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Abstract. The Bare Bones language is a programming language with
a minimal set of operations that exhibits universal computation. We
present a conceptual framework, Chemical Bare Bones, to construct
Bare Bones programs by programming the state transitions of a multi-
functional catalytic particle. Molecular counts represent program vari-
ables, and are altered by the action of the catalytic particle. Chemical
Bare Bones programs have unique properties with respect to correctness
and time complexity. The Chemical Bare Bones implementation is natu-
rally suited to parallel computation. Chemical Bare Bones programs are
constructed and stochastically modeled to undertake computations such
as multiplication.

1 Introduction

1.1 Chemical computing

An approach for programming a chemical computer is to design a complex ‘par-
ticle’ capable of a controlled transition between configurations, where each con-
figuration is capable of catalyzing a specific set of reactions. Ribozymes can be
artificially selected that catalyse specific reactions [1]. Multi-enzyme complexes
are common in cells, e.g. PDGF and Tar Complexes [2]. Just as we require, they
possess multiple catalytic activities and exist in many states. Programmability
arises because the state of a complex subunit is dependent on the states of other
subunits on the complex. The topology of the complex can be designed, e.g.
clusters, chains, rings, to allow appropriate ‘conformational spread’ [3]. Approx-
imately digital solid-state circuitry can be produced in proteins [4].

Our approach differs from other work in chemical computing with reaction
networks in the following ways. Chemical Bare Bones (CBB) does not make
explicit the implementation details of the catalytic reactions; the substrates may
be proteins, RNAs or metabolites. Although DNA hybridization catalyst circuits
have been proposed by Seelig et al, they model at the algorithm level, circuits
of logic gates, not serially executable programs [5]. CBB describes computations
carried out by only one particle complex with multiple states, and not networks
of catalytic particles computing in a distributed manner. Such neural network
metaphors utilize coupled cascade cycles, where the weights are the extent of
allosteric and covalent modification of the equilibrium position between binary
protein configurations that represent activities [6-8]. Although it is possible to



produce logic gates with an enzyme cascade cycle it will be a formidable task
to assemble many of these gates together into a network [9]. The demonstration
that CBB is Turing universal lies in the isomorphism between chemical reactions
and the Bare Bones language. This overlays the underlying Turing universality
of chemical kinetics on which our system depends [10]. Other approaches to
demonstrating the Turing universality of a chemical computing system depend
for example on forming an isomorphism with Wang tiles [11]. CBB does not
produce analog reaction networks, e.g. integral feedback controllers [12] or analog
networks capable of computing mathematical functions at their steady state [13].
Such analog networks cannot easily be hand-designed whereas CBB allows hand-
design of similar functionalities, plus the incorporation of analog networks where
necessary.

1.2 The Bare Bones programming language

The Bare Bones programming language contains only 2 assignment statements
and one control structure. The assignment statements are increase v and de-
crease v where v denotes a variable name representing a strictly positive integer.
Variables are created in memory when they are used for the first time, with a
random initial value. The sole control structure is represented by a specific while
loop, as a while v # 0 do . .. end statement pair. The Bare Bones programming
language only allows one condition to control the while loop, v # 0, where v
can be any variable. The above instructions can be used to clear a variable as
shown in Algorithm 1.

Algorithm 1 clear v in Bare Bones
while v # 0 do
decrease v
end

The Bare Bones language can express programs for any partial recursive
function, as shown by Brookshear [14], which ensures Turing completeness.

As an example of a Bare Bones program, Algorithm 2 multiplies the values
in variables v and w and stores the result in u. Versions that destroy the initial
values of v or w during the computation are also possible and result in simpler
algorithms.

2 Methods

We show a conceptual implementation of the 3 basic Bare Bones instructions as
networks of chemical reactions.

Molecules and their counts represent program variables and their values.
The number of molecules V denotes the value of variable v. We assume that the
reaction networks have access to resource particles R.

A multifunctional catalytic particle controls the flow of the program, analo-
gous to a program or instruction counter in computers. The state of the particle



Algorithm 2 Multiplication (u < v * w) in Bare Bones

clear u, clear t1, clear ts
while v # 0 do
increase t1, decrease v {Move v to t1}
end
while ¢; # 0 do
decrease t1, increase v {Move }
while w # 0 do
increase t2, decrease w
end
while ¢; # 0 do
increase w, increase u, decrease t2

end
end
\%
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Fig. 1. Chemical Bare Bones primitives (a) increase v, (b) decrease v and (c) while
v#0do...end

corresponds to the current instruction that has to be processed by the program.
In order to process the instruction, the controlling particle catalyzes a reaction
that acts on molecules representing the variables of the program. During the in-
struction, the program counter particle changes to a conformation representing
the next instruction for the program.

Simple catalytic reactions that implement the increase v and decrease v
primitives as basic reaction networks are depicted in Figure 1(a-b). Both primi-
tives can be written as a single reaction. In the case of increase v, the control
particle in state STATEO reacts with an abundant resource molecule R, where a
new molecule V and the control particle in configuration STATE1 are the products
of the reaction. When the control particle signals STATE1, the increase v oper-
ation is terminated. Similarly, we let the program counter react with particle V
to release a resource particle R to instantiate the decrease v primitive.

These two basic primitives can be chained as an ordered series of instruc-
tions. As an example, Figure 2 represents a program that consecutively goes
through instructions increase u, decrease v and increase w. To construct this
program, the controller goes through three successive states where it catalyzes
one reaction.

The while is implemented as two reactions as shown in Figure 1(c). One
reaction sets the program counter molecule from state STATEO to the first in-
struction of the iteration (ITERO) if molecules V are present. An iteration of the
while loop is a sequence of Bare Bones primitives. At the end of the iteration,
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Fig. 3. Chemical Bare Bones program for clear v as a reaction network

the program counter is returned to its STATEO state. The second reaction that
makes up a while control structure moves the program counter out of the loop,
and is inhibited by V molecules. For now we assume that this inhibition is strict,
i.e., one V molecule locks the transition of the program counter from STATEO to
STATE1. In a later section, we analyze the behavior of the loop with stochastic,
competitive inhibition. Under the assumption of strict inhibition, the while loop
cycles for as long as there are molecules V in the system. Note that if the value of
v is not decreased during the iteration, the control structure loops unboundedly.

The above construction allows Bare Bones primitives to be ported to a plat-
form of conceptual catalytic and inhibitory reactions. As a consequence, any
Bare Bones program can be implemented as a reaction network. Since the Bare
Bones language is Turing complete, our interpretation of the language as chem-
ical reaction networks results in a universal language as well.

Because of this universality, more complex instructions that are being added
to the language do not improve upon its expressive power. Higher level primi-
tives can all be implemented as Bare Bones instructions, but may have simpler
interpretations that can be added to the primitives, and increase the readability
of the programs. As an example, an if v # 0 then ...else ...endif control
structure could be implemented as two consecutive while loops, or it can be
implemented more straightforwardly as a pair of reactions. One reaction would
move the controller molecule to one series of instructions if V is present, where the
second reaction, inhibited by V molecules, moves the pointer to a second block.
At the end of both conditional blocks, the controller points to the instruction
that follows the control structure.

2.1 Basic programs

Figure 3 shows an implementation of the clear v operator as a basic reaction
network. For as long as there are molecules V in the reactor, these react with state
STATEO of the program controller, to produce a resource particle R. If no more
molecules V are left in the reactor, the inhibitory reaction becomes unlocked,
thereby ending the execution of the program by moving the program controller
to STATE1.

Figure 4 shows an implementation of a multiplier, as in Algorithm 2. The
program initially clears the result and temporary variables ¢; and t;. Then,
molecules V are moved to temporary molecules T1. Consuming T1, the while
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Fig. 4. Chemical Bare Bones program for multiplying the values of v and w as a
reaction network. The result is stored in variable u

loop starting at state STATE4 sums the value of v to w, ¢; times, using a similar
loop with temporary molecule T2. When all temporary molecules T1 have been
used, the program signals its end by setting the state of the program controller
to STATES.

2.2 Networks as subroutines

Complex programs in Chemical Bare Bones can be used as modular components,
and called in similarity to subroutines. In order to do so, a main program sets
the parameters of the module, and activates a new program controller set to the
first state of the module. When the end state of the module appears, the extra
controller has to be deactivated. The result of the subroutine’s computation
can now be copied to local variables before continuing the main program. In
similarity to an instruction stack in computers, program controllers and their
states guarantee the correct flow of the program. For now, we assume that only
one program controller can be active at any given time. In a later section, we
elaborate on the implementation of parallel program threads.

As an example, the multiplier reaction network from Figure 4 can be called
from another program. In order to do so, the parameters for the multiplication
have to be copied to variables v and w. Activating a new controller in state
STATEO of the multiplier starts the subroutine. When the multiplier reaches state
STATES, its controller must become deactivated, and the result in u copied to
the local variable of the main program before continuing.

Chemical Bare Bones programs are built up out of digital computations, in
contrast with other models that rely on analog circuits, see e.g., Deckard and
Sauro [13] for implementations of analog square root functions. If each of the
reactions of such an analog circuit is catalyzed by the state of the program
controller, and the program controller has a method to sense the termination
of the analog program, then Chemical Bare Bones programs can, in theory,
interface with such analog circuits.



3 Results

3.1 Reaction networks as machines

Stochastic models and correctness To set up general Bare Bones programs
in reaction networks, we have previously assumed that the inhibition rule to end
a while loop is strict. However, this assumption is not feasible in real networks
of reactions. Because of real chemistry’s stochastic nature, the correctness of a
program is no longer guaranteed.

Assuming a well-stirred mixture, and a basic model of mass-action kinetic
laws, a reaction is said to occur with a propensity proportional to its reaction rate
and the number of reactants available in the system. If we assign a sufficiently
fast reaction rate to the reaction that starts an iteration of the while loop,
and a relatively slow reaction rate to the competitively inhibitory reaction that
exits the while loop, we can decrease the probability that a while loop is exited
prematurely.

For now we suppose that the program counter molecule of the program points
to the start of the while v # 0 do ...end loop, where the program can either
enter an iteration of the while loop, or exit the loop. We first want to determine
the probability that the program exits the while loop at the entry state. Let
kst be the reaction rate for the reaction that enters an iteration of the loop.
The propensity for this reaction to occur is kg.giv. Similarly, let kgow be the
reaction rate to exit the while loop, and transform the program counter molecule
to its next state, ending the while loop. Assuming competitive inhibition, the
propensity of this reaction is kgow. Using Gillespie’s algorithm [15] for stochastic
models of reactions, we can determine the probability that the system exits the
while loop prematurely, dependent on the number of molecules V in the reactor.
The probability that either reaction occurs first is proportional to its propensity,

kfastv

Pr [next reaction enters iteration] = Tttt + oo 1)
as slow

. . slow
Pr [next reaction exits loop] [ — (2)
If v = 0, the probability that the next reaction exits the while loop is 1.
When the number of molecules V is low, the probability to prematurely end the
while loop is highest. The probability that the while loop stops iterating is
lower if a faster reaction rate kg,s; or slower rate kqow 1S chosen.
We can, as an example, compute the probability that a clear v program, as
in Figure 3, stops removing V molecules and moves to its end state too early.
The probability that the loop is terminated prematurely, is given by

| kslow
1— f[ Kfastn —q_ oll’ (kfasc + 1) (3)
nt Fast™ + Kslow I (S 404 1)

Figure 5(a) depicts the probability of terminating a clear v prematurely. For
higher kf.st /ksiow ratios, the probability of incorrectly exiting the while loop is
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Fig.5. (a) Probability of prematurely exiting a clear v program, dependent on the
initial value of v. The continuous, dashed and dotted graphs represent the probabili-
ties for Kfast/ksiow = 10,100 and 1000, respectively. (b) Probability distribution over
the possible end results v’ of a clear v program with initial v = 10, with ill-defined
parameters Kfast /Ksiow = 10

lower. As more iterations of the while loop have to be iterated, the probability
of exiting too early is higher. Independent on the kinetic rate settings, as v goes
to infinity, the probability of prematurely exiting the loop tends to 1.

The probability to end the clear v program when there are still v’ particles
left, with 1 < v’ < v is given by

v

Kfastn Kfast

kslow _ kSIOWF (m + Ul) F(U + 1)

kfastvl + kslow n=v'+1 kfastn + kslow I (’]f:tlﬁ +v+ 1) F(’U/ + 1)

Figure 5(b) shows the probability to end a clear v operation with v’ particles
left, where the initial value of v is set to 10. Parameter kf.s; was chosen to be 10
times bigger than kg . Increasing the rate between these parameters results in
higher probability to terminate the computation correctly, as shown in Figure
5(a).

Time complexity As a result of the previous section, a larger ratio between
kinetic rates kg,st and kgow increases the accuracy of programs that use while
loops. There is however a trade-off in the expected running time of the program.
Indeed, for high Ef.st/ksiow ratios, entering iterations of a while loop is fast,
where exiting from a while loop is relatively very slow.

As an example, we analyze the running time of a successful clear v operation.
Assuming that kf.st and kgow are well-separated, the expected running time of
the clear v program can be approximated with the sum of expected times that
separate consecutive operations, with

v

1

kslow n—1 nkfast

()

E [running time of successful clear v] ~

The first term denotes the expected time to exit the while loop when there’s
no V particles left, the second term sums up the expected times to execute an
iteration of the while loop. Note that this is an approximation since we do not



take the probability to exit the while loop prematurely into account. Since rate
kslow is chosen to be very small in comparison with kg, the expected running
time of the clear v operator is dominated by the time it takes to exit the while
loop, and not so much by carrying out the instructions in the while loop.

This result implies a unique property of Chemical Bare Bones programs
with respect to time complexity. By choosing high kgast/ksiow ratios, the time
complexity of Bare Bones programs in stochastic models becomes dependent on
the number of while loops that need to be exited during a run, and not on the
number of instructions that have to be processed by the program, since these
are relatively fast in comparison with the time required to exit a while loop.

Parallelism In the above sections, we have constructed essentially serial pro-
grams for an inherently parallel platform. By introducing multiple program
counter molecules in the reactor, parallel programs can be carried out in reaction
networks. However, these multiple program counters and their instructions act
on shared memory variables.

Multi-threaded programs with shared memory require a mutual exclusion
concept to control the flow of the program. The simplest implementation is to use
binary semaphores as safeguards of critical sections, i.e., sections of the program
that access shared memory. Before a thread of the parallel program executes a
critical section, it reserves the semaphore which offers mutual exclusive access to
the shared memory. At the end of the critical section, the semaphore is released
to allow other threads to access shared memory.

The Bare Bones language in reaction networks allows for the implementation
of parallel programs with semaphores. Threads of the parallel program can be
started by activating multiple program counter molecules. For the implementa-
tion of a semaphore, a variable s is initialized with value 1 at the beginning of the
program. If a thread wants to enter a critical section, it can reserve the semaphore
with a decrease s statement. At the end of its critical section, the thread must
release the semaphore by an increase s statement to allow other threads to
enter their critical sections after locking the semaphore. If the semaphore was
reserved by a thread, other threads that request the semaphore with a decrease
s reaction are implicitly put on hold since the reaction can only be completed if
the semaphore is available.

Another option for parallelization is to activate multiple program counters
that act on local variables, and let the state transitions of the multiple threads
behave dependent on the states of the other program controllers, in similarity
to computations in cellular automata [16].

3.2 Simulation

Using the stochastic simulator BioNetS [17] we modeled the multiplier network
in Figure 4. Figure 6 shows the typical behaviour of the multiplier for inputs v =
13, w = 7, computing the correct result u = 91. Figure 7 shows the approximate
mean errors of the same network for input values of v and w in the range 1 to
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Fig. 6. Typical behaviour of the multiplier with initial values v = 13,w = 7,u = t; =
to = 0. The end result, u = v,w = 91 is achieved just before the program controller
reaches state 8. The intra-loop rates are fast, with reaction rates kg.se = 100, whilst
the inter-loop state transition steps are slow, with reaction rate ksiow = 0.1

100. For each (v, w) pair, 100 trials were conducted with different random seeds.
The rare failure to complete the cycles of the outer loop result in large errors
with high variance. As predicted, the greater the difference in rate between fast
intra-loop reactions and slow between-loop reactions, the higher the accuracy of
the multiplier. For higher values of v and w we see an increasing mean error.

3.3 Implementation as protein complexes

How easy would it be to construct in practice, a particle that could undergo
the program controlled state transitions of a simple multiplier? To begin to
address this question we formulate a conservative set of constraints that can
be expected to apply to the structure to function map of a protein complex
that serves as the controller particle. These are conservative in the sense that in
reality, more complex functionality would be expected. The structure-function
map is as follows: (i) A protein is assumed to consist of binding sites. (ii) Each
protein can exist in one of two configuration states. (iii) The binding site shape
is affected by the configuration state of the protein and nothing else. (iv) The
rate of bond formation between two proteins is the linear sum over the individual
association rates associated with all possible free binding site pairs which could
form. (v) The breakage rate of a bond is dependent only on the binding site
shapes between which that bond exists. (vi) The probability of configuration
change of a protein is determined by boolean rules which are applied to the
two-bond-neighbourhood of that protein. Schema type rules are possible which
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Fig. 7. Left: Low accuracy system, (kfast/kslow = 100/0.1). Right: High accuracy
system, (kfast/kslow = 1000/0.1). The vertical axis shows the mean(Uecna — (v.w))
obtained over 100 trials for each v, w pair. The errors are always to underestimate the
value of v.w, due to a while loop being exited prematurely

allow configuration changes in the absence of binding sites being occupied, i.e.
spontaneous configuration change.

A multiplier designed using the above structure-function constraints is shown
in Figure 8. The set of proteins must be capable of implementing the rules
shown in Figure 9. These are of two types, constitutively applied binding rules,
and conditional conformational rules. Note that although there is redundancy
in the mapping between the protein level rules and the behaviour of the Bare
Bones program, there is little robustness to mutation, i.e. if a protein level rule
is mutated, then the overlying Bare Bones program will most likely cease to
function. Thus, it is unlikely that the application of genetic operators at the
level of protein rules could allow the evolution of a Bare Bones program for
multiplication. Further work will apply mutation and recombination pressure in
order to improve the robustness of the multiplier [18].

It remains to be seen how plausible it is to expect that proteins can be
designed to implement these rules, in a readily programmable manner.

4 Discussion

We have demonstrated a conceptual means by which Turing complete programs
can be built using catalytic particles, and showed . The complexity of a program
is likely in practice to be limited by the capacity to design particle complexes that
can act as multi-state program counters. It is likely that phosphorylation based
state transitions rather than conformation based transitions are required since
allosteric influences only weakly affect equilibria between states in comparison
to covalent modifications [19]. Thus, an additional kinase/phosphatase cascade
cycle may need to mediate the state transitions of the control particle, under
inhibition and activation by V. We make no claim that such serial programs exist
in biology. If multiplication were to ever confer a fitness advantage, evolution
would be more likely to find an analog solution.
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Fig. 8. Multiplier implementation. Protein X; and Y; numbers represent the input
variables, and protein Rs represents the output variable. The other particles are needed
to implement the program controller. Circles represent proteins, and connecting lines
represent interactions between proteins on the complex
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