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Abstract 

 Various benefits of DNA computing such as programmability, immense data storage capacity and massively 
parallel processing have led to provide fundamental building blocks to motivated goals of building smart in vivo 
robots with implications in various applications. However, molecular machine learning has not yet been employed 
to solve more complex tasks such as pattern recognition, due to the lack of control of molecules in liquid state, 
instability and inaccuracy of in vitro manipulation to carry out learning algorithms experimentally. Here, a 
potential link between DNA computing and machine learning is proposed through the complementary action of a 
constructive machine learning model, the hypernetwork for DNA computation. Constructive DNA self-assembly 
and enzymatic weight update underlies the experimental scheme for wet lab implementation and online 
constructive learning of hypernetworks. We introduce both theoretical and practical details of the proposed 
model, present preliminary experimental results for examining the practical viability and discuss further 
applications. 

 
1.  Introduction 

DNA computing is a fast-developing interdisciplinary field 
which uses biological molecules to perform computations rather 
than traditional silicon chips. DNA (deoxyribonucleic acid) encodes 
the genetic information of cellular organisms. It consists of 2 
strands, each with a chain of bases or nucleotides attached to a 
sugar-phosphate “backbone”. The double-stranded DNA allows 
complementary base pairing which offers specificity in molecular 
recognition and self-assembly properties. Furthermore, 1μm of 
DNA contains about 1026 reactions which mean massively parallel 
reactions can take place in a minute volume of DNA sample, thus, a 
very large storage medium. 

These characteristics of DNA have given rise to many 
advancements in the DNA computing field as well providing core 
technologies to extend to a range of in vivo applications. DNA 
origami for example has led to the use of this technology for self-
assembly of 3D structures [1-4] which are now being used to 
develop tools for smart therapeutics applications. This, combined 
with research on implementing logic gates have led to specific 
targeting of cells or tissue type for minimizing side effects [5]. A 
DNA 'nanorobot' using a DNA origami box with logic gate locked lid 
was used to deliver specific molecular payload to certain cell types. 

Further studies showed functioning of similar nanorobots in live 
cockroaches targeting specific cells wi ujhth multiple robots 
containing different logic operations [6]. Nanostructures have also 
been used to deliver cytotoxic drugs to targeted cancerous cells as a 
therapeutic drug delivery system for various cancers [7]. It was 
found that in mice, this method of drug delivery was much faster in 
reducing tumor mass than normal administration [8].  

Research in cell-free DNA computing and DNA nanotechnology 
has contributed to providing critical structures or mechanisms 
needed for building in vivo applications such as smart agents for 
diagnostic and therapeutic means. However, the experimental 
implementation of more complex learning models for solving tasks 
with DNA is still a goal pursued by many researchers. Here, we 
introduce both a theoretical and practical approach to 
implementing online constructive learning of ensemble 
hypernetworks using the constructive DNA processes.  

The idea here is that the constructive DNA processes are critical 
for building a DNA classifier to reflect the online constructive 
learning of hypernetworks. It is the constructive DNA and model 
concepts which acts in parallel to make implementation of 
molecular learning in wet lab experiments possible. First, uniquely 
designed DNA corresponding to one variable each, is sequenced 
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with tag regions for generation of longer combinations of joined 
strands with multiple variables. This utilizes the constructive 
nature of DNA self-assembly. Second, DNA internal loops act as 
targets of nuclease enzymes to implement stochastic gradient 
descent, a key operation in the process of learning Hypernetwork. 
 
2. Hypernetwork with High-order Hyperedges 
The hypernetwork is a graphical model with nodes and 
connections between (equal or) more than two nodes, which is 
called hyperedges [9, 10]. 

         
where Z is the normalization term. Weight                 

is the parameter corresponding to .  is the set of index of 
input feature corresponding to the  hyperedge.  

Here, we introduce the concept of free-order hyperedges. A 
method of producing free order hyperedges is proposed in the 
experimental scheme, which enhances the robustness of the model 
by using variable lengths of hyperedges. Not only is the data within 
hyperedges learned, but also the optimal order of hyperedges for 
classification. This approach is critical in producing enough 
variable combinations in DNA to represent the vast size of possible 
hyperedges that can be produced with minimal amount of DNA 
sequences, reducing costs and labor that would otherwise be 
required to demonstrate this algorithm experimentally. 

In our experiment, the set of input variables of the  
hyperedge           is randomly chosen from . 

 
Our main idea here is that the DNA processes of hybridization-

enzymatic cleavage-amplification can be interpreted as an 
approximation of stochastic gradient descent of hypernetworks. 
The theoretical basis for this is explained. 

 
3. Methods  
I. Dataset and encoding to DNA for classification task 
As our dataset, we use the handwritten digit dataset, MNIST for the 
two-class digit classification problem for digits ‘6’ and ‘7’. MNIST 
handwritten digit data is dimensionally reduced to 10 x 10 images 
which are used as the input data. From these images, 6 sets of 1000 
images are averaged into 6 separate images for batch learning. 5 
sets are used as the training data and one is used as the validation 
data. From each batch image, 25 pixels are randomly selected in a 
non-replacement manner, for each ensemble. Four ensembles are 
produced for each batch image. These 25 unique pixels are encoded 
into DNA by allocation to each unique DNA sequences consisting of 
15 base pairs. Once each DNA oligomer is assigned to a pixel in the 

batch image, it is the grey scale value (between 0 and 1) for each 
pixel that determines the amount of DNA to be added. The initial 
hypernetwork is made from equal amounts of each 25 DNA 
oligomers to ensure it is a random or initialized sample. The 
training and validation data will have analogous concentrations of 
each 25 DNA oligomers to that of the pixels in the averaged 
greyscale image. Here, each class is labelled with a different 
fluorescent protein to allow visualization of classes, which allows 
learning of two classes in one tube. 

II. Production of random order hyperedges 
Following the addition of relative amounts of DNA oligomers 
representing each pixel, the sequences are joined together to 
produce random order hyperedges. 
   Free-order hyperedges, containing 2 to 8 variables (number of 
pixels) are designed to be used during the learning process and as 
the initial random hypernetwork. In order to produce a sample of 
random order hyperedges, the forward and reverse primers in 
their double-stranded form following annealing with 
complementary strands are added to a tube containing variable 
sequences. Enzymatic treatment with ligase and PCR conditions are 
controlled so that the optimal length of hyperedges produced is 4–
order. It is worth noting that it is not only the variables that are 
learned through the random ensemble hypernetwork, but also the 
order of hyperedges as well.  

III. Experimental Scheme 
After completing the encoding of image data to DNA, the molecular 
learning algorithm is implemented using an experimental protocol 
designed to replicate, in vitro, the random ensemble hypernetwork 
using enzymatic weight update. First, the preprocessing of data 
occurs with the hybridization of initial hypernetwork with training 
data for digits 6 and 7. Here, T7 endonuclease is added to the 
sample for preprocessing and feature selection. This enzyme is able 
to cleave mismatched DNA sequences which form internal loops in 
the DNA structure, allowing selection of only the best matched DNA 
sequences. After enzyme use, DNA is purified using common DNA 
purification protocols and separated by biotin bead and 
Streptavidin methods resulting in single-stranded DNA in the 
preprocessed hypernetwork 0 (HN0) selected from the added 
training data. This is then amplified using PCR for the following 
procedure. The molecular learning step is implemented similarly 
with the hybridization of preprocessed hypernetwork and training 
data for digits 6 and 7. This time the S1 nuclease is used for 
decreasing weight. The best matched DNA sequences are cleaved 
from the sample leaving only that which consist of internal loops. 
The key idea here is that there is double the amount of HNO 
relative to DNA representing the training data for ‘6’ and ‘7’. This is 
because with  
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the decrease weight function, we wish to eliminate the best 
matched sequences of ‘6’ and again for ‘7’ which as a result 
removes, twice, the sequences present in both training data for ‘6’ 
and ‘7’ leaving only the sequences which discriminates the 2 
classes. The discrepancy between the two classes of digit data is 
represented by this pool of DNA sequences, as those sequences or 
hyperedges important for learning the digit ‘6’ is divergent to those 
learning ‘7’ with the use of labelled DNA sequences. Consequently, 
the remaining sequences are amplified to implement the increasing 
weight function. The final sample from the first iteration of 
learning results in the hypernetwork 1 (HN1). Repetition of these 
learning iterations will demonstrate learning of MNIST digits ‘6’ 
and ‘7’ for correct classification by measuring the ratio of 
fluorescence for Cy3 (Label for 6) and Cy5 (Label for 7).   
   To perform online learning, from iteration 2, a decreasing 
amount of the initial hypernetwork is added to the hypernetwork 
from the previous cycle. 

4. Preliminary experimental results 
To ensure that the experimental protocol is implemented to the 
highest degree of efficiency and accuracy, many preliminary 
experiments were carried out. First, for the creation of the initial 
hypernetwork which consists of equal amounts of each variable, 
electrophoresis gel data illustrates the random order hyperedges 
which are produced from the ligation procedure (Figure 1. a.) 
   The function of enzymes used for weight update was 
thoroughly investigated to ensure the correct cleavage of DNA for 
the two purposes of preprocessing and weight update during 
learning. Figure 1. b. shows the result of enzyme treatment for S1 
nuclease and T7 endonuclease on the left and right side of the 10 
bp ladder respectively. The control lane shows 4 bands, the 
perfectly matched strand, 1-mismatched, 2-mismatched and 3-
misamtched strands from bottom to top of the gel. The results 
successfully show that indeed T7 endonuclease at the given low 
concentration of enzyme of 1 units and 0.5 units both results in 
cleavage of mismatched DNA strands, leaving perfectly matched 
DNA sequences (marked at 60 bp with orange arrow). 
   The function of S1 nuclease is also investigated in a similar 
manner where the vice versa is observable for the process of 
decreasing weights during the learning iterations. The perfectly 
matched DNA sequences are cleaved and mismatched sequences 

remain. This represents the hyperedges only present exclusively in 
the data for digits ‘6’ or ‘7’. The key idea here is that you start with 
double the amount of DNA amount, and through the process of 
weight update where you decrease the weight of hyperedges twice, 
once for removing those for ‘6’ and next for ‘7’ will result in 
exclusive DNA present in only one of the two classes of data. 

5. Conclusion 
Here, we propose a novel experimental design and constructive 
machine learning algorithm, the online learning of hypernetworks, 
for implementing pattern recognition in vitro. In our methodology, 
both structure learning and parameter learning is done 
constructively with massive volume of DNA. The key significance of 
this paper is to provide a framework, with sound theoretical and 
experimental plausibility for the implementation of molecular 
learning. Furthermore, it is worth noting, the experimental design 
in the paper is a simplified version for proof-of-concept. 
   By harnessing the strengths of using molecules as building 
blocks for basic computations, new concepts of information 
processing may become discoverable through the evolving, self-
replicating, self-pairing and responsiveness of DNA. The 
implementation of machine learning algorithms through DNA 
could act as a critical starting point emerging technology for 
computational molecular devices, implicated in a diverse range of 
fields such as intelligent medical diagnostics or therapeutics, drug 
delivery, tissue engineering and assembly of nanodevices. 
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Figure 1 a.  Random-order hyperedges production b. S1 
nuclease and T7 endonuclease I test 
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