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Summary

We propose to study strategies to control chemical reaction networks, in order 
to use them to perform computations, with certain similarities to the 
computations by biological or artificial neural networks. In these systems, 
certain properties can be emergent when they arise from the interactions of a 
large number of components. In the group, we have studied previously two 
such properties, homochirality [1] and autocatalysis [2] and we have found that 
their emergence is indeed favored in large chemical networks. We are now 
interested in new emergent properties, related to the ability to perform some 
form of computation. Computation should be understood here as the ability of 
the chemical network to dynamically reach a certain final composition given an 
initial composition. The computation should be robust, which means that a 
small perturbations in the kinetics of chemical reactions should not affect the 
final composition.

An experimental demonstration of a classification task using molecular chemical 
networks based on DNA has recently been realized by two members of the lab 
Y. Rondelez and G. Gines [3]. Inspired by this work, we propose to formalize 
theoretically and study numerically control strategies of molecular chemical 
networks based on DNA (or possibly RNA). The control parameters are here 
template molecules, which can be autocatalytically amplified and are typically in 
competition with each other. By viewing these templates as weights to be 
optimized, modern machine learning methods may be used for this problem.

What is the optimal architecture to do this, specially when the number of 
neurons is large ? Is there one choice of architecture which is optimal from the 
point of view of energy consumption [4], given that any computation 
necessarily requires some amount of dissipation. How can such networks learn? 
To address all these questions, we rely on recent methods of non-equilibrium 
Statistical Physics, Stochastic Thermodynamics and Machine learning. This 
theoretical internship will benefit from interactions with experimentalists in the 
lab and abroad.
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Left: Fluorescence plot showing a classification task performed by

an enzymatic chemical network (x1 and x2 are concentrations of

DNA strands). Right: classification task performed with a perceptron

using two layers (both figures from Ref [3]).
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Ar t icle

decision t rees are often used for making a diagnosis based on a clinical 

presentat ion, and they are gaining t ract ion in molecular diagnosis, 

for instance for classifying tumours based on the expression levels of 

miRNAs. Taking as input a point  X = (X1, X2) in the concentrat ion plane 

(Fig. 4a), the algorithm starts from the root  node of the t ree and gradu-

ally moves toward the leaves. At  each node, the algorithm queries the 

membership of the input to the corresponding half-plane and moves 

to either child based on this membership (YES/NO). The algor ithm 

f inishes when it  reaches a leaf, giving the result  of the classif icat ion.

Here, we part it ion the two-dimensional concentrat ion plane into 

three nonlinearly separable regions (α , β and γ). The network is a hybrid 

and comprises two computat ional layers (Fig. 4b): a hidden neur al 

layer deciding membership of the α and β region with linear classi-

f iers, and a logical layer deciding membership of the γ region with a 

NOR gate: its fluorescence is high only when both α and β st rands are 

absent  (Extended Data Fig. 7). Memberships of the α and β regions are 

computed by two linear classif iers. By tuning the working temperature 

(Extended Data Fig. 8), we found condit ions for which the t wo linear  

classif iers become indirect ly coupled18 and α  represses β. The network 

then correct ly part it ions the concentrat ion space into three nonlinearly 

separable regions (Fig. 4c,d). We t rained two art if icial neural networks 

on the experimental data: a single-layer perceptron and a two-layer 
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Fig. 4 | A hybrid network comput ing recursive space part it ioning. a, A space 

par t it ioning t ree t akes a point  X = (X1, X2) in the concent rat ion plane, and at 

each of it s nodes, tests if X is a member of the corresponding half-plane. 

Computat ion f inishes when a leaf is reached. The t ree can be t raversed in three 

ways, par t it ioning the plane into three convex regions. b, Architecture of  

a hybr id net work comput ing the par t it ioning t ree (Supplementary Fig. 5).  

The inputs are t wo st rands encoding a posit ion (X1,X2) in the concent rat ion 

plane. The hidden layer is neural and decides membership of the α and β region 

with t wo linear classif iers that are indirect ly coupled by compet it ive inhibit ion 

(membership is read out by f luorescent repor ters). The output layer is logical 

and decides membership of the γ region with a NOR gate (which turns it s 

f luorescence OFF if X is a member of either the α or β region). c, Fluorescence 

levels of α , β and γ, measured in approximately 25,000 droplet s af ter 16 h.  

d, Merged f luorescence plots. e, Fit  of d by a single-layer percept ron (SLP, top) 

and a t wo-layer percept ron (bot tom). MLP, mult i-layer percept ron. The 

hatched f i lling indicates erroneous areas in which t wo classes are output ted.
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