reached their
maximum values in all melt holds performed, we infer that equilibrium was achieved by the end of
the melt holds.
The dependence of Tm on concentration can be used to estimate the energetics of tile attachment to ribbons. At the melting temperature, the free energy of tile attachment, ∆G =
∆G◦ −nRT ln([m]), is zero. Here, ∆G◦ = ∆H ◦ −T ∆S ◦ is the standard free energy of formation for
a tile attaching by two sticky ends. Fitting the data using a van’t Hoff plot [DB02] (Figure 4.4k)
gives ∆H ◦ = −104.4 kcal/mol and ∆S ◦ = −0.300 kcal/mol/K. (At 37 ◦ C, ∆G◦ = 9.30 ± 0.20
kcal/mol.) Since all three ribbons had comparable melting temperatures, we treated all ribbons as
having the same energy for tile attachment, and pooled the data for fitting. The measured ∆H ◦
and ∆S ◦ are comparable to values (-99.6 kcal/mol and -0.265 kcal/mol/K) predicted by the nearest
neighbor model of DNA hybridization [BCT00].
Nucleation rates can be estimated from temperature-hold experiments in which tile concentration, [m], decreases only marginally. Although classical nucleation theory [DG00] predicts that the
nucleation rate nr is proportional to [m]n , where n is the number of tiles in the critical nucleus, in
these cases nr will be roughly constant. Since joining was observed at room temperature at a rate
of kj = 15000 /M/s, we included ribbon joining in our model. Ribbon joining also explains why
anneal holds in the hysteretic regime (e.g., Figure 4.4b) stop changing prior to reaching equilibrium:
nucleation is reduced due to its dependence on tile concentration, and few ribbon ends remain to
deplete tile concentration. We use
d[r]
= nr − kj [r][r]
dt

d[m]
2
= (kr [r] − kf [m][r])
dt
N

where [m] is the concentration of each type of tile, [r] is the concentration of ribbons ([r] = 0 at
◦
t = 0), kf and kr = kf e∆G /RT are the rate constants for tile attachment and dissociation, and
N = 2w − 2 is the number of tile types for a ribbon of width w. All these constants have measured
or assumed values; nr was fit to the data.
We determined nr at the melting temperatures for each concentration, where the supersaturation σ = ln([m]0 /[m]eq ) = ln(2) is mild. With our best estimates for kf and kj (given above), the
inferred nucleation rates at 200 nM are 3 × 10−7 nM/s, 9 × 10−7 nM/s, and > 20 × 10−7 nM/s
for ZZ6, ZZ4, and ZZ3, respectively. Uncertainties from measurement error, estimation of kf and
kj , and residual absorbance change due to continued tile formation render absolute values for nr
unreliable. However, for every concentration except 25 nM, the inferred nucleation rates decrease
monotonically for wider ribbons, and this conclusion is robust to 10-fold changes in kf and kj .
Although the effect is not as strong as expected, these results support theoretical predictions that
nucleation rates should decrease with width [SW05a].
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Heterogeneous nucleation of ribbons. To test whether a segment of full-width ribbon
works as a seed for ribbon growth, we designed a stable seed for ZZ4 resembling two layers of tiles
in the ribbon. The seed structure has sticky ends identical to those on one side of a ZZ4 repeat
unit (Figure 4.1c), but its strands are woven so that it cannot easily fall apart into individual tiles
(Figure 4.5a). The seeds form with approximately 50% yield (Figure 4.5b) and have a melting
temperature of roughly 62 ◦ C at 2 nM, well above the melting temperatures of the ribbons.
To demonstrate seeded growth, two samples of ZZ4 were annealed from 90 ◦ C to 40 ◦ C, at
which point seeds were added to one of the samples (4% by concentration). The samples were then
cooled from 40 ◦ C to 34 ◦ C and held at 34 ◦ C for 12 hours. After the hold, the samples were cooled
to 15 ◦ C and reheated to 34 ◦ C where the temperature held for another 12 hours (Figure 4.5d).
By the onset of the hold, the distance between the anneal and melt was smaller in the sample to
which seeds were added. We propose that ribbons had by this time already nucleated on the seeds.
The difference in the anneal and melt signals completely disappears after a couple of hours for the
seeded sample. Growth remains slow in the seedless sample.

4.4

Conclusions

The results here indicate that it is possible to engineer pathways of crystal growth using rational
design. More generally, our methods suggest a way to control the onset of a stage of self-assembly.
Used recursively, this control can allow the ordered progress of multiple self-assembly reactions that
together produce a complex structure.
Such kinetic control within self-assembly can be surprisingly powerful. It is theoretically possible
to design a set of DNA tiles to assemble any computable shape or pattern [Win96, SW04]. This
algorithmic crystal growth has been demonstrated experimentally [RPW04, BRW05], but thus far
spurious nucleation and errors during growth have resulted in poor yields. It may be possible to use
the techniques developed here to reliably grow technologically relevant molecular structures with
high yield, including crystals of exact rectangular dimension [RW00, ACGH01] and the layout for
a nanoscale demultiplexor circuit or memory circuit [CRW04]. Further, the control of nucleation in
ribbons could allow single molecule detection, or the replication and evolution of crystal sequences
encoded in ribbons [SW05b].
The approach described here for the control over nucleation is potentially applicable to other
organic and macromolecular crystals if sufficient control over intermolecular interactions can be
achieved by design. Generalization to two- or three-dimensional assemblies is also possible. Control
over nucleation of supramolecular assemblies also can be achieved by conformational changes [DP04]
or by energy-consuming enzymatic activity [BZTL02]. These methods, along with the work described here, present the engineer of complex self-assembly processes with a rich design space.
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Figure 4.1: Zig-zag ribbon design. (a) Ribbon diagrams of DNA tiles used to construct ZZ4
(4-tile-wide zig-zag ribbon). The 3’ end of each strand is indicated by an arrow. A tile consists of
4–6 synthetic DNA strands which form the structures shown because of a preference for hybridization between Watson-Crick complementary subsequences. Tiles have double stranded DNA in the
middle (core) of the molecule and single stranded DNA at the ends (called sticky ends). Each tile
monomer is either a “single” tile (top four tiles) or a “double” tile (bottom two tiles). A tile can
have either 3’ or 5’ ends on the top as it is oriented within the ribbon structure. Like single tiles,
double tiles come in two orientations, but only one orientation is used in ZZ4. The double tiles used
here contain inert ends (an uncomplemented sticky end, blunt end, or hairpin) on either the tops
or the bottoms of the tiles. Each strand shown has a unique sequence; colors distinguish strands
in individual tiles. Single and double tiles of both orientations are depicted by rectangle and claw
diagrams shown to the right of the strands. Colors of tile cores distinguish a tile type and claws
with the same color represent complementary sticky ends. (b) Tiles bind by hybridization of their
sticky ends. Non-complementary sticky-ends tend not to hybridize. (c) The tile structure of ZZ4.
A dashed box encloses the 6 tile types in each repeating unit. In principle, growth of a zig-zag
ribbon under slightly supersaturated conditions consists mainly of attachments of monomer tiles to
ribbons by two sticky ends. The ribbons are designed so that these additions proceed in a zig-zag
growth pattern on each side of the ribbon, as denoted by the arrows. (d) One designed pathway
for nucleation and growth of ZZ4, consisting of nucleation steps (left) culminating in the critical
nucleus (top) followed by growth (right). A monomer tile is added to the growing crystal at each
reaction step.
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(a)

(b)

(c)

(d)

Figure 4.2: Atomic force microscopy of zig-zag crystals. Tile sets for ZZ3–ZZ6 and atomic
force microscopy images of ribbons (left of (a)–(d)) and their fine structure (right of (a)–(d)).
Ribbons sometimes rip during sample preparation, leaving ribbon fragments stuck to the surface.
Scale bars are 500 nm (left) and 25 nm (right).
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Figure 4.3: Temperature-ramp anneals and melts of zig-zag crystals. (a) An example of
a UV melt of zig-zag tiles as designed (green) and with sticky ends omitted (black). Because of
cuvette variations and changes in stoichiometry that result from mixing so many strands together,
the results from the second melt were normalized so that the signals at the 90 ◦ C and at 42 ◦ C
are the same. The dashed box encloses the area of the melts shown in (b) and (c). (b) UV melts
of ZZ3–ZZ6 at 50 nM in the temperatures where zig-zag crystal formation was observed. Signals
shown are the difference between normalized absorbance signals with and without sticky ends.
In each loop, the upper lines are annealing curves and the lower lines are melting curves. The
formation and melting temperatures, where half the material is formed or melting, respectively,
are shown by black squares. (c) UV melts for a single width tile set at different concentrations
(25, 50, 100, and 200 nM of each tile). Black squares are as in (b). (d) Formation and melting
temperatures (determined as in (b)) for the four widths and concentrations of zig-zag crystals at
the four concentrations used in (c). Points at each concentration are staggered so error bars are
visible; measurements are for 25, 50, 100, and 200 nM tile concentrations for each ribbon width.
Melting temperatures are consistently higher than formation temperatures, indicating hysteresis.
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Figure 4.4: Zig-zag crystal growth and melting at constant temperatures. (a)–(c) Trajectories showing growth and melting of 50 nM ZZ4 at three different temperatures. Absorbance
values are normalized as described in (d)–(i). (d)–(i) Absorbance at the beginning and end of
temperature holds. The gray region shows the difference in absorbance after 24 hour holds. Black
squares indicate the formation and melting temperatures. Absorbances were normalized so that
1 is the largest absorbance value along the red line, and 0 is the absorbance measured at 15 ◦ C.
(j) Formation temperatures determined from temperature-hold experiments. (k) Determination of
∆H ◦ and ∆S ◦ from melting temperatures in temperature-hold experiments, which are presumed
to be at equilibrium. The van’t Hoff plot shows 1/Tm vs. R ln([m]0 /2), where [m]0 is the initial
tile concentration. Because at the melting temperature, the equilibrium free tile concentration is
half the initial, and 12 [m] = Keq = exp (∆H ◦ − T ∆S ◦ ) /RT , the slope and intercept of this plot
determine ∆H ◦ and ∆S ◦ respectively. The outlier (ZZ3, 100 nM) was discarded during fitting.
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Figure 4.5: Hysteresis in ribbon formation disappears when crystal seeds are present.
(a) A DNA structure designed to be a stable nucleus for ZZ4. The structure (the size of the
helical regions and placement of crossover points) is identical to the structure of the tile lattice.
(b) Atomic force microscopy image of the crystal seeds. The scale bar denotes 25 nm. Both intact
and incomplete structures are seen. (c) Putative growth from a crystal seed: at every step, tiles
can bind favorably (by two sticky ends) to produce the structure shown on the right, which can
then grow through zig-zag growth. (d) Hysteresis of 50 nM ZZ4 with and without crystal seeds at
34 ◦ C over 12 hours. The increased equilibrium absorbance in the sample with seeds is due to the
added material.
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Chapter 5

Copying Information Accurately by
Using Proofreading
Abstract
Biological organisms are compelling demonstrations of the power of control over information transfer
and computation at the molecular scale. In electronic computers, reliable computation is made
possible by redundancy, which allows errors to be detected and corrected; increasing the amount
of redundancy can exponentially reduce errors. Here, we examine experimentally whether using
multiple levels of redundancy during self-assembly can analogously reduce assembly errors. We
use DNA double crossover molecules to algorithmically self-assemble ribbon crystals which copy
short sequences of information multiple times and measure error rates when each bit is encoded
by 1 molecule, or redundantly encoded by 2, 3, or 4 molecules. Atomic force microscopy images of
the products show that each additional level of redundancy decreases the assembly error rate by
a factor of 3, with the 4-redundant encoding yielding an error rate less than 0.1%. While theory
and simulation predict larger improvements in error rates than we observed experimentally, our
experimental results suggest that by using sufficient redundancy it may be possible to cheaply and
reliably self-assemble micron-sized objects with nanometer-scale detail.

5.1

Introduction

At the human-size scale, computation and information have transformed our world. Biology suggests that control over molecular information transfer and computation has the potential to do
the same at the molecular scale. As examples, biological organisms have evolved the capacity for
reliable, large scale self-assembly of objects like microtubules [DM97] or the ribosome [RSSF03],
long signal-transduction cascades like those in animal development [Dav01] and tight control over
metabolic processes [Fel92]. To engineer systems with the same capacities, it is necessary to develop
design principles for chemical systems with the ability to reliably process and transmit information.
This paper concentrates on how to reliably transfer information during self-assembly. In an
autonomous self-assembly process, all the information to guide assembly is encoded in the molecules
themselves. Information transfer is not strictly necessary for self-assembly; if each molecule is only
used once in a final product, as in protein folding or DNA origami [Rot06], self-assembly can occur
reliably without multiple levels of information transfer. However, the requirement that each kind
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of molecule be used only once is not practical for the assembly of micron-scale objects. Biology
generally reuses components to assemble objects of this size, as evidenced by the self-assembly of
networks of actin [PC86], microtubules [WBT68, FFLN77], or biomineralization [Man88]. In these
cases, the molecules encode a pathway of assembly. Reliable information transfer along the pathway
is necessary to produce a correctly formed final product.
Algorithmic self-assembly, a generalization of crystal growth, has been proposed as a general
method of this kind for synthesizing supramolecular objects [Win96]. In algorithmic self-assembly,
a set of tiles containing four binding sites with particular affinities executes a “program” for the
assembly of an object. Such an assembly method is surprisingly powerful; abstractly, the assembly
of such tiles (Wang tiles) into a lattice can simulate universal computation [Ber66], and in principle
algorithmic self-assembly can be used to assemble arbitrary shapes, with the number of molecules
required scaling only modestly faster than the Kolmogorov (algorithmic) complexity of the object [SW04]. Thus, algorithmic self-assembly is ideal for assembling large, complex objects that
can be compactly described by a computer program such as defined-size shapes [RW00, ACGH01]
or computer circuits [CRW04].
In practice, DNA double-crossover molecules [FS93, LYK+ 00, MSS99, YPF+ 03, HCL+ 05, CSK+ 04]
with binding sites consisting of single stranded DNA segments have been used as tiles for algorithmic self-assembly (Figure 5.1a). Algorithmic self-assembly of DNA tiles has been demonstrated in
one-dimension [Adl94, MLRS00a], and in two dimensions it has been used to produce complex, aperiodic patterns [RPW04, BRW05, BSRW07, FHP+ 07]. While these demonstrations indicate that
the principles of algorithmic self-assembly are sound, the measured rate of assembly errors were
high, between 0.1 and 10 percent. Since even a single assembly error can produce a malformed
final product, such high error rates severely limit the applicability of this technique.
Error-free algorithmic self-assembly consists of a series of steps in which a tile binds to a
growing crystal by at least two matching bonds. When several tiles can attach at different sites on
the crystal, the order of assembly is non-deterministic, but it is straightforward to construct tile
sets for which there is only one possible correct assembly product. Under slightly supersaturated
conditions, such attachments are energetically favorable, but attachments of tiles to a crystal by
fewer than two bonds are unfavorable. In practice, however, it is believed that transient unfavorable
tile attachments occur often, and if a second tile attaches to it before it falls off, the mismatched
tile can be “locked in,” resulting in an assembly mismatch error.
Proofreading tile sets work by interrupting the lock-in process. When an incorrect tile in a
proofreading tile set attaches, further mismatches must occur within the tile’s block in order for
the incorrect tile to become fixed in place (Figure 5.1b). Because sequences of multiple co-localized
errors are relatively rare, assembly stalls, allowing the incorrect tile to fall off and correct assembly
to proceed. The block size determines the number of mismatches that must occur before lock-in.
Each additional required mismatch should, in theory, exponentially reduce the error rate [WB04].
It should therefore be possible to correctly assemble objects consisting of thousands to millions of
tiles with only a modest increase in redundancy.
In this paper, we experimentally measure the amount by which the assembly error rate decreases
as the proofreading block size is increased. We determine the mismatch error rate of 4 different
tile sets, each of which copies a short, one-dimensional binary sequence with increasing amounts of
redundancy. We show that, as theory predicts, increasing redundancy decreases the error rate by
a multiplicative factor. However, our measurements indicate that the factor by which error rates
are reduced is lower than what simulations or theory predict. Despite this limitation, these results
66

suggest that with sufficient redundancy, error-free algorithmic self-assembly of large objects should
be feasible.

5.2

Experimental Design

Copying is a fundamental form of information transfer during self-assembly. Thus, to measure
mismatch error rates, we designed a set of tiles that copy a short binary sequence over and over
as they assemble a ribbon-shaped crystal. In our design, the correct attachment of a tile or block
copies a bit in a sequence to a growing layer of the crystal, while the incorporation of a tile or block
that matches only one binding domain incorrectly “flips” that bit in the sequence in the growing
layer. Errors during copying are easy to spot experimentally, because an error in sequence copying
is propagated when the sequence is recopied in the next layer.
We used the previously designed and characterized zig-zag tile set [SW07] as the basis of our
design. A zig-zag ribbon crystal has a fixed width, in our case six tiles, but during assembly grows
longer, adding one row of tiles at a time. Each tile in a zig-zag tile set is specific to a particular
row in the crystal. The tiles in the middle four rows of the crystal encode either a “0” or a “1”
bit to be copied. These tiles have four binding domains; the top left and bottom right domains
encode the particular row that the tile may join. The top right and bottom left domains encode
either a “0” or “1” bit. Under slightly supersaturated growth conditions, tiles prefer to attach
to the crystal by two binding domains at exactly one location on each end of the crystal; each
attachment creates a new binding site at either the row above or below the newly attached tile. In
order for a tile to attach in a middle row, it must encode the correct row information and match
the logical value of the tile in the previous row. Thus, while both “0” and “1” tiles may be present
in solution, at each step the attachment of tile which matches the sequence of information encoded
by the crystal is favored over the attachment of a tile which does not. The so-called double tiles
in the top and bottom rows ends a series of tile attachments in one direction (from bottom to top
or top to bottom) and creates a new binding site to initiate a new series of tile attachments in
the opposite direction. The use of two alternating tile types in each of the middle row enforce the
staggered placement of double tiles in top and bottom rows, ensuring that row by row, “zig-zag”
growth can continue.
To measure how the rates of assembly error during copying decrease as the amount of redundancy increases, we designed 4 zig-zag tile sets which copy a sequence with increasing amounts of
redundancy (Figures 5.1e-h). Because the same number of rows of tiles are available for copying in
each tile set, the redundantly copied sequences contain fewer distinct bits: The 1-redundant tiles
shown in Figure 5.1e copy a 4-bit sequence by using 1 row of tiles to store each bit of the sequence.
By contrast, the 2-redundant tiles in Figure 5.1f copy a 2-bit sequence during their assembly—by
using two rows to store each bit in the sequence. We used the 3- and 4-redundant tile sets in
Figure 5.1g and 5.1h to measure the error rates when copying 1 bit stored by 3 and 4 rows of tiles
respectively. We copied a second bit in the leftover row of the 3-redundant tile set.
We used a crystal seed to initiate the copying of a pre-determined pattern (Figure 5.2a) similar
to a seed used previously to nucleate zig-zag ribbons [SW07]. The crystal seed is a stable structure
that has binding domains for a particular sequence. Correct growth from the crystal seed first
produces a “cone” of tiles that match sequence initiated by the seed (Figure 5.2b). Double tiles
can then bind to the assembly and initiate zig-zag growth (Figure 5.2c).
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5.3

Simulation

Based on what is known about the hybridization kinetics of DNA tiles [Rot00, Har04, SW07],
we sought to qualitatively predict how error rates in our 4 tile sets decreased with increasing
redundancy. We used the kinetic tile assembly model (kTAM) [Win98], which assumes that tile
attachment occurs at a rate kf = 106 /M/s, approximately the measured attachment rate of short
DNA oligos [Wet91], and that the ∆H ◦ and ∆S ◦ of attachment of a tile by two bonds is as previously
measured for zig-zag ribbons [SW07]. While the energy of tile attachment by one bond has not
been measured, we assumed it to be half the energy of attachment by two bonds. The kTAM
uses stochastic kinetics [Gil76] to simulate each tile binding and unbinding event. Attachment or
detachment of blocks of tiles, while possible in solution, were not modelled.
The error rate is dependent on two physical parameters, the concentration of tiles and the energy
of attachment by two sticky end bonds. The rate of tile attachment at a given site on a crystal is
kf [t] ≡ kf e−Gmc where kf is the forward rate constant and [t] is the free tile concentration. The rate
b
◦
◦
of tile detachment by b sticky ends is kf e− 2 (∆H −T ∆S )/RT ≡ kf e−bGse where ∆H ◦ and ∆S ◦ are
the previously measured standard enthalpy and entropy of attachment by two bonds, respectively,
T is absolute temperature, and R is the universal gas constant.
The kTAM predicts that algorithmic self-assembly is possible when tiles attach favorably only
when they match at least two sticky ends on a growing ribbon. This occurs where 2Gse > Gmc >
Gse . For a given Gmc , assembly occurs most accurately just below the melting temperature, when
Gmc = 2Gse − ǫ and becomes less accurate as Gse (and supersaturation) increases. The ratio
τ ≡ GGmc
is conventionally used as a measure of supersaturation for algorithmic self-assembly
se
reactions [Win98, WB04, CG05].
To understand roughly how the error rate is a function of the physical parameters, we analytically estimated the assembly error rate for a given Gmc and Gse . In a 1-redundant tile set, a single
mismatching tile can be locked in by the next tile, which can attach by two matching bonds. The
probability that a mismatching tile is locked in before it can fall off, in terms of the rate constants
−Gmc
f
in Figure 5.1c is f +r
≡ e−Gemc +e−Gse . The rate at which mismatched tiles are locked in is the rate
1
at which such a tile attaches, kf e−Gmc times this probability. (In this simple analysis, we ignore
the probability that the tile that attached by two sticky end bonds will subsequently fall off.)
With a tile set that has n > 1 levels of redundancy, an incorrect attachment must be followed
by another incorrect attachment which also tends to fall off (Figure 5.1d). For such a tile set, the
rate of mistakes is therefore the rate of incorrect tile attachment times the probability that the
next n tiles will both attach and lock in the first error, or roughly

n
e−Gmc
−Gmc
kf e
.
(5.1)
e−Gmc + e−Gse
This equation is approximate, as it neglects the probability that tiles will fall off and reattach
during the lock-in process, or that, as above, the tile that attaches by two matching bonds will fall
off. But roughly, each layer of redundancy is expected to reduce the error rate by a multiplicative
1
−Gmc
factor e−Gemc +e−Gse ≈ eGmc (1− τ ) .
We measured the error rate during ribbon growth with kTAM simulations where Gmc = 13
across values of τ compatible with algorithmic self-assembly. (The value Gmc = 13 corresponds
to a tile concentration of about 2.3 µM. Accurately measuring simulated error rates at the concentration used in experiments was computationally intractable.) The error rates predicted by
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these simulations (Figure 5.2a) are consistent with Equation 5.1. For near-optimal values of τ , the
simulations predict a decrease in error rate by a multiplicative factor with each additional layer of
redundancy.
Because our analysis and simulations predict that the error rate will be highly dependent on
the supersaturation, we assumed that the error rates in our experiments would also be highly
dependent on the amount of supersaturation while the crystals are growing. In our experiments,
crystals grew either from seeds or by spontaneously nucleating. We used simulations to determine
when growth from seeds or spontaneous nucleation of new crystals would start new ribbon growth
with the annealing schedule we used. In these simulations, Gmc was the concentration of tiles
used in our experiments (50 nM for each tile) and Gse = 12 (∆H ◦ − T ∆S ◦ ) /RT reflected previous
experimental measurements of ∆H ◦ and ∆S ◦ . The temperature was reduced at the same rate as
in our experiments. A crystal was considered nucleated when it consisted of at least 50 tiles. The
results (Figure 5.3b) predict that there is no kinetic barrier to nucleation of crystals when seeds are
present; as soon as growth of any kind is favorable, and even slightly before (due to fluctuations),
crystals grow. In contrast, spontaneously nucleated crystals do not nucleate until the solution
becomes fairly supersaturated and predicted error rates are much higher. We therefore predict that
crystals that grow from seeds should contain fewer errors.

5.4

Results

Design. In our experiments, each logical tile in Figure 5.1 is implemented as DAO-E double
crossover molecule [FS93] (Figure 5.1a). A DAO-E molecule consists of a set of short oligonucleotides that self-assemble into their pseudoknotted structures because of a preference for hybridization between Watson-Crick complementary subsequences. The “core” of a tile is double
stranded and each end contains a 5 base pair single-stranded region, a sticky end which encodes
the tile’s affinity for other tiles; each logical binding domain (Figure 5.1) is represented as a pair of
complementary 5 base pair sticky ends. Double tiles have the structure of two single tiles that have
been ligated. Where indicated in diagrams (Figure 5.1), double tiles do not have sticky ends. The
cores of the “1” tiles contained two hairpins in the middle of one of its helices perpendicular to the
plane of the lattice so that “1” tile could be differentiated from “0” tiles in atomic force microscope
images [RPW04]. Tile sequences are designed as reported previously [SW07] using secondary structure minimization [See90, DLWP04] to prevent spurious interactions. By design, matching sticky
ends have similar hybridization energies but pairs of ends that could mismatch have a hybridization
energy of 0 according to the nearest neighbor model of DNA hybridization [BCT00].
The crystal seed contains a crossover structure identical to that in DAO-E lattice [WLWS98]
but its strands are woven so that the structure cannot fall apart without breaking at least 16 base
pairs, in contrast to the 5–10 base pairs that must be broken for a tile to detach from the outside
of a DAO-E tile crystal. The melting temperature of a similar seed structure at the concentration
we use here has been measured as 62 ◦ C, well above the melting temperature of the ribbons (about
34 ◦ C at 50 nM [SW07]). The crystal seed can be used nucleate any desired sequence by changing
the strands that create the sticky ends along the right edge.
Tile and seed assembly. To test that the tiles formed properly, we assembled individual
tiles by annealing their component strands from 90 ◦ C to 20 ◦ C at 1 ◦ C per minute. (This and all
future experiments were performed in TAE buffer with 12.5 mM added MgCl2 .) Polyacrylamide gel
electrophoresis showed that each tile assembled into a single product with at least 80% yield. We
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annealed the crystal seed structure in the same manner. Atomic force microscopy showed structures
that look like the designed structure (Figure 5.4a).
To test that 6 tile wide ribbons formed, we annealed the strands for the tiles of the nonproofreading ribbon from 90 ◦ C to 40 ◦ C at 1 ◦ C/hour to allow tiles to form and then in the
previously determined regime of tile supersaturation [SW07], 40 ◦ C to 20 ◦ C, at 1 ◦ C/hour. Atomic
force microscopy revealed that each ribbon copied a pattern with occasional errors (Figure 5.4b).
Each of the 10 distinguishable patterns (because the top and bottom tiles the zig-zag crystal
are indistinguishable with AFM, the orientation of asymmetric patterns such as 1000 can not be
determined) were seen. In experiments described later, all possible patterns with 1, 2, and 3 levels
of redundancy were also observed, indicating that all tiles correctly performed their logical function.
Ideally, assemblies with all possible patterns would nucleate and grow at the same rate (Figure
6(a), blue bars). However, the formation temperature of DNA tile lattices without hairpins has
been measured to be slightly higher than the formation temperature of DNA tile lattices with
hairpins [Bar07]. As a result, when the two tile types are mixed, lattices with all “0” tiles form
first, resulting in an excess of these lattices, and preventing the “0” tiles from being used in lattices
encoding other patterns. To determine whether the assembly of some patterns was preferred over
others, we tabulated which patterns were copied with 25 1 µm square images at random locations
on the surface. Patterns which contained all or almost all 0 or 1 tiles were seen more frequently than
would be expected, while those with a mixture of 0s and 1s were rare (Figure 5.6a, green bars). We
inferred that the formation temperature of ribbons containing all “0” tiles was, as seen previously
with other DNA crystals, slightly higher than the formation temperature of other ribbons. This
effect made the concentration of “0” and “1” tiles unequal during annealing, affecting the mismatch
error rates.
To address this problem, we repeated the experiment but added two kinds of crystal seeds which
nucleated the patterns 0101 and 1010 respectively to a total concentration of 2 nM, as simulations
indicate that ribbons would grow first from seeds. If most crystals grew from seeds and both kinds
grew at the same rate, tiles would be used up equally, permitting an unbiased measure of mismatch
error rates. Seeds were added at 50 ◦ C, above the melting temperature of ribbons, but below the
melting temperature of the seeds. In this experiment (Figure 5.6a, red bars), the pattern 0000 was
still preferred, but the seeded patterns were present in more than 20% of ribbons, 10 times more
frequently than when the seeds were not used.
Error rates. To determine the rate at which assembly errors occurred in the 1-redundant tile
set, we counted the number of bits that were correctly and incorrectly copied in about 65 1 µM
square images of ribbons annealed with crystal seeds (about 25,000 bits total). The measured error
rate was approximately 0.01 (Figure 5.4b, bar 1). Crystals with seeded pattern should nucleate first
(see Figure 5.3b), and therefore grow under less supersaturated conditions where the error rate is
lower than spontaneously nucleated crystals. As expected, the error rate in crystals with the seeded
pattern (Figure 5.4b, bar 6) was slightly smaller than the error rate measured by considering all
crystals.
To determine how error rates decrease when bits are redundantly encoded, we repeated the above
experiment with the 2-, 3-, and 4-redundant tile sets. The crystal seeds nucleated the patterns 01
and 10 with the 2- and 3- redundant tile sets, and the patterns 0 and 1 with the 4-redundant tile
set. The results (Figure 5.6b, bars 2-4) show that with each level of redundancy that is added, the
error rate decreased by a factor of about 3, with the error rate for 4-redundant tile set being less
than 0.001. Surprisingly, the error rate in fourth row of the 3-redundant ribbons, was about three
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times higher than the error rate in copying the bits in the 1-redundant tile set (Figure 5.6b, bar 5).

5.5

Discussion

The observed error rates while copying information in zig-zag ribbon crystals agree with the qualitative results predicted by theory and by simulation—with each level of redundancy, we see an
approximately multiplicative reduction in the error rate. Additionally, we see that the biggest reduction in error rates comes with introducing the first level of redundancy—we observed a factor of
about 4 improvement in this case and slightly smaller improvements as the amount of redundancy
increases. This pattern is also in qualitative agreement with the simulations.
However, simulations and theory predict a much lower absolute error rate than we observed.
These discrepancies are of several orders of magnitude in some cases—understanding the reason
for them seems therefore to be of central importance. One obvious possibility is that our model,
kTAM, is inaccurate because we used the wrong parameters. Parameters such as the rate of tile
attachment and the entropy lost due to hybridization are inferred from studies of small oligos rather
than from studies of DNA tiles [Win98]. Additionally, it has never been confirmed that the energy
of attachment of a tile by a single sticky end is half the energy of attachment by two sticky ends.
In other studies [CSGW07], relaxing the last assumption produced simulated error rates more in
line with what was measured. In other work, a smaller forward rate produced results that were
more in line with experimental measurements [SW07]. Additionally, the kTAM does not consider
experimental non-idealities such as stoichiometry errors between strands and different formation
rates of tiles.
Experimental non-idealities likely also contributed to the high error rate. The crystal seeds we
used were not as effective at nucleating ribbons as larger, more sturdy DNA crossover molecules
used previously [BSRW07]. Since simulations suggest that spontaneous crystal nucleation occurred
at high supersaturation, some growth doubtless occurred in a regime where error rates are comparatively high. One other factor that may have produced errors is ribbon joining, which has been
observed at relatively high rates at room temperature [SW07]. It was not possible for us to separate
errors that resulted from joining from those that resulted from a series of single-tile mismatches.
Reliable nucleation of ribbons from a seed would prevent joining and would therefore allow a more
accurate measurement of ribbon growth rates.
Despite the comparatively large observed error rate and comparatively small observed error rate
reductions due to redundancy, we did not observe a limit on the improvement that can be obtained
with redundancy; the introduction of each additional layer significantly reduced error rates. Thus,
it now seems possible, without any improvement in experimental technique, to assemble ribbons
with virtually no errors simply by using enough redundancy. While large amounts of redundancy
increase the size of the product, it should be possible to mitigate this increase by using either tile
sets which introduce redundancy without increasing size [FM04, RSY05], or by using smaller tiles,
possibly consisting of a single strand [YHS+ 07].
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Figure 5.1: DNA tiles for ribbons that copy information. (a) The DNA strands that
comprise the three kinds DAO-E double crossover molecules used in this paper, with their respective
composite diagrams. Each molecule consists of 4–6 synthetic DNA strands which self-assemble into
the products shown here because of a preference for Watson-Crick complementarity. (b) Tiles
bind by hybridization of their sticky ends. Non-complementary sticky-ends tend not to hybridize.
(c) Tiles favorably attach to a crystal by two bonds (left). In the tile set shown, tiles that do not
propagate the existing sequence (colored) stripes can make at most one bond. These tiles can attach
transiently but generally fall off quickly (center). If another tile attaches before a mismatching tile
falls off (right), the tile is locked in, causing an assembly error. (d) Proofreading reduces the
mismatch error rate by interrupting the lock-in process. Here, each bit is copied by two rows of
tiles instead of one. Yellow and green lines (representing “0” and “1” respectively) connect tiles
that copy the same bit. When a tile that mismatches attaches (middle), because the bonds within
the two tile block are unique to the block, no tile matches more than one bond at the new growth
site. Thus, another mismatch must occur before the tile can be locked in (right). (e) A set of tiles
(assembled into two ribbons) that copy a 4 bit sequence. While ribbons copying only two sequences
are shown, all 16 possible 4 bit sequences can be propagated by ribbon growth. (f )–(h) Tile sets
in ribbon form that, respectively, copy sequences 2-, 3-, and 4-redundantly. Yellow and green lines
as in (d). The tile set in (g) copies 1 bit with three rows and 1 bit with the 1 remaining row. As
in (e), for each tile set, all possible binary sequences can be copied. The tiles to propagate a green
bit in three rows (3-redundantly) and a yellow bit in one row (1-redundantly) (g) and the tiles to
copy a green bit with four rows in the tile set in (h) are not depicted.
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(a)

(b)

(c)

Figure 5.2: Nucleation of a ribbon from a crystal seed. (a) The growth of the tiles in Figure
5.1e on a crystal seed structure, shown in composite by the gray structure. The binding sites
on the seed are such that this seed propagates the illustrated green-yellow-green-yellow sequence.
(b) Initial valid growth off the seed produces a V-shaped assembly of tiles. While the assembly
order is non-deterministic, all possible assembly orders correctly copy the sequence. (c) After
enough layers of tiles have accumulated, a double tile can attach by two bonds to the bottom edge.
The attachment of a second adjacent double tile allows zig-zag growth (see arrow, Figure 5.1e to
commence.
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Figure 5.3: Simulated assembly error rates and nucleation temperatures. (a) Simulated
error rates during ribbon assembly. Tile concentration is ∼ 2 µM at various τ , a measure of supersaturation (See text; τ = 2 is the melting temperature of the ribbons.) Error rate measurements
were made over the growth of a 500 row long ribbon. The free tile concentration was held constant
over the course of the simulation. Error bars indicate 2 standard deviations. (b) Histogram of τ
values at which crystals reach a certain size in a series of stochastic kinetic simulations of annealing
ribbon tiles. In the simulation, a 10−17 L drop containing 50 nM of each tile was annealed from
40 ◦ C to 20 ◦ C with the temperature decreasing 1 ◦ C per hour. At each temperature, the sticky
end energy was set using the previously measured ∆H ◦ and ∆S ◦ of tiles attaching by 2 sticky ends.
Plotted here are the supersaturations when a crystal reached 80 tiles. Free tile concentration was
held constant over the course of the simulation. Each histogram comprises at least 100 simulations.
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Figure 5.4: AFM images of seeds and ribbons. Scale bars represent 100 nM. Yellow arrows
indicate locations of assembly errors. (a) AFM image of crystal seeds, which have the structure of
12 ligated DAO-E tiles as shown in Figure 5.2a and by the brown illustration. Seeds formed with
40%–50% yield. (b) AFM image of 1-redundant ribbons grown without seeds. Images portrayed
either fully formed ribbons of the correct tile width or much smaller detritus, as is seen here in
the background. Brighter spots are one tiles, which have hairpin attachments in their cores and
therefore more AFM contrast. (c) A seed-nucleated 3-redundant ribbon. Blue and red dots label
the “1” and “0” elements of a sequence respectively. The “tail” off the end of the ribbon is the
extra DNA added to the edge of the seed so that it can be differentiated from ribbons. On most
ribbons with the nucleated pattern, this tail was not visible.
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d

Figure 5.5: Sample AFM images of ribbons copying sequences. Scale bars and yellow arrows
as in Figure 5.4. Blue and red dots label the “1” and “0” elements of a sequence respectively. (a)
1-redundant ribbons, (b) 2-redundant ribbons, (c) 3-redundant ribbons, (d) 4-redundant ribbons
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Figure 5.6: Experimental Results. (a) A tabulation of how often ribbons with each possible
pattern appeared in experiments, based on 25 images in each case. A uniform distribution of
pattern sequences is given by the blue bars; patterns were distributed randomly. Without seeds,
the 0000 pattern is seen much more frequently than other patterns (green bars), possibly because
ribbons without hairpin markers have a higher formation temperature and therefore nucleate first,
using up the “0” tiles. When seeds that nucleate the 0101 pattern (red bars) are present, this
pattern is enriched, but the 0000 is still seen most frequently. (b) Per-bit error rates for 1, 2, 3,
and 4-redundant tile sets (bars 1–4). Surprisingly, the error rate of the non-redundantly encoded
extra bit in the 3-redundant tile set had a much higher error rate than any of the bits in the 1-R
ribbon (bar 5). The error rate in 1-redundant ribbons with the nucleated patterns is less than
the error rate of all 1-redundant ribbons (bar 6), supporting the hypothesis that these ribbons
nucleated and assembled on average in less supersaturated conditions.
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Part III

Evolution

There are some enterprises in which a careful disorderliness is the true method.
Herman Melville, Moby Dick
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Chapter 6

The Potential for Evolution of
Complex Programs
Abstract
An enduring mystery in biology is how a physical entity simple enough to have arisen spontaneously
could have evolved into the complex life seen on Earth today. Cairns-Smith has proposed that
life might have originated in clays which stored genomes consisting of an arrangement of crystal
monomers that was replicated during growth. While a clay genome is simple enough to have
conceivably arisen spontaneously, it is not obvious how it might have produced more complex
forms as a result of evolution. Here, we examine this possibility in the tile assembly model, a
generalized model of crystal growth that has been used to study the self-assembly of DNA tiles.
We describe hypothetical crystals for which evolution of complex crystal sequences is driven by the
scarceness of resources required for growth. We show how, under certain circumstances, crystal
growth that performs computation can predict which resources are abundant. In such cases, crystals
executing programs that make these predictions most accurately will grow fastest. Since crystals
can perform universal computation, the complexity of computation that can be used to optimize
growth is unbounded. To the extent that lessons derived from the tile assembly model might be
applicable to mineral crystals, our results suggest that resource scarcity could conceivably have
provided the evolutionary pressures necessary to produce complex clay genomes that sense and
respond to changes in their environment.

6.1

Introduction

Developments in DNA computing have shown that computation can be embedded in crystal
growth processes [Win96, RPW04], with potential applications to combinatorial search problems
[LL00, MLRS00b] and to fabrication tasks in nanotechnology [CRW04, BRW05]. But does crystal
computation have any relevance to what we observe in nature? We speculate here about a possible
connection to the origin of life.
The background for this argument is a hypothesis, proposed and developed by Graham CairnsSmith [CS66], that the first primitive “organisms” were clay crystals. In this theory, information
(the first “genes”) consisted of patterns stored as variations in crystal structure that could be
propagated during crystal growth. For example, in some layered silicate clays, there are two
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distinct layer types that appear in a cross-section as a sequence that could be considered the
crystal’s genotype. Replication occurs by periodic physically-induced fragmentation of crystals
into smaller pieces containing the same genotype, leading to exponential increase in the number
of organisms. Cairns-Smith considered several types of selective pressures that could have been
present and would have resulted in favoring the growth of crystals with non-trivial genotypes.
For example, the structure of a layer sequence could result in different crystal morphologies and
different susceptibilities to fragmentation. He further envisioned the clays interacting with organic
molecules, somehow leading to novel clay-produced organic molecules and eventually to the genetic
takeover of organic life forms [CS82].
One of the strengths of Cairns-Smith’s hypothesis is that it is easy to see how Darwinian evolution could have gotten started by geological processes. However, while clays are known to interact
with organic molecules [PEG+ 95, HFS03], it is hard to know whether these interactions could
have provided evolutionary pressure toward increasing complexity. It is therefore interesting to ask
whether there are other possible mechanisms that could have stimulated the original evolution of
complex sequence information. In fact, it is hard to envision how anything so simple that it could
have arisen spontaneously could have evolved into the remarkable complexity of form and function
found in modern biological organisms. The capacity of evolutionary systems to create increasingly complex forms with increasingly adapted function—so-called open-ended evolution—remains
poorly understood. To our knowledge, there are no examples in artificial life [BMP+ 00], in vitro
chemical evolution [WJ97, Joy04], or in vivo directed evolution [YWA02] that have convincingly
demonstrated open-ended evolution.
The conceptual and physical simplicity of crystal evolution makes it a promising place to examine these issues. In this paper, we consider whether there are properties of crystal growth that can
lead to open-ended evolution. Examining the capacity for interesting evolutionary landscapes requires distinguishing between crystal genotype and phenotype—what is the genetically-determined
function performed by crystals that gives rise to a selective advantage? In this paper, we investigate the ability of crystals to respond to selection pressures using computations that occur during
growth.
The notion that a crystal can perform a computation is based on the observation that the tiling
problem (the question of whether a set of geometric shapes can tile the plane) is undecidable: any
problem solvable by a Turing machine can be expressed as a question of whether a particular set of
shapes can tile the plane [Wan62]. This observation led to a constructive method of computing by
arranging tiles into a lattice [Win96]. These tiles can be viewed as analogues for crystal monomers;
attachment at a specific site in a growing crystal is determined by how well a tile’s shape fits in the
growth site. The binding of a particular tile at a particular site can be viewed as a computational
or information transfer step.
It is reasonable to assume that crystals grow in environments where their monomers are present
in solution at different (possibly time-varying) concentrations. In such an environment, which crystal patterns grow the fastest? Are there environments in which crystals must perform computations
in order to grow quickly? We show that crystals can sense the environment and respond by making
use of the most abundant tiles. We call this feature a “crystal metabolism” because the computation they perform controls the extraction of resources from the environment. In particular, we
are interested in whether there are environments that lead to the evolution of increasingly complex
crystal metabolisms.
We examine these issues in principle within a previously described tile assembly model [RW00],
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which is a generalized crystal growth model that has been used to study algorithmic self-assembly
of synthetic DNA tiles [WLWS98, RPW04, BRW05]. It has been previously argued [SW05b] that
DNA tile crystals have the capacity for Darwinian evolution of the sort imagined by Cairns-Smith.
Insights derived from studying this model should be applicable to crystals composed of a variety of
other materials, such as proteins [FFS+ 95, CDVW04], RNA [CSK+ 04], or even macroscopic tiles
[BTCW97, Rot00] or clay minerals [CSH86].
The tile assembly model describes crystal monomers as square or rectangular tiles with each unit
edge labeled to indicate how it fits with other monomers. Crystal growth proceeds by accretion,
with single tiles being added to the crystal at sites where they make a sufficient number of contacts.
In this paper we consider a version of this model in which (a) a tile may be added to a site if labels
on at least two edges match those presented by the crystal at that site, and (b) monomer tiles
arrive at potential binding sites with a frequency proportional to their concentration in solution.
Occasional violations of rule (a) are referred to as “mutations.” A system consists of a set of tiles,
along with the concentrations of those tiles in solution. Because of the particular choice of matching
rules, each tile set implicitly determines what arrangements of tiles can grow as crystals. If certain
arrangements grow faster than others under given conditions, then we consider these arrangements
more fit. Later we will discuss how growth rates relate to the rate of exponential reproduction.
To discuss evolution, it is helpful to consider three aspects of an evolutionary process. First, a
self-replicating entity carries information which directs behavior. The space of achievable behaviors
is therefore inherently dependent on the material from which they are constructed. Second, there
must be an environment in which certain behaviors have selective advantage; this provides the
stimulus for evolution to discover complex solutions. Third, for evolution to proceed quickly there
must be a route via mutations in which ever more complex behavior is achieved by a series of
incremental steps. In crystal evolution, the first aspect (potential for complexity) derives from
a choice of a particular tile set; this determines the behavior implicit in the crystal growth. The
second aspect (stimulus for complexity) derives from the conditions in which the crystals are grown,
e.g., tile concentrations and temperature, etc. The third aspect (the route to complexity) is difficult
to predict. We will not address it here; for our purposes, it is enough to know that the fittest crystals
could arise through (possibly extremely unlikely) mutations or spontaneous generation. However,
understanding the route to complexity is an important goal for future studies of crystal evolution.
In addition to the above, open-ended evolution seems to require that the selective pressure
provided by the environment is distinct from the potential for evolution, in the sense that different environments must lead to distinct functional solutions. For example, in modern biology,
the universal potential of biochemistry—the ability of DNA to code for proteins and other macromolecules that create seemingly arbitrarily sophisticated and complex machines—makes it possible
for living organisms to adapt to an incredible variety of environmental niches, opening the way to
ever-increasing complexity. Thus, searching for tile sets capable of open-ended evolution, we first
see that a tile set plays the role of a “chemistry” in the sense that it it defines the rules by which
tile-based “organisms” can grow and function, and we further expect that we are looking for a tile
set that displays some sort of universality of behavior.
Following this intuition, we argue that tile-based crystals can exploit computation to enhance
their growth rate, and that this can lead to evolutionary processes resulting in increasing complexity
of crystal structure. We introduce a framework for studying the evolution of metabolic control in
crystals under resource-limited growth conditions.
Within this framework, we design tile sets and environments that give rise to evolutionary land81

Figure 6.1: The zig-zag crystal life cycle. Zig-zag crystals grow by copying their sequences
of DNA tiles. Reproduction occurs when a crystal is broken by external mechanical force (e.g.,
shearing, as shown in the upper right of the test tube). The small crystals that are the result of
division (center) continue growing, and eventually become large enough (top left) to split again. The
materials required for growth (tiles) are constantly replenished by an inward flow, while an outward
flow removes slow-growing crystals from the population. Occasional mutations are propagated
during growth and are eventually replicated. Similarly, new assemblies are occasionally generated
spontaneously (lower left) from single tiles. Once they reach a certain size, these spontaneously
generated assemblies can also grow and reproduce.
scapes in which crystals that perform more effective computations are fitter. We provide two main
examples. First, in order to provide simple examples of metabolic evolution, we describe a tile set
that can encode programmable logical computations. Second, to emphasize that arbitrarily complex computations can in principle be used by crystals to sense and respond to their environment,
we exhibit a tile set capable of universal computation.

6.2

Zig-Zag Ribbon Evolution

Previously, it was suggested that DNA tile assemblies could in principle evolve through cycles of
crystal growth and splitting [SW05b] (Figure 6.1). The zig-zag tile set described in that work
produces ribbon-like crystals that copy information along the length of the crystal. The tile set
includes a group of square tiles, and two rectangular tiles called double tiles. Logical representations
of the tiles that comprise a basic zig-zag ribbon are shown in Figure 6.2a.
When growth occurs according to the tile assembly model, tiles are added to a ribbon in a
zig-zag pattern shown in Figure 6.2b. Only tiles that match at least two edges can attach. Given
this constraint, the design of the tiles is such that at any moment there is just one tile that may be
added to each end of the ribbon. The addition of each new row can be viewed as the copying of the
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Figure 6.2: The zig-zag tile set. (a) The basic width-4 zig-zag tile set consists of six tile types.
Tiles cannot be rotated. The tiles shown here have unique bonds that determine where they fit
in the assembly: each label has exactly one match on another tile type. (b) The zig-zag tiles are
designed to form the assembly shown here. Tiles can attach to the crystal where they match two
edges of the crystal. Two alternating tiles in each column enforce the placement of the double
tiles on the top and bottom, ensuring that growth continues in a zig-zag pattern. While growth
on the right end of the molecule is shown here, growth occurs simultaneously on both ends of the
molecule. At each step, a new tile may be added at the location designated by the small arrow.
(c) The tile set shown in Figure 6.2a forms only one kind of assembly. The addition of the four
tiles shown here allows four types of assemblies to be formed. Each assembly grows by copying its
sequence (the vertical cross-section of tiles).

information in the previous row. Using the tile set shown in Figure 6.2a, this copying is trivial—
only one sequence type is possible. However, the requirement that a tile attach by two bonds means
that it must match both its vertical neighbor, either above and below, and its horizontal neighbor,
to the left or right. In the case that several tile types may match the vertical neighbor, as shown in
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Figure 6.2c, only the tile type that already appears in the row will match the horizontal neighbor.
Only this tile can be added, so that information is inherited from layer to layer. As an example,
the tile set shown in Figure 6.2c has two tiles for each position and therefore can propagate one of
four strings. This construction can be generalized to an additional number of bits by adding tiles
to the tile set in Figure 6.2c–2n sequences can be propagated by a tile set containing 4n + 2 tiles.
Further, a related tile set containing only 6 tiles can copy binary sequences of arbitrary width.
The growth of a crystal increases the number of copies of the original information present in
the ribbon but does not produce any new growth fronts, so copying occurs at a constant rate.
This information copying can be accelerated by periodic forces that cause ribbons to break. For
each new ribbon that is created by breakage, two new growth fronts become available. Repeated
fragmentation will therefore exponentially amplify an initial piece of information. Occasionally, a
tile matching only one bond rather than two will join the assembly, resulting in a copying error,
which will also be inherited. Such copying errors, inevitable in any physical implementation of tiles
(e.g. [Win98]), will lead to evolution if ribbons with certain sequences grow faster than others.

6.3

Dynamics of Crystal Evolution

In this section we formulate a simple dynamical model to determine whether crystal growth and
breakage leads to selective amplification, and to elucidate which properties of the environment
and tile set are important in determining the replication rate of a sequence. The model tracks
the concentration of crystals of each possible sequence. For a sequence s, two parameters are of
interest: Fs , the number of growth fronts that can copy sequence s, and Rs , the number of columns
of tiles, totaled over all crystals, with sequence s. The number of columns, Rs , increases at a
rate proportional to the number of growth fronts, Fs , times the rate at which a new column can
be added to a growth front, ks . As this model is meant to be used in cases where growth rates
depend upon the sequences s, ks depends on s, reflecting the influence of tile set and environment.
New growth fronts are produced when assemblies split into two pieces. We’ll assume that splitting
occurs with equal probability at each column, at a splitting rate ps per column. (Again, this might
be sequence-dependent.) Crystals die at rate f by being flushed out of solution.
Assuming that the growth rate is greater than the splitting rate (ks > ps ), the dynamics of this
system can be described by two linear differential equations for each sequence.
  
 
d Rs
−f ks Rs
=
(6.1)
ps −f Fs
dt Fs
Because mutations are not included in this model, pairs of equations describing the growth and
replication of a sequence are decoupled from equations describing the dynamics of other sequences.
It is therefore
not difficult to solve them; for a given sequence, the eigenvalues of the solution are
√
−f ± ks ps . Assuming the death rates for all sequences are the same, sequences with faster growth
rates and higher splitting rates are therefore amplified more than sequences
√ that grow and split
more slowly. As the death rate increases, only the sequences for which ks ps is large remain in
solution. These sequences are selected for.
How does crystal evolution compare to RNA or DNA replication, e.g., of viral or bacterial
genomes [Eig71], in which the growth rateqis proportional to the
q concentration of sequences? As

the decaying eigenmode dies away, Rs → kpss Fs . (The ratio kpss can be interpreted as half the
average length of growing and splitting crystals. The ratio is halved because each crystal has Rs
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rows and
q two growth fronts.) A new equation that measures only the dynamics of Fs , assuming
Rs ≈ kpss Fs , is
p
d
(6.2)
Fs = ks ps Fs − f Fs .
dt
With the addition of mutation, where a mutation from sequence s to sequence t happens at
rate mst , this model is equivalent to Manfred Eigen’s model
√ of RNA replication [Eig71] with the
replication rate of a sequence replaced by the parameter ks ps :

p
X
d
ks ps − f Fs +
(mts Ft − mst Fs ) .
Fs =
dt
t

(6.3)

Thus, this model is a generalized version of Eigen’s model,
√ with DNA or RNA replication being
the special case where ks = ps . When ks > ps , the fitness ( ks ps ) of a crystal in a given environment
depends on both the growth rate and√the splitting rate. Thus, to show that a particular
sequence
√
s is fit, we must therefore show that ks ps is large, and that for unfit sequences t, kt pt is small.

6.4

A Zig-Zag Ribbon Metabolism

By what basis might some zig-zag crystals grow faster than others? In some models of crystal
growth [Win98], the rate of attachment of a tile to a crystal is proportional to the concentration
of the tile in solution, and the rate at which a tile is removed is related to the energy loss due to
breaking the bonds between the tile and the rest of the crystal. Thus, the growth rate of crystals
can be made faster by increasing the concentration of their component tiles in solution. Increasing
growth rates increases a crystal’s fitness. Similarly, increasing breakage rates also increases a
crystal’s fitness (unless breakage occurs more often than growth).
In previous examples of zig-zag ribbon evolution [SW05b], tile sets (or “chemistry”) needed to
be made more complicated in order to achieve more complex selection. In contrast, in biology a
single chemistry has led to the evolution of more and more complex organisms. Such evolution has
occurred because the fitness of a biological organism is a function of whether its genome contains
a program that efficiently directs resource acquisition, development or relations to other organisms
in its environment, and thus changes in the environment can drive the evolution of complexity (and
visa versa).
Is there an analog of this mechanism for crystal evolution? That is, is there a single tile
set that allows zig-zag crystals to achieve selective advantage in many different environments by
performing functions adapted to their environment? While a zig-zag ribbon cannot direct any
function except its own assembly, the fact that the assembly of tile crystals can perform universal
computation [Win96] suggests that the answer could be “yes”.
An important element of the survival of a self-replicating system in the physical world is the
ability to handle variation in the availability of raw materials needed for growth. While modern
cells use genetic networks and signal transduction in order to respond optimally to available raw
materials, here we describe how zig-zag crystals could evolve a simple “metabolism” by using tile
assembly to compute which tiles to use for growth. This mechanism, consisting of a set of tile types
and their environment, is too complex to be a model of real crystal growth processes. It is instead
intended as a conceptual demonstration that it is possible for zig-zag crystals to evolve complex
phenotypes.
85

prediction of the next tile

L

computation path

1>

computing
tiles

resource
tiles

measurement
tiles

F: f1(X,Y)
L

L

R

R
Y>

1>

L
L

f2(X,Y)>

1>

<1

<0
F:

X

L
L

F: f3(X,Y)
<0

<1

L

1>

1>
<f4(X,Y)

<Y

L

R
F:

X

R

F: 1
G: 0
R
<0 <0 <0 <0 <1 <1
F: 0
G: 1
F: 0
G: 1
1> 1> 1> 1> 1> 1>
F: 0
G: 1
R
F: 0
G: 1
R
<1 <1 <1 <1 <0 <0
F: 1
G: 1
F: 1
G: 1
1> 1> 1> 1> 1> 1>
F: 1
G: 1
R

L

G = (X, not Y, 1, not X and Y)

a

b

1
0
0
1
1
0
0
1
0
1
0
1

1
0
0
1

1
0
0
1
1
0
1
0

1
0
0
0 1
1
0
1
1
0
1
0

1
0
0
1

1
0
0
1

1
0
0
1
1
0
1 0
0
1
0
1 0
0
1
1

1
0
0
1
0
1
0
1
1
0
1
1 0
0
0
1
1
0
0
1

<1

F = (X and Y, X or Y, not Y, X)
F = (f1, f2, f3, f4)

1
0
0
1

1
0
0
0 1
1
0
1
1
0
1
0

1
0
0
1

which measurement tile attaches
may foreshadow changes in the
concentrations of resource tiles

c

Figure 6.3: Zig-zag crystals which exhibit metabolic control. (a) A tile set for the evolution
of metabolic control contains computation, resource, and measurement tiles. Computation tiles
(middle) contain two kinds of labels: those on the left and right encode a boolean value, either 0 or
1, (shown as X, Y, or f(X,Y)) and the direction of assembly, either left or right. The labels on the
top and bottom encode a gate type (F is shown) and a boolean input and output. Each gate type
consists of four boolean functions : those passed to the top on leftward and rightward growth, and
those passed to the left and right on leftward and rightward growth respectively. A computation
tile has the same gate type on the top and bottom, thus ensuring that the sequence of gate types
is copied from row to row. We assume that gate types corresponding to all combinations of four
boolean functions are provided: there are 8×164 such tiles, which is admittedly quite large, although
similar behavior should be possible with many fewer tile types. Resource tiles are boundary tiles
to the left that have the same output value, a 1, but different input values. A crystal must provide
binding sites for common resource tiles in order to grow quickly. Measurement tiles have the same
input, but different outputs. These outputs can provide growing tile assemblies with information
about the environment. “Smart” crystals use the information provided by the measurement tiles to
predict which kind of resource tile is most available. (b) An example computation using the gates
shown in (a). For each gate type, the four computations in parenthesis are the four computations for
each gate type, in the order shown on the computation tiles in (a). (c) A large assembly consisting
of the tiles in (a). The shading of computation tiles represents their gate type, which is passed
from row to row and determines the genotype of the ribbon. Squares with dots represent tiles that
output 0s, and squares with no dots represent tiles that output 1s. The 0s and 1’s represent the
state of a computation, which is updated (but not necessarily copied) from row to row.
We consider a situation where tile resources may be limited and where the addition of a tile
may provide information about the environment. In the examples presented here, boundary tiles
are present at varying concentrations while the concentrations of non-boundary tiles do not vary.
Two types of boundary tiles, called measurement tiles (Figure 6.3a), initiate new rows from
the right during upward growth. Both measurement tiles have the same input edge, but different
measurement tiles have different output edges. Because measurement tiles share the same input
edges, both available measurement tiles can attach to the right edge of the crystal. The chance that
a particular measurement tile will attach is dependent on its concentration in solution. As will be
described below, which measurement tile attaches determines the output edge that guides proceeding assembly of the crystal. We will assume that while the relative concentrations of measurement
tiles change, their total concentration stays the same.
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Another set of tiles may also become more or less available as time goes on. These are the
resource tiles (Figure 6.3a). Changes in the concentrations of resource tiles may be correlated with
changes in the concentrations of measurement tiles. While both measurement tiles have the same
input edge, each resource tile has a different input edge. Only the resource tile that matches the
left label on the binding site where a resource tile may be added can fit.
Figure 6.3a shows a set of “computation tiles” that perform boolean functions. In Section 6.2,
we described how the requirement that a tile match the perimeter of an assembly by two edges
in order to attach allows tile assembly to copy a sequence. A similar principle allows a crystal to
perform local computations that modify the sequence: the two edges by which the tile attaches
to the assembly serve as inputs, and the two edges of the tile that remain unattached serve as
outputs [Win96]. These outputs then serve as inputs for future computation steps. On the computation tiles shown here, the label on the bottom of each tile encodes the gate type and an input
value, and the label on the top encodes the same gate type as well as an output value. The left
and right edges of the tile encode input and output values, depending on the direction of assembly.
Thus, with each zig and each zag of growth, the sequence of gate types is copied verbatim from
row to row, while simultaneously the sequence of boolean values are being processed according to
the logic specified by the gates (Figure 6.3b). That is, the computations performed by tile attachment modify the sequence of boolean values from layer to layer, but the sequence of gate types is
inherited intact. The concentration of the computation tiles remains constant over time.
The label on the output edge of an attaching measurement tile, either 0 or 1, will serve as an
input for the attachment of the next tile, a computation tile. Conversely, the label that will be an
input edge for a resource tile, either 0 or 1, will be an output of this series of computations. Thus,
the order in which measurement tiles arrive at the right side serves as input to the computation
tiles, which in turn produce outputs consisting of a series of input edges for resource tiles on the
left side.
What kind of assembly is selected for in this environment? Fit assemblies are those which have
the highest replication rate. If it is assumed that all assemblies split at the same rate, a fit assembly
is one that grows quickly. Because the environment changes over time, the fittest assembly is the
one that has a large average growth rate. The rate at which a new row is added, ks , is the inverse
of the total time that is needed to complete a row. The time needed to add each measurement and
computation tile stays constant, because the rate of tile addition is dependent on tile concentration
in solution, and these tiles are present in constant supply. (While the concentration of the two
kinds of measurement tiles vary, their total concentration remains constant and both types will
bind at a given binding site.) The time needed to bind a resource tile changes, however, and is
dependent on the current concentration of the resource tile. Two observations can be made. First,
a row is added more quickly if fewer computation tiles are used, and second, a row is added more
quickly when the resource tile that is needed to complete the row is abundant. To achieve the
first requirement, an assembly should be as thin as possible. To achieve the second, an assembly
should correctly predict the abundant resource tile and assembly should produce a binding site for
it rather than for a less abundant resource tile.
How can a program predict the future concentrations of tiles? The assembly of tiles transforms
an input signal, a series of bits received from the output edges of the measurement tiles, to an output
signal, a series of binding sites for resource tiles. This transformation depends on the sequence of
gate types that is propagated in the crystal. A fit assembly produces an output signal that is the
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Figure 6.4: Time varying tile concentrations and adapted assemblies. Assemblies that
grow from a set of tiles that encode boolean functions. Shown here are four environments in
which the concentrations of tiles change over time, and an assembly that is well adapted to each
environment. Selection favors crystals that correctly predict the concentration of sometimes scarce
resource tiles. (a) Over time, measurement tiles and resources tiles have exactly the same timevarying concentrations. A well-adapted assembly asks for a resource tile with the same label as the
measurement tile that was received. (b) Opposite resource and measurement tiles have the same
concentrations. A well-adapted assembly uses a single computation tile that inverts the input from
the measurement tile, so that the opposite resource tile can bind. (c) The kind of measurement
tiles that are abundant is perfectly correlated with the type of resource tiles that will be abundant
after a fixed time delay. A well-adapted assembly stores information about previous tiles and
passes it across the assembly. If the time necessary to pass the type of measurement tile across
the assembly is approximately the same as the delay in the correlation, the assembly will ask for
the abundant resource tiles. A wider assembly produces a longer delay. (d) Measurement tiles
provide no information, but resource tiles change regularly in a way that an assembly can predict.
The assembly shown here uses a small counter [CRW04] to change its resource tile request every
8 layers. The left-most row remembers the current choice until the counter sends the message to
change it. The rightmost column disregards the information provided by the measurement tiles.

same as the binding site of the more abundant resource tile1 . For example, when the input and
1

In growth that proceeds downward, rather than upward, the tiles labelled resource tiles function as measurement
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output signal are time varying but identical, as in Figure 6.4a, an output signal that is the same
as the input signal accomplishes this goal. When they are exactly opposite, as in Figure 6.4b,
inverting the input signal, as is shown, accomplishes this goal. Thus, the most fit genomes in these
environments are the empty sequence and the inverting gate respectively.
In some environments, an assembly that successfully predicts the identity of the more abundant resource tile must perform a less trivial computation. Figures 6.4c and 6.4d show examples,
described below, of assemblies that do such computations. While a thinner assembly may add the
computation tiles in its row more quickly, it would often ask for less abundant resource tiles. Thus,
it would spend time waiting to bind these tiles, and therefore might grow more slowly overall than
an assembly with more computation tiles that used abundant resource tiles.
A tile program that is well adapted to the environment in Figure 6.4c, where the output signal
is a time-delayed copy of the input signal, consists of a series of “delay” gates. A delay gate passes
the bit it receives from the previous row to the left and passes the bit received from the right to the
next row. With a program consisting of n delay units, the crystal will respectively bind a resource
tile with a 1 or 0 binding site 2n rows after receiving a corresponding measurement tile with a 1 or
0 output site. For a longer or shorter delay, more or fewer delay gates may be used.
When measurement tiles provide no information about the concentrations of resource tiles,
as in Figure 6.4d, a successful assembly is one that ignores the information received from the
measurement tiles and computes a set of outputs in a temporal pattern very similar to the changes
in the abundant resource tile. The assembly shown uses its rightmost gate to discard the input from
the measurement tiles. It uses a binary counter program [CRW04] (the center two computation
tiles) to count to four over and over again. A counter consists of a series of exclusive or/and gates.
The inputs to the counter come from rightmost digit of the counter (which is a 1 at each iteration)
and the bottom edge of the counter tiles. At each iteration, the counter has two outputs – an
output to the left which signals to the output tile to the left, and a set of outputs that become
inputs to the next iteration of the counter. The “counter” receives its name because these outputs
are, read as a binary number, one larger than the inputs. When the counter reaches its maximum
value, in this case three, a one is output to the left. The left-most gate uses this periodic trigger
to change its requested resource tile. The assembly shown asks for four 1-type resource tiles, then
asks for four 0-type resource tiles, and repeats this cycle. If the requests are in tandem with the
periodic change of resource tile type, the assembly will spend little time waiting for resource tiles,
and will grow quickly.
The assemblies containing these programs will spend little time waiting for resource tiles; thus,
they will grow faster than other assemblies of the same size that must wait for the right resource tile
to become available. But will they grow faster than thinner assemblies, which don’t have to spend
time adding computation tiles, even if they sometimes wait for resource tiles? In the examples
provided, the answer is yes, if the total concentration of resource tiles is sufficiently low.
As an illustration, we compare the growth rate of the matched delay assemblies of Figure 6.4c
with the growth rate of the “null assembly”, shown in Figure 6.4a, both growing in the delay
environment of Figure 6.4c. Under what circumstances would a delay assembly of width k grow
tiles, and vice versa. Thus, both assemblies that can predict the resource tile types that are available from the
measurement tiles, and those that can predict the measurement tile types that will be available from the current
concentration of resource tiles will be selected for. Note, however, that gate types may be non-deterministic during
downward growth, which could result in crystal growth stalling when a tile is incorporated that creates a binding site
that matches no gate tile’s outputs. Therefore, consideration of downward growth rates is necessary for a complete
evaluation of a crystal’s fitness; but we neglect it here to simplify the presentation.
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faster than the null assembly? If tiles are added at an average of 1 per second, and resource tiles
overall are D times less common than computation and measurement tiles, the growth rate of a
perfectly synchronized delay assembly of width k “J” gates is 2k + D + 1 per zig-zag. (A width k
assembly is suited to a delay of ∆t = k(2k + D + 1) seconds.) Assuming that the type of resource
tile that is abundant switches on average every s seconds, with ∆t >> s, the null assembly adds a
zig-zag every 2(D + 1) seconds on average2 . When 2k < D + 1 (and ∆t is such that the assembly
provides the right delay), the delay assembly grows faster. Clearly, this is true for large enough D.
Similarly, for the binary counter assembly (Figure 6.4d), the growth rate of the perfectly synchronized counter of width k is 2k + D + 1 seconds per zig-zag3 . The growth rate of the null
assembly is D + 1 seconds per zig-zag—half the time for an average growth rate of 2D + 2 seconds
per zig-zag. Thus, when k + D + 1 < 2D + 2, the counter assembly is more fit. These examples
illustrate that when D is large, that is, when the time spent adding computation and measurement
tiles is negligible compared with the time spent waiting for resource tiles, performing the right
computations can make an assembly more fit.
In order for a crystal that is good at predicting the current availability of resource tiles to be
fit, it must be able to pass along its fitness to its descendant crystals. In this section, we have
shown how every row of a crystal could contain the information for a simple program. Thus, when
a crystal splits, each descendant contains the same program, which will also be executed. However,
while the program is preserved by the descendants, the state of the program is not. The descendant
crystals may start by executing the program from many steps ago. In some such cases, such as
where a crystal is running a program to keep track of delays, the descendant crystal would then
not grow well until it resynchronizes with the environment.
It might seem easier for an assembly to simply accept both kinds of prediction tiles. However,
the chemistry of the tile set forbids this—1 and 0 labels do not match, and therefore cannot bind
to each other. The fitness landscape is such that increases in fitness can only be achieved by good
predictions. Thus, our examples address the question we set out to consider: how a fixed chemistry
(a tile set) induces a selection pressure in which crystals must compute in order to be fit.

6.5

Evolution of Universal Sensing and Response

In the last section, we showed how a set of tiles that allow crystals to execute and replicate a program
could, in the right environment, select for crystals performing a useful computation. However, the
tiles shown in Figure 6.3a cannot simulate a Turing machine, and therefore cannot perform universal
computation [Sip97]. Thus there are computations the tiles cannot express; such computations
might be needed for accurate prediction in some environments. In this section, following [RW00],
we describe a tile set that can simulate a Turing machine and how we can alter this tile set to perform
the sensing of measurement tiles and binding of resource tiles described in Section 6.4. Because the
Turing machine can compute any desired function, crystals grown using this tile set are capable of
universal sensing and response. That is, in response to arbitrarily complex relationships between
measurement and resource tiles, the fittest programs can also become arbitrarily complex.
2
This estimate assumes that since ∆t >> s, at any particular time the resource and measurement tile concentrations are uncorrelated. So half the time, the resource and measurement tiles are compatible, and the crystal grows
at a rate of D + 1 seconds per zig-zag; and half the time the resource and measurement tiles are not compatible, and
the crystal essentially doesn’t grow.
3
Note that counters whose natural period is slightly less than the period of the environment will easily remain
synchronized with the environment, even when there is variation in the arrival times of the tiles being added.
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Figure 6.5: Tiles for the simulation of a Turing machine. A schematic for a set of tiles whose
assembly can simulate the computation of a particular Turing machine on a tape consisting of a
row of tiles. A tile type exists to copy each possible work tape value for the cases when assembly
is proceeding both to the left and to the right. For each head state and input combination, tile
types are needed for encoding the cases where the head is continuing to move in the same direction
as the last step, is switching directions on the next step, or has switched directions on the last
step. For head state and work tape combinations where the head should move to the right after
computation, the directions of assembly will be the reverse of those on the tiles shown here. Left
and right double tiles form the boundary of the work tape. When more work tape is needed to the
left, an L-shaped tile can provide one extra work tape location on the next row (converse tiles exist
to extend the work tape to the right). For a Turing machine that has k work tape symbols and s
head states, 3ks + 2k + 2s + 2 tiles are needed to simulate it. (A slightly more complex tile set can
also shrink the width of the zig-zag when less work tape is needed.)
A Turing machine consists of a long work tape which has a sequence of symbols written on it,
and a head that can be in a finite number of states. The head examines the work tape, one symbol
at a time, executing a series of movements and updates to the symbols written on the work tape
based on what it observes locally. At each state of the computation, the head is in a particular
state and at a particular position on the work tape. The state and the symbol written on the work
tape determine a symbol the head will replace the current work tape symbol with, the direction
the head will move in (either one step to the left or right) and the next state for the head to enter.
The set of tiles that allows zig-zag ribbon assembly to simulate the execution of a particular
Turing machine4 are shown in Figure 6.5. Each row of an assembly of these tiles represents the
work tape at a particular time point in the computation. The design of the tile set is such that as
assembly proceeds up the ribbon, most of the tape is copied from row to row (Figure 6.6a), but
some cells are altered as directed by the Turing machine. For compactness and efficiency, all tape
manipulations performed during a single unidirectional run of the Turing machine head occur in a
4

While zig-zag assemblies copy layers on both growth fronts, for the purposes of our argument, we will assume
that computation on zig-zag assemblies proceeds in only one direction (upward). While this is not necessarily so for
the tile sets we describe, growth can be restricted to one direction by using a transformed tile set [Win06] that uses
extra tiles to prevent growth in the wrong direction.
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Figure 6.6: Computation with the Turing machine tile set
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Figure 6.7: Reproduction by budding. While splitting is simple, assemblies might also program
their reproduction time by “budding” instead of breaking. Budding assemblies may reproduce by
first assembling a structure that allows computation to proceed in two directions.
single layer of the crystal. Thus, there is one layer per reversal of the Turing machine head.
At each step of assembly, exactly one location on the top row of the assembly has a place for
a tile to join by two edges, and thus is available for assembly. At each such location, one of three
things happens. If the position where the tile is to be added is not the position of the head, the
attachment of a new tile will copy the tape from the last row. When assembly is proceeding to the
right, the left edge will present a “right” label, and a tile can attach to a location along the top
row if it directs assembly to the right and matches the tape value presented by the cell directly
beneath it. Likewise, a tile can attach as assembly is proceeding to the left if it matches the “left”
label presented by the right edge and matches the tape value presented by the tape (Figure 6.6a).
These steps copy the values on the work tape.
At locations where the head is present, values on the work tape can change in subsequent layers.
Here, a matching tile type not only matches the old work tape value and the direction of assembly,
but also the current head state. The output edges of such a matching tile direct the new head
state and the new value of the work tape at this location (Figure 6.6b). If the tape value and
head state direct the head to move in the direction of assembly, the output edge in the direction of
assembly (either to the left or right) encodes the new head state. If the tape value and head state
direct the head to move in the direction opposite to the direction of assembly, the upward-facing
edge of the attaching tile encodes the new head state (Figure 6.6c). Computation continues when
assembly finishes in the current direction and zig-zags back to the column where the tile attached
(Figure 6.6d).
Because a zig-zag tile set exists for the simulation of an arbitrary Turing machine, such a tile
set exists for the simulation of a universal Turing machine. A universal Turing machine is a Turing
machine that can simulate the execution of any other Turing machine when both the desired Turing
machine and this Turing machine’s initial work tape are encoded on the universal Turing machine’s
work tape [Sip97]. Small universal Turing machines exist that compute efficiently [Wat61] and
simulate a Turing machine by encoding it on one part of the tape and a work tape on another, as
illustrated in Figure 6.8a.
It is not hard to imagine using the measurement and resource tiles described in Section 6.4
instead of the single kind of boundary tiles shown in Figure 6.5 with the computation tiles that
can simulate a universal Turing machine. It would also be possible to add a few tiles to input
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Figure 6.8: Using a tile set capable of universal computation for metabolic control. (a)
The construction shown in Figure 6.5 shows how to translate an arbitrary Turing machine into a
tile set that simulates it. Applying this construction to a universal Turing machine (UTM) yields
a tile set that forms zig-zag ribbons of the type shown here: the program being executed by the
UTM is stored in the ribbon separate from the work tape used by the program. (b) A tile set
that simulates a universal Turing machine can be combined with boundary tiles that are either
resource or measurement tiles. Tiles can also be added to load the input from measurement tiles
onto the work tape and to output the desired binding site for the resource tile. With such a tile
set, crystals that simulate a Turing machine that correctly predicts the concentrations of resource
tiles over time would be most fit.
the measurement value and pass it onto the work tape, and likewise, to pass an output from the
Turing machine to the left edge of the assembly as the binding type to present in order to bind
a resource tile. The result would be assemblies with the structure shown in Figure 6.8b. With
such a tile set, it could be possible for assemblies that computed and responded to any desired
correlation between measurement and resource tiles to grow. Given an environment in which there
is a complex correlation between the measurement and resource tiles that can be computed by a
Turing machine, under conditions where the resource tiles are sufficiently rare, the fittest assembly
would be one that exactly computed this correlation and asked for the appropriate resource tiles.
If the correlation between measurement and resource tiles were very complex, it is possible
that by the time the assembly that exactly simulated the correlation finished computing it, the
concentrations of the resource tiles would already have changed. In such an environment, a complex
program for prediction may not be selected for. However, one can imagine an almost identical
environment where that program would be selected for, in which the time the measurement tiles
were present, the wait between presenting the relevant resource tiles, and the time the resource
tiles were present were all longer by a constant factor. In an environment where the pattern of
increasing and decreasing concentrations of measurement and resource tiles was sufficiently slowed
down, the complex assembly would eventually be able to predict the right resource tiles in time,
and would therefore be fit.
Since Turing-computable correlations have arbitrarily long history dependence, it may be difficult or impossible for a descendant crystal whose growth edge is at a previous state in the computation to resynchronize after crystal reproduction by fragmentation. A simple augmentation to
the tile set rectifies this problem: a special head state triggers a “budding” process that duplicates
and forks the computation (Figure 6.7). This produces two growth fronts that have the exact same
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computation state as well as program.
A generalization of this type of algorithmically controlled morphogenesis was previously described in detail for investigating the Kolmogorov complexity of self-assembled shapes [SW04].
Since some shapes that could be creating using this tile set may have selective advantage (particularly shear-prone shapes, for example, may be good at reproducing), evolution using such a
tile set would result in selection for assemblies that contain programs for certain shapes. Descendants of these crystals will compute the same shape (perhaps starting from a random step in the
computation) so that descendant crystals will also have selective advantage5 .

6.6

Discussion

While it is possible to increase the complexity of selective pressures by increasing the complexity of
tile sets used for growth, we’ve suggested here that tile sets exist that allow crystals to encode and
run programs that can predict arbitrarily complex changes in the environment. Evolution using
such a tile set as a medium could produce very complex sequences that grow well because they are
particularly good at predicting changes in growth conditions. This suggests that crystal growth
chemistries logically can support open-ended evolution with arbitrarily complex fitness landscapes.
Our argument that some assemblies will be more fit relies only on their growth rates, which
are determined by how effective the assemblies are at predicting the availability of resource tiles.
However, as Section 6.3 illustrates, to be fit, assemblies must not only grow quickly, but also shear
frequently. Not enough is known about shearing frequencies to make confident predictions, as these
rates are surely dependent on the kind of forces that produce shearing in practice. However, it
seems safe to assume that wider zig-zag assemblies would shear less frequently than thin ones in
most cases. If this were the case, of two assemblies that predicted the availability of resource
tiles equally well, the thinner assembly would be more fit. Such an effect could actually have the
effect of favoring correct and concise programs for prediction of resource tile concentrations, i.e.,
it is a natural implementation of Occam’s razor. This scenario is somewhat akin to Solomonoff
inference [Sol64] and Levin search [Lev73] in that short programs that produce correct results are
found by biased random search.
However, our arguments in this paper are limited: they neglect several important real life
features of crystal growth. For example, while the model used in this paper prohibits any tile that
matches fewer than two bonds from attaching, such attachments occur at a rate dependent on
the physical conditions of assembly. If this error rate is too large, two things can happen. First,
particularly large programs that take a long time to run may have difficulty accurately computing
without mistakes, and there may be a preference for so-called robust programs (if such programs
exist for the tile set used), which compute an answer correctly even with a couple of assembly
errors. Second, it may be possible for assemblies that ask for the absent resource tile to eventually
attach the available but non-matching resource tile. Also, we have also not considered the effects
of backward growth on the fitness landscape of crystals. For some tile sets, backward growth is
not deterministic and quickly leads to a configuration that cannot be continued except by making
an error, in which case backward growth stalls and can be neglected. For other tile sets, backward
growth is deterministic and produces the same class of patterns that can be produced by forward
5

In cases where a complete shape is necessary for selective advantage, it is also possible to use a construction
where crystals can grow forward as well as backward, so that the parent crystal can grow back the piece of the shape
that was lost during splitting [Win06].
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growth. Although many tile sets are intermediate between these extremes, and backward growth
should be considered, we expect that there are many tile sets for which crystal evolution can lead to
complex fitness landscapes. Yet another simplification we have made is to ignore stochastic effects
during assembly and how they affect the time at which an assembly asks for a resource tile. Again,
we do not expect such considerations to significantly change our general conclusions.
Despite these and other limitations to our study as presented here, we believe that the qualitative
features of the mechanisms that we describe should be preserved in a more realistic model of crystal
growth. While the tile sets we described here are too complex to implement experimentally at
this time, it is not unreasonable to believe that much simpler tile sets could produce complex
adaptations in response to resource limitations. Our initial investigations into whether the ideas
here could be tested in experiments suggest that tile sets containing as few as ten tile types could
in fact exhibit complex evolution in an environment with constant tile concentrations, as will be
described elsewhere. Such a small tile set and environment would be amenable to laboratory
experiments to test whether non-trivial crystal genotypes that efficiently use available resources
could evolve. While selection for larger and larger genotypes require more and more accurate
copying of information [Eig71] and selection based on smaller fitness differences, error-resistant tile
sets [WB04, CG05, RSY05], which contain more tiles but copy more accurately could be used. In
principle these tile sets can reduce error rates as much as is desired.
One might think that for the fittest species in a given environment to be arbitrarily complex, the
environment must be equally complex. But it is not immediately clear whether this is actually the
case. Since there is no fastest algorithm for some functions [Blu67], this would seem to imply that
in a crystal growth environment that requires crystals to compute such a function, evolutionary
pressure favoring speed would lead to ever-increasing complexity. On other hand, faster programs
are in general larger. So while it is possible that evolutionary pressure might favor faster algorithms,
the crystal must also be wider in order to contain the complex program and copying the program
slows down the crystal’s growth. This trade-off is also present in biological, in vitro, and artificial
evolution.
It is also interesting to ask about the minimal requirements for open-ended evolution of crystals.
Is it possible that there is a “universal” environment where tile concentrations are constant or
vary in a simple periodic pattern, but open-ended evolution is still possible? To answer such a
question, it may be worth considering effects that are beyond the simple model of crystal growth
and replication kinetics used in this paper. We considered only fitness of species for growth in
the exponential phase, where resources are not depleted by other crystals, and where there is
no interaction between crystals. Relaxing these assumptions may allow other interesting routes
to complexity. For example, could competition between crystals for tiles lead to an “arms-race”
of more and more complex strategies for growth? Conversely, might symbiosis between crystal
programs lead to interesting phenotypes not explored here? Might a crystal growth chemistry
support parasitic crystals that evolve to grow by using existing crystals rather than single tiles?
Supporting this last possibility, initial experiments with DNA crystals indicate that joining of
crystals does occur [ENKF04].
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Chapter 7

Evolution of Complex Crystal
Sequences from Simple Parts
Abstract
In 1966, Graham Cairns-Smith proposed that the first genetic material on earth was not organic,
but crystalline, and resided in the particular morphologies of clays. One of the primary objections
to this theory is that it is not clear how non-trivial crystal genotypes could be selected for. It is
therefore of interest to ask whether crystals and physical conditions for their assembly exist where
complex crystal morphologies could evolve. DNA tile crystals are particularly suitable for this kind
of investigation because DNA tile monomers are programmable—new molecules with particular
affinities can be easily designed and synthesized. While it has previously been suggested that
arbitrarily complex morphologies of DNA tile crystals could form as the result of an evolutionary
process, the crystals which could develop these morphologies contain thousands of monomer types,
and are therefore too complex to assemble or study. Additionally, the physical conditions under
which this process might occur would be difficult or impossible to reproduce experimentally. Here,
I suggest how evolution of crystals produced by a small set of tiles could yield crystals with complex
patterns under achievable environmental conditions. The crystals consist of a set of 12 tiles that
copy a 2-dimensional pattern along a ribbon-shaped crystal. Each of these tile sets can form
some large, complex crystals which only rarely use specific molecules during growth. Simple, thin
crystals constructed from these tiles must use the specific molecules more often. When these
molecules are available only at very low concentrations, the large, complex crystals that only rarely
use these molecules grow faster than thin, simple ones. Thus, large, complex crystals are selected
for. Because the number of these molecules that are required for growth decreases as the width
of the crystals increases, by making the concentration of these required molecules arbitrarily small
it is in principle possible to select for arbitrarily large, complex crystals. I describe a family of
tile sets whose members contain tile sets that meet the above criteria. I investigate the crystal
evolution that occurs with these tile sets using both a simple analytical model of crystal growth
and stochastic simulations. The molecules and the environments described are sufficiently simple
that evolution of complex crystal forms could be tested in the laboratory in the near future. The
described mechanism for evolution is also sufficiently general that it may apply to other DNA crystal
forms such as nanotubes, or even to natural clay crystals, suggesting that the crystals Cairns-Smith
imagined might have evolved complex forms because of a relative lack of some crystal monomer
types.
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7.1

Introduction

How life on earth originated remains a mystery for two primary reasons. First, I have no idea
how a self-replicating chemistry capable of evolution came about spontaneously. Second, I do not
understand what features of a simple self-replicator could allow Darwinian evolution to produce
the complexity found on earth today.
The question of how self-replication and evolution first arose has been the subject of much
previous work. The oldest proposal of the form of the first life is a self-replicating molecular
aggregate [Opa03, SBEDL01]. While the self-replication of lipid vesicles has been investigated
in the laboratory [WWF+ 94], there are relatively few ideas about how such aggregates could
evolve without genetic material [CRS04]. Other scientists have proposed that life might have
originated with a set of molecules whose cross-catalytic activity would produce an autocatalytic
cycle [FKP86, Wäc88, Wäc90]. While mathematical analysis of models of these systems has suggested that they have the ability to evolve [Eig71, Kau93, SBEL00], experimental demonstrations
have been restricted to either systems for which catalysis does not form a complete cycle [HW],
or to systems that contain autocatalytic cycles that do not obviously appear capable of non-trivial
evolution [vK86, LGMKSa96, LE03]. The most well-accepted hypothesis about life that preceded
the current DNA/RNA/protein life is the RNA world hypothesis, which proposes that genetic information was once stored by RNA molecules which could catalyze their own replication. While
it seems plausible that RNA sequences capable of catalyzing their own replication [JUL+ 01, PJ02]
exist, template-based RNA replication has never been conclusively demonstrated. It has also been
suggested that clay crystals could replicate information [CS66] but this has not been demonstrated,
although initial work with DNA crystals suggest that replication and evolution of very simple sequences could be feasible [SWb].
Because it is still far from clear what the chemical properties of the first life were, it is even more
difficult to make judgements about how its evolution might have led to more complex life forms.
This work is further complicated by the absence of self-replicating chemical systems with which to
do experiments. Experiments on RNA molecules [LCMY03, CODS04] have begun to map the distribution of catalytic function over sequence space [Smi70]. The knowledge necessary to speculate
about RNA evolution, however, is not yet available. Simulations of artificial chemistries [Fon92]
and of computer programs [Ada98] have demonstrated evolution, but in general so-called “openended evolution” where evolution creates new complexity without limit is viewed as an open problem [BMP+ 00]. Thus, while many scientists assume that self-replication of combinatorial genome
usually leads to open-ended evolution, limited work suggests that open-ended evolution is not a
trivial consequence of these phenomena.
In this paper, I investigate whether the evolution of self-replicating DNA crystals could lead
to the assembly of complex crystals and possibly to open-ended evolution. DNA crystal selfreplication is a proposed method of enzyme-free, chemical self-replication and evolution inspired
by Graham Cairns-Smith’s proposal that life originated in the self-replication of clay crystal morphologies [CS66]. In DNA crystal self-replication, clay crystal monomers are replaced by DNA
tiles [FS93], crystal monomers consisting of DNA strands, with binding sites for other monomers
consisting of 4 short segments of single-stranded DNA.
The DNA crystals that I study here are ribbon-shaped. By design, they grow by adding tiles
that copy the existing arrangement of tiles at each of two ends. Thus, each layer of the crystal
contains the same piece of information. Sustained growth produces multiple copies of the sequence
along the ribbon, but because the ribbon can only grow at each end, the number of copies the
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ribbon contains does not change its growth rate. Splitting the crystal into pieces (as for example
with mechanical force) produces new crystal growth fronts which accelerate the rate at which a
sequence is copied.
Because replication of a crystal sequence requires both growth and splitting, crystals must both
grow and split quickly in order to reproduce quickly. Previously, it was shown that when crystal
breakage occurs more slowly than growth, the replication rate of a crystal sequence is the geometric
mean of the rate at which the crystal’s genome is copied and the rate at which the crystals are split
into two [SWa]. If periodic, violent force is used to split crystals in two it is reasonable to assume
that crystals all break into pieces when this force is applied, and therefore that all crystals break
at approximately the same rate. Thus, in the paper, I assume that a crystal which is able to copy
its sequence fastest also replicates the fastest, and therefore is selected for.
To determine which crystals copy their sequences the fastest I use a previously described tile
assembly model [RW00], a generalized crystal growth model that has been used to study algorithmic
self-assembly of synthetic DNA tiles [WLWS98, RPW04, BRW05]. In this model, crystal monomers
are considered to be square or rectangular tiles with each unit edge labeled to indicate whether it
attaches to other monomers. Crystal growth proceeds by accretion, with single tiles being added
to the crystal at sites where they make a sufficient number of contacts. In this paper I consider a
version of this model in which (a) a tile may be added to a site if labels on at least two edges match
those presented by the crystal at that site, and (b) monomer tiles arrive at potential binding sites
with a frequency proportional to their concentration in solution. Occasional violations of rule (a)
are referred to as “mutations”. A system consists of a set of tiles along with the concentrations of
those tiles in solution. Because of the particular choice of matching rules, each tile set implicitly
determines what arrangements of tiles can grow as crystals.
I investigate the behavior of tiles that form crystals which copy a 2-D pattern of tiles of fixed
width. Each fixed-width column in the pattern can be viewed as a step in the history of a particular
model of computation, the cellular automaton [FPU55, vNAWB66]. The cellular automaton is a
simple model of computation in which a tape consisting of discrete cells is updated in parallel based
on a series of local rules. While in many instances the tape is infinite, here the tape is limited by
the width of the crystal. The attachment of a tile can be viewed as advancing the state of the
computation at one cell in the cellular automaton’s tape. The identities of the edges to which the
new tile attaches are the “inputs” to the local rule function which advances the computation, and
the identity of the tile which matches these edges are the “outputs1 ” The assembly of an entire
column advances the computation by one step. Repeated addition of columns will eventually result
in the repeat of columns, which will continue as each state in a repeating cycle of states is visited
in order. For each kind of computation rule and width of the crystal, there may be several such
cycles [WL92]. Thus, for a particular tile set which determines the computation rule, the width of
the crystal and the particular cycle determine the information copied by the crystal.
In the ribbon tile sets that I study, there are three kinds of tiles—“rule” tiles, which may be
used in the middle rows of the ribbon, “top” tiles and “bottom” tiles, which fit only on the top and
bottom rows of the crystal respectively. There are two kinds of top tiles and two kinds of bottom
tiles. Each pattern that can be copied uses a certain percentage of each of the two kinds of top tiles
and likewise, a certain percentage of each of the two kinds of bottom tiles. Under conditions where
one type of top or bottom tile is present only at very low concentration (while the other is present
1
While zig-zag crystals can elongate in both directions, the computation described here may be irreversible. While
tile sets exist that prevent backward assembly [Win06], in many cases it stalls.
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at a normal concentration), the time it takes a crystal to grow is dominated by the time it takes to
add this one type of tile. Thus, crystal patterns that use fewer of this tile on average grow faster
and are evolutionarily fit. In many tile sets, I find that progressively wider, more complex crystal
patterns use progressively fewer of one type of top or bottom tile per row. Thus, these wider, more
complex crystals are selected for.
In this study, I define the complexity of a DNA ribbon crystal as the width of the crystal.
Strictly, it would be more correct to describe the complexity of a crystal as the algorithmic (Kolmorogov) complexity [LV97] of describing one of its columns, since one column determines the
current state of computation, and therefore all future states of computation. While the algorithmic
complexity of a crystal does not grow monotonically with the width, the algorithmic complexity
is bounded by, and often attains the value of the width of the crystal. In general, if crystals grow
arbitrarily large, they also grow arbitrarily computationally complex [LV97].
I investigate tile sets for zig-zag ribbon crystals of DNA in this paper. These crystals have been
extensively characterized [SW07, BSRW07] and limited self-replication of zig-zag ribbon crystal
genotypes as been demonstrated [SWa]. Thus, it should be possible to relatively easily test the
predictions made here about evolution of complex crystals in the laboratory.
While more investigation is needed, I expect that there are other kinds of synthetic crystals,
including DNA tile nanotubes [RENP+ 04, MHM+ 04] for which a similar kind of evolution could
occur, perhaps even more simply. Perhaps more speculatively, there is reason to believe that these
same principles could apply to clay crystals, and therefore have induced the evolution of complex
crystals in a pre-biotic environment, directly addressing criticisms of the crystal origin of life.

7.2

A Growth Model for Zig-Zag Crystals

The zig-zag tile sets I investigate produce crystals that process information along the length of the
crystal. Each tile set includes a group of square tiles and a set of rectangular tiles called double
tiles. Logical representations of an example zig-zag tile set are shown in Figure 7.1a. When growth
occurs according to the tile assembly model [Win96], only tiles that match at least two edges can
attach (Figure 7.1b.) There is therefore just one location where a tile that may be added at each
end of the ribbon. The addition of one tile creates a new site for a tile to be added; tiles are added
to a ribbon in a zig-zag pattern shown in Figure 7.1c.
The requirement that a tile attach by at least two bonds means that it must match both its
vertical neighbor, either above and below, and its horizontal neighbor, to the left or right. While
several tile types may match the vertical or horizontal neighbor, only the tile type that already
appears in the row will match the horizontal neighbor (Figure 7.1b.) Thus, the addition of each
new row to the assembly in Figure 7.1c can be viewed as the copying of the information in the
previous row. Information is therefore inherited from layer to layer.
The same tile set can form many different kinds of crystals, each of which contains a sequence
copied during assembly—the tile set shown in Figure 7.1a can copy binary sequences of arbitrary
width (Figure 7.1d shows examples.) The same process of zig-zag crystal growth can be used to
copy any of these sequences. Thus, one small set of tiles can copy any one of an infinite number
of sequences. As an example of how the set of tiles change the alphabet of sequences that can be
copied, with the addition of the two kinds of tiles shown in Figure 7.1e, sequences in a tertiary
alphabet could be copied.
In crystal evolution, many different crystal sequences are copied in the same test tube by the
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Figure 7.1: The zig-zag tile set. (a) A basic width-4 zig-zag tile set consists of six tile types.
Tiles cannot be rotated. (b) The tiles in (a) can form the assembly shown here. Tiles can attach
to the crystal only where they match at least two edges of the crystal. (c) The process of zig-zag
crystal growth. At each step, a new tile may be added at the location designated by the small
arrow. Two alternating tiles in each column enforce the placement of the double tiles on the top
and bottom, ensuring that growth continues in a zig-zag pattern. While growth on the right end of
the molecule is shown here, growth occurs simultaneously on both ends of the molecule. (d) Other
assemblies that can be formed from the tile set in (a). These crystals can also grow by adding tiles
in zig-zag order, as shown in (c). The tiles shown in (a) can form crystals carrying any binary
sequence.
same set of tiles. As in any evolutionary process, faster growing (and better splitting) crystals are
fitter and become much more frequent than slower growing crystals. Periodic errors in assembly
will create new crystal types, and if crystals are periodically flushed from solution, less fit crystal
morphologies will disappear. In the case of the tile set above, if tiles with pink triangles are present
in higher concentration than tiles with blue triangles, sequences containing mostly or only pink tiles
will be fitter and eventually dominate the solution. In the opposite case, if tiles with blue triangles
were more highly concentrated in solution, sequences consisting mostly or only of blue tiles will be
selected for. Thus both the tile set, which determines the alphabet of patterns that can be copied,
and physical conditions such as tile concentration determine the results of an evolutionary process.
Figure 7.1a shows a tile set that copies a simple pattern; a repeating pattern of either blue or
pink triangles in each row. It is also possible to build similar crystals that copy not a sequence but
a repeating pattern of vertical sequences. Figure 7.2a shows such an example tile set. Like the tile
set shown in Figure 7.1a, this tile set can copy an infinite number of patterns. But unlike the latter
tile set, this new tile set copies patterns consisting of more than two columns. Figure 7.2b shows
some example patterns that are repeated during growth. In a long crystal, copies of these patterns
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appear adjacent to each other—the binding sites along the right edge exactly match the binding
sites along the left edge.
In this paper I study the evolution of ribbons produced by tile sets like the one shown in
Figure 7.2a when one or more of the rectangular boundary tiles is rare or unavailable in solution.
In the next section I describe the set of tile sets I will consider in detail and their relationship to a
well-studied model of computation, the one-dimensional cellular automaton [Wol02, Coo04].

7.3

Finite Cellular Automata

A cellular automaton is a model of computation that proceeds on a discrete, usually infinite,
lattice. Unlike the Turing machine model of computation [Sip97], the results of computation do
not determine which cell is updated next; instead all cells are updated in order (synchronously), or
in some models, at random (asynchronously). The history of the computation of an n-dimensional
cellular automaton can be recollected on an n+1-dimensional lattice, in which the n+1st dimension
is time. Thus, the n + 1-dimensional lattice stores the state of the computation after each series of
updates in the synchronous case and after each update in the asynchronous case. Here I consider
a variant of cellular automaton I will call a 1-d zig-zag cellular automaton.
Computation on a 1-d zig-zag cellular automaton takes place on a lattice of finite 1-d tape with
two boundaries. By convention, the computation tape is a vertical column, and the horizontal
axis of a 2-d lattice showing the history of a computation is time, with time proceeding to the
right. Updating of cells occurs synchronously and proceeds from the bottom edge to the top edge
at odd time steps and from the top edge to the bottom edge at even time steps. The input to
each cell consists of two values from a fixed alphabet A : a “right” value and either a “top” or
“bottom” value. During updates proceeding from bottom to top, the new “top” value is a function
f1 ({A, A} → A) of the cell’s old “right” value and of the cell below the current cell’s new “top”
value. The new “right” value is a different function, f2 of these same values. Correspondingly,
during the updates from top to bottom, two functions f3 and f4 that operate on the cell’s old
“right” value and the cell above’s current “bottom” value determine the new “bottom” and “right”
values respectively.
At the end of the update bottom to top, the last “top” value is used to determine the boundary
“bottom” value that the top-most cell will use on the downward update. A fifth function, f5
(A → A) determines the new “bottom” value given the boundary “top” value of the previous row.
Likewise, the last function, f6 , determines the next “top” value from the last “bottom” value at
the end of a series of updates from top to bottom. Figure 7.2c shows an abstract diagram of the
tiles that can implement a zig-zag cellular automaton.
Because computation takes place on a finite lattice, there are only a finite number of states of the
tape that are possible – 2n+2 on a tape of width n (updates can either be upward or downward, n
cells have a right value and there is one boundary condition). Thus, a state must repeat eventually.
Once a state is repeated, it must be repeated an infinite number of times. That is, there is a “cycle”
of states that are entered over and over as computation proceeds. If computation is irreversible,
some states may be “transient,” and be on the path to a repeating cycle, but never themselves
repeated (for lots of details about the dynamics of cellular automata and illustrations of their state
spaces, including cycles and transient states, see [WL92]).
A zig-zag cellular automaton computation can be implemented by a set of 12 tiles: four rule
tiles to encode the four possible binary inputs and their respective outputs in each of the up and
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Figure 7.2: Tiles to implement a cellular automaton. (a) An example tile set that copies a 2D pattern instead of a linear sequence along the ribbon. Green matches with green and red matches
with red. (b) Example assemblies formed by the tile set shown in (a). Each piece shown contains
exactly one iteration of a pattern that is repeated through continued growth of the crystals. (c)
Abstract representation of tiles that implement a zig-zag cellular automaton. There are four tiles
that can compute upwards and four tiles that compute down. There are two top and two bottom
tiles. Six Boolean functions define the behavior of the tiles as they assemble.
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down directions and four boundary tiles, consisting of two top tiles with the inputs 0 and 1 and
their respective outputs, and two bottom tiles with 0 and 1 inputs and their respective outputs.
Figure 7.2a contains the tiles to simulate one such automaton and Figure 7.2b show examples of
computation which cover one cycle.
Tiles that implement a zig-zag cellular automaton assemble a repeating pattern, just like the
tiles that copy a repeating sequence within a ribbon. The class of tiles that implement a zig-zag
cellular automaton can be viewed as a generalization of the set of tile sets that simply copy a
sequence at each row, where the latter are zig-zag cellular automata with many cycles of size 2
(cycles are of size 2 to enforce the staggered placement of the double tiles, ensuring zig-zag growth.)
Such tile sets will be referred to henceforth as copy tile sets.
In contrast to the copy tile sets, a zig-zag automata tile set contains two kinds of each boundary
tile—one with a 0 input and the other with a 1 input. In many cases, fast growth of a zig-zag
automata tile set is still possible when one of these tile types is very rare because the tiles can form
patterns that either do not use or only very rarely use the rare tile.
How does the percentage of rare tiles that are used affect the growth rate of a crystal? In our
model, the time it takes a tile with concentration [z] to attach is kf1[z] , where kf is the forward rate
constant of attachment, independent of tile type2 . Let’s consider a situation where the concentration
of the rule tiles is [r], the concentration of the commonly available top and bottom edge tiles [e]
and the concentration of the rare edge tile [q]. The time it takes on average to copy each column of
tiles in a cycle that contains w rule tiles per column, c common edge tiles and u uncommon edge
tiles is


u
w
c
1
+
+
(7.1)
kf 2(c + u)[e] 2(c + u)[q] [r]
when the concentration of both edge tiles is the same, [q] = [e], and the time it takes to attach a
row of tiles grows with the number of rule tiles in each column of the crystal. However, when [q] is
very small, the middle term dominates. In this case, a wider crystal with w1 columns, c1 commonly
available edge tiles, and u1 rare edge tiles can grow faster than a thinner crystal with w2 , c2 , and
u2 rule, common edge and rare edge tiles, respectively, if the following equation is satisfied:




1
c2
u1
c1
u2
1
1
2(w1 − w2 )
>
−
−
−
.
(7.2)
[r]
c2 + u2 c1 + u1 [e]
c1 + u1 c2 + u2 [q]
1
1
≫ [e]
, a wider crystal can grow more quickly if it uses sufficiently fewer of the
Thus when [q]
1
2
rare edge tiles. Further for any case where c1u+u
< c2u+u
it is possible to find an environment (in
1
2
terms of [r], [e], and [q]) where the wider crystal grows more quickly3
Thus, in some environments wider crystals which use proportionally less of one kind of the
boundary tile than thinner crystals do are selected for. In the next section I search the set of
2

In reality, attachment is reversible, and the time for attachment must incorporate a temperature-dependent
detachment rate. An analysis of the time for a group of tiles to attach that takes into account the fact that tile
attachment is reversible should change the quantitative results I derive here, but not the essential conclusion: A
wider crystal can grow faster on average than a thinner one if the wider crystal’s pattern contains fewer tiles that are
available at a very low concentration.
3
It is not hard to recreate such an environment in the laboratory. While it is in general difficult to get the
concentrations exactly right in an experiment, it is possible to use concentrations for which a small amount of
experimental error would not change the results because the selective advantage of the wider crystal grows with
decreasing [q].

104

60
40
20
0
0

20

40

60

80

100

100
80
60
40
20
0
0

20

40

60

80

Percent top edge zeros

Percent top edge zeros

Rule 196247, widths 0 to 10

Rule 519340, widths 0 to 10

100

Rule 636321, widths 0 to 10

Percent bottom edge zeros

80

Rule 509590, widths 0 to 10

Percent bottom edge zeros

Percent bottom edge zeros

Percent bottom edge zeros

Rule 242367, widths 0 to 10
100

100
80
60
40
20
0
0

20

40

60

80

100

Rule 996283, widths 0 to 10
100
80
60
40
20
0
0

Percent top edge zeros

20

40

60

80

100

Percent top edge zeros

80
60
40
20
0
0

20

40

60

80

100

100
80
60
40
20
0
0

Percent top edge zeros

20

40

60

80

100

Rule 491980, widths 0 to 10

Percent bottom edge zeros

100

Percent bottom edge zeros

Percent bottom edge zeros

Percent bottom edge zeros

a
100
80
60
40
20
0
0

Percent top edge zeros

20

40

60

80

100

Rule 852687, widths 0 to 10
100
80
60
40
20
0
0

Percent top edge zeros

20

40

60

80

100

Percent top edge zeros

80
60
40
20
0
0

20

40

60

80

100

Percent top edge zeros

100
80
60
40
20
0
0

20

40

60

80

100

Percent top edge zeros

Rule 407655, widths 0 to 10

Percent bottom edge zeros

100

Rule 326012, widths 0 to 10

Percent bottom edge zeros

Percent bottom edge zeros

Percent bottom edge zeros

b
Rule 131784, widths 0 to 10

100
80
60
40
20
0
0

20

40

60

80

100

Percent top edge zeros

c

Rule 215751, widths 0 to 10
100
80
60
40
20
0
0

20

40

60

80

100

Percent top edge zeros

d

Figure 7.3: Boundary tile usage by zig-zag cellular automata tile sets. The rule number is
an encoding of the six Boolean functions. (a) Usage of boundary tiles by the smallest cycles of 4
random rules. Many rules have consistent boundary tile usage for all widths simulated, but some
have irregular patterns of usage. Most of these tile sets would not produce wider assemblies if one
or more boundary tile types were restricted, but might evolve under other types of restrictions.
(b) Assemblies for which growing wider reduces the usage of one or more boundary tile types by
a linear ratio. (c) Assemblies for which growing wider reduces the usage of one or more boundary
tiles exponentially. (d) Tile sets for which growing wider occasionally reduces the usage of bottom
tile with a 1 input. It is likely there are many rules similar to these, but the screening of rules I
did initially was restricted to tile sets that produced attractors that used new percentages of top
and bottom boundary tiles with every larger width.
binary zig-zag cellular automata tile sets for tile sets that have crystals with this property. I find
there are tile sets where the addition of each additional row of rule tiles allows the tiles to form
a crystal which uses proportionally fewer of one or more kinds of boundary tiles than all thinner
crystals.

7.4

Evolution of Zig-Zag Crystals Encoding Binary Cellular Automata

A zig-zag cellular automata tile set is defined by 4 two-input Boolean functions and 2 one-input
Boolean functions (Figure 7.2c). There are 16 two-input Boolean functions and 4 one-input Boolean
functions, so there are a total of 164 ∗ 42 = 1048576 such tile sets.
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Since there are too many tile sets to look at exhaustively, I examined the usage of boundary tiles
in crystals containing between 0 and 10 rows of rule tiles for 4 randomly chosen rules. The results
are shown in Figure 7.3a. In the first example, all cycles use only tiles with a “1” input on the top
and either all “0” or all “1” input tiles on the bottom. Restricting the concentration of one kind of
bottom tile (say the “0” input tiles) would select for of assemblies that use only “1” tiles. Because
relatively thin crystals (less than 10 rows of rule tiles) use none of the “0” input tile, it would not
be expected that crystals wider than this could be selected for by reducing the concentration of
this tile. The concentration of edge tiles used by the crystals in the other 3 examples follow the
same sort of pattern.
Tile sets for which successively wider crystals may be better adapted will, with successively
wider crystals, have patterns of states that use a percentage of each kind of boundary tiles that no
thinner crystal uses will appear. To identify some of these rules, I surveyed all rules and identified
those for which new such patterns appear with each larger width for crystals containing between
0 and 5 rows of rule tiles (since the number of states grows exponentially with width, surveying
all rules for wider widths was too computationally intensive.) This survey produced about 45,000
rules. A set of 100 rules randomly selected from this set produced a variety of candidate rules for
which the restriction of some boundary tile types could induce evolution of wider crystals. The
boundary tile usage of cycles produced by rules of these two types are shown in Figures 7.3(b-d).
The patterns of usage produced by these rules may be divided into two rough categories—
those that reduce their usage of one kind of boundary tile linearly (or slightly faster than linearly)
as crystal width grows linearly, and those that reduce their usage of one kind of boundary tile
exponentially as crystal width grows linearly. This difference is directly related to cycle size; most
of the rules surveyed have a cycle with the same qualitative sort of pattern that grows longer as
crystal width increases. The cycles in the rules diagrammed in Figure 7.3 usually use one or a
small fixed number of the tile to be restricted in each cycle, so that the per row usage of that tile
shrinks as cycle size grows. Examples of the repeat units for two such cycle types are shown in
Figure 7.4(a-b).
Provided that the concentration of one type of edge tile is sufficiently small, with each increase in
width the tile sets used to make the scatter plots in Figures 7.3b and 7.3c produce a faster-growing
crystal type. Despite the fact that our search selected only tile sets for which with every increase in
width, a cycle that uses a different percentage of top and bottom tile types appears, a search over
the 100 randomly chosen rules turned up 7 rules for which cycles that use fewer of a particular kind
of boundary tile than thinner crystals existed for some widths, but not others. Figure 7.3d shows
the attractors produced by two such rules and Figure 7.4 shows the cycles produced by these rules.
The first rule produces a potentially fitter assembly type with assemblies of 1, 3, 5, 7, and 9 rows of
rule tiles, and the second produces such new cycles with assemblies of 1, 2, 4, 5, and 10 tiles. Thus,
it would be expected that a more lenient search would turn up other tile sets that could potentially
evolve complex crystals when the concentration of some tile types is low. However, evolution of
a tile set for which only some widths produce selective advantage would expected to occur more
slowly.
Do such rule sets actually induce evolution toward wider, more complex assemblies in a setting
where tile attachment is reversible and stochastic? One roadblock to thinking about this question
clearly is that ribbons encoding some attractor cycles can only grow forwards, but others might
grow almost reversibly. All things being equal, the latter group would clearly grow more quickly,
but the consideration the usage of the different kinds of boundary tiles as growth proceeds in one
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a Ribbons from a tile set where ribbons decrease their per-row use of
the red bottom tile linearly as width increases.

b Ribbons from a tile set where ribbons decrease their per-row usage
of the red top tile exponentially as width increases. Note that the
rule tiles in the patterns produced by the tiles in this rule count in
binary [CRW04]

c Ribbons from a tile set where ribbons decrease their per-row usage
of the red (input) bottom tile linearly with every other width increase

Figure 7.4: Ribbons from three tile sets where wider ribbons use fewer of a designated
tile
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Figure 7.5: Boundary tile usage by a sample reversible zig-zag tile set
direction only does not take this factor into account.
In the next section I consider a set of rules for which this is not a concern: all patterns grow
equally quickly in both directions. As I will see, there also are rules within this subset of tile sets
for which restriction of some kinds of boundary tiles induces evolution of wider crystals.

7.5

Evolution of Zig-Zag Crystals Encoding Reversible Binary
Cellular Automata

I better understand the rate of growth of assemblies constructed from reversible zig-zag cellular
automata tiles sets. A reversible tile set contains exactly one input for each output so that growth
in the reverse direction is deterministic. An example of such a tile set is shown in Figure 7.2a.
There are just 2304 types of reversible binary zig-zag cellular automata, so it is possible to
enumerate exhaustively the set of rules which use fewer of some kinds of boundary tiles as they
grow wider. A search analogous to the one described in the previous section turned up 16 rules
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for which increasing width reduces the rate at which one kind of boundary tiles on each side is
used. One example is shown in Figure 7.5. All of the rules that were discovered were similar in
important ways. The size of the largest cycle at each width w contains 2(w + 1) columns, and with
each increasing width, a rule uses 1 of one kind of boundary tile and the rest of the other kind of
boundary tile on both the top and the bottom of the ribbon. Since computation is reversible, all
possible states are part of a cycle, so that the number of possible cycles for each width increases
exponentially. Since the cycle size is small compared to the total number of states, ribbon growth
is susceptible to growth errors and most mistakes will change the pattern being copied. (This is
in contrast to most of the reversible rules investigated, where there was only one cycle per width.
Mistakes in copying these rules would perpetuate the copying of the same pattern.)

7.6

Simulation

To determine whether the proposed selection pressure produces wider ribbons in a more realistic
assembly model, I used a stochastic kinetic simulator to track the evolution of crystals with two
reversible zig-zag cellular automata tile sets. In both simulations, one of the boundary tiles was
available in much lower concentrations than the others. The first tile set was the tile set shown in
Figure 7.2a. The tiles from this tile set were such that wider crystals could use progressively fewer
of the rare tile to grow. The second tile set was exactly like the first, except that the outputs of
the top 2 tiles were swapped. In the latter tile set, wider crystals did not use fewer of the rare tile.
For our simulations, I augmented a previously designed stochastic kinetic simulation of DNA
tile assembly [Win98]. The simulation allows tiles to attach to each other or to existing assemblies
with a diffusion dependent forward rate (kf = 106 /M/s [Wet91]) and a backward rate set by the
∆G of tile attachment, which was assumed to be strictly cooperative: ∆G◦ = 18 kcal/mol for an
attachment by two bonds and ∆G◦ = 9 for attachment by one bond. The concentration of free
tiles was held constant although the concentration of assemblies was allowed to increase. Breakage
of assemblies occurred with a small probability per time step, so that a row was sheared on average
every 10,000 seconds. Wider assemblies were broken at a slightly smaller rate than thinner ones.
Rule tiles were present at 2.25 µM, three of the four boundary tiles were present at .45 µM, and
the bottom “1” input tile was present at .045 µM.
Figure 7.6 shows the rate at which assemblies of different widths arise in the two simulations.
While the total concentration of all assemblies grows at similar rates for both rules (although the
time of onset of nucleation is different in the two simulations), the widths of the crystals that grow
in the two simulations are completely different. In the first case, where the rare bottom boundary
tile is used less often in some kinds of wider assemblies, there is a preference for assemblies three
and four tiles wide, the widest kinds I tracked. In the second case, where wider assemblies do not
use fewer of the rare bottom tile, there is a preference for the thinnest possible assembly, which is
two tiles wide. Thus, stochastic simulations support, to a very limited extent, the rough analysis
in the previous sections.

7.7

Conclusions and Open Questions

In this work, I’ve suggested that allowing crystals to grow under conditions in which the concentration of one monomer type is much smaller than the others can induce non-trivial evolution. My
investigations were restricted to reducing the concentration of a particular kind of zig-zag crystal
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Figure 7.6: Simulations of growth of zig-zag cellular automata tile sets using the kinetic
Tile Assembly Model
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which copies patterns of zeros and ones. I used analysis and simulation to demonstrate that this
evolution occurs in the cases I have discussed. I also provided at least some suggestion that this
particular change in concentration is required; at least one other set of concentrations in simulation
failed to show evolution of new crystal forms. However, these results are preliminary. Before doing
experiments to test whether the phenomena described here can also be seen in the laboratory, we
need to further investigate the extent to which these results hold up in a realistic model of DNA
tile assembly. In practice we cannot precisely control physical conditions such as temperature or
tile concentration. Therefore, we also need to understand how robust these results are with respect
to changes in these parameters.
It is particularly important to understand to what extent mistakes in copying patterns and
nucleation of new patterns would affect the evolutionary process. Here, I do not consider how the
mutation rate would effect the outcome of evolution, but previous work shows that the mutation
rate affects any evolutionary process. If mutations occur at more than a certain frequency, evolution
becomes impossible [EMS88]. Fortunately, there is reason to believe that some of the tile sets that
we study may be robust to many errors and therefore, that they can evolve even under imperfect
assembly conditions. For example each width of crystal can copy only one pattern in most of the
irreversible cellular automata tile sets that we investigate. A mismatch error in such a tile set
would commence growth that assembled a different part of the pattern but would eventually return
to the location in the pattern assembly was at before the mismatch. Thus, such errors would not
significantly affect the growth rate of the crystal.
Unfortunately, though, the highest acceptable mutation rate for copying and therefore selecting
for a pattern decreases with crystal width. Might we as a consequence expect a limit to the sizes
of patterns that can be copied under attainable physical conditions? Naively, the answer to this
question seems to be yes. But it may might be that for some tile sets, as crystals grow wider,
their robustness to errors increases. This is true if the number of patterns a tile set can copy grows
sub-exponentially with crystal width, except for one small problem: the likelihood of errors that
make crystal width smaller increases with width, because at each spot where a rule tile can attach,
an edge tile might attach instead. We might hope to design a tile set for which changes in width
are particularly penalized—any early attachment of an edge tile would be sure to start copying a
particularly unfit pattern—but this seems difficult. We suggest that the concentration of edge tiles
in our experiments be smaller than the concentration of rule tile types, so that attachment of a
mismatching edge tile instead of a matching edge tile should not occur often.
If we can design tile sets that are robust to mismatch errors and possibly to width change errors,
we might also hope to design tile sets that are more robust to other errors. Lattice defect errors,
where a column of tiles either “disappears” or “appears” at a wrinkling of the crystal, might be
avoided in the same way that we might avoid errors which cause changes in width. Because cellular
automaton computation is known to be more robust to noise in 3 dimensions than in 2 [GR88], we
might also eventually hope to improve robustness by constructing three dimensional crystals of the
kind studied here [CG07]. Particularly tantalizing is the idea that if a crystal suffers an error of
any kind that makes it less fit, other layers of the 3-D crystal might simply grow more quickly and
even grow around the mistake, preventing it from propagating.
We’ve shown here that crystals can adapt to the rarity of a particular edge tile by growing
large and complex in a particular way. By converse, if the concentration of that tile is increased,
would crystals become thinner? We’ve studied the effects of reducing the concentration of just one
edge tile type, but are there interesting effects if we changed the concentration of multiple edge tile
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types or if we changed the concentration of rule tiles in addition to edge tiles? One particularly
compelling result might be if we could locate one tile set that could adapt differently to a variety
of changes in tile concentration—growing one kind of wide crystals under one set of concentration,
thin crystals under another, and a different set of wider crystals under a third set of concentrations.
We might hope to watch these different adaptation processes in the lab.
That said, a tile set that adapts to any computable set of environmental conditions has been
described previously [SWa], but it was far too complex to synthesize. Thus, we might still be
interested in looking for a small set of tiles with the capacity for adaptation. Even the tile set we
developed here is somewhat large—we chose it because it was experimentally viable. Are there
smaller tile sets that can adapt to tile concentrations by growing more complex crystals? Is there
a smallest such tile set? While the question of the smallest tile set with the capacity for evolution
seems like a fundamental one, it requires first that we rigorously define what the capacity for
evolution is.
And might another kind of simple crystal be capable of evolution? There is no reason to believe
that the results described here are particular to the morphology we used. We might imagine tile
sets that formed not ribbon crystals but DNA nanotubes [RENP+ 04], 2-D lattices [WLWS98], or
3-D rectangular prisms that copied a 2-D pattern that also have a similar capacity for evolution.
We might also imagine it in other kinds of organic crystals such as 3-D protein crystals or prions. If
such evolution is possible with a particularly simple tile set, might it also occur in natural crystals
such as clays? Many clays use multiple monomer types and have particular constraints on their
morphology [Meu05], so such a question is not entirely far-fetched. To consider the possibility
that evolution of the kind described here occurs in natural crystals, we might want to understand
whether our results still hold in a model of crystal growth that more accurately captures the growth
process of these crystals. Such an investigation seems worth pursuing: With reference to the origin
of life, clay crystal growth is of particular interest. Also of interest to the origin of life might be
whether aggregates of materials that don’t have crystalline order might evolve because of a lack of
certain materials that could be used during growth. If the probability that materials are added to
an aggregate is dependent on the aggregate’s composition in whole or part we might imagine that
such an effect could be seen.
The idea that even aggregates could evolve because of a need for resources is particularly plausible because the scarcity of resources, whether because of environmental changes or competition,
is widely acknowledged as a driving force behind evolution. Evolution because of resource restrictions has been observed in the evolution of artificial computer programs [CWO+ 04], nucleic acid
evolution [RJ02, Joy04], and widely in ecology. Thus, it might be that some candidates for the
origin of life such as auto-catalytic cycles might also be capable of evolution under the right physical
conditions. This, however, remains to be investigated.
The general lesson of this work is in some sense how the power of computational and analytical
investigation of a system with the capacity for self-replication and evolution can provide ideas about
how non-trivial evolution might occur, and in our case, guide experiments. Thus, it seems possible
to attack the mystery of how complex, open-ended evolution might occur with both theory and
experiment.
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Günter Wächtersäuser. Before enzymes and templates: theory of surface metabolism.
Microbiology and Molecular Biology Reviews, 52(4):452–484, 1988.
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