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T_he goal of this work iS_tO explore application_s Of_ reserV_Oir computing in input layer hidden layer output layer Table I. Advantages and disadvantages of using a feedforward or a reservoir structure for design of
biomolecular computation. Reservoir computing is a unique model for ' ’

a heural network.

representing a recurrent neural network. The hidden layer is comprised of ascified
randomly connected neurons, which are linked with a single or multiple output Classified as. Feedforward networks Reservoir networks
neuron(s). The output layer is trained using a learning algorithm. The reservoir category #1 Pros Cons Pros Cons
model is investigated using the Python programming language and object Less ambiguous Slow Efficient Challenging to
oriented programming. Neurons are created by bundling attributes like input data g |h |—= category#2 structure training training optimize
and attributes of the network, which utilize methods (for instance the sum of a . Guranteed All weights Only output weights  |Harder to
i i i categor . :
_dot product, the hyp_erbollc_tange_nt functlon) to operate on data (e.g. ar_bltrary gory convergence are trained are trained construct
mput arrays, two varla_lble bmary Inputs). This V\_/ork_ IS motlv_ated by the idea of Universal function  |Undesirable for Dynamic Requires the Echo
using adaptable algorithms instead of hardcoding information to solve . : : : : :
- . : : : : e - mapping machine time series functions |system approximator |State Property
classification problems in biomolecular computation, such as identifying
molecular information like presence of a virus.
Fig 3. A feedforward neural network comprised of three columns (or layers) of 5 artificial neurons:
input, hidden, and output. Feedforward networks improve the limited performance of an individual
neuron by making a network out of them. Algorithmic training such as the backpropagation can modify
all weights of the network such that the network improves classification performance. However this , L
1. Formal Model ZWf x>0 1 ’ method is inefficient for networks of increasing size and complexity. Elgh& A class blueprint in the
, 0 1class objectBlueprint(object): ython programming _
" : 2 """A class is a blueprint of an object""" language. Python was used in
Fig 1. Aroadmap by former PhD student Core Network 2 conjunction with Object
> CRN X XX Peter Banda captures the levels of 5 Oriented Programming
' 172 28" 2 abstraction from a formal neural network Input layer Output layer 6 . . methodologies, which
mOdel to DNA m0|eCl.,||eS. The-formal model C1 g type = "Type one encapsulate Objects with data’
IS mapped to a chemical reaction network 9 their attributes, and methods. A
(CRN), which can be described by kinetics : st pevron 16 L . . . class represents a blueprint for
3. Translated CRN X;+ G — W, ,+0, without regarding atomic structure or Ist |nput> B ﬂ def _init__(self, inputl, input2, ... , 1inputN): an object (such as a neuron, a
O+ T —W,, +X,+X, identity. In 3 the CRN is translated to a 13 self.attributel = defaultValuel connection link, and a
’ icti i i i 14 self.attribute2 = defaultValue2 :
realls_tlc serleshof cZe]E_nlczl l;eactlonz. Thgse = T ARl vt network). Attributes are use.d to
_ . . reactions are then defined by DNA domains . — s c2 16 represent features of an object,
4. DNA Domains / / (4), sequences (5), and molecules (6). This 17 like inputs or an output
L S hat DNA | | b d * 18 def setAttributel(self, datal): .p . X o
VT suggests that molecules can be use 19 colf attributel = datal Function definitions within the
) to carry gubt theL@DﬁUUfm r|eicgon's as nth neuron 20 class definition are methods
governed by a higher level of design nth input = def getAttributel(self): that operate on data given to
5. DNA Sequences ??T?(ﬁ?(ﬁ?ﬁ???'{?(ﬁ?? methodology, i.e. artificial neurons and . 23 return self.attributel the object and the defined
networks. (Figs 1 and 5 redrawn from [2]. 7 C3 24 :
AL GeT ot AGEaT (Fig 2].) o attributes. Common methods
26 def methodN(self, dataN): typically include getters and
27 self.attributeN = mathOperation(dataN) setters for attributes and an
6. DNA Molecules OO initializer that defines default
attribute values for an object.

recurrent networks. The core network is made up of random and fixed connections between artificial

h =tanh (x) neurons. Only the readout layer or classifier neurons are trained. This improves the efficiency of

Reservoir computing appears to be more efficient as a training methodology for recurrent networks.

training recurrent networks because a significant amount of connections do not need to be trained. This is clear f tho fact that onlv th ot | 45 10 be trained. Th ) od i
IS is clear from the fact that only the output layer needs to be trained. The work presented in
Python suggests step 1 in Fig 2 can be achieved with marginal error using such a programming
X X X language and OOP. Standardizing steps one through four of the roadmap would improve the
output 1 > 3 T 2 CGTCGCGACGGTCGCA accessibility of designing and applying molecular computation for desired medicinal purposes.
? - X I I I | I I | I I I | I I | | I Regardless it is evident from research in reservoir computing [3] and the abstraction roadmap that
-3 -2 -1 1 2 3 a. C. DNA chemical reaction networks [2] as modeled by a reservoir network would be ideal for
GCAGCGCTGCCAGCGT therapeutic or industrial applications of biomolecular circuits.
o] ®
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