Temperature-based inputs for molecular reservoir computers
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Abstract

Figure 1: Reservoir computing scheme: temperature is set
externally, impacting the behavior of the reservoir made of a
predator-prey oscillator. As sliding window of fluorescence,
capturing the state of the system, is fed into the output layer
of the reservoir.

Introduction
Molecular programming approaches have allowed researcher to harness the potential of chemical systems to explore the emergence of complex behaviors in-vitro. Those
approaches provide programming tools to design chemical reaction networks in a systematic way, with applications ranging from programmable reaction-diffusion systems (Padirac et al., 2013; Abe et al., 2019) to the implementation of artificial neural networks (Qian et al., 2011;
Cherry and Qian, 2018) and swarming behaviors (Zadorin
et al., 2017; Aubert-Kato et al., 2017; Keya et al., 2018).
Exploiting the complex dynamics of the system rather
than overcoming them through rational design allows us to
design smaller systems, increasing the practicality of in-vitro
experiments. Reservoir Computing is an efficient approach
for that purpose (Yahiro et al., 2018). That approach (Jaeger,
2001) was originally designed to train recurrent neural networks despite the non-linearities inherent to those systems.
Their intermediate layers (the reservoir) are randomly initialized and do not update with training. Only the last layer
(called read-out) is updated, resulting in a very fast process.
Reservoir Computing has been applied to other types of
black-box non-linear systems (Tanaka et al., 2019), including molecular programming systems (Goudarzi et al., 2013).
However, proposed molecular approaches rely on a chemically open system, which prevents several potential applications, e.g., exploring the behavioral landscape of a molecular

system (Genot et al., 2016) or implementing a controller for
molecular robots (Sato et al., 2017).
Here, we solve that issue by introducing an input scheme
relying on the interface of real-time PCR machines, a very
common piece of equipment. We use temperature as input:
the input layer of the network corresponds to the impact temperature has on the dynamics of the system. As reservoir, we
use the predator-prey system from Rondelez and Fujii (Fujii
and Rondelez, 2013), a simple, but robust molecular oscillator. We tune experimentally that system to switch between
oscillatory and non-oscillatory behavior based on the temperature. The state of the system is monitored in real-time
by fluorescence. The read-out layer is implemented by a
neural network. The full system is summarized in Fig. 1.
We first characterize the behavior of the system, provide a
range of working conditions suitable for its role as reservoir
and finally show that it can reliably transmit information by
training the system to recover its input signal, a standard
benchmark for Reservoir Computing.

Methods
Molecular system: the predator-prey oscillator relies on
the interactions between DNA molecules and enzymes to
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We design and implement a temperature-based input mechanism for molecular reservoir computing. Using temperature
allows us to interact with the system while keeping it chemically closed, a crucial step to use the reservoir computing approach with standard laboratory equipment. We implement
the reservoir with a robust molecular oscillator, subjecting it
to sudden temperature variations and monitoring its response
with fluorescent reporters. We then train in-silico neural networks on the fluorescence traces to predict the inputted temperature profiles. We reach an average of 87% accuracy for a
single layer and 91% for two layers, showing the potential of
such reservoir.

Figure 2: Behavior of the predator-prey oscillator according
to temperature and exonuclease concentration.

tory state to the stable state for exonuclease concentrations
above 32nM. Next, we selected a concentration of 48nM and
made the system switch back and forth between both states
by alternating low and high temperatures (Fig. 3).
We performed two repeats of the experiment: One to train
the neural network predicting the temperature from the fluorescence, and one to evaluate its performance. Training was
run 100 times, with an average accuracy of 87.4±1.1 for the
perceptron and 91.7±0.1% for the MLP. Performance evaluation was done on an experimental replicate of the predatorprey system, with an average accuracy of 90.0 ± 5.0 for the
perceptron and 91.6 ± 0.5% for the MLP. The normalized
fluorescence and the temperature predicted by a typical MLP
are shown in Fig. 3. The excellent performance on an independent experiment shows the robustness of the approach.
The system can accurately predict the transition toward
high temperatures, but displays a delay in the transition toward low temperatures. At high temperature, the increase
in exonuclease activity causes the concentration of prey to
decrease exponentially, providing a sharp transition. When
switching to a low temperature, the system first enters a transient phase where the prey species has to first load the autocatalytic templates before the concentration starts increasing. During that phase, fluorescence remains constant, preventing the system from accurately predicting the shift.

dynamically produce and degrade DNA signal. The prey
molecule catalyses its own production by the “grass” DNA
strands and enzymes. It is consumed by the predator species
to produce more predators. Finally, both preys and predators
are degraded over time by the exonuclease enzyme (Fig. 1).
Temperature input: We use the built-in temperature
variation function of a BioRad CFX96 real-time PCR machine. Enzymatic activity is enhanced at different temperature ranges, giving higher degradation or higher production.
Similarly, DNA double-strand stability decreases with temperature, thus impacting production. Thus, the behavior of
the system is highly dependent on the temperature.
Fluorescence output: The system is monitored by one
fluorescent signal, corresponding to the amount of doublestranded “grass” (correlated to the concentration of prey). It
is smoothed with a second order Butterworth filter. Background fluorescence is impacted by the temperature of the
system. As the underlying concentration signal is continuous, we shift the fluorescence signal to recover a continuous
function; the signal is then normalized between 0 and 1.
Reservoir performance: We train a neural network (with
Keras (Chollet et al., 2015)) to predict the temperature from
the fluorescence signal. We consider two setups. First, a
single layer perceptron with two outputs using softmax, predicting either high or low temperature levels, taking the past
40 normalized fluorescence levels to capture oscillations.
That design is chosen to be equivalent to the standard output
layer of a reservoir. Second, a multilayer perceptron (MLP)
with an additional hidden layer of 10 neurons, to check if
better performance can be achieved with more expressivity.

Conclusion
We showed that we could implement a simple molecular reservoir in vitro while keeping the system chemically
closed. Moreover, interactions with the system rely only
on standard laboratory equipment, and can allow feedback
loops through the computer controlling said equipment.
While the current setup only has a binary input, additional predator-prey oscillators can be added to the system
(Fujii and Rondelez, 2013), providing multiple temperature thresholds, or other types of signals, such as UV light
(Asanuma et al., 2007), could provide additional inputs.

Results
The behavior of the predator-prey oscillator in function of
the temperature and exonuclease concentration is shown in
Fig. 2. The system can sharply transition from the oscilla-
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Figure 3: Normalized temperature, prediction and fluorescence over time from the re-evaluation.
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