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In this paper, we apply the Polymerase-Exonuclease-Nickase
Dynamic Network Assembly (PEN DNA) toolbox, a modular
framework for molecular computing, to reservoir computing.
While reservoir computing is traditionally implemented with
recurrent neural networks, any system with similar recurrent
properties, here chemical reaction networks (CRNs), can be
used as a reservoir.
We compared our approach to a previous CRN implementation of reservoir computing by Goudarzi et al. Our implementation yielded similar performance with respect to their
benchmark tasks.
We then took advantage of the modularity of the PEN DNA
toolbox to investigate the impact of the CRN size on performance, both by hand and with an automated optimization process. In both cases, we were able to find systems with excellent performance while also being realistic with respect to in
vitro implementation.
Finally, we investigated the impact of constraining the
weights of the output layer to be positive. This constraint
guarantees that the system will remain relatively small, and
thus makes it easier to implement in vitro. While this constraint led to an expected degradation in performance, we
were still able to find good implementations of the reservoir.

Introduction
Ever since the seminal work of Adleman (Adleman, 1994),
molecular computing has proven to be a powerful and flexible approach to programming systems in vitro. DNA
molecules have been used extensively for designing CRN
because they undergo reasonably predictable reactions, including hybridization and denaturation (see, for instance, the
review by Padirac et al. (2013)).
Though the focus of the original studies was limited
to problem-specific implementations (Hagiya, 2004), many
general frameworks have been proposed since then (Seelig
et al., 2006; Qian et al., 2010; Montagne et al., 2011; Weitz
and Simmel, 2012).
In contrast to classical, ”digital” computers, we must use
analog programming when working with molecular computers. The non-linear nature of this process raises the question

of how to design and implement complex systems by chemical reactions, which is one of the central research topics in
this field. This is even more difficult when designing temporal systems that are expected to react continuously to timeseries inputs, such controllers for molecular robots, rather
than systems that perform a single computation.
Current efforts have focused on either computer-assisted
design approaches (Lakin et al., 2011; Aubert et al.,
2014), or black-box optimization strategies (Kawamata and
Hagiya, 2016; Dinh et al., 2015). Computer-assisted design
approaches provide easy interfaces for describing molecular
systems that can then be simulated or even verified. This
process allows researchers to quickly iterate between different versions of a system, thus enabling them to design
by trial and error. On the other hand, black-box optimization strategies aim to solve the inverse problem: given a target behavior, they search for systems that implements it. In
this case, the user only defines the way to evaluate the performance of the system, and then the algorithm generates
candidate solutions until it finds a good match. The term
”black-box optimization” refers to the fact that knowledge
of the inner workings of candidate solutions is unnecessary
from the algorithm’s point of view. Thus, the solutions are
considered black boxes.
In this paper, we investigate a different strategy called
reservoir computing, which is an implementation of recurrent neural networks where most of the network is held fixed
(the reservoir) and the learning approach is constrained to
one layer (the read-out) (Lukoševičius and Jaeger, 2009;
Maass et al., 2002; Jaeger, 2002). Our approach is motivated by the recent findings that chemical systems can be
used as reservoirs (Goudarzi et al., 2013; Jones et al., 2007).
In this paper, we first evaluate the performance of a PEN
DNA toolbox oscillator with the same structure as that of
Goudarzi et al. We also add a new constraint, namely that the
output layer is positively weighted. DNA computing-based
implementations of addition and multiplication are relatively
easy to realize (Kobayashi et al., 2014), but subtraction is
very difficult. Therefore, output layers consisting only of
positive weights is desirable because they are easier to im-
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Abstract

plement in vitro.
While Goudarzi et al. studied an oscillator limited to three
gates, we took advantage of the modularity of the PEN DNA
toolbox by implementing oscillators with different sizes and
structures and investigating their performance as reservoirs.
Finally, we applied ERNe (Evolving Reaction Network,
Dinh et al. (2015)), a framework for evolving PEN DNA
toolbox systems, to search for reservoirs with high performance. We used that performance as fitness in the evolutionary optimization.

Related Work
Reservoir Computing

Deoxyribozyme Oscillator as a Reservoir Goudarzi, et
al. analyzed a reservoir implemented by a DNA reaction
system called a deoxyribozyme oscillator (Goudarzi et al.,
2013). A deoxyribozyme oscillator consists of three NOT
gates, each of which is implemented by a deoxyribozyme
gate (Stojanovic and Stefanovic, 2003). The connections between the gates are arranged such that they deactivate each
other in a rock-paper-scissors fashion. Goudarzi et al. used
the open flow reactor proposed by Morgan et al. (Morgan
et al., 2004) to provide a continuous supply of fuel, which is
necessary to sustain the operation of the system while preventing the accumulation of chemical waste.
They used one of the molecular influxes as the time-series
input of the whole system, varying it over time. The resulting unbalance affected the behavior of the oscillator. The
concentrations of chemical wastes produced by each gate

Gene Regulation Network as a Reservoir Jones, et al.
reported that it may be possible to use a cell’s gene regulation network as a reservoir (Jones et al., 2007). They used
a rough model of the E. coli gene regulation network, taking the concentrations of mRNA and proteins as the outputs
from the reservoir and implementing the readout layer as
multiple perceptrons. The concentrations of two inhibitor
proteins were used as time-series inputs.
Although the reservoir performed well at simple tasks,
such as performing a XOR, they reported that the dimensionality of the gene regulatory network reservoir was relatively low, and it exhibited limited recurrence. This suggests that more complex networks may be required. The
PEN DNA toolbox makes it possible to implement such networks as reaction networks.

PEN DNA Toolbox
The PEN DNA toolbox (Montagne et al., 2011; Padirac
et al., 2012) is a molecular programming framework that can
be used to implement reaction networks with arbitrary sizes.
Moreover, it is relatively easy and inexpensive to implement
those systems in vitro (Baccouche et al., 2014).
The PEN DNA toolbox offers three base modules: activation, inhibition and autocatalysis. These modules can be
combined to build complex networks. Moreover, chemical
species produced are continuously degraded through enzymatic activity, which prevents accumulation. Those modules
are implemented by DNA species called templates, which
are chemically protected against degradation. This ensures
that their concentrations remain stable over time.
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Reservoir computing is one of several approaches to designing and training recurrent neural networks (Lukoševičius
and Jaeger, 2009). Recurrent neural networks contain loop
structures, which help with the handling of time-series data.
The concept of reservoir computing is based on the idea that
dynamical systems that exhibit sufficiently complex behavior should have the capacity for memory and computation.
The reservoir of a reservoir computing system is implemented in the intermediate layer, which is a complex recurrent neural network. The output layer, which is known as the
readout, is the only component of the whole network to be
updated during the learning phase. The speed of the process
is increased significantly by fixing the weights of the input
and intermediate layers, thus limiting the number of weights
to be trained. Note that otherwise, the learning process proceeds according to standard neural network approaches.
Though reservoir are usually implemented as (recurrent)
neural networks, their fixed nature means that they can be
considered black boxes. Hence, this component can be replaced by any system that has the properties of a reservoir,
including physical systems (see, for instance, the ”exotic”
reservoirs in Lukoševičius and Jaeger (2009)). As such,
reservoir computing is also relevant to the fields of natural
and unconventional computing.

(and the concentrations of unused gates) were taken as the
outputs of the reservoir. They then multiplied these outputs
by the output weights matrix W out to obtain the output Y (t)
of the entire system.
They analyzed their model by assessing its performance
with respect to two tasks, which we also use as benchmarks,
testing (A) the short term memory storage and (B) the long
term memory storage. The target output Ŷ (t) of both tasks
was defined as a function of time, which was calculated from
the time-series input to the entire system.
They then minimized the difference between Y (t) and
Ŷ (t) by linear regression with respect to Wout . Finally, they
evaluated their results in terms of the normalized root-meansquare error (NRMSE).
While their results were promising, it is difficult to extend the design of the deoxyribozyme oscillator, which
limits their system in terms of its potential application to
more complex functions. Additionally, Goudarzi et al. allowed their output weights matrix to contain negative components. We believe that negative output weightings should
be avoided to keep the system as simple as possible because
it is difficult to implement subtraction with molecular reactions. (Kobayashi et al., 2014).

It is easy to represent each of the modules of the PEN
DNA toolbox graphically, so the reaction networks obtained
have straightforward graphical representations (Fig. 1).

||Y (t) − Ŷ (t)||2 . This is a simple linear regression problem that can be solved by the Moore-Penrose pseudo-inverse
method (Penrose, 1955):
0

W out = (X 0T · X 0 )−1 · X 0T · Ŷ 0

(3)

0

Methods
Formulation of Reservoir Computing
The reservoir computing model consists of three layers: input, intermediate (reservoir) and output (read-out). Let I and
O denote the number of inputs and outputs respectively, and
assume that the reservoir is a directed graph with N nodes.
Additionally, edges connect the input layer to the reservoir,
which in turn is connected to the output layer. The weights
in
of these edges are defined in two matrices. Let W in = [wij
]
in
be the N ×I matrix of input weights, where wij is the weight
of the connection between input node i and reservoir node
j. The weights of the connections inside the reservoir are
res
res
given by the N × N matrix W res = [wjk
], where wjk
is the
out
out
] be
weight from node j to node k. Finally, let W = [wkl
out
the O × N output weight matrix, where wkl
is the weight
of the connection between reservoir node k and output node
l. The I-dimensional vector U (t) = [ui (t)] represents the
time-series input; the state of the reservoir is specified by
the N -dimensional vector X(t) = [xj (t)]; and the output of
the system is the O-dimensional vector Y (t) = [yk (t)].
At each time-step, the internal state of the reservoir is updated by:
X(t + 1) = f (W

res

in

· X(t) + W · U (t))

(1)

where f is a nonlinear function. The output of the reservoir
is calculated by taking the linear combination of the state
vector:
Y (t) = W out · X(t) + wb
(2)
where wb is an inductive bias.
The matrices W in and W res are fixed because the reservoir is treated as a black box. For a given output Ŷ (t), we
train the output weight matrix W out to minimize the error

Non-negative constraint
We take the final goal of molecular robotics into account by
imposing the constraint that molecular weights must be positive. This makes the computation of linear combinations of
molecular concentrations easily feasible in vitro (Kobayashi
et al., 2014).
Specifically, this constraint forces all the weights in
the trained read-out layer to be positive.
Learning
becomes a linear regression problem, which we solve
by the active set method (Bro and De Jong, 1997).
We implemented this approach using the scipy function
scipy.optimize.nnls.

Tasks
We evaluated the performance of our reservoirs using the
same tasks, Task A and Task B, as used in (Goudarzi et al.,
2013).
Our goal was for the concentrations of the species at each
time to approximate the values of the target functions Ŷ (t).
The value of the output Y (t) is defined by Equation 2. The
target function, Ŷ (t), of Task A (short term memory) is defined as follows:
Ŷ (t) = S1m (t − 1) + 2S1m (t − 2)

(4)

which is calculated based on the inputs from 1 and 2 minutes
before. We defined the target function for Task B, Ŷ (t) (long
term memory) as:
3
1
Ŷ (t) = S1m (t − τ ) + S1m (t − τ )
2
2

(5)

Thus, the system is required to output the inputs from τ [min]
and 32 τ [min] ago to successfully complete the task.

Input
Like Goudarzi et al., we encoded the input as an influx of
one of the molecular species (indicated as S1 in the chemical
reaction networks). We defined the input as S1m (t) = SR,
where S is the maximum possible value for the input and R
is a random real between 0 to 1. The input function varies
randomly at discrete intervals of length τ . We gave the system time to reach its stable oscillatory regime by delaying
the input until t = 1, 000[min].
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Figure 1: The graphical representation of (A) activation, (B)
autocatalysis and (C) inhibition. The nodes represent signal species, dynamically produced and degraded by the system. The arrows represent chemical species called templates
which produce a output when the corresponding input is
present. The bar-headed arrows represent inhibition, which
temporarily disables activation until the inhibiting sequence
is degraded.

where W out is the trained output matrix extended with inductive biases, and X 0 is the observation matrix of reservoir,
each row of which is obtained by adding a constant term,
1, to the state vector of the reservoir at each time point. Ŷ 0
is the target output matrix, which rows represent the target
output at each time point.

Performance evaluation of the system
We evaluated the performance of the system by calculating
the error between the output Y (t) generated by the trained
weights and the target function Ŷ (t). We evaluated the error
by calculating the value of the NRMSE, defined as follows:
s
Ptn
2
1
t=t1 (Ŷ (t) − Y (t))
(6)
NRMSE =
Ymax − Ymin
n
where Ymax and Ymin are, respectively, the maximum and
minimum output values Y (t). Note that the output Y (t)
matches Ŷ (t) perfectly when NRMSE = 0.

Basic designs First, we considered two simple fixed patterns with variable sizes: oscillators and lines.
An n-oscillator is composed of n signal-inhibitor pairs,
so that its size is 2n with respect to the number of species
(Figure 2, left). Note that n needs to be odd for the system
to actually oscillate.
An n-line consists of n signals, chained by templates
(Figure 2, left). While this does not define a recurrent network per se, the transcription delay between nodes provides
the system with a transient memory.

We fixed the input parameters to S = 0.25 [nM/ min] and
τ = 50 [min]. We ran 10 runs of 50 generations, with 50
candidate solutions per generation, under both normal and
non-negative conditions.

Results
Performance Analysis of 3-Oscillator
For our first step, we compared the deoxyribozyme oscillator experimental setting (Goudarzi et al., 2013) to a similar
network implemented with the PEN DNA toolbox (Figure
2, left). Oscillations follow the following process: when a
large amount of a given autocatalyst is present, it produces
enough inhibitor to kill the next autocatalyst in the cycle,
stopping the inhibition of the third autocatalyst. That autocatalyst then increases in concentration, eventually killing
the first autocatalyst and completing the cycle.

Figure 2: Structure of a 3-oscillator (left) and a 4-line (right).

Simulation We employed and extended an existing simulator for PEN DNA toolbox systems called DACCAD
(Aubert et al., 2014) to carry out the numerical work in this
study. We used DACCAD as a library for generating and
solving the differential equations needed to simulate a given
PEN DNA toolbox reaction system.
Reservoir evolution Since the behavior of reaction networks is highly non-linear (Genot et al., 2016) and thus unintuitive, it is difficult to design reaction networks that are
suitable for specific purposes.
We automated the discovery of good reservoirs using another framework for evolving reaction networks on PEN
DNA toolbox systems (Dinh et al., 2015; Aubert-Kato
et al., 2017), called Evolving Reaction Network (ERNe, also
known as bioNEAT), which is an implementation of an evolutionary algorithm for optimizing both the topology and the
parameters of PEN toolbox networks. ERNe is based on

Figure 3: The average and standard deviation of the NRMSE
of a 3-oscillator for Task A (top) and Task B (bottom).
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Molecular reservoirs

NEAT (Stanley and Miikkulainen, 2002), an algorithm designed to evolve neural networks, with extensions to deal
with chemical properties such as sequence stability and PEN
DNA toolbox inhibition.
Candidate solutions (graphs) generated by the ERNe
framework are evaluated by a fitness function, and those
with higher fitness scores are kept (with mutations) in the
next evaluation round. Here, the fitness is the inverse of the
RMSE:
s
n
1
(7)
= Ptn
fitness =
2
RMSE
t=t1 (Ŷ (t) − Y (t))

Figure 5: Target (green) and output (purple) values of Task
A (top) and Task B (bottom)

of the input S. When S = 0.1 [nM/ min], the input was
too weak to affect the behavior of the system. On the other
hand, when S = 2.0 [nM/ min], the concentrations of output species are very similar to that of the input, meaning they
were directly controlled by the input. Thus, the system could
not read information when the input was too weak, and the
state of the entire system was overwritten by the input when
it was too strong. Thus, both cases yielded bad reservoirs.
This implies that the range of valid inputs may be limited
in practice, even when we use a good network topology. In
particular, we need to find a system with a valid input concentration range that is large enough to allow for noise.
Figure 4: The concentrations of species in the system with
error minimizing parameters. Note that those parameters
keep the system near the oscillatory regime, a type of behavior called ’excitatory’.
The values of the NRMSE for Task A and Task B were
0.17 ± 0.034 and 0.13 ± 0.036, respectively. Figure 5 shows
the target and output for both tasks. The NRMSEs of the
deoxyribozyme oscillator Goudarzi et al. (2013) were 0.23
and 0.11, respectively, for Task A and Task B. As such, the
performance of the PEN toolbox 3-oscillator was similar to
that of the deoxyribozyme oscillator.
The behavior of the entire system depended on the range

Analysis of the Performance under the
Non-negative Constraint
We used the same range of parameters and settings in this
case as in the standard case, the results of which are shown
in Figure 6.
The performance for both tasks with respect to S and τ
varied in a similar manner to that of the standard case. However, the performance was degraded. This is a natural consequence of the fact that restricting the elements of the weights
matrix to take only non-negative values limits the scope for
optimization.
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We ran 10 simulations for each pair of delays τ = 10, 25,
50 and 100 [min], and maximum influx S = 0.1, 0.25, 0.5,
1.0 and 2.0 [nM/ min]. We then calculated the average and
standard deviation of the NRMSE after training. The results
are shown in Figure 3.
The performance at Task A (Figure 3, top) clearly improved as the input range S increased. This was probably
because the entire system was more affected by the current
input when the input was larger. On the other hand, the performance should have improved as the interval τ increased
because the target function Ŷ fluctuated less. Although we
did observe this tendency, its influence did not seem to be as
large as that of S.
No clear trend was observed for Task B (Figure 3, bottom), even though, in theory, the parameters should have had
a similar impact as observed in Task A. The system needed
to store more information as the length of the interval τ increased, thus making the task harder. The performance of
the system with the shortest interval τ = 10 [min]. improved with increasing S. In other cases, when τ = 25 and
50 [min], the best performance was obtained when S = 1.0
[nM/ min]. In the case of τ = 100 [min], the NRMSE was
unexpectedly large when S = 0.5 or 2.0 [nM/ min] while it
was minimized when S = 1.0 [nM/ min]. This means that
S has an optimal input range for a target amount of memory.
The best performance at Task B was obtained when S =
0.5 [nM/ min] and τ = 25 [min]. Figure 4 shows the concentrations of species over time.

Standard reservoir

Non-negative constraint

Figure 7: The relationships between graph size, graph type,
and performance.

Impact of graph size
A simple way to increase the complexity of a reservoir is to
scale up the size of its network. Doing so also increases the
size of the output layer, giving more leeway for training.
We investigated the impact of size on the performance of
PEN toolbox reservoirs for both basic types of graph: oscillators and lines. We tested Task B (long term memory) for
graph sizes ranging from n = 2 to 14. The parameters were
fixed to S = 0.25 [nM/ min] and τ = 50 [min] We ran the
simulation and calculated the mean and standard deviation
of the NRMSE over 10 trials for each graph.
The results obtained by training the weight vector via linear regression, under both normal and non-negative constraints, are shown in Figure 7. Note that the scales of the
vertical axes differ significantly between the two cases.
Figure 7, top, shows the results for oscillators and lines
when trained under normal learning conditions. Increasing
the number of nodes in the oscillator did not lead to any
significant improvement, and the NRMSE fell between 0.2
and 0.4 in most cases.
The performance of the line graphs increased significantly
between n = 5 and 6. This may either be because the system
became large enough to store the input information or long
enough for transduction to induce a natural delay. Note that
those two phenomena can be considered equivalent from the
perspective of reservoir computing. More sustain is available to longer graphs, thus making it easier to maintain the

memory. The NRMSE was 0.090 ± 0.0067 when n = 14.
Figure 7, bottom, shows the clear trend in the results under the non-negative constraint. The NRMSE was relatively
small, between 0.4 to 0.7, when n = 3, 5, 7 (number of
nodes are 6, 10 and 14), in the case of the oscillator. The
NRMSE was extremely large (8.8 ± 9.8, 37.0 ± 53.8 and
19.6 ± 20.2) when n = 2, 4 and 6 (corresponding to 4,
8 and 12 nodes in total). These data points were thus excluded from the Figure. The difference is clearly related
to the fact that systems containing cycles with even n are
multi-stable. These would, in general, be considered as systems with memory (Padirac et al., 2012); however, in our
case, the input biased the system towards being in a state
producing S1 , so the output did not change noticeably.
The performance of the line graphs increased exponentially until n = 5, then improved linearly as the graphs increased further in size, with an NRMSE of 0.37 ± 0.030
when n = 14. This is comparable to the NRMSE of the
3-oscillator obtained by normal linear regression training
(NRMSE = 0.34 ± 0.070).
These results show that the reservoir should be large
enough to memorize information about the input. However,
a large size is not enough because the specific dynamics of
the graph, such as multi-stability, can greatly affect the performance.
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Figure 6: The average and standard deviation of the NRMSE
of a 3-oscillator under the non-negative constraint for Task
A (top) and Task B (bottom).

Evolving reservoirs

Figure 10: Good individuals with simple structures, evolved
under normal (left) and non-negative constraints.
Systems at the beginning of the Pareto front are also interesting, as they performed reasonably while being simple
enough to avoid the reality gap (Figure 10). The 2-line even
achieved good performance with the right parameters.

Conclusion
Figure 8: Distribution of individuals in the standard (std)
and non-negative (nn) cases. The Pareto front is indicated
with filled circles.

Figure 9: Best stable individual when using normal (left)
and non-negative linear regression (right).
Figure 9 shows the best individuals among those in the
last generation of each runs evolved under normal (left) and
non-negative (right) constraints. While better performing

In this paper, we proposed a reservoir computing implementation based on the PEN DNA toolbox. We found that
approach effective, since non-linearities in toolbox systems
cause them to behave like black boxes. First, we compared
the performance obtained by systems constructed according
to our approach to that of the molecular reservoir proposed
by Goudarzi et al., with similar performance.
Being modular, the PEN DNA toolbox allowed us to investigate the performance of two classes of network with
respect to their size: cycle oscillators and line graphs. As
expected, larger networks achieved better performance, as
the system could store more memory.
However, reaction networks may not be affected by their
input if their internal dynamics are too strong. In particular,
the system should not produce the input species to the point
of saturation. Conversely, even some small networks with
complex behaviors may perform much better as reservoirs.
We then searched for such reservoirs by applying an evolutionary method called ERNe. Multiple candidate solutions
were found, including some composed of small networks,
which were less likely to exhibit the reality gap.
We constrained the weights on the output layer to nonnegative values, with the intention of improving the feasibility of implementing these systems in vitro. This constraint
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We applied evolutionary optimization to improve the performance beyond the plateau reached by the basic graphs. As
before, we performed training under both normal and nonnegative linear regression conditions. We focused on Task B
(long term memory) because it was the harder of the two.
The performance of every individual with respect to its
size is plotted in Figure 8. We can see that the performance increased quickly for small graphs, then plateaued
before a final increase around 15 nodes for standard regression and 10 nodes for non-negative regression. We can also
see that the performance actually tended to decrease beyond
that point, possibly owing to the increase in the number of
parameters to fit for the larger graphs. Simpler networks are
both easier to implement in vitro and less subject to the reality gap. Hence, a multi-objective optimization between size
and performance may yield even better results in the future.

systems were found, they were not maintained in the population. This indicates their lack of robustness to parameter modification, and means their in vitro would be difficult.
Also note that these graphs are at the edge of the plateau in
the Pareto front shown in Figure 8. The high fitness of systems beyond this front may be due to over-fitting. Their respective performances were 44.1 (NRMSE = 0.06) and 23.4
(NRMSE = 0.14), both of which are better than those of the
rationally designed systems presented so far.

means that the whole system has a straightforward chemical implementation. We found that imposing this constraint
degraded the performance of the system with respect to the
general case, but it remained acceptable for the purpose of
molecular robotics.
Finally, the approach presented in this paper is relevant
to the implementation of complex tasks, such as chemotaxis. While systems that perform these tasks can be obtained directly by designing reaction networks manually
(Hagiya et al., 2016), the sheer size of the resulting networks
makes the corresponding systems unrealistic and unresponsive. Smaller system should be able to compute changes in
input concentration more quickly.
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