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Deep convolutional and fully-connectedDNA
neural networks

Xiao Liu 1,2,3,5, Ziyang Zheng1,2,5, Pei Liu1,5, Zheng Yang 1, Hao Hu1,
Meng Wu 1, Xiaoding Lou 4, Fan Xia 4, Kaixiong Tao 3, Longjie Li 2 ,
Jun Dai 1 & Xianjin Xiao 1

DNA molecules can be used to build “neural networks” that function like the
brain, enabling them to perform complex computational tasks. However, a
fundamental limitation of existing DNA networks is that their most basic
computing units cannot perform true continuous and precise analog calcu-
lations, which restricts their ability to process complex information effectively.
To address this, here we develop a DNA computing unit called CALCUL. This
system successfully achieves fully analog computation, where all inputs,
weighting parameters, and outputs are continuous and precise values. It per-
forms the coreoperations of a neural network rapidlywith high accuracy and is
reusable. By integrating magnetic bead technology, we also enable modular
operations and the construction of multilayer networks. Ultimately, we use
this technology to construct a deep DNA neural network that correctly iden-
tifies complex color images with 100% accuracy. These developments provide
a robust foundation for building more powerful and precise molecular
computers.

Currently, DNA has become a widely used macromolecule material
for molecular computing, capable of storing and processing infor-
mation at the molecular scale1–7. Numerous DNA logic circuits with
specific functions have been established8–11, such as binary square
root circuit, half adder and full adder. Although the field of DNA logic
circuits has been developing rapidly, it is primarily unsuitable for
dealing with complex and analog input information, such as recog-
nizing images with numerous pixels. Under such scenario, neural
networks are much better options as they possess the advantages of
large-scale parallel computing and weighted processing of input
data12–19. Therefore, in recent years, researchers have been endea-
voring to use DNA to construct the foundational element of a neural
network: the weighted summation unit, and based onwhich, a variety
of DNA neural networks were further developed. Cherry and Qian
proposed a “winner take all” neural network to recognize nine types

of digital figures, showcasing the feasibility of using DNA to con-
struct complex neural networks13. Okumura et al. invented the
enzyme driven DNA neural networks, which showed much faster
computing speed and thereby implemented spatial partitioning of
nonlinear separable regions20. Xiong et al. further integrated the
weighted summation operations into convolutional networks and
implemented recognition of 32 12×12 images with 100% correctness,
which revealed the computational potential of DNA neural
networks21. For biomedical applications, Zhang et al. developed a
DNA neural network based miRNA classifiers for cancer diagnosis in
serum samples22. Overall, due to the capability of highly paralleled
computing and processing complex analog information, DNA neural
networks are promising and powerful systems that might bring
molecular computing to a much more diverse and functiona-
lized level.
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However, none of the current DNA neural networks are fully
analog. This is because the fundamental elements of DNA neural net-
works—the weighted summation units—cannot achieve complete
analog computing. In other words, their inputs, outputs, and weights
cannot simultaneously be continuous and accurate. For instance, in
theDNAweighted summation unit developed by Xiong et al., the input
can only be a discrete value of 0 or 121. In another weighted summation
unit developed by Zhang et al., the input and output can both be
continuous. However, theweights are discrete and finite integer values
(1, 2, 3, 4 and 5)22. In the weighted summation units developed by
Genot et al., the inputs, outputs, and weights could theoretically be
continuous, but their accuracy has only been characterized in the
simplest case of two-inputweighted summation. The accuracy ofmore
complex weighted summation has not been tested, let alone that of
convolution or deep neural networks23. More importantly, we believe
that their sequence and structural design cannot ensure accurate
analog computation due to the stochastic nature of their designed
chemical reactions.

Unfortunately, the foundation of DNA circuits is concentration-
based DNA chemical reactions, which are naturally continuous/analog.
This is fundamentally different from electronic circuits, whose basic
reactions are inherently digital. The absence of suitable analog com-
puting units necessitates quantization of the analog DNA concentra-
tions during weighted summation. This not only reduces the
computational accuracy of the neural network but also necessitates
the design of additional nodes to maintain the overall performance of
the neural network. Furthermore, it requires the addition of extra
quantization modules between nodes, which in turn causes the num-
ber of DNA strands in the network to proliferate exponentially with
depth. As a result, constructing complex DNA neural networks, espe-
cially those with deep layers, becomes challenging.

Given these challenges, none of the current DNA weighted sum-
mation units can achieve fully analog computations where the inputs,
weights and outputs are not only continuous but also accurate. The
lack of such operation units blocks the construction of complex and
deep DNA neural networks and limits the field’s development.

To overcome these fundamental limitations, here we develop the
CALCUL unit. Our system represents an advance in DNA-based neural
computing, demonstrating high-performance weighted summation
operations for multiple inputs within short timeframes. The system
successfully implements both full-connection and convolution
operationswith high accuracywhilemaintaining functional reusability.
Through integration of magnetic-bead techniques, we expand the
system’s computational capabilities to enable multi-layer neural net-
work operations. This enhanced CALCUL platform incorporates
weighted summation with ReLU activation, negative weight imple-
mentation, and operation concatenation - all while preserving com-
putational precision. The system’s capabilities are rigorously validated
through image recognition tasks, including successful classification of
handwritten digits using convolutional network architectures.

Building upon these capabilities, we construct a deep DNA neural
network architecture comprising two convolutional layers and one
fully-connected layer, demonstrating robust performance in classify-
ing pixel-based images with continuous value inputs. Collectively,
these achievements establishCALCUL units as a versatile and powerful
platform for implementing DNA-based computing systems and neural
network operations.

Results and discussion
Working principles
Herein, we have established a Classified allosteric-toehold based
continuous andultra-accurate (CALCUL) computing unit for weighted
summation, in which the inputs, outputs and weights all present as
continuous and accurate values. Based on the CALCUL unit, analog
convolutional and fully-connected DNA neural networks were further

established. As shown in Fig. 1A, B, we have designed two modes of
CALCUL units: the cis-CALCUL mode for fully-connected operations
and the trans-CALCUL mode for convolution operations. The differ-
ence is that in the cis-mode, the P-strand containing branch-migration
domain B serves as the input and the Q-strand containing toehold
domain A* serves as the weight, and vice versa for the trans-mode.
Taking cis-CALCUL mode as an example, the CALCUL unit can be
divided into two sections: the weight multiplication section and the
summation section. The input strands (denoted as P-strand) are all
single-stranded DNAs consisting of domain A and B. Although the
sequences of domain A in different input strands are different, the
sequences of their domain B remain consistent.

In fact, the primary driving force in our computational reactions
originates from the temperature-annealing process. For each input, it
will undergo a classified allosteric-toehold (CAT) annealing process as
illustrated in Fig. 1A: there are two corresponding weight strands;
When one weight strand (Q-strand), the input P-strand, and the T-
strand/O-strand duplex are present together, thermal annealing leads
to the formation of an effective PQT triplex (fluorescent); When
another weight strand (Q’-strand), the input P-strand, and the T’-
strand/O-strand duplex are present together, thermal annealing leads
to the formation of an effective PQ’T’ triplex (non-fluorescent). Nota-
bly, during the isothermal process following annealing, the classified
allosteric-toehold design in this system facilitates the convergence of
the reaction outcome toward a stable state of complete reaction (the
reaction mechanism is illustrated in Supplementary Fig. 2). Then, we
can flexibly adjust the percentage of P-strand entering the effective
downstreampathway at any value between 0 and 1 by setting the ratio
of [Q-strand]/([Q-strand]+[Q’-strand]) at the corresponding value. As
we know, the amount of P-strand entering into effective downstream
pathway is exactly Iiwi, wherein the [P-strand] is Ii and the [Q-strand]/
([Q-strand]+[Q’-strand]) ratio iswi. So far, theCALCULunit hasfinished
the weight multiplication operation (Iiwi) with the Ii and wi at any
designated value. Then, to fully accomplish weighted summation, i.e.
∑Iiwi, weneed a summation section that adds up all the Iiwi. Aswehave
described above, in our sequence design, the domain Bof P-strand and
the domain D of Q-strand will cooperatively bind to T-strand, and the
domain B of all inputs are the same and so are the domain D of all
Q-strands. Therefore, all the input strands bound to their corre-
sponding Q-strands will react with the same T-strand/O-strand duplex
during the annealing process, and such integration of CAT reactions is
exactly the summation operation of ∑Iiwi. Meanwhile, all the input
strands that bound to corresponding Q’-strands will react with the
same T’-strand/O-strand duplex during the annealing process, produ-
cing non-fluorescent PQ’T’ triplex. So far, the CALCUL unit has realized
its inputs, weights and outputs to be continuous simultaneously.

While, as shown in Fig. 1B, in the trans-CALCUL unit, Q-strands
serve as inputs and P-strands serve asweights. Alongside P-strand, a P’-
strand labeled with a quencher is designed, and the weight value
equals to the percentage of [P-strand]/([P-strand]+[P’-strand]). Differ-
ent to the cis-CALCUL, in which a pair of effective module and void
module is designed, there is only one module in the trans-CALCUL.
Since the P’-strand is labeled with a quencher, the P’QT triplex will not
emit signal and is classified as void output; the PQT triplex will emit
signal and is classified as effective output, achieving the weight mul-
tiplication operations. Similar to the cis-CALCUL, all P-strands and
Q-strands will react with the same OT duplex, realizing accumulated
weight multiplication (weighted summation). We would like to note
that the trans-CALCUL units omit the OT’ duplex, so the reaction sys-
tem is evenmore concise than the cis-CALCUL units, this is particularly
crucial for constructing ConvNet (Convolutional neural Network).

However, aside from continuity, the weighted summation unit, as
the foundation of DNA neural networks, must also be highly accurate.
As for this, the computing accuracy of previously reported weighted
summation units was – to the best of our knowledge - never
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Origin of the analogue computing accuracy of the CALCULunits

cis-Classified allosteric toehold based continuous and ultra-accurate (cis-CALCUL) unitA

B

A * B

A * B

An* B

D X A

D’ X A

D X A

D’ X A

D X An

D’ X An

X* B*D*

X* B*D’*

D X
A

B

D X
A

B

D X
An

B

X B

D’ X
A

B

D’ X
A

B

D’ X
An

B

X B

Input Weight Summation Output

B

B

B

Analogue
weighted

summation

P1

P2

Pn

Q1

Q1’

Q2

Q2’

Qn

Qn’

P1 1

P2 2

Pn n

[Qi]
[Qi] [Qi’]

=
+

i

PQT 
is classified as
effective output

i = 1

n

Pi i

PQ’T’
 is classified as

void output

trans-Classified allosteric toehold based continuous and ultra-accurate (trans-CALCUL) unit

D X
A

B

D X
A

B

D X
An

B

X B

D X
A

B

D X
A

B

D X
An

B

X B

Output

B

B

B

Q1 1

Q2 2

Qn n

PQT 
is classified as
effective output

i = 1

n

Qi i

P’QT
 is classified as

void output

A * B

A * B

An* B

P1

P1’

P2

P2’

Pn

Pn’

A * B

A * B

An* B

Void gate
(OT’)

Gate (OT)

D X A

D X An

D X A

Q1

Q2

Qn

PQT

P’QT

PQT

PQ’T’

D X
A

B

X* B*D*

Qn Pn

Prevent leakage
among Pn and T 

X

Complete and 
reporducible

forward reaction

One gate
Multiple P/Q

Analogue
weighted

summation

Long domain D

Domain X

Less strands 
Less crosstalk

Uniform 
thermodynamics 

Overcome possible kinetic barriers
Much faster computing speed

Close to thermodynamic equilibrium

All of the molecular designs are subtly
made so that annealing is feasible 

C

Ensure accurate
weight values 

Thermo-
dynamically 

identical
void gate 

X* B*D’*

Gate

Void gate

Silence leakage between
gate and void gate 

Longer strand
as the ouput

X* B*D*

Heat and
anneal

[Pi]
[Pi] [Pi’]

=
+

i

X* B*D*

Gate (OT)

 (Shared gate)

Gates

Input Weight Gates

Heat and
anneal

Summation

Fig. 1 | The working principles of the cis-CALCUL and trans-CALCUL units.
A Schematic illustration of the weighted summation operation of the cis-CALCUL
unit. Multiplexed classified allosteric-toehold (CAT) annealing reactions are
undergoing within one tube, realizing “real” weighted summation operation with
the inputs, weights and outputs all being continuous and accurate values.
B Schematic illustration of theweighted summationoperation of the trans-CALCUL
unit. Similarly, based on Multiplexed classified allosteric-toehold (CAT) annealing

reactions, but with different roles played by the domains compared to cis-CALCUL
units, which helps it to be more suitable for convolution operations. C Schematic
illustration of the origin of the high accuracy analog computing of the CALCUL
units. The temperature-annealing protocol and detection temperature settings
used throughout this study are shown in the figure. [Created in BioRender. Main, T.
(2025) https://BioRender.com/x7x6crx]. Source data are provided as a Source
Data file.
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thoroughly demonstrated13,20–23. They focused on the units’ linear
responses to inputs and the correctness in classifications, and ignored
the absolute errors of the weighted summation operation itself. This
will not cause conspicuous computing deviations when they are only
one-layer networks. Yet with the neural network goes deeper, the
deviation would accumulate and greatly affect the network’s func-
tionality. We believe the previously reported weighted summation
units require too many DNA strands and involve multiple pathways of
strand displacement reactions, so the thermodynamics, kinetics and
crosstalk cannot be robustly controlled, leading to inevitable and
considerable deviations.

Most DNA circuits aim to optimize thermodynamics for better
performance, but kinetic barriers often cause output signals to deviate
from theoretical values. For instance, basic toehold reactions may
plateau prematurely, and more complex reactions are similarly affec-
ted. Thus, addressing kinetic barriers is crucial for DNA analog circuit
construction (validation experiments are shown in Supplementary
Fig. 5). Our designs consider these barriers, ensuring compatibility
with thermal annealing. To achieve temperature-annealing-based
computational reactions with high uniformity and accuracy, our
mechanism incorporates sophisticated designs in both the reaction
process and structural architecture. As shown in Fig. 1C, the CALCUL
units utilize an identical strand displacement pathway for all inputs,
ensuringuniform reaction thermodynamics andenhancing computing
accuracy. To bolster reaction robustness, three key designs were
implemented. Firstly, a 18-nt toehold long domain D was employed to
favor the forward reaction, which means that the Q strand will bind to
the T strand with robust and sufficient stability, ensuring near-
complete conversion and reproducibility. Secondly, an allosteric
domain X/X* was incorporated into the modules to prevent leakage
between the P-strand and modules in the absence of the Q-strand,
safeguarding against common issues in strand displacement systems
that compromise accuracy. It is particularly noteworthy that the
allosteric domain X/X* design differs significantly from the dissocia-
tion region in conventional toehold-mediated strand displacement
reactions. This architecture not only effectively suppresses signal
leakage but also ensures thermodynamic irreversibility - a critical
feature for implementing temperature-annealing-based computa-
tional reactions (details are shown in Supplementary Fig. 2). Lastly, the
longer T-strand was designated as the output strand to mitigate
crosstalk between OT duplex and OT’ duplex, ensuring that fluor-
escent signals remain unchanged despite potential crosstalk, thereby
preserving computing accuracy. In the fluorescent detection system
design, we employed a modification scheme with the fluorophore
conjugated to the long T-strand and the quencher attached to the
short O-strand. Bymaintaining the quencher strand concentration at a
5% excess over the fluorophore strand, this strategy not only com-
pensates for errors introduced during concentration measurement
and sample loading, but also minimizes the impact of crosstalk reac-
tions on signal output (This scheme is also applicable tomagnetic bead
assisted computational reactions). Notably, using the longer T-strand
as output not only reduces crosstalk but also aids annealing, as
annealing can accelerate crosstalk, but our design prevents it from
affecting the output signal. The common approach of using the
shorter O-strand as output is not suitable for annealing and cannot
achieve precise analog computing, the experimental validation results
for this section are presented in Supplementary Fig. 14. More detailed
elaboration of the origin of the high accuracy analog computing of the
CALCUL units could be found in Supplementary Section S1 of the
Supplementary Information.

Integration of multiple pathways of allosteric toehold strand
displacement
From the working principle described above, the Integration of mul-
tiple pathways of allosteric-toehold strand displacement reaction

serves as the foundation for both cis- and trans- CACUL units: In cis-
CALCUL units, weighted summation is achieved by two parallel inte-
grations (effective and ineffective pathways) sharing the same input
strands; in trans-CALCUL units, weighted summation corresponds to
the integration with the input/output strand roles swapped. We
therefore prioritized testing the feasibility and accuracy of such inte-
gration (Fig. 2A). We synthesized 8 inputs (P-strand-1 to 8) and their
corresponding weights (Q-strand-1 to 8). According to the sequence
design, all P-strands are led to invade the same T-strand-1/O-strand-1
duplex. To simplify, we set the P-strands to be binary (150nM of input
represented 1; no input represented 0) and the Q-strands to be analog
values between 0 and 1, normalized by 150nM. Then, we performed
theoperations of integrating 2, 4 and8 inputs/weights, respectively. As
shown in Fig. 2A, for each experimental group,wefirstly conducted the
operations on 4 designated standard sets of inputs/weights to obtain
the standard curve, and the linearities in all groups were over 0.999.
Then, we conducted the computation on two testing sets of inputs/
weights, and based on the standard curves, we could transform the
fluorescent signals to output values. The experimental results closely
matched to the theoretical values, with all deviations remaining below
2.5%. It was worth noting that we could add strands (denoted as c-Q-
strand) complementary to the Q-strands to reset the whole computing
process and then restart it by addingW-strands again, and by doing so,
we implemented 2 rounds of calculation with the computing accura-
cies ranging from 90.7% to 100.0%, median 98.6% (Supplementary
Figs. 4, 6 and 7).

To further demonstrate the feasibility and accuracy, we tested
multiplexed and paralleled integration (Fig. 2B). Firstly, two P-strands
were designed to be integrated into two different T-strand/O-strand
duplexes, simultaneously and respectively. Similarly, P-strands were
binary and the weights were values between 0 and 1, normalized by
120 nM. Experimental results in Fig. 2C showed that paralleled inte-
gration of two allosteric toehold strand displacement reactions in one
tube was completely feasible: the standard curves of two reaction
pathways were both highly linear (Supplementary Fig. 8) and the
computing accuracies were 98.9% and 98.0%. Furthermore, we tried
integrating three paralleled reactions, simultaneously and respec-
tively. The standard curves were highly linear (Supplementary Fig. 10)
and the computation results were all highly accurate, with the devia-
tions less than 2.9% (Fig. 2C). Notably, we also tested recycling of the
paralleledmultiplexed integration. Shown inSupplementary Figs. 9, 11,
the above duplex and triplex integration were recycled for 2 rounds,
and the linearity of standard curves remained higher than 0.99 and the
computing accuracy kept over 95.3%. Overall, we have demonstrated
that integration ofmultiple allosteric toehold pathways andparalleling
such integration are both feasible and accurate (Fig. 2D).

Construction of the CALCUL units
Having demonstrated the feasibility and accuracy of integrating mul-
tiple pathways of allosteric toehold strand displacement, we then
constructed complete cis- and trans- CALCUL units for weighted
summation (∑Ii wi). The Iiwere analog values between 0 and 1, derived
fromnormalizing the concentration of the corresponding input strand
by 120 nM. The wi was equal to [Weight-strand]/([Weight-strand]
+[Weight-strand’]). As shown in Fig. 1A, B, in the cis-CALCUL units,
P-strands serve as inputs, Q-strands and Q ‘- strands serve as weights,
while in the trans-CALCUL units, Q-strands serve as inputs, P-strands
and P’- strands serve as weights. We then conducted the weighted
summation operations on 2, 4 and8 inputs (n = 2, 4, 8) (Supplementary
Figs. 12–17), respectively. For each n, we designed a set of higher
weights and a set of lower weights so that we could examine the
computing accuracy at a wide range. As was shown in Fig. 3, for all
tests, both the cis- and trans- CALCUL units could implement the
weighted summation operations within 40min. And the computing
accuracy was from 96.0% to 100.0% (median 98.9%) and 94.7% to
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99.4% (median 98.0%) for cis- and trans- CALCUL units respectively. In
addition, both the two types of CALCUL units could be recycled. The
computing accuracy remained over 96.6% and 90.2% for cis- and trans-
CALCUL units after 2 rounds of computations (Supplementary Figs. 18,
19). To the best of our knowledge, the performance of previously
reportedDNAweighted summation tools has been primarily evaluated
through qualitative assessments. While these studies successfully

demonstrated functional classification capabilities, a quantitative
characterization of computing accuracy - specifically, the direct com-
parison between theoretical and experimental values - remains to be
fully established. Our work addresses this gap by providing compre-
hensive data that rigorously validates the computational precision of
the CALCUL unit. Considering its fast speed, distinct simplicity and
high accuracy, we believe the CALCUL unit was a leading DNA tool for
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Fig. 2 | Integration of multiple pathways of allosteric-toehold strand dis-
placement reaction. The output value was calculated from the fluorescence
intensity using a standard curve. The dashed line beside the output curve indicated
the theoretical output and its affiliated zone in light color represents a deviation of
±5%. A Schematic illustration and experimental results of integrating multiple
pathways of allosteric-toehold strand displacement into one T-strand/O-strand
duplex. From top tobottom: Row 1displays thefluorescence intensity responseson
four designated standard sets of inputs/weights, the standard curve, and the results
of two summation operations of integrating two allosteric-toehold strand dis-
placement reactions. Row 2 and 3 display the above data of integrating four and
eight allosteric-toehold strand displacement reactions. The digits in red are
experimental values and those in black are theoretical values. B Schematic illus-
tration of parallelly integrating multiple pathways of allosteric-toehold strand dis-
placement. n equals the total number of input strands (all weight strands that

interactwith the nth input strand are labeled n1, n2 throughnm),whilemequals the
number of output pathways (all weight strands that direct to the mth output
pathwayare labeled 1m, 2m throughnm).C Experimental results ofmultiple inputs
being integrated into multiple T-strand/O-strand duplex, simultaneously and
respectively. The digits out of the brackets are experimental values and those in the
brackets are theoretical values. D The box plots display the distribution of relative
errors between experimental and theoretical values for all integration experiments
shown in Fig. 2A, C (n = 3 technical replicates). The center line represents the
median (50th percentile), the box bounds indicate the interquartile range (IQR;
25th to 75th percentiles), and the whiskers extend to the minimum and maximum
data points within 1.5 × IQR from the quartiles. Any values beyond the whiskers are
considered outliers. Here and below, all of the experiments were technically
repeated for three times. [Created in BioRender. Main, T. (2025) https://BioRender.
com/x7x6crx]. Source data are provided as a Source Data file.
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Fig. 3 | Experimental verification of the CALCUL unit. The output value was
calculated from the fluorescence intensity using a standard curve. The dashed line
beside the output curve indicated the theoretical output and its affiliated zone in
light color represents a deviation of ±5%. The digits in red are experimental values
and those in black are theoretical values. In practical applications, the resetting
process for both cis- and trans- CALCUL units is temperature-annealing-based,
while strand displacement reactions are depicted here for clarity. A The output

values of the cis-CALCUL unit in weighted summation and the schematic illustra-
tion and experimental results of reset and recycling of the cis-CALCUL unit. B The
output values of the trans-CALCUL unit in weighted summation and the schematic
illustration and experimental results of reset and recycling of the trans-CALCUL
unit. [Created in BioRender. Main, T. (2025) https://BioRender.com/x7x6crx].
Source data are provided as a Source Data file.
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weighted summation in the field of DNA neural network (A systematic
and comprehensive comparison is provided in Supplementary
Table 27).

The cis-CALCUL units based full-connection and the trans-
CALCUL units based convolution operations
As shown in Fig. 4A, for the full-connection operations based on cis-
CALCUL units, we designed fully connected layers with 2 inputs/2
outputs, 3 inputs/3 outputs and 4 inputs/3 outputs. Experimental
results showed that the cis-CALCUL unit based full-connection net-
work successfully implemented the operations with the computing
accuracy ranging from 96.1% to 99.3% (median 97.7%) and the opera-
tion time was less than 30min. It is worth noting that for full con-
nection operations, the cis-CALCUL unit is more compatible because
full connection system requires assigning separate weights to each
input in different pathways.

We then wanted to utilize our trans-CALCUL units to implement
convolution. The schematic illustration of the convolution operation
with a 2×2 stride 2 kernel by the trans-CALCUL unit was shown in
Fig. 4B. In each calculation, m×n inputs are split into k×k regions of
interest (with the same size as the kernel). Each input cell is repre-
sented by Qij strand, and each kernel cell by a combination of Pij and
P’ij. Element-wise multiplication and summation (the convolution
operation) is performed to give the output cell. In our case, stride s is
identical with the kernel size k, the output matrix size is thus [(n− k)/
s + 1] × [(m− k)/s + 1]. It is worth noting that in the trans-CALCUL unit,
the sequences of the A domains in different P and P’ strand pairs
exhibit diversity, serving to determine the specific positions of the
weights within the convolutional kernel. Meanwhile, the sequences of
the B domains remain identical across all P and P’ strand pairs. This
arrangement allows different convolutional kernels to share the same
weight strands, thereby significantly reducing the number of strands
required for a convolutional operation. For experimental verification,
we designed the trans-CALCUL unit based ConvNet to recognize two
16-pixel (4×4) images depicting parallel lines in opposite directions by
2×2 kernels. The four modules were labeled with the same quencher
(BHQ-2) but with four different fluorophores (FAM, HEX, TAMRA,
ROX), so the four values of the 2×2 output feature map could be
reported individually and simultaneously. We firstly ran the ConvNet
on four standard sets of inputs to obtain four standard curves for all
channels and then on the two images. As shown in Fig. 4B and Sup-
plementary Fig. 24, the four channels all exhibited high linearity
(R2 > 0.99). The system achieved perfect recognition, with the output
feature maps showing high accuracy (95.2–100%; median 96.5%) rela-
tive to theoretical results.

The trans-CALCUL unit based ConvNet for image recognition
To be more convincing, we further used the trans-CALCUL unit based
ConvNet to recognize six 64-pixel (8×8) images depicting digit 8 and 9
by 4×4 kernels (Fig. 5). The output 2×2 featuremapwas further pooled
by summating each of the columns to give 2 outputs indicating the
result for each category. Similarly, the linearities were over 0.99
(Supplementary Fig. 26), the recognitionwas fully correct, and thefinal
output values were highly accurate (90.3% to 99.4%, median 94.7%).
We would like to note that each of the recognition/convolution pro-
cess was implemented within a single tube, without segmenting into
paralleled tubes at all.

Magnetic bead assisted CALCUL units
In the above experiments, we have thoroughly characterized the
CALCUL unit and the DNA neural networks based on it. However, we
must emphasize that if deep DNA neural networks were to be con-
structed exclusively using the current CALCUL units, the interlayer
reactions would remain isolated. Under such conditions, the layer-to-
layer connections would operate through abstract numerical transfers

rather than physical DNA strand, which to some extent weakened its
practicability. Therefore, wewould like to further improve theCALCUL
unit so that the output strands enter into the downstream layer and
thereby the whole computing process could be completely imple-
mented by DNA strands. As we know, the inevitable DNA crosstalk and
leakage has long been the restraint of the field; if adding all of the
upstream strands into the downstream layer, the undesired side
reactions would be significant24,25. To overcome this, we introduced
magnetic bead to “purify” the upstream strands and only allow the
effective output strands to enter into the downstream layer, and by
doing this, we have further extended the capability of the CAL-
CUL units.

The first improvement was the incorporation of the cis-CALCUL
unit and trans-CALCUL unit based ReLU module, which made our
CALCUL unit more compatible for building neural networks. For the
cis-CALCUL unit based ReLU module was shown in Fig. 6A, in the
upstreamCALCULunit, the input P-strandhad four domains: domainA
andBwere for allosteric toehold reaction, domainManddomainblock
were for ReLU. The O-strand was labeled with a biotin instead of a
quenching group, and the T-strand was extended with an extra K*
domain while the T’-strand remained unchanged. After weighted
summation, magnetic beads coated with streptavidin were added and
the magnetic field was applied. Consequently, the biotin labeled free
O-strand, OWT triplex and OQ’T’ triplex would be absorbed onto the
magnetic bead and isolated from the solution. The supernatant com-
prising of PQT triplex and PQ’T’ triplexwas then transferred to another
tube (Box 1), and the amount of PQT triplexwas denoted as x. Then, Tr-
strand and TrPDR triplex were added. The Tr-strand contained a
domain K that was fully complementary to the domain K* of PQT tri-
plex. The PN-strand was the input strand of the downstream CALCUL
unit and the R-strand was labeled with a biotin. Since Tr-strand and
TrPDR triplex contained the domain K, they both can hybridize with
PQT triplex. However, the Tr-strand hadmuch higher reaction priority
with PQT because it was free and fully exposed whereas the domain K
within TrPDR triplex was relatively blocked. Therefore, the PQT triplex
would firstly bind to Tr-strand and produced PQTTr quadruplex. The
amount of free Tr-strand added was denoted as b, and we could
deduce that the amount of residual free PQT triplex was x-b. Then, the
residual PQT triplex would react with the TrPDR triplex and produce
identical amount (x-b) of PDR duplex. Overall, after reaction, the sys-
tem consisted of PQTTr quadruplex, PQ’T’ triplex, excess TrPDR tri-
plex and PDR duplex of amount x-b (Box 2). Then, the magnetic
separation was applied and the supernatant was discarded. After
resuspending the precipitate, the system contained excess TrPDR tri-
plex and IDR duplex of amount x-b (Box 3). The last step was adding c-
R-strand that was fully complementary to the R-strand and applied
magnetic separation. Finally, the supernatant was transferred to
another tube (Box 4) and the solution consisted of TrPD duplex and
free ID-strand of amount x-b. Since the TrPD duplex was inert for
downstream CALCUL unit, the final output of the upstream CALCUL
unit was PN-strand of amount x-b, and the concentration of PN-strand
was a×(x-b), where a was the dilution factor determined by the final
solution volume. Overall, throughout the above process, we have
achieved a ReLU module with the following expression:

y =
aðx � bÞ, if x >b

0 , if x ≤b

�
ð1Þ

The ReLU and subtraction operations are considerably simpler
when implemented with the magnetic bead-assisted trans-CALCUL
unit than with the cis-CALCUL unit, due to the omission of the OT’
duplex. As shown in Fig. 6C, similarly, the O-strand and P’-strand are
labeled with biotin instead of quenching group, and the T-strand is
extended with an additional K* domain. The subsequent reaction
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principle and magnetic separation operation are consistent with the
ReLU based on the cis-CALCUL unit, and finally, the ReLU module
based on the trans-CALCUL unit can also be constructed.

For experimental verification, we implemented the weighted
summation operation on 4 standard sets of inputs/weights to obtain
the standard curve and 1 testing set of inputs/weights. For the cis-
CALCUL unit based ReLUmodule the constant b in the ReLUwas set at

0.2 by controlling the amount of Tr-strand. As shown in Fig. 6B, the
standard curve demonstrated high linearity (R2 = 0.9977), and the
computing result closely matched the theoretical value, with an
accuracy of 98.9%. For the trans-CALCUL unit based ReLUmodule was
shown in Fig. 6D, the constant b in the ReLU was set at 0.3 by con-
trolling the amount of Tr-strand. The standard curve demonstrated
high linearity (R2 = 0.9903), and the computed results closelymatched
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the theoretical values, with accuracies of 96.2% and 99.4%. The com-
puting results for both modes collectively demonstrate the feasibility
and accuracy of incorporating a magnetic bead-assisted ReLU into the
CALCUL unit.

The second improvement was the introduction of negative
weights. The subtraction operation principle based on cis- and trans-
CALCULmodes is the same. For the convenience of expression, IWT is
uniformly used to represent PQT triplex in the cis-CALCUL mode and

Fig. 4 | The cis-CALCULunits based full-connection and the trans-CALCULunits
based convolution operations. The output value was calculated from the fluor-
escence intensity using a standard curve. The dashed line beside the output curve
indicated the theoretical output and its affiliated zone in light color represents a
deviation of ±5%. A Schematic illustration and experimental results of the full-
connection operations by the cis-CALCUL unit. The digits out of the brackets are
experimental values and those in the brackets are theoretical values. B Schematic
illustration of the convolution operation based on the trans-CALCUL unit. The

convolution operation uses an equal stride design (s = k) for an i × j input matrix.
According to discrete convolution principles, the number of weighted summation
operations (n) satisfies: n = ((i + 1)/k)×((j + 1)/k), (where k is the kernel width). C The
experimental results of recognition of 16-pixel color images depicting parallel lines
in different directions by the trans-CALCUL unit based ConvNet displayed in the
lower half. Results are shown as mean ± SD with overlaid scatter plots of individual
technical replicates (n = 3) [Created in BioRender. Main, T. (2025) https://
BioRender.com/x7x6crx]. Source data are provided as a Source Data file.
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Fig. 5 | The trans-CALCUL unit basedConvNet for image recognition. Schematic
illustration and experimental results of recognition of 64-pixel color images
depicting digit 8 or 9 by the trans-CALCUL unit based ConvNet. The digits in blue
and green are experimental output values and those in black are theoretical values.
Results are shown as mean± SD with overlaid scatter plots of individual technical

replicates (n = 3). Throughout this study, two-digit numbers enclosed in circles
represent the fractional part of input values (i.e., the first two decimal places),
whereas standalone single-digit numbers specifically denote integers (0 or 1).
Source data are provided as a Source Data file.
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QPT triplex in the trans-CALCUL mode, and IWNTN is uniformly used
to represent PQNTN triplex in the cis-CALCUR mode and QPNTN tri-
plex in the trans-CALCUL mode.

As was shown in Fig. 7A, the inputs multiplied by positive weights
would be integrated into T-strand/O-strand duplex by the weight
strands, producing IWT triplex and biotinylated O-strand, whereas the
inputs multiplied by negative weights would be into TN-strand/O-

strand duplex by WN-strand, producing IWNTN triplex and biotiny-
latedO-strand. It wasworth noting that theT-strandwas extendedwith
overhang T+ domain and S+ domain, and the TN-strand was also
extended with overhang T- domain and S- domain. After adding mag-
netic bead and applyingmagnetic field, the supernatant comprising of
IWT triplex and IWNTN triplex was transferred to the downstream
tube, wherein the overhang 10-nt T- domain of IWNTN triplex and the
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overhang 6-nt T+ domain of IWT triplex would cooperatively lead the
two triplexes to hybridize with U+-strand/U--strand duplex, producing
IWTU+ quadruplex and IWNTNU- quadruplex. According the sequence
design, unless united, IWT triplex or IWNTN triplex alone could not
stably bind to the U+U- duplex. Therefore, the U+U- duplex served as an
annihilator (Supplementary Fig. 1C, 3), consuming IWT triplex by the
amount of IWNTN triplex, which, in all, presented as subtracting
IWNTN from IWT (Fig. 7B and Supplementary Fig. 27A). Finally, the
biotinylated U+-strand and U--strand would isolate the IWTU+ quad-
ruplex and IWNTNU- quadruplex from the system and leave free IWT
triplex, as thefinal output, to enter into the downstream layer.We then
implemented the above weighted summation and subtraction opera-
tions on 4 standard sets of inputs/weights to obtain the standard curve
and 2 testing sets of inputs/weights. As shown in Fig. 7C, Supplemen-
tary Figs. 27B, 28, the standard curves for both CALCUL modes
exhibited high linearity (0.9999 and 0.9937), and the accuracies of the
computing results were favorable (99.3% and 98.8% for cis-CALCUL;
97.0% and 95.0% for trans-CALCUL). Notably, the use of negative
weights expanded the available weight range to −1 ≤w ≤ 1. While the
weighted summation result could be negative, such negative values
have limited utility in multi-layer networks, as they would not be pro-
pagated through the subsequent ReLU process (Y =X for X ≥b; Y = 0
for X < b).

Magnetic bead assisted CALCUL unit based deep DNA neural
networks
Having demonstrated the functionality and accuracy ofmagnetic bead
assisted CALCUL unit, we next wanted to cascade the units to further
build deep DNA neural networks. As shown in Fig. 7D, we firstly cas-
cade two convolutional layers: the 16 inputs in a 4×4 pattern were
convolved by a 2×2 kernel and activated by ReLU to produce a 2×2
feature map. The feature map was then convolved by a 2×2 kernel
containing 2 positive weights and 2 negative weights and then sub-
tracted to produce the final output. We ran the ConvNet on 3 standard
sets of inputs/kernels to obtain the standard curve and 2 testing sets of
inputs/kernels. As was shown in Fig. 7D, Supplementary Figs. 29, 30,
the linearity of the standard curves of twoCALCULmodeswere 0.9928
and 0.9980. The computing accuracies were 88.8% and 91.4% for the
cis-CALCUL, while 95.6% and 100% for the trans-CALCUL, demon-
strating the cascading potential of magnetic bead assisted
CALCUL units.

Finally, we built another deep DNA neural network to recognize
and classify 144-pixel color images in the 12×12 pattern. As shown in
Fig. 7E, the network consisted of a trans-CALCUL based convolution
layer with 3×3 kernel and trans-ReLU, a trans-CALCUL based con-
volution layer with 2×2 kernel and cis-ReLU and one cis-CALCUL based
fully connected layer with 4 inputs/2 outputs. This network is con-
structed on the subset of extended MNIST (EMNIST26) dataset, classi-
fying handwritten letters A and B (Supplementary Fig. 31). At last, we
used the CALCUL based deep neural network to recognize 12 144-pixel
images depicting either “A’ or “B”. Experimental results in Fig. 7E
showed that our ConvNet classified all the tested color images with
100% correctness, exhibiting the feasibility and accuracy of building
CALCUL based deep DNA neural network.

We explicitly recognize that our design of setting the stride length
equal to the convolutional kernel width imposes inherent limitations
on DNA-based neural network operations. Unlike electronic convolu-
tional neural networks, where adjustable stride lengths enhancemodel
flexibility and performance, DNA-based implementations face funda-
mental biochemical constraints. These limitations necessitate careful
optimization of reaction complexity, DNA strand design, and struc-
tural stability to ensure reliable computation. Currently, achieving
freely stride lengths in DNA neural networks remains a significant
technical challenge. After thorough evaluation, we adopted a fixed
stride-kernel equivalence to guarantee complete input coverage,
which is a strategy aligned with prior work on DNA convolutional
neural networks21. While this approach simplifies system design and
improves operational robustness, it embodies a deliberate trade-off
between DNA reaction complexity and convolutional computing cap-
ability. We also would like to admit that although we have successfully
cascaded the CALCUL units to implement deep neural network, the
magnetic bead based cascading strategy is cumbersome and time
consuming, and we anticipate that the microfluidic based devices,
which are more convenient and autonomous, may significantly facil-
itate our computing system.

We have developed a DNA computing unit for weighted summa-
tion, whose inputs, weights and output are all continuous and accurate
values. Both the cis- and trans- CALCUL units demonstrated high
accuracy (≥94.7%) in weighted summation of up to 8 inputs within
40min, and their computing accuracy remained above 90.7% after one
round of reset and re-run. By scaling up and paralleling the weighted
summations, we implemented the cis-CALCUL unit based full con-
nection and the trans-CALCUL unit based convolution operations with
the computing accuracies of over 96.1% and 95.2%, respectively. Using
the trans-CALCUL unit based ConvNet, we recognized six 64-pixel
(8×8) images depicting digit 8 and 9 by 4×4 kernels, the recognition
was fully correct, and the final output values were highly accurate
(90.3–99.4%,median 94.7%). Furthermore, by usingmagnetic beads to
“purify” the system, we could cascade multiple layers and implement
the whole computing process completely by DNA strands. Weighted
summation followed by ReLU activation, weighted summation fol-
lowed by subtraction and deep neural networks consisting of two
convolutional layers and one fully-connected layer were built, all of
which showed exceedingly high accuracy in computing and image
recognition.

To preserve experimental simplicity, we implemented a minim-
alist deep network incorporating all essential convolutional neural
network (CNN) functionalities. Our letter/digit recognition networks
employed only 23 and 16 parameters respectively - orders of magni-
tude smaller than conventional EMNIST-performing CNNs requiring
thousands of parameters. Crucially, this study focuses not on recog-
nition accuracy (sub-30-parameter CNNs inherently underperform),
but on verifying our chemical system’s capacity to replicate in silico
predictions. Through multi-experiment validation on model-
discernible samples (e.g., digits 8/9, letters A/B), we demonstrate
precise biomolecular emulation of computational outcomes.

Overall, our established CALCUL unit integrates multiple
advantages including concision, high speed, accuracy, and

Fig. 6 | Magnetic bead assisted CALCUL units. The output value was calculated
from the fluorescence intensity using a standard curve. The dashed line beside the
output curve indicated the theoretical output and its affiliated zone in light color
represents a deviation of ±5%. The digits in red are experimental output values and
those in black are theoretical values. A Schematic illustration of the cis-CALCUL
unit based ReLU module with a bias of “b”. B Schematic illustration and experi-
mental verification of attaching the cis-CALCUL unit based ReLU to a weighted
summation operation with 4 inputs. The right panel shows the fluorescence results
from the 4 standard groupsused to generate the standard curve, and the converted

output value for the experimental group as determined by this curve. C Schematic
illustration of the trans-CALCUL unit based ReLU module with a bias of “b”.
D Schematic illustration and experimental verification of attaching the trans-
CALCUL unit based biased ReLU to a weighted summation operation with 5 inputs.
The right panel shows the fluorescence results from the 4 standard groups used to
generate the standard curve, and the converted output value for the experimental
group as determined by this curve. [Created in BioRender. Main, T. (2025) https://
BioRender.com/x7x6crx]. Source data are provided as a Source Data file.
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Fig. 7 | Magnetic bead assisted negative-weight subtraction operation and the
CALCULunit baseddeepDNAneural networks.The digits out of the brackets are
experimental values and those in the brackets are theoretical values. A Schematic
illustration of the magnetic bead assisted CALCUL unit based negative-weight
subtraction operation. The U+U- duplex annihilator is introduced to implement
subtraction. B Experimental verification of the subtraction operation alone.
C Schematic illustrations and experimental verification of a weighted summation
operations of 8 inputs/weights by the cis-CALCUL units and trans-CALCUL units,

wherein4weights are negative values. Thedigits inorangeare experimental output
values and those in black are theoretical values. D Schematic illustrations and
experimental verification of a two-layer convolutional network based on magnetic
bead assisted cis-CALCUL units and trans-CALCUL units. The network consists of
both ReLU module and negative weights. E Schematic illustration of the magnetic
bead assisted CALCUL unit based deep DNA neural network in recognizing color
images depicting handwritten letters. The network consists of two convolutional
layers and one fully-connected layer. Source data are provided as a SourceData file.
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scalability, positioning it as a powerful computing unit for
weighted summation. Based on this unit, we have developed an
analog convolutional and fully-connected DNA neural network.
These systems fully embody the key characteristics of DNA
computing—such as intrinsic parallelism, molecular-level analog
operation, noise tolerance, and biocompatibility—which endow
them with exceptional capability in information processing tasks
like pattern recognition. These features not only demonstrate the
potential of DNA-based architectures as a robust framework for
molecular intelligence but also highlight their promising transla-
tional value in clinical settings. We believe that the CALCUL unit
and the deep neural networks built upon it will advance molecular
computing systems and hold strong potential for biomedical
applications including molecular diagnostics, gene expression
profiling, and precision medicine16,22,27–33.

Methods
Sequence design
The detailed structural design of the strands and complexes used in
this work was illustrated in Supplementary Figs. 1–3, and their
sequences were shown in Supplementary Tables 4–26. To reduce
synthesis errors, no more than four consecutive ‘A’s or ‘T’s (excluding
poly A used for connecting biotin) and nomore than three consecutive
“C“s were designed. The CG% was set to approximately 40% to ensure
appropriate melting temperatures. DNA strands used in the same
reaction do not contain obvious secondary structures and undesired
crosstalks at 37 °C. The sequence design was verified by NUPACK34 to
confirm their binding energy and specificity.

Beyond NUPACK simulations, the designed DNA strands were
experimentally screened using multiplication operations per-
formed in both cis and trans configurations of the CALCUL unit
(see Supplementary Figs. 36–39 and Supplementary
Tables 124–135). Based on quantitative fluorescence measure-
ments, candidate strand groups with fluorescence signals within
±5% of the median value were selected. Experimental groups
falling outside this range were excluded.

DNA oligonucleotide synthesis
Based on the design, unlabeled oligonucleotides purified by high
affinity purification (HAP) and labeled oligonucleotides purified by
high-performance liquid chromatography (HPLC) were provided by
Sangon Biotech and usedwithout further purification. All strands were
shipped lyophilized and resuspended at 20μM in 1×Tris-EDTA buffer,
and stored at 4 °C for further use.

Annealing protocol and buffer condition
The buffer used in all the experiments was 1×ThermoPol reaction
buffer with 2mM Mg2+ at pH 8.8 (New England Biolabs). All DNA
strands were added to the target concentration according to experi-
mental setting and mixed in 1× buffer solution. The strands were
annealed by heating to 85 °C for 10min, cooling to 65 °C, 55 °C and
45 °C at a rate of 4 °C per second, holding for 1min at each tempera-
ture, repeating this entire cycle twice, and finally cooling to 37 °C.

Detailed experimental procedures
Single-layer computation experiments. Premixes of inputs, weights
andmoduleswerefirstprepared inaccordancewith the computational
design. The solutions were then combined, subjected to an annealing
procedure, andfinally placed into a qPCRmachine for data acquisition.
Comprehensive details of the experimental configurations are sys-
tematically provided in Supplementary Tables 28–82.

Reset and recycling of the CALCUL units. Upon completion of a
computational cycle, an equimolar amount of complementary strands
relative to the weight strands was introduced into the reaction

mixture. After annealing, the CALCUL unit was reset to its initial state.
The premix weights solution was then reintroduced, and the system
underwent another annealing process prior to fluorescence detection.
A detailed description of the experimental setups can be found in
Supplementary Tables 52–55, 65–68.

Multi-layer computation experiments. In multi-layer DNA neural
networks, to facilitate the use of upstream DNA outputs as inputs for
downstream layers, streptavidin-coated magnetic beads were
employed to purify upstream DNA strands via affinity-based capture.
The hierarchical interconnection protocol consists of the follow-
ing steps:
(1) weighted summation;
(2) introduction of magnetic beads and incubation;
(3) collection of the supernatant for activation function;
(4) a second bead-based purification to isolate DNA inputs for

downstream processing.

Detailed experimental procedures are systematically provided in
Supplementary Fig. 40, Supplementary Tables 83–123.

Fluorescence acquisition
The output signal value were recorded by QuantReady K9600 qPCR
machine and LineGene4800 qPCR machine at 37 °C with the fluores-
cence intensitymeasured. Four Fluorophore-Quencher pair wereused:
FAM (excitation 494 nm, emission 518 nm) - BHQ1 (quenching range
480–580 nm), HEX (excitation 535 nm, emission 556nm) - BHQ1
(quenching range 480–580 nm), ROX (excitation 585 nm, emission
605 nm) - BHQ2 (quenching range 550–640 nm) and TAMRA (excita-
tion 565 nm, emission 580 nm) - BHQ2 (quenching range
550–640 nm).

Considering efficiency (rapid computation completion), con-
sistency (synchronized termination across replicates), and operational
feasibility, we evaluated fluorescence signals at 10-min intervals for
plateau verification. The termination criteria were applied as follows:
1) For all curves, calculate the fluorescence increase magnitude

during the 5-minwindowpreceding each check timepoint. If none
exceed 1% growth, the experiment terminates.

2) In a set of experiments, if any curve fails to meet Criterion (1), the
experiment will be reassessed after 10min using the same stan-
dard. This iterative process is repeated until all curves satisfy the
1% threshold to determine a unified experimental
termination time.

We also would like to note that in our experiment, we indeed
observed some high-fluorescence curves (e.g., the full-connection
operation with 4 inputs/3 outputs shown in Fig. 4A) continuing to
exhibit exceptionally slow signal increases even after meeting the
aforementioned experimental termination criteria. This phenomenon
is likely caused by slowed reaction kinetics near thermodynamic
equilibrium. Importantly, this behavior occurred synchronously in
high-fluorescence standard curves. Since we convert fluorescence
signals to computational results based on standard curves, the
observed effect does not significantly impact the accuracy of CALCUL
units. Experimental results confirm this conclusion (shown in Supple-
mentary Figs. 32–35).

Statistics and reproducibility
Fluorescent signal data were exported from the qPCR instrument and
analyzed using ORIGIN software. Quantitative outputs were derived
from fluorescence signals using a pre-calibrated standard curve. For
each weighted summation experiment, a standard curve was con-
structedbyprocessing aminimumof three input/weight combinations
designed to yield a gradient of output signals, under the same reaction
conditions as the experimental samples. A scatter plot was generated
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with fluorescence intensity on the y-axis and the theoretical weighted
summation value on the x-axis for these standards. The standard curve
was then generated by performing linear regression (requiring
R² > 0.99) on these data points. The equation derived from this
regression was applied to convert the fluorescence intensity of
experimental samples into quantitative output values. No statistical
methodwas used to predetermine sample size. No data were excluded
from the analyses. The experiments were not randomized, and the
investigators were not blinded to allocation during experiments and
outcome assessment. All data generated in this study are provided in
the Source Data file.

Streptavidin coated magnetic beads
The streptavidin coated magnetic beads were provided by Beaver
Biosciences Inc, with a diameter of 300 nm. In the experiment, the
concentration of magnetic beads was set at 6.7mg per μmol of bioti-
nylated DNA, and they were incubated with shaking at 37 °C for 2 h,
and magnetic separation was performed using a magnetic separator
provided by Beaver Biosciences Inc. Notably, a conservative bead
concentration (3× the recommended amount) was intentionally used
to minimize incubation time. The cost can be further reduced by
decreasing bead usage and extending incubation time without com-
promising separation efficiency.

Training and testing neural networks
We trained the multilayered convolution and full-connection network
for image classification task among 4 categories of symbols: hand-
written digits 8, 9 and handwritten English letters A and B. The Arabic
numerals are from the corresponding subset of Modified National
Institute of Standards and Technology (MNIST26) dataset, and English
alphabets from the extended MNIST (EMNIST35) dataset.

Since the original image is 28×28 inboth of the dataset, we resized
them with bilinear interpolation to 8×8 (for 8 and 9) and 12×12 (for
letter A and B). Since the total parameter counts are rather small (a
total of 18 for convolution layer distinguishing 8 and 9, and 21 for
distinguishing A and B), the size of each training subset in the MNIST/
EMNIST is sufficient to saturate network performance (about 4000
images per category in the training subset). The testing set is the
subset of the MNIST/EMNIST test set and contains about 800 images
per category. These input cells are continuous floating point values
between [0, 1].

The classification of 8 and 9 is achieved by a simple convolution
operation followed by summation of columns before soft-max. The
weight table is shown as below:

w=

0:57 0:25 0:11 0:09

0:03 0:09 0:18 0:07

0:37 0:07 0:07 0

0 0 0 1

2
6664

3
7775

The network shown in Fig. 7E consists of 4 layers. Since the inputs
of each layer is constrained within [0, 1], we scaled the output by a
factor before entering the next layer of network.

A=
ReLUðI*KA � bAÞPP

KA � bA
ð2Þ

B=
ReLUðA*KB � bBÞPP

KB � bB
ð3Þ

C =ReLUðWCB� bCÞ ð4Þ

D=WDC � bD ð5Þ

We ensured KA,KB,WC ,WD,bA,bB,bC ,bD and C to be within [0,
1].KB is a 2×2 convolution kernel with stride 2. For the image in the 8×8
pattern, KA is of size 2×2 with stride of 2. For the image in the 12×12
pattern, KA is of size 3×3 with stride of 3. We reduce the number of the
fully connected layer in the classification task between letter A and B.

E =WEB ð6Þ

Since the direct outputD or E are not necessarily between 0 and 1,
we apply the softmax function before the training loss, after multi-
plying back the scaling factor that we have divided previously.

y1, 2 =
XX

KA � bA

� � XX
KB � bB

� �
D ð7Þ

Or in the case of classification of English letters,

y1, 2 =
XX

KA � bA

� � XX
KB � bB

� �
E ð8Þ

bpi =
exp yi

exp y1 + exp y2
ð9Þ

We use the sparse categorical cross-entropy loss function

L=
1
N

XN
i

pi log bpi + ð1� piÞ logð1� bpiÞ ð10Þ

The training is performed on PyTorch36 platform, learning rate is
set to be 0.0001 with stochastic gradient descent (SGD) with a weight
decay of 0.0001 and a momentum of 0.5. The network is trained for
100k iterations, and after each iteration, the weights and biases are
clamped within [0, 1]. The weight matrices are initialized by Gaussian
distribution with a mean of 0.5 and a standard deviation of 0.15. The
performance of the network on the training and testing set is similar,
indicating no significant overfitting. All the parameters are provided in
the figures (Figs. 5 and 7).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All the data supporting the findings of this study are available in the
Source Data file. Source data are provided with this paper.

Code availability
The source code for this study is available at the GitHub repository:
https://github.com/yang-z-03/dnaconv. A permanent, archived ver-
sion is also hosted on Mendeley Data37 with the https://doi.org/10.
17632/45vsfrghdr.1. All training result and parameters is demonstrated
in the figures, and all testing and experimental accuracies are shown in
Supplementary Information.
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