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Abstract

The limitations of complexity adaptability and scalability in intelligent molecular
systems are addressed in this paper with a solid molecular framework for machine
learning in vitro with DNA.

We use molecular biology methods and enzymatic weight

update to implement five iterations during training to classify between handwritten
digit data. Although this is a work in progress, encouraging results are achieved in the
test run of our training and test stages and fluorescent measurement of outcome
visible for pattern classification.
enzymatic processes and molecular biology
techniques to manipulate DNA. This may be a step
towards biocomputers, capable of sensing,
interacting and responding to dynamic biological
environments as intelligence at a higher level is
being achieved.

1. Introduction
Intelligent DNA systems is now a familiar
concept in the field of molecular computing [1, 2,
3]. Researchers have used logic gate and
associative call to demonstrate simple decision
making at a molecular level for implementation in
differentiating cancerous cells in vitro and in vivo.
An example would be the in vivo logic gates used
to target certain cells or tissue types for
biomedical purposes [4]. This DNA ‘nanorobot’ is
uses a DNA origami box with a lock and key
mechanism for identifying specific targets and
delivering payload at these locations. This great
achievement in the field of molecular computing
and nanotechnology has brought more focus on
developing
intelligent
molecular
systems,
particularly DNA, to innovate more access to the
natural and dynamic environment of in vivo
applications.
However, there lacks higher complexity,
adaptability and scalability in current intelligent
DNA systems, as may be more familiar to the field
of machine learning, due to the preprogrammed
and rule-based nature of the used methods [5, 6].
This paper introduces an improved system with
multiple iterations of weight update achieved with

2. Methods for DNA experiments
The learning algorithm used in our work is the
hypernetwork which is a graphical model with
nodes and connections between these nodes called
hyperedges [7]. This is realized in DNA through
specially encoded DNA pixels and free-order
hyperedge construction methods as described in
our previous work [8].
Here, we use molecular biology methods to
implement the hypernetwork algorithm in vitro.
Figure 1 illustrates the molecular algorithm with
weight update through the use of S1 nuclease.
Results for the functioning of this enzyme is also
described in our previous paper. Figure 1a. looks
at the conceptual weight update process and how
the elimination of common hyperedges to both
images ‘6’ and ‘7’ lead to a model with only
exclusive hyperedges to either images. Figure 1b
describes this process in detail using molecular
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Figure 1. Molecular process in one iteration of training for learning image ‘6’ and ‘7’
biology
methods,
including
hybridization,
enzymatic weight update, streptavidin bead
separation and amplification. Figure 1 c.
summarizes how the final model is created after
five iterations of training iterations. It is important
to note here, that the weight update function
distinguishes our work, and iterative online
learning process whereby molecular learning is
achieved through continued exposure to training
data.

learning, in a massively parallel manner, without
sequencing update but update to all iteration in
one step resulted in a contrary outcome. First we
show the absorbance measure of DNA with
calculated concentration of DNA in each iteration.
Figure
3
shows
the
Cy3
fluorescence
measurement of each of three ensembles in each
iteration. We use ensembles to cover a much
larger search space with the same number of DNA
oligomers through the construction of free-order
hyperedges. Each ensemble consists of a pixel set
with 25 randomly selected pixels, chosen in a nonreplaceable manner. In this figure, the overall
training and test process is illustrated. For each

3. Results
In this paper, we show for the first time, the
implementation of five learning iterations and
measurement
of
results,
showing
either
classification of ‘6’ or ‘7’ using modified DNA
oligomers with Cy3 (red) and Cy5 (blue) dyes
respectively. To suit the length of this paper,
results of only classification of ‘6’ with Cy 3 is
presented. Fluorescence measurement allows the
relative comparison of the presence of Cy3 and
Cy5 dyes which are linked to ‘6’ and ‘7’ image DNA
data respectively. Cy3 and Cy5 have an
excitation/emission spectra of 530-20/580-30 and
610-30/675-60 respectively. The fluorescence was
measured using the CLARIOstar multichromator
microplate reader from BMG Labtech.
Our results from operating five iterations of

Figure 2. Results of Cy3 fluorescence measurement for
each of three ensembles for each iteration of learning.
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Figure 3. Learning iterations with weight update operation in training stages (blue) and elimination
of poorly matched sequences in test stages (green).
ensemble, the model for ‘6’ and ‘7’ are combined.
Weight update is performed as described in the
methods section. Then a subset of DNA data is
used to test the current ability to classify the digit
and the rest is added to the next iteration for
continue online learning.
Figure 2 shows the test results for classifying the
digit ‘6’. In iteration 1, both ensemble 1 and 3
classify correctly as ‘6’. In iteration 2 and 3, only
ensembles 3 and 2 respectively classifies the digit
correctly. In iteration 4, no digits are classified as
‘6’ which is incorrect however in the final iteration,
both ensemble 1 and 3 classify correctly as ‘6’ with
a large difference in fluorescence intensity which
signifies a large difference in concentration of
hyperedges in the model for classifying ‘6’.

responding to dynamic biological environments as
intelligence at a higher level is being achieved.
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