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Abstract

Computational resources required for solving NP-complete problems grow exponentially with a polynomial increase
in problem size. This exponentially increasing computational resource is runtime for sequential electronic computers
and space for massively parallel DNA computing. Here, we report the proof of concept of a computer, whose
operation consists in the exploration by motile bacteria of a microfluidic network encoding an algorithm for solving
the Subset Sum Problem (SSP)—a classic NP-complete problem. Significantly, this computer performs operations
combinatorially, via natural multiplication of bacteria operating as biological CPUs, translating into the continuous
amplification of computational power, which grows seamlessly to match the problem size. A scaling analysis identifies
the point where biocomputing with multiplying bacteria is expected to outperform electronic computers. The
combinatorial, design-driven low error operation, low energy requirement for computing, and exponentially growing
computational resources suggest that bacterial-driven biocomputation using microfluidic networks holds the potential

to scale up successfully.

Introduction

Combinatorial mathematical problems, such as Non-
deterministic Polynomial (NP)- complete problems, are
crucial to myriad different and important applications,
from information management', cryptography®, and
microelectronics®, to molecular biology”. For these pro-
blems, the number of operations grows exponentially with
a polynomial increase in the size of the problem.

Electronic computers remain the fastest and most pre-
cise hardware for computation®, but they process opera-
tions largely sequentially. For combinatorial problems,
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this means that the required computing time grows
exponentially with problem size, eventually making such
problems intractable® for solid state-based computation.
For DNA computing’ and biocomputing with agents in
networks® the exponentially increasing computational
resource is DNA mass, and the volume of the microfluidic
network, respectively.

Fundamentally, the computing approaches listed above
address the exponential increase of the solution space
with the size of combinatorial problems by using a phy-
sical quantity that also grows exponentially with the size
of the problem, and by attempting to make this expo-
nential increase technologically tolerable. In Moore’s
words, “No physical quantity can continue to change
exponentially forever. Your job is delaying forever.”” A
more detailed discussion regarding computational diffi-
culties when solving NP-complete problems is presented
in SI-1.1.
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The Subset Sum Problem (SSP), an NP-complete pro-
blem, was proposed to be solved by network-based bio-
computing'®'*. The network-based computing, which
capitalizes on the straightforward representation of NP-
complete problems as graphs, proposes to solve combi-
natorial problems in three conceptual steps'*: (i) encoding
an algorithm for solving the problem of interest in a
graph; (ii) translation of this abstract graph into a design
of a physical network, followed by its fabrication; and (iii)
actual computation, consisting in the exploration of this
network, in a massively paralle] manner, by a very large
number of microscopic motile agents. Implementations of
this approach consisted of using self-propelled cytoske-
letal filaments, i.e., actin filaments or microtubules, as
computational agents exploring a microfluidic network
functionalized with complementary molecular motors,
i.e., myosin or kinesin, respectively®, or photons'®. The
major drawback of this approach is that the process is
bottlenecked by the sequential ‘booting’ of the computer,
thus still leading to an overall computing time scaling
inadequately for instances of large problems.

Here, we report a proof of concept of a computing
device based on the bacterial exploration of a network
encoding the Subset Sum Problem. Aside from being
robust and offering multiple optimization paths of the
device and its operation, bacteria have the innate ability to
divide. Bacterial division, while exploring the computa-
tional network, is equivalent to the multiplication of
CPUs, thus amplifying the computational parallelism
during data processing. We also present advances in the
design and operation of the computer, perspectives, and
possible paths for future developments.

Results and discussion
Network computing of the Subset Sum Problem using
bacteria
Design and operation principles of a network encoding the
Subset Sum Problem

The SUBSET SUM Problem (SSP) is one of the first
reported NP-complete problems', with enduring
importance'®. Importantly, SSP translates other NP-
complete problems'®"’, for instance, Number Partition-
ingls, Job Sequencinglg, Steiner Tree?®, Exact Cover?},
and Satisfiability Problem (k-SAT)*?. SI-1 presents a
‘genealogy’ of NP complete problems (SI-1.1, Fig. S5)"7,
and Table S3, SI-1.2 to SI-1.5 provides an explicit example
of translating an SSP instance into another NP-complete
problem (Fig. S1.1a, b). From the operational point of
view, we used SSP as a test NP-complete problem and
bacterial-driven biocomputation devices because SSP
offers a straightforward scalability comparison with prior®
and recent work'?, as well as with DNA computing®. The
importance of SSP for an important application, i.e.,
public-key cryptography?, is detailed in SI-1.6.
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SSP asks whether, given a set S = (sy, S, ..., sy of N
integers, where N represents the cardinality of the pro-
blem, there are subsets of S whose elements add up to a
target integer, T. The number of possible subset combi-
nations expressed as 2™ rises exponentially™. Given its
NP-completeness, no efficient algorithms for solving any
instance of this problem are known”®. Despite various
faster algorithms for SSP*”~*°, to date, none of them could
solve it in polynomial time, and they also require an
exponential increase in memory space with the size of the
problem. Finally, while dynamic programming solves SSP
in pseudo-polynomial time®, it does so at the expense of
an exponential increase in the required physical memory
(SI-1.4 and Fig S1.1A).

Figure 1 illustrates a network encoding of SSP*°, which
is an application of the naive, inclusion-exclusion algo-
rithm'®'!, This implementation has the property that a
path exists between an entrance node and any one of the
several exit nodes if, and only if, there is a subset of ‘S’
whose elements sum up to the node assigned to that
integer sum. This methodology can be also used to
encode, in physical form, a realization of the dynamic
programming method®* for solving SSP (Figs. S1.3 and
S1.1A).

The network presented in Fig. 1 has a triangular design
(Fig. S6), implemented as a planar mapping of a directed
graph, with a single starting point (“Entry” at bottom-left,
Figs. 1b and S6A. The network comprises: (i) Split junc-
tions (Figs. 1c and S6B, left), where computational agents
can change direction with a (preferably) 50%-50% dis-
tribution, (ii) Pass junctions (Figs. 1c and S6B, middle),
where agents ideally cross without change of direction;
and (iii) Join junctions (Figs. 1c and S6B, right), where
traffic lines merge. The addition of an integer ‘n’ to a
subset is represented by turning left at a Split junction and
proceeding to the next (n-1) Pass junctions diagonally
upwards. Skipping this addition of n is represented by
turning right at that Split junction and proceeding hor-
izontally to the next (n-1) Pass junctions. Importantly, in
this design of the network computer, the Exits represent
all possible target solutions, not only for the target integer,
T, as in the original mathematical formulation of SSP. In
an error-free computation, agents will exit only at the
valid solution values (“Exit” at right in Fig. 1b, colored
squares). Finally, to remove erroneous ‘ghost’ traffic, ie.,
agents that did not follow correctly the logic embedded in
the junctions, ‘dirt lanes’ ending in specially designed
traps were placed on the bottom and the left (diagonal)
side (Figs. 1b and S6A(c)).

The computational process must find the correct T
values, that is, to answer the first question (Q1): “Is a valid
solution possible (at T)?”. While providing an answer to Q1
is already solving an NP-complete problem'®, in many
practical cases, it is desirable to also provide the
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Fig. 1 Network design for solving the complexity class 2 SSP
(1,3,4). An example of multiple subset routes for one valid exit is
shown in yellow: the routes (41, 43, +0) and (40, +0, +4) both end
at exit 4. a Overall design. b junction designs. ¢ SEM images of
junctions with bacterial agents in the channels (roofs removed)

composition of all combinations of elements in a subset
which sum up to a specific T value, that is, to answer the
question (Q2): “By which variable assignment(s) is this
solution reached?”. In the special case where every valid
solution can only be reached by one route, i.e., by only one,
unique subset of numbers (unique SSP), we denominate
the associated SSP instance a complexity class 1 (cc 1)
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problem™. In Fig. 1, an instance of the more complex case
is shown, where one or more valid solutions can be reached
by multiple routes, i.e., by more than one combination of
numbers. Such an SSP instance is a complexity class 2 (cc 2)
problem. The construction and operation of the computing
device are detailed in SI-2 and Movie S1.

The manufacturing process® (presented in Materials
and Methods MM-1 to MM-3, Figs. S1 and S2) comprises
(i) fabrication of a negative profile of the microfluidic
computational network in silicon; (ii) preparation of the
network via casting PDMS on this master; (iii) sealing the
oxygen-permeable PDMS cast network on a transparent
substrate, e.g., glass; and (iv) incubation of the computer
with a solution containing bacteria. This approach has
several significant benefits. First, once the agents enter the
network, they are confined until the end of the compu-
tation or, if in error, are guided outside the network.
Compared with previous work® this closed architecture
leads to an inherent reduction in errors, e.g., agent escape,
or worse, parasitic agents ‘joining’ the computation from
surrounding fluids. Second, PDMS permeability to oxygen
allows for the maintenance of the viability of aerobic
bacteria. Third, the PDMS-based replication of the com-
putational network can facilitate multiple experiments,
including running them in parallel.

The lateral dimensions of the computational conduits in
the actual device were dictated by the size of the bacterial
computational agents SI-2.1 and SI-2.2 (Fig. S6), that is,
the required widths and depths of the channels must be
larger than 1pm, i.e., bacterial cell width, to minimize
crowding, but in the same time maintain movement
directionality®®. Devices with these dimensions can be
fabricated, on large areas, by optical photolithography.
Still, because error-free junction operation is essential to
the accuracy of the computation, we employed e-beam
lithography for precise manufacturing at the nm scale
(presented in MM-1 Fig. S2).

Bacteria as computational agents

Bacteria offer certain advantages as computation agents
in network-based biocomputing®®: (i) there is a wide
variety of candidates, with detailed information on velo-
city, flagellar arrangements, sizes, morphology, and divi-
sion rates®” (i) bacteria require low-cost and
straightforward, well-known experimental protocols; (iii)
a wide range of fluorescent tagging and tools for gene
editing for programmable traits are readily available; (iv)
each bacterium is an independent, autonomously motile,
computing unit with an inherent capacity to process; and
importantly, (iv) bacteria divide, thus providing the self-
multiplication of the computing power.

Using these performance criteria, we employed Escher-
ichia coli HCB437 and Vibrio natriegens as motile com-
putation agents described in M2.2 (Table S1). E. coli
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HCB437 (AcheA to AcheZ), a strain studied extensively,
with well-known motility characteristics, including in
microfluidic devices**?’, presents a smooth swimming
phenotype due to a mutation-induced impairment of the
chemo-sensor®. V. natriegens is a more recently studied
species with a high division rate (doubling every 9—12 min
at room temperature)®”. The first stage of revealing the
advantages of bacterial division on computation perfor-
mance consisted of a baseline study focused on slow-
dividing E. coli with negligible chances of multiplication in
the timeframe of solving a chosen problem, followed by
experiments using V. mnatriegens with higher multi-
plication rates during computation.

An SSP network (Figs. 1; S6A) consists of an array of
junctions. The Pass junction is designed to maximize the
proportion of visiting agents maintaining their current
direction of motion, requiring 90° angle intersections
(Figs. S6A, S2.1), making the diversion of bacterial tra-
jectories physically difficult. In contrast, while the optimal
geometry of the Split junctions would be an equal Split of
the directions of the agents after visiting the junctions,
their optimal design was decided by fabrication con-
siderations, that is, by the uniformity of structures
repeating throughout the network, rather than the moti-
lity characteristics of individual bacterial species.

Turning preferences of bacteria, which are species-
speciﬁcgs, can also be influenced by the wall materials>®
and by the network geometry (SI-2.2; Fig. S7). Figure 2a, b
present the bacterial error rates at different junctions.
Further examples of motility patterns, e.g., U-turns,
modulated by channel width and height, are presented in
Fig. S6C and Movie S2. First, the Split junctions (Figs. 2a,
SI-2.2 and S7) induce a near-equal distribution of direc-
tionality, i.e., 50.1% left vs. 49.8% right for E. coli, whereas
V. natriegens presents a sizable directional bias, i.e., 61.1%
left vs. 38.3% right, due to the asymmetry of the mono-
flagellated architecture. Second, both species present low
error rates in Pass junctions (Fig. 2b), i.e., 1.3% for E. coli
and 0.3% for V. natriegens, because of additional con-
finement of the PDMS roof on top of the junctions. The
resilient operation of the split and pass junction is
demonstrated by exploring bacteria (in this case, E. coli
HCB 437) of different sizes and motility profiles through
various case scenarios of junction trajectories. The ability
of bacteria to accommodate adjacent motile bacteria,
explore, and operate without blocking is presented in
Movie S2. All experimental studies used triplicate
experiments.

Readout of computation results
Quantitative and qualitative solutions to SSP using exit
counts and density maps

The readout of the solutions of SSP instances can be
obtained using two methods: exit counting, indicating the
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number of agents arriving at each exit, which responds to
the first SSP question (Q1): “Is a valid solution possible
(at T)?”; and density maps, obtained by adding the pixels
from the motility patterns, which are qualitative repre-
sentations proving answers to both Q1 and a second SSP
question (Q2): A detailed discussion is presented in MM
3, SI-2.3 and Movie S3, SI-2.4 and Movie S4; Fig. S3.

Decoding the SSP solutions from density maps

Our experimental demonstrations of bacteria exploring
an SSP network show that the resulting density map
contains sufficient information to solve both Q1 and Q2,
even without prior knowledge of the employed set.
However, each complexity class requires its own specific
procedure to find the numbers that make the correct
sums. A straightforward inspection of the density maps,
which can be easily automated, will rapidly identify the
SSP complexity class: the number of exits visited correctly
equals 2N for complexity class 1 networks, but it is
smaller for complexity class 2. For complexity class 1, i.e.,
where each path to an exit representing a correct sum is
unique, finding the numbers accruing to a correct sum
consists of finding the junctions where the path is
deflected, and then finding the numbers on the horizontal
axis of the SSP network corresponding to these deflec-
tions. For complexity class 2, ie.,, when more than one
path leads to an exit representing a correct sum, finding
the numbers accruing to a correct sum requires additional
steps. The readout methodologies for both complexity
classes, both easily made automatic, are presented in
detail in SI-2.3 and SI-2.4 for SSP20@4 (Movie S3) and
SSP42@5.

Non-dividing bacterial agents solving Subset Sum
Problems

To explore the fabrication, operational, and readout
limits of network biocomputation in the absence of
multiplication of the agents, we tested the performance of
solving SSP networks with an increasing number of
instances and for both classes of complexity (Figs. 3c and
d; S8-S10). The specifications of these computing net-
works, together with quantitative data calculated from the
long-run experiments, are presented in SI-2.5, Table S4.
This ‘mini-Moore’s Law’ experimental plan, with exam-
ples provided in Figs. S8 and S9, did not reveal any fab-
rication, operational, or readout difficulties. Finally, these
experiments demonstrated that bacteria exhibit lower
error rates in junctions than other biological agents pre-
viously used for solving SSP networks®. Importantly, these
errors are plateauing for larger SSP networks (SI-2.6, Fig.
S10).

The lack of apparent difficulties regarding the fabrica-
tion, operation, and readout for bacteria exploring larger
SSP networks, as well as the previously demonstrated
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Fig. 2 (See legend on next page.)
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(see figure on previous page)

Fig. 2 Bacterial traffic at the network junctions. Description of correct paths in Split (a) and Pass (b) junctions—blue and green arrows represent
the correct paths, and the possible paths are labelled ‘a’ and b’ for Split and for Pass junctions. Any path other than those indicated is forbidden and
leads to computing errors. Middle and right panels. Bacterial distribution, for £. coli and V. natriegens, across Split (top row) and Pass-junctions (bottom
row) visualized as a summation of bacterial trajectories (density maps). The distribution of paths, for E. coli and V. natriegens, for each junction type is
presented as the number of agents that passed successfully through the respective junctions, their selected path at left/right splits, and the number
of agents taking forbidden paths (illegal/U-turns) or discontinuing the computation, e.g., wall-immobilized bacteria. Bacteria solving complexity class
1 () and complexity 2 (d) SSP-encoded networks. The readout methodologies use density maps (left) and bar graphs (right) to process the
trajectories, or the number of exits, respectively, taken by the computational agents (here, E. coli) exploring the SSP-encoded networks. The SSP20@4
with 210 nodes is a complexity class 1 network (c), and SSP42@5 with 903 nodes (d) is a complexity class 2 network. The sets of numbers are (1, 3, 5,
11)and (2,5, 9, 11, 15) for complexity class 1 (a) and complexity class 2 (b), respectively. Exit numbers (indices) located at the right of the respective
networks are marked in red or green for valid and invalid target sums, respectively. The yellow numbers at the base of the density maps correspond
to the number of possible routes for reaching the corresponding exit. Green circles represent active Join junctions, where exits can be reached by
more than one route, i.e, more than one valid subset combination. Bar graphs represent statistical averages of the ratio of agents in each exit to that
of the total number of agents in the network for experimental (dark green and red) and simulated (light green and light red) data. Similarly, with the
colors for exit indices, green represents correct exits, and red represents invalid exits. Solving the problem in the network for each combination of SSP
input was tested at least in triplicate in each case. The total count of agents at the valid exits compared to that of the invalid exits was significantly
different, tested by an unpaired Student’s t-test and the Matt-Whitney satisfiability test (P < 0.001)
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Fig. 3 Bacterial multiplication in a SSP network. a Conceptual representation of the methodology used for quantifying the time-resolved bacterial
division. b Time-resolved quantitative estimation of the relative division factor for V. natriegens at the entry, middle, and exit regions of the SSP
network. The inset represents the division percentage in three different-sized networks with different target sums. ¢ Snapshots of bacterial division in
the SSP network for V. natriegens (i and i) and E. coli HCB437 (iii). Single arrows: Agents before the division; Double arrows: agents at the moment of
cell division, and after dividing

similarity between the motility patterns of E. coli and V.

natriegens®, suggested upgrading the study to the
demonstration of biocomputation in networks with agent
multiplication using V. natriegens. Initial experiments,
presented in detail in SI-2.6, aimed to solve small SSP

instances, i.e., SSP 20@4 and SSP 42@5 (Figs. S10A and
S10B, respectively), using density maps and exit counts.
For these small instances, bacteria did not have significant
opportunities for cell division, thus offering a species-
specific baseline control. The successful computation by
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V. natriegens exploring networks designed for E. coli
suggests that the SSP network designs can accommodate
various bacterial species with similar sizes and small dif-
ferences in motility characteristics (e.g., speed and direc-
tionality bias) (Figs. S8 and S9). Following this benchmark
experiment, all our division studies used V. natriegens,
while a comparison with dividing E. coli was also drawn.

Computation of a combinatorial problem using
multiplying agents

The theoretical concept of network computers using
self-multiplication of computational biological agents was
proposed® and recently compared with the theoretical
performance of DNA and electronic computers*’. As the
number of possible solutions for an NP-complete problem
increases exponentially with the size of the problem, and
if all possible solutions must be visited, the logical con-
clusion is that to find all solutions, the computation will
require an exponential increase in computing resources.
Biocomputing with networks proposes that the compu-
tational resource needed to solve NP-complete problems
encoded in microfluidic networks consists of a massively
large number of motile agents, which perform logical
operations when visiting junctions, similarly to Central
Processing Units (CPUs). Bacteria are known to grow
their numbers in constrained spaces that colonize, even in
sub-micron microfluidic channels*!, which immediately
recommends them, if motile, as exploring computational
agents. Here, we present the experimental proof of con-
cept of a computer whose microfluidic, SSP-encoded
network is explored by bacteria with numbers growing
exponentially during computation time. This approach is
expected to reduce the exponential increase of computing
time with the size of the NP-complete problem up to a
polynomial relationship (an extensive discussion is pre-
sented in SI-3 and SI-4). This computer hardware tech-
nology, in which computing resources naturally grow to
match a given problem size, proposes to ‘defeat’ an
exponential, i.e., the NP-complete problem size, with
another exponential, i.e., the computing resource growing
exponentially during the computation process.

V. natriegens was the chosen computational agent for
our proof-of-concept computer because of (i) its high
division rate®**?; (ii) its straightforward fluorescent tag-
ging and genetic manipulation, e.g., with mCherry
protein-expressing plasmids®®; and (iii) its similarity in
size and motility characteristics (other than the small
directional bias) with E. coli**, thus making it possible to
have a straightforward comparison of network computing
with non- or slow-dividing agents. Importantly for both
species, the division results in both bacterial cells moving
initially in the same direction®, (Movie S5 example 1 and
2, for V. natriegens at pass junctions, example 3 for E. coli
at a split junction).
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Examples of actual instances of agent multiplication in
the network are presented in Fig. 3c and Movie S5. For a
network computer operating with agent multiplication,
the number of agents exiting the network is higher than
the number entering (Fig. S3A and the respective quan-
tification of the agent count at different stages: early, mid,
and late stages of the network, Fig. 3a, b). Intuitively, the
larger the SSP network with widely spaced combinations,
the longer the time spent by the agents traversing the
network, and thus the larger the opportunity for multi-
plication (Fig. 3b). The multiplication of bacteria in the
network was quantified (Figs. 3 and S11) by threshold-
based bacterial counters (SI-M2). The fraction of multi-
plied bacteria in the networks and the multiplication rates
for each network with different sizes and cardinalities for
both E. coli and V. natriegens are presented in Fig. S11.

To further quantify agent multiplication, we introduced
an effective network-level growth rate (y, h™') derived
from entry—exit bacterial counts and residence-time
estimates. The raw counts used for this analysis are
reported in Table S5, while the corresponding effective
growth rates across different SSP network sizes and bac-
terial species are summarized in Table S6. The calculation
follows an exponential growth formalism detailed in SI-
2.7. Across all SSP architectures, V. natriegens con-
sistently exhibits higher effective growth rates than E. coli,
reflecting its faster intrinsic division rate. Smaller SSP
networks show lower effective growth rates due to shorter
bacterial residence times, which limit opportunities for
multiplication, whereas larger networks such as SSP100
provide residence times allowing more cycles of bacterial
division (Table S6). This trend is further supported by the
absolute bacterial counts at the entry and the exits of
SSP100 networks, which show clear exponential amplifi-
cation (Table S5).

The duration of the observation of computation
(around 26 minutes for SSP42@5) offered V. natriegens
ample time for two doubling cycles. Still, this computing
time is not sufficient for the lower rate of division
exhibited by E. coli. Indeed, E. coli, whose maximum
doubling time is approximately 20 minutes at optimal
conditions of 30 °C to 37 °C, and 30 minutes at room
temperature%, showed almost three times lower division
rates than V. natriegens. In a very large network, e.g.,
prime numbers SSP 129@10, each agent would reside for
at least 10 minutes before reaching the exits, leading to at
least one bacterial division cycle, thus drastically
increasing the agent population. Supplementary Materials
and Methods M2 present the details of agent multi-
plication in the network and how a time-resolved quan-
tification of agent division was derived. A discussion on
the multiplication of bacterial ‘CPUs’ is detailed in SI-2.7,
and examples of bacterial division in networks are pre-
sented in Movie S5.
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Operational scaling of biocomputation in networks with
motile agents

The scaling of biocomputation with networks using
motile agents was previously assessed”” from a ‘roadmap’
perspective, including through a comparison with other
computing technologies, such as electronic computing
and DNA computing. The estimation of the energy
required for computation®'***%°, concluded that bio-
computation using networks explored by motile biological
agents will consume orders of magnitude less energy per
operation than solid-state computers. Importantly, bac-
teria exploring microfluidics networks with an excess of
nutrients will operate in a chemotaxis-free environment™,
resulting in a considerably lower energy consumption™®,
While these estimations are encouraging, a conservative
scaling exercise will also consider the operational aspects
of biocomputation in a network with motile agents, such
as the limits of using a very large number of agents, and
resilience against errors, in the context of using bacteria as
self-multiplying pseudo CPUs. Also, from an operational
perspective, the rule for halting the computation leads to
the revisiting of the estimated computing time.

Scaling assessment of the operational limits

The experiments using E. coli (Figs. 2b, ¢, S8 and S9, and
Table S4) and V. natriegens (Fig. S10) demonstrated that
bacteria can solve SSP instances of a series of prime
numbers up to a total sum of 42, corresponding to car-
dinality N="7, without any discernible operational pro-
blems. However, legitimate scaling questions arise
regarding the further operational limits for network bio-
computing related to the use of bacteria as computational
agents (SI-3.2), especially concerning the depletion of the
nutrients in confining spaces, the possible adherence of
bacteria on walls leading to crowding (SI-3.1), and the
multiplication-related filling of the networks towards the
exits. Long-term experiments with bacteria moving in
various microfluidics structures® did not show any
decrease in bacterial viability for many hours, regardless
of the confinement level. Furthermore, for larger micro-
fluidic networks, nutrients can be delivered through a
porous membrane placed on top of the computational
network, e.g., as proposed’® for motility assays using
cytoskeletal filaments.

A more difficult problem could be the parasitic bacterial
adhesion on the walls. Still, a previous study® studying
the motility behavior of E. coli and V. natriegens (and
three other bacterial species) demonstrated that the
hydrophilization of PDMS walls was effective in cancelling
bacterial adhesion. More importantly, this study showed
that, while both E. coli and V. natriegens exhibit a motility
pattern which can be classified as swimming parallel, but
close to the walls, their movement is occasionally that of
“wall escapers”, and not that of “wall accumulators”. This
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motility behavior inherently leads to avoidance of long-
term contact with surfaces. A recent study®* confirmed
this observation on the optimum geometry of the junc-
tions, enforcing a computationally correct and smooth
bacterial movement.

For higher SSP instances, a more fundamental difficulty
arises from the ‘competition’ between (i) agent multi-
plication, which is one of exponentially increasing com-
putational resources, and which accelerates with the
progression of computation, and (ii) the availability of
physical space, which is the other exponentially increasing
computational resource. This competition between the
volume of biological CPUs and the volume of the com-
puter could lead, in principle, to the agent crowding in the
later stages of the network exploration, thus resulting in
computational delays. Indeed, a recent study predicted
that network biocomputing will shift from a polynomial
relationship between problem size and computing time
around cardinality 30 and 15 for SSP series comprising
primary-, and unit- (only 1’s) series, respectively*’. While
this theoretical analysis assumes that bacterial cells have
rigid bodies, thus artificially overestimating crowding, it
also suggests that experimental evidence of the opera-
tional limit of bacterial computing is fully warranted. This
analysis also suggests that crowding occurs earlier in
networks with a higher density of junctions per unit area,
with Pascal’s triangle geometry being the most compact.

Pascal’s triangle is a triangular array, which is equivalent
to an SSP instance comprising only the numbers 1, with
cardinality equal to the number of 1s, e.g, SSP 5@
[1,1,1,1,1]. Interestingly, SSP networks with Pascal’s tri-
angle number series always present unit cells with Split
and Join junctions (SI-3.2, Fig. S12). Conversely, other
series, e.g., the prime numbers, also contain unit cells
without Split and Join junctions, i.e., with a single Pass
junction that can induce erroneous switching of the
direction. Therefore, Pascal’s triangle SSP networks are
essentially error-free and consequently should be used as
a litmus test for the operational capability of bacterial
computing.

Initial tests solved smaller SSP instances, answering
both Q1 and Q2 (Fig.S12), which demonstrated the
operational viability of bacterial computing for networks
with high junction densities. The maximum operational
capability achieved on Pascal’s triangle SSP networks was
N=175 (Fig. 4). While the experiments using Pascal’s
triangle networks are intended to test the operational
limits of bacterial computing solely, it is noteworthy that
for this SSP case instances with up to N=100 could be
solved, answering Q1 (Figs. 4, S13A-S14C), that is, run-
ning a network encoding a problem with 2'° solutions.
The operation scalability and image acquisition for gen-
erating Q1-derived density map solutions are shown in
Movie S6.
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At this experimental stage, none of the anticipated
operational difficulties, i.e., depletion of nutrients, bacterial
adhesion on microfluidic walls, or bacterial crowding in
high densities of junctions and after long computation

- N
Fig. 4 Demonstration of solutions for bacteria exploring Pascal’s
triangle unit series for different networks, i.e., Pascal’s triangle
cardinalities of N =20, N =100, and N = 200. Density maps for the
exits, only for cardinalities of N=20, N= 100, and N = 200. For
Pascal's triangle with cardinalities N =20 and N =100, all the exit
lanes were discerible, based on the density maps representing
bacterial trajectories. However, for Pascal’s triangle with cardinality
N =200, the density map of the exits is visible only until exit #175 (due
to an experimental defect, i.e, non-wetting of a region in the low
downstream network, rather than bacterial crowding). Notes: 1. For
N =200, the density map had to be split into two sections for
presentation purposes only. 2. Pascal’s triangle cardinalities N = 20,
N =100, and N =200, are approximately equivalent to the
cardinalities of prime numbers series, N=6, N=14, and N=18

periods, were observed in Pascal’s triangle networks before
a total sum of S = 175 (equivalent to a cardinality, N, of 18
in SSP for prime numbers) (Fig. 4). Furthermore, while
Pascal’s triangle SSP networks encode a rather incon-
sequential problem, formally the problem is NP-complete.
Fig. S14 shows the cardinalities (N) that were explored for
solutions, by various non-conventional computing
approaches, including recently studied photonics-based
computing for SSP and the theoretical limits of the elec-
tronic computers based on the simulation demonstrated in
this study (Fig. 6). This Figure further puts in perspective
the landscape of progress in non-conventional computing
using SSP as the model NP-complete problem (Fig. S14).

Scaling assessment considering the errors in junctions

We next sought to estimate the ability of the bacterial-
driven computing to scale up, firstly using the present
level of errors measured experimentally and in their
current configuration, i.e., absent any substantial tech-
nological improvements or new problem encodings. For
this purpose, we developed a stochastic spatial Monte
Carlo model of device behavior (fully detailed in SI-3.3,
with results presented in Movie S7, four examples of
network simulations). Using this mathematical model
applied for a given set of numbers making up the SSP
instance, we can run simulations involving large numbers
of agents to obtain statistics on device performance, e.g.,
histograms of the proportion of agents exiting at each exit
node. The simulation also records whether an agent
reached an exit by executing a legal path, or whether it
made a traffic error, reflecting how statistics were gath-
ered from the experimental setup (Fig. 5a).

We specifically simulated the performance of devices
encoding SSP instances experimentally demonstrated for
various values of errors, E, and using the number of agents
from our estimates in SI-2.5, Table S4. Given a value for E,
we can simulate the behavior of larger devices to predict
whether such an error rate would allow devices to scale
successfully, or alternatively, whether the ‘signal’ (correct
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Fig. 5 A stochastic simulation model of the behavior of a biocomputational device supports the experimental results and predicts further
device scalability. a The total exit counts (bottom) in both experiments and the model are generated by an additive combination of agents finding
exits correctly (top) plus erroneous traffic (middle). b Combined exit count histograms from simulations of the model for sets with cardinality 5, 10
and 15, respectively and two representative Pass junction error rates, showing that for large problem sets, keeping junction error rate low is critical,
due to the increasingly large number of agents needed to locate all possible legal exists. ¢ Kolmogorov-Smirnov test - Simulation of SSP cardinality
(x-axis), explorable at a given Pass junction error rate (y-axis) at two different p-values. P-value represents the difference between the distributions of
agents (a) at the exits, exploring correctly (top, green) and agents exploring with errors (bottom, red). This is a global measure of how certain the
biocomputing device can be that it has solved a given SSP instance correctly

0.1

0.01 0.001
Pass junction errors

sums being found) is buried in the ‘noise’ associated with
agents making navigation errors at Pass junctions for SSP
instances with cardinalities from 3 to 20 (SI-3.3, Movie S7
with four network simulations). This is corresponding to a
problem with more than 1 million solutions, which is
larger than any computation by non-electronic means®".
The estimated cardinalities in reach of such biocompu-
tation devices are presented in Fig. 5b, c. For a probability
value of E approximating our experimental results, the
signal can be clearly separated from the ‘noise envelope’
(with statistical certainties higher than 0.95 and 0.99,
respectively) for much larger cardinalities than presently
attempted experimentally. These results suggest that,
notwithstanding several technological challenges®, the
computing devices demonstrated here can successfully
solve problems two to three orders of magnitude larger
than the original demonstration of network-based bio-
computation® and at 1.5 orders of magnitude larger than
demonstrated in this study. Furthermore, the achievable
set cardinality for the two thresholds of P-value of <0.05
and <0.01, respectively (shown on the vertical axis in
Fig. 5¢), indicates that, for a Pass junction error rate of 0.01
(as reported here experimentally), sets with cardinalities of
10 to 15 can be solved, i.e., corresponding to problems with
tens of thousands of solutions. To reliably solve SSP pro-
blems with cardinality 30 (and beyond), essentially error-
free Pass junctions, e.g., E < 0.0001, are needed.

Computing time, volume, and energy, as a function of SSP
cardinality

Various scaling estimations of the computing time by
network-based biocomputing®*****” concluded that the
provision of a large enough number of agents, or better
dividing agents, would eventually outrun fast, yet
sequential electronic computers. The designs of the
network-based biocomputer encoding an algorithm, e.g.,
the naive inclusion-exclusion algorithm®, for solving an
NP-complete problem eliminates the exploration of non-
solutions. Our preliminary experiments, which probed the
operational limits of network computation with dividing
bacteria did not reveal any blockages until cardinality 18
(for prime numbers). However, the use of an exponen-
tially increasing computing resource, i.e., the number of
agents, could eventually lead to the blockage of the
channels.

To evaluate the scaling of the network computation
using biological agents, our experiments were extra-
polated by running stochastic simulations for E. coli and
V. natriegens exploring virtual SSP networks (SI-4, Fig.
S15), using experimentally measured parameters, ie.,
velocity, division rate, directionality and error statistics in
the junctions, and their statistical spread. The simulations
were run for ‘0 volume’ E. coli and V. natriegens for a low
velocity/low division rate, i.e., velocities of 4 um/s, and 7.5
um/s, respectively, and dividing every 30 minutes, and
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Fig. 6 Comparison of the computing time for network-based biocomputation and electronic computers. The network-based computation
was performed with agents with low division rate and low velocities (E. coli, low temperature) and high division rate and medium velocity (V.
natriegens, room temperature), and the benchmarked electronic computers are classical Pentium Pro and high-end AMD Ryzen Threadripper. The
bacterial computer volumes for the points of estimated equal performance of the two versions of bacterial computers (high and low velocity/division
rate) and electronic chips (Pentium Pro/AMD Ryzen Threadripper) are also figured

20 minutes, respectively; and for a high velocity/high
division rate, i.e., velocities of 20 um/s for both species;
and dividing every 20 minutes, and 10 minutes, respec-
tively (the error was conservatively set to 0.1%). The
sequential nature of electronic computers resulted in
stalling the simulations at cardinality 40 (for Pentium Pro
chip). However, regression analysis (R*>0.99) found a
power law relationship between computing time of net-
work computing with bacteria and SSP cardinality (of
prime numbers). Subsequently, the simulated computing
time for ‘O volume’ bacteria was further used to estimate
the actual volume of bacteria and the energy needed for
computation.

To assess the computing time required by solid-state-
based computers, we also ran a ‘brute force’ computation
solving increasingly large SSP instances with prime
numbers, on various generations of computer chips, from
Intel 286 to Pentium®'. Despite using computer resources
more efficiently than previously reported®, the sequential
nature of computing with electronic computers limited
the size of SSP instances that could be solved to around
cardinality 40 (also for Pentium Pro chip). Regression
analysis using the operational parameters of emulated
chips revealed an exponential relationship between com-
puting time and cardinality (R*>0.999), with Million
Instructions Per Second (MIPS, a key performance para-
meter at peak performance) modulating this relationship,

as described elsewhere®. This correlation allowed the
estimation of the computing time needed to solve SSP by
a high-performance chip, i.e, AMD Ryzen Threadripper
3990X (with more than 3 million MIPS).

Figure 6 presents the estimated computing time for V.
natriegens for low velocity/low division rate, and high
velocity/high division rate. Similar relationships for E. coli
are presented in SI-4, Figs. S16 and S17 as a function of
cardinality, as well as those estimated for electronic
computers for solving the prime number series of SSP
with inputs set of different cardinalities, from N=1 to
N =100 (logarithmic scale). This scaling estimation sug-
gests that network-based biocomputing, using V. natrie-
gens as agents, with high velocity and division rate, will
need the same time (few hours) as Pentium Pro, and
AMD Ryzen, for cardinalities of approximately 28, and 38,
respectively. For these intersection points, the bacterial
volume required for solving the respective SSP problems
is 1L, and 1 m® respectively. In the more conservative
scenario, i.e., low velocity and division rate, the intersec-
tion points are located at 45, and 55, respectively, where
the required bacterial volume is 10L, and 10 m>,
respectively (but the computing time is exceedingly long
for all computers considered). Naturally, for ‘harder’ SSP,
i.e., using the series of exponentially increasing numbers,
the computing time for network-based biocomputing will
grow exponentially due to the exponential increase in the
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length of the network (and limited, constant bacterial
velocity).

From the operation point of view, when the increase of
the bacterial volume creates clogged regions due to
insufficient volume of the local microfluidics network, the
computation will switch from fast ‘combinatorial’, to
massively parallel computation. At this point, the
approximately 0.7-N? (equivalent to sum(N) for prime
numbers series) blockages will operate in a “Mother
machine” mode”, equivalent to the slow ‘single file
booting’. In this situation, the bacterial computer will
operate with a ‘clock frequency’ in the range of 20 Hz for
each of its approximately 500 separate ‘cores’, i.e.,
approximately 11 MHz for the intersection of high velo-
city/division rate scenario with Pentium Pro, compared to
its 200 MHz.

Each bacterium will require approximately 2-10°]/
pm, which translates to an energy/operation for each
‘biological CPU’ of 2-107®J/operation (for a distance of
10 um between logical gates, and ten times more for
100 pum). On the electronic computers side, a recent
estimation® of the energy requirements of present CPUs
at 3.9-10" to 1.4- 10! J/operation (Fig. S18). The actual
consumption of energy, both by biological and by elec-
tronic computers, is considerably higher, as, for instance,
E. coli uses only approximately 2% of its energy for
motility. Also, electronic computers need more energy to
operate beyond the actual CPU requirements.

Perspectives

The proof of concept of network-based biocomput-
ing with motile and dividing bacterial agents suggests
that, even in the absence of technological improve-
ments, this computational paradigm is a good candi-
date for further development as an alternative to
sequential electronic computers, which have benefited
from seven decades of advances in hardware and soft-
ware. To reach a higher potential, network-based bio-
computing with motile and dividing agents could also
benefit from improvements, many of which, at the
present level of technology development, were
reviewed recently®>*’,

Microfluidics network

One possible ‘hardware’-based improvement would
replace the static Split- and Pass-junctions with a type of
dynamic junction, which will allow programming the
blockage of the two lanes running alongside the central
crossing, transforming a Split Junction into a Pass Junc-
tion. Consequently, the logic of any SSP series of a given
total size can be programmed, possibly in real-time, and
on a large scale®®. The control of the opening of the
junctions would also allow the implementation of ‘traffic
control’, which could prevent crowding or push it further
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to higher cardinalities. Additionally, while the present
level of errors allows, in principle, finding solutions for
much larger problems than demonstrated here, their
elimination would have considerable benefits, e.g., on the
number of agents, computing and readout time. The
planar Pass Junction could be replaced by 3D, highway-
like junctions, to achieve error-free computing™”.

On a more strategic direction, network-based bio-
computing will require other encoding schemes for other
non-trivial mathematical problems challenging sequential
computers. Also, the mitigation of the exponential
increase of the volume of the dividing agents can be
addressed by channels with increasing depths in areas
where bacterial multiplication reaches high levels, as
proposed elsewhere®’. A more strategic approach is to
translate the microfluidic network from the present planar
geometry to a folded-planes, volume-based architecture.
This new architecture will require, by necessity, micro-
arrayed optical sensors. Finally, microarray digitization
could include local heating/cooling elements to control
the velocity and division rate of bacteria in zones where
crowding reaches dangerous limits.

Agents

Network-based biocomputing would benefit greatly if
each agent would not only perform as a CPU solving
simple operations in logic junctions, but also as a memory
registering these operations ‘on the fly®>°°, Fortunately,
and in contrast to other proposed agents, such as pho-
tons'"'3, or even cytoskeletal filaments®, there is a large
panoply of techniques available for the engineering of
bacteria at the protein, DNA or RNA levels, or by mod-
ification on the cell surface with high-affinity labelling,
including those that can be turned on and off by external
light beams®’, thus making bacteria amenable to record-
ing trajectory history. Finally, a more technologically
achievable improvement consists of finding, or engineer-
ing bacteria with properties leading to a decrease in
crowding, i.e., optimal division rate, but also high velocity,
as demonstrated in the scaling analysis of computing time.
Overall, we demonstrated here the proof of concept of a
biocomputer using the exploration of microfluidic net-
works encoding mathematical problems by self-propelled,
dividing bacteria. Using SSP—a classical NP-complete
problem—as a benchmark test, the estimation of the
computational performance showed that, if sufficiently
scaled up, the network-based biocomputation could
compete with the present electronic computers solving a
non-trivial problem.

Materials and methods
Fabrication of SSP networks

The fabrication of the masters for the PDMS SSP net-
work used e-beam lithography followed by RIE etching. A



Sudalaiyadum Perumal et al. Microsystems & Nanoengineering (2026)12:287

flowchart is presented schematically in Fig. S1, and
detailed information about the fabrication process,
including the replication of the master by PDMS, is pre-
sented in Materials and Methods in supplementary text,
SI MM-1.

Bacterial agents

Two bacterial species were used in this work, namely, E.
coli HCB437 and V. natriegens (with characterization
presented in Table S1). Details regarding bacterial culture
and their use for network-biocomputation experiments
are presented in Materials and Methods in the supple-
mentary text, SI MM-2.

Image acquisition and analysis

All experiments were performed on a PDMS device
mounted on an inverted Olympus IX83 Confocal
microscope, using a Hamamatsu C11440 monochro-
matic digital camera. The MetaMorph® Microscopy
Automation and Image Analysis Software (Molecular
Devices) was used as an interface between the micro-
scope and the computer for image acquisition and
initial screening. Full details regarding image acquisi-
tion and analysis, including the post-processing of
images and bacterial count, and post-processing for
generating density maps, tracking trajectories (Fig. S4,
Table S2), post-processing for quantification of bac-
terial multiplication in the network, is presented in
Materials and Methods in the Supplementary text, SI
MM-3.

Simulation and emulation of bacterial computation vs
electronic computation

The simulation of the SSP device operation was devel-
oped in Scala on the Intelli] IDEA 2018.3.2 development
environment. The simulated data shown in Fig. 6 was
generated on a Lenovo laptop with Microsoft Windows 10
OS and Intel(R) Processor Core i5-7200U CPU @
2.50 GHz (2 Cores, 4 Logical Processors). Full details of
the modelling and simulation are presented in the
Materials and Methods section of the Supplementary text,
SI MM-4.

Error analysis

If an agent is at a junction corresponding to a Pass
junction, it will choose its next junction along its pre-
vious direction of travel (horizontal or diagonal) with
probability 1-E, and it will deviate to the alternative
direction of travel with probability E. If an agent
reaches an exit node, the simulation terminates for that
agent, and the program keeps a record of that exit
having been reached. Full details are presented in
Materials and Methods in the Supplementary text, SI
MM-5.
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