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Abstract—We are quickly reaching an impasse to the number
of transistors that can be squeezed onto a single chip. This has
led to a scramble for new nanotechnologies and the subsequent
emergence of new computing architectures capable of exploiting
these nano-devices. The memristor is a promising More-than-
Moore device because of its unique ability to store and manipulate
data on the same device. In this paper, we propose a flexible
architecture of memristive crossbar networks for computing
Boolean formulas. Our design nullifies the gap between processor
and memory in von Neumann architectures by using the crossbar
both for the storage of data and for performing Boolean com-
putations. We demonstrate the effectiveness of our approach on
practically important computations, including parallel Boolean
matrix multiplication.

I. INTRODUCTION

There has been a continuous growth is our ability to
sense, transmit and record data over the last fifty years.
The annual global Internet traffic will jump from 528 ex-
abytes in 2012 to 1.4 zettabytes in 2017 - this includes
both human-generated and machine-to-machine internet traffic.
Current high-performance computing systems (such as multi-
core CPUs and GPGPUs) are being challenged both by the
volume of the data being produced and by the velocity with
which such data is being generated.

Energy is the key bottleneck in designing future exascale
and zettascale computing systems that can analyze the upcom-
ing deluge of data. The current fastest supercomputing system,
Tianhe-2, absorbs 17,808 Kilowatts of power. An exascale
machine built using similar technology would need about
500 Megawatts of power. Energy in current von Neumann
architectures is spent not only in computing but also in moving
data from the memory unit to the processing unit. In fact,
Horowitz [1] reports that a 32-bit floating-point multiplication
takes only about 4pJ of energy while accessing the memory
is much more expensive - a 1MB cache requires about 100pJ
while DRAM access takes 1.3-2.6nJ. Thus, moving data from
DRAM is about three orders of magnitude more expensive
than performing floating-point computations.

In this paper, we present a new crossbar computing ar-
chitecture that nullifies the barrier between the memory unit
and the processor. Our design enables data to be loaded
onto a memristor crossbar and it permits computing to be
performed on the data without moving it. Thus, our crossbar
computing circuits are suitable for designing energy-efficient
high-performance computing (HPC) systems, and for dynamic

data-driven application systems (DDAS) where the same com-
putation must be performed on dynamically changing data.

The rest of this paper is organized as follows. In Section 2,
we briefly review the related work on memristive computing.
In Section 3, we introduce memristor crossbars and networks
of memristor crossbars. Section 4 summarizes crossbar designs
for computing Boolean formula. Experimental evaluation of
the memristive crossbar designs is discussed in Section 5.
We conclude the paper with a discussion of our results and
opportunities for future work.

II. BACKGROUND AND RELATED WORK

Based on symmetry arguments, the circuit theorist Leon
Chua theorized the existence of a fourth fundamental non-
linear passive two-terminal electrical component. He called the
new device a memory-resistor or a memristor. The memristor
maintains a functional relationship between the charge and the
flux that flows through it. The current-voltage relationship of
the memristor is a pinched hysteresis loop. The resistance of
these More-than-Moore devices can be altered by the flow of
current through them. If no current flows through these devices,
their resistances do not change. Thus, a memristor is both a
switching circuit element and a non-volatile memory device.
Hence, it enables the implementation of both the memory and
computational units on a single device.

Crossbar Inc. and others are employing memristors to
design high-density memory chips capable of storing 1 Ter-
abyte on a single chip [2]. This is possible both because of
the small feature size of nanoscale memristors and the fact
that memristors are passive circuit elements - thereby making
them more energy-efficient. However, high-density memristor
crossbars are not yet being deployed for performing high-
performance computations.

Building upon CMOS logic design principles, memristor
circuits have indeed been designed to perform Boolean com-
putations. Logical operations [3], [4], [5], [6], [7], such as
material implication and universal NAND gates, have been
implemented using switching memristors. It has been widely
suggested that memristor circuits implementing universal log-
ical operations can be used to build Boolean logic and fixed-
width arithmetic operations. However, these designs still focus
on computation and do not address the bottleneck between the
memory and the processing units. In our earlier work [8], we
have presented crossbar designs that counter-intuitively exploit
sneak paths, which are normally seen as a curse in crossbar
computing, for performing Boolean computations.978-1-4799-8200-4/14/$31.00 c©2014 IEEE



Figure 1. The flow of current in a memristor crossbar. Black horizontal lines − represent rows of horizontal nanowires with no current flow while black vertical
lines | indicate columns of vertical nanowires with no flow. A red horizontal line − describes the flow of current along a row while a red vertical line | represents
the flow of current along a column in the memristor crossbar. ’1’ and ’0’ values represent turned-on and turned-off memristors respectively. Sub-figures (1.1)
and (1.2) show how a turned-on memristor transfers a flow of current from a horizontal nanowire to a vertical nanowire. Sub-figures (2.1) and (2.2) indicate
how a turned-on memristor transfers a flow of current from a vertical nanowire to a horizontal nanowire. Turned-off memristors have high resistances and do
not allow current to flow through them. The crossbar on the right shows turned-on memristors colored in green and turned-off memristors colored in black; the
flow of current through the nanowires and the turned-on memristors from the 5V potential source to the ground is indicated in red.

III. MEMRISTOR CROSSBARS

Inspired by the practical problem of designing energy-
efficient high-performance computing systems, we suggest a
new method for computing Boolean formulas using networks
of memristor crossbars. Memristors are often arranged into a
crossbar consisting of a set of horizontal nanowires, a set of
vertical nanowires, and a memristor located at each junction.
Such crossbars have been constructed using both lithographic
and self-assembly methods [9], [10].

Definition 1. A memristor crossbar is a 3-tuple C =
(M,Vr,Vc), where

(i) M =

 M1,1 M1,2 ... M1,n

...
...

. . .
...

Mm,1 Mm,2 ... Mm,n

 is a two-dimensional array

of memristors arranged along m rows of horizontal
nanowires and n columns of vertical nanowires. Here,
Mij ∈ {0, 1} denotes the state of the memristor connect-
ing the horizontal nanowire on row i with the vertical
nanowire on column j. If Mij = 0, the memristor is
turned-off and has a high resistance; if Mij = 1, the
memristor is turned-on and has a low resistance.

(ii) Vr = {Vr1 , . . . , Vrm} is the set of the horizontal nano-
wires in the crossbar. The wire Vri (1 ≤ i ≤ m) provides
the same voltage to the terminal of every memristor
connected to the horizontal nanowire on row i.

(iii) Vc = {Vc1 , . . . , Vcn} is the set of the vertical nanowires
in the crossbar. The wire Vcj (1 ≤ j ≤ n) provides the
same voltage to the terminal of every memristor connected
to the vertical nanowire on column j.

For clarity of presentation, we use the matrix representation
of a memristor crossbar as opposed to the equivalent circuit
representation. See Figure 2 for an illustration.

A fundamental problem that arises in crossbar architectures
is the “sneak path” problem. A sneak path in a nanoscale
memristor crossbar is a path that connects the row- and
column- nanowires of a memristor in high-resistance state,
and whose remaining segments are determined by memristors
in low-resistance states. Sneak paths pose a challenge in the
design of memories [11] using memristor crossbars because

Figure 2. Two equivalent representations of the memristor crossbar C =
(M, {Vr1 , Vr2 , Vr3 , Vr4}, {Vc1 , Vc2 , Vc3 , Vc4}). The left side of the figure
represents the matrix representation of the state of the memristor crossbar. The
corresponding crossbar circuit, where green and black components represent
turned-on and turned-off memristors, is shown on the right.

a high-resistance memristor can be read incorrectly as a low-
resistance memristor if there is a sneak path across the row-
and column- nanowires of this high-resistance memristor. An
example of a flow of current through a crossbar is shown in
Figure 1. In our designs, we exploit such paths through the
crossbar as first-class design primitives and employ them to
perform Boolean computations in crossbar networks.

Definition 2. A crossbar network is an ordered pair T =
(C,E) where

(i) C =

 C1,1 C1,2 ... C1,n

...
...

. . .
...

Cm,1 Cm,2 ... Cm,n

 is an m-by-n matrix of k-by-

l memristor crossbars.

(ii) E is the set of memristors connecting adjacent crossbars
vertically or horizontally. Neighboring crossbars in C are
connected to each other through:

(a) a memristor M i,j,i,j+1
0 that connects the first horizontal

nanowire of crossbars Ci,j and Ci,j+1 in the ith row
of C (1 ≤ i ≤ m and 1 ≤ j ≤ n− 1).

(b) a memristor M i,j,i,j+1
1 that connects the last horizontal

nanowire of crossbars Ci,j and Ci,j+1 in the ith row
of C (1 ≤ i ≤ m and 1 ≤ j ≤ n− 1).

(c) a memristor M i,j,i+1,j
0 that connects the first vertical

nanowire of crossbars Ci,j and Ci+1,j in the jth

column of C (1 ≤ i ≤ m− 1 and 1 ≤ j ≤ n).



(d) a memristor M i,j,i+1,j
1 that connects the last vertical

nanowire of crossbars Ci,j and Ci+1,j in the jth

column of C (1 ≤ i ≤ m− 1 and 1 ≤ j ≤ n).

The set of connecting memristors between horizontal
nanowires is given by Eh = {M i,j,i,j+1

0 ,M i,j,i,j+1
1 |1 ≤

i ≤ m and 1 ≤ j ≤ n − 1}. Similarly, the set of
memristors connecting vertical nanowires is given by
Ev = {M i,j,i+1,j

0 ,M i,j,i+1,j
1 |1 ≤ i ≤ m − 1 and 1 ≤

j ≤ n}. The set of connecting memristors E is given by
Eh ∪ Ev .

Figure 3 illustrates a crossbar network and its shorthand
representation.

Figure 3. Crossbar view (top) and matrix view (bottom) of an m-by-n
network architecture of 4-by-4 crossbars.

IV. COMPUTATION OF BOOLEAN FORMULA

In this section, we present networks of memristor crossbars
that can evaluate Boolean formulas represented using the
Conjunctive Normal Form (CNF) or the Disjunctive Normal
Form (DNF).

A. Computation of CNF Boolean Formula

A conjunctive normal form formula is a Boolean formula
of the form φ = φ(1) ∧ φ(2) ∧ · · · ∧ φ(n), where φ(i) = (φ

(i)
1 ∨

φ
(i)
2 ∨ · · · ∨ φ

(i)
si ) is a disjunction of literals.

Lemma 1. CROSSBAR COMPUTATION OF DISJUNCTIONS: Let
C = (M∨h(φ(i)),Vr,Vc) be a crossbar for computing the

Boolean formula φ(i) = (φ
(i)
1 ∨φ

(i)
2 ∨ · · · ∨φ

(i)
si ), φ(i)

j ∈ {0, 1}
(1 ≤ j ≤ si).

M∨h(φ(i)) =
1 φ

(i)
1 φ

(i)
2 · · · · · · · · · · · · φ

(i)
d√sie

1 φ
(i)
d√sie+1 φ

(i)
d√sie+2 · · · · · · · · · · · · φ

(i)
2d√sie

...
...

...
. . .

. . .
. . .

. . .
...

1 φ
(i)
(b√sic−1)d√sie+1 φ

(i)
(b√sic−1)d√sie+2 · · · φ

(i)
si 0 · · · 0

0 1 1 · · · · · · · · · · · · 1


If a current is injected into the first row Vr1 ∈ Vr and nowhere
else, then the flow of current will reach the last row Vrb√sic+1

∈
Vr if and only if φ(i) is true.

Proof: ( =⇒ ): Suppose Vrb√sic+1
has a flow of current

on it. Since the memristor Mb√sic+1,1 is turned off by con-
struction, the current on the row Vrb√sic+1

was not caused by a
sneak current from the column Vc1 . Thus, it must be the result
of a sneak current from some column Vcβ , 2 ≤ β ≤

⌈√
si
⌉

+1
that has a flow of current on it. It follows that there must be
some memristor Mα,β (1 ≤ α ≤

⌊√
si
⌋
) on column Vcβ that is

turned on. Hence, by our construction, the φ(i)
j corresponding

to Mα,β is true. Since φ(i) = (φ
(i)
1 ∨ φ

(i)
2 ∨ · · · ∨ φ

(i)
si ), φ(i) is

true.

( ⇐= ): Suppose φ(i) is true. Vr1 has a flow of current
injected into it. Then, the turned-on memristor M1,1 generates
a flow of current on the first column Vc1 . From the first column,
the turned-on memristors M2,1, M3,1, . . . , Mb√sic,1 drive a
flow of current along the rows Vr2 , Vr3 , . . . , Vrb√sic . Since

φ(i) is true, there exists some φ(i)
j that is true. Thus, by our

construction of the crossbar, there is some Mα,β (1 ≤ α ≤⌊√
si
⌋
, 2 ≤ β ≤

⌈√
si
⌉

+ 1) that is turned-on. This turned-
on memristor Mα,β drives the current from the row Vrα to
the column Vcβ . Then, the turned-on memristor Mb√sic+1,β

drives the current from Vcβ to Vrb√sic+1
.

Using symmetric arguments, one can argue that the cross-
bar design M∨v (φ(i)) also implements disjunction.

M∨v (φ(i)) =
0 1 1 · · · · · · · · · · · · 1

1 φ
(i)
1 φ

(i)
2 · · · · · · · · · · · · φ

(i)
d√sie

1 φ
(i)
d√sie+1 φ

(i)
d√sie+2 · · · · · · · · · · · · φ

(i)
2d√sie

...
...

...
. . . . . . . . . . . .

...
1 φ

(i)
(b√sic−1)d√sie+1 φ

(i)
(b√sic−1)d√sie+2 · · · φ

(i)
si 0 · · · 0


Here, φ(i) evaluates to true if and only if the top row Vr1 has
a flow of current on it whenever a current is injected into the
bottom row Vrb√sic+1

.

Theorem 1. CROSSBAR COMPUTATION OF CNFS: Let T =
((M∨h(φ(1)),M∨v (φ(2)),M∨h(φ(3)), . . . ),E) be the following
1-by-n network crossbar corresponding to the CNF formula
φ(1) ∧φ(2) ∧ · · · ∧φ(n), where φ(i) = (φ

(i)
1 ∨φ

(i)
2 ∨ · · · ∨φ

(i)
si ).



If a current is injected into the first row Vr1 of M∨h(φ(1))
(and nowhere else), then the current will flow through:
(i) the last row Vrm of M∨h(φ(n)) if and only if φ is true and
n is odd.
(ii) the first row Vr1 of M∨v (φ(n)) if and only if φ is true
and n is even.

Proof: ( =⇒ ): For succinctness, we consider the case
where n is odd. Suppose there is a flow of current through the
bottom row Vrm of the crossbar M∨h(φ(n)). By the design
of our network, this is possible only if (i) φ(n) is true (see
Lemma 1) and (ii) a flow must have reached the top row Vr1
of the crossbar M∨h(φ(n)). By our construction, the latter is
possible only if there must be a flow of current on the top
row Vr1 of the crossbar M∨v (φ(n−1)). This occurs only if
(i) φ(n−1) is true (see Lemma 1) and (ii) a flow must have
reached the bottom row Vrn of the crossbar M∨v (φ(n−1)). We
can inductively argue that φ(n), φ(n−1), . . . , φ(1) are all true.
Hence, φ is true.

( ⇐= ): Assume that φ is true. Then, by the definition of
the CNF formula, all φ(i) must be true. From Lemma 1, we
know that for odd i , M∨h(φ(i)) will drive a flow of current
through Vrm of the crossbar if φ(i) is true. Similarly, for even
i, M∨v (φ(i)) will drive a flow of current through Vr1 if φ(i)

is true. Thus, it follows that the flow of current will be routed
from Vr1 of M∨h(φ(1)) to (i) Vrm of M∨h(φ(n)) for odd n,
and (ii) Vr1 of M∨v (φ(n)) for even n.

B. Computation of DNF Boolean Formula

A disjunctive normal form formula is a Boolean formula
φ of the form φ(1) ∨ φ(2) ∨ · · · ∨ φ(n), where each φ(i) =
(φ

(i)
1 ∧ φ

(i)
2 ∧ · · · ∧ φ

(i)
si ) is a conjunction of literals.

Lemma 2. CROSSBAR COMPUTATION OF CONJUNCTIONS:
Let C = (M∧(φ(i)),Vr,Vc) be a crossbar mapping φ(i) =

(φ
(i)
1 ∧ φ

(i)
2 ∧ · · · ∧ φ

(i)
si ), where si is even.

M∧(φ(i)) =



φ
(i)
1 0 0 0 0 · · · 0

φ
(i)
2 φ

(i)
3 0 0 0 · · · 0

0 φ
(i)
4 φ

(i)
5 0 0 · · · 0

0 0 φ
(i)
6 φ

(i)
7 0 · · · 0

...
. . .

. . .
. . .

. . .
. . .

...
0 · · · · · · · · · 0 φ

(i)
si−2 φ

(i)
si−1

0 · · · · · · · · · · · · 0 φ
(i)
si


If a flow of current in injected into the top row Vr1 (and
nowhere else), then a sneak current will reach the bottom row
Vrd(si+1)/2e if and only if φ is true.

Proof: ( =⇒ ): Suppose a flow of current is observed on
Vrd(si+1)/2e . Since si is even, the flow of current on Vrd(si+1)/2e
must have been transferred from the column Vcsi/2 because
the corresponding memristor Md(si+1)/2e,si/2 is turned on.
Thus, the formula φ

(i)
si must be true. Similarly, the flow of

current on the column Vcsi/2 must have been transferred from
the row Vrd(si+1)/2e−1. Thus, the corresponding memristor
Md(si+1)/2e−1,si/2 must be turned on. By our construction,

the formula φ(i)
si−1 must be true. We can inductively argue that

φ
(i)
si , φ

(i)
si−1, . . . , φ

(i)
1 must be true. Hence, φ(i) is true.

(⇐= ): Assume φ(i) is true and, without loss of generality,
φ(i) has even arity. It is obvious that all φ(i)

j (1 ≤ j ≤ si)
must be true, indicating that the corresponding memristors in
our design are all turned-on. Therefore, it follows that there is
a flow on the nanowire Vrd(si+1)/2e .

Theorem 2. CROSSBAR COMPUTATION OF DNFS: Let T =
((M∧(φ(1)),M∧(φ(2)), . . . , ),E) be the 1-by-n network of
crossbars corresponding to the DNF formula φ(1) ∨ φ(2) ∨
· · · ∨ φ(n), where φ(i) = (φ

(i)
1 ∧ φ

(i)
2 ∧ · · · ∧ φ

(i)
si ).

If the first rows Vr1 of the crossbars
M∧(φ(1)), . . . ,M∧(φ(n)) have flows of current on them,
then the current will flow through the last row Vrm of
M∧(φ(n)) if and only if φ is true.

Proof: ( =⇒ ): Suppose there is a flow of current on
the row Vrm of the crossbar M∧(φn). The flow of current
must have come from the last row Vrm of one of the crossbars
M∧(φβ) (1 ≤ β ≤ n). Since, a flow of current is able to
reach the last row Vrm from the first tow Vr1 of M∧(φβ), the
formula φβ must be true (see Lemma 2). Hence, by definition,
φ is true.

( ⇐= ): Assume that φ is true. The, there exists β (1 ≤
β ≤ n) such that φ(β) is true. From lemma 2, there is a flow
of current on the row Vrm of the crossbar C1,β ≡ M∧(φβ).
Since M (1,1,1,2)

1 = M
(1,2,1,3)
1 = · · · = 1, the flow of current

will reach the last row Vrm of M∧(φ(n)).

C. Boolean Matrix Multiplication

We present a modular crossbar design for computing
products of Boolean matrices. Each module consists of a
crossbar mapping of a DNF formula with two literals per
clause (2-DNF). As such, we begin by formulating a method
of computing 2-DNF instances.

Lemma 3. CROSSBAR COMPUTATION OF 2-DNFS: Let C =
(M2−DNF (φ),Vr,Vc) be a crossbar of memrsitors corre-

sponding to the formula φ =
n∨
i=1

(φ
(i)
1 ∧ φ

(i)
2 ).

M2−DNF (φ) =

(
φ

(1)
1 φ

(2)
1 . . . φ

(n)
1

φ
(1)
2 φ

(2)
2 . . . φ

(n)
2

)

If a flow of current is injected onto the row Vr1 of M2−DNF (φ)
(and nowhere else), then a sneak current will flow onto the row
Vr2 of M2−DNF (φ) if and only if φ is true.

Proof: ( =⇒ ) Assume that a flow of current is observed
on Vr2 . Then, some φ(β)

2 (1 ≤ β ≤ n) must be true and the
corresponding column Vcβ must have a flow of current on it.



For the latter to happen, φ(β)
1 must be true. Since, φ(β)

1 and
φ

(β)
2 are both true, φ is true.

(⇐= ) Suppose φ is true. Then ∃β, 1 ≤ β ≤ n, such that
φ

(β)
1 ∧ φ(β)

2 is true. Since M1,β and M2,β are both turned on,
they will redirect current from Vr1 and cause a flow of current
on Vr2 .

Let A = (aij) ∈ {0, 1}m×n and B = (bij) ∈ {0, 1}n×k be
Boolean matrices. First, we note that every entry in the product

matrix R = AB is of the form rij =
n∨
x=1

(aix∧bxj) ∈ 2-DNF .

Thus, each of the entries in the matrix R can be mapped to
separate instances of the following 2-by-n crossbar:

M2−DNF (rij) =

(
ai1 ai2 . . . ain
b1j b2j . . . bnj

)

TΩ maps the Boolean matrix product to an m-by-k network
of crossbars. The correctness of each module, and conse-
quently the design, follows directly from Lemma 3.

V. EXPERIMENTS

For our simulations, we model the tantalum oxide memris-
tor in [12] using the SPICE model and parameters proposed in
[13]. All of the simulations are done in HSPICE and assume
the following values:

(i) The source voltage applied V0 = 2V.
(ii) The turned-on memristor resistance Ron = 100Ω.

(iii) The turned-off memristor resistance Roff = 93kΩ.
(iv) The resistance of each resistor to ground at each row from

where the result is read Rend = 1kΩ.

A. Operations in Parallel

We demonstrate the flexibility of our framework by com-
puting the sum and carry-out bits of a 1-bit adder, a simple
XOR operation, and the parity function of a 4-bit vector in
parallel on the same network of memristor crossbars.

A 1-bit adder can be defined by two simple DNF formulas:
one for the sum bit and another one for the carry-out. Given
three inputs A, B, and Cin corresponding to the two bits being
added and the carry-in bit, we define S = (A∧¬B ∧¬Cin)∨
(¬A ∧ B ∧ ¬Cin) ∨ (¬A ∧ ¬B ∧ Cin) ∨ (A ∧ B ∧ Cin) and
Cout = (A∧B)∨(A∧Cin)∨(B∧Cin) as the sum and carry-
out bits, respectively. The parity function f : {0, 1}n → {0, 1}
of an n-bit vector returns ‘1’ when there exist an odd number
of ones in the input vector and returns ‘0’ otherwise.

Note that, in the network matrix below, M(1,1), M(1,2),
M(1,3), and M(1,4) map the four clauses of the sum bit; M(2,1)

maps the carry-out bit; M(3,1) maps P ⊕ Q; finally, M(2,2),
M(2,3), M(2,4), M(3,2), M(3,3), M(3,4), M(4,2), and M(4,3) map
the eight clauses of the 4-bit parity function. Following the
rules of the designs introduced in Section IV, a current is
inserted only on wires Vr1 of M(1,1), M(1,2), M(1,3), M(1,4),
M(2,1), M(3,1), and M(2,2). We determine the voltage values
in our simulation results as follows:

(i) Sum bit: ground Vr4 of M(1,4) and measure its voltage.
(ii) Carry bit: ground Vr2 of M(2,1) and measure its voltage.

(iii) P ⊕Q: ground Vr2 of M(3,1) and measure its voltage.
(iv) 4-bit parity: ground Vr1 of M(4,3) and measure its voltage.

The results in Tables I-III agree with the expected logical
values.

B. Parallelized Boolean Matrix Multiplication

Boolean matrix multiplication arises naturally in group
testing and its applications to data forensics, on-chip sensing,
fault diagnosis, contention management and spectrum enforce-
ment in computer networks. It is also a natural first step for
implementing compressed sensing on memristor-based nano-
crossbar computing.

A=



1 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0
0 0 1 0 0 0 0 0
0 0 0 1 0 0 0 0
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 1


B=



1 0 1 0 1 0 1 0
0 1 0 1 0 1 0 1
1 0 1 0 1 0 1 0
0 1 0 1 0 1 0 1
1 0 1 0 1 0 1 0
0 1 0 1 0 1 0 1
1 0 1 0 1 0 1 0
0 1 0 1 0 1 0 1





Consider the matrices A and B, and their product R = AB.
The matrix entries rij ∈ R denote the voltage values measured
by simulating our network of memristor crossbars. The results
of the simulation agree with the expected product of the
matrices A and B, and the voltage values for logical true and
false are about three orders of magnitude apart.

R =



1.66667 V 0.00089 V 1.66667 V 0.00089 V 1.66667 V 0.00089 V 1.66667 V 0.00087 V
0.00092 V 1.66667 V 0.00093 V 1.66667 V 0.00093 V 1.66667 V 0.00093 V 1.66667 V
1.66667 V 0.00092 V 1.66667 V 0.00092 V 1.66667 V 0.00092 V 1.66667 V 0.00091 V
0.00091 V 1.66667 V 0.00092 V 1.66667 V 0.00092 V 1.66667 V 0.00092 V 1.66667 V
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VI. CONCLUSIONS AND FUTURE WORK

The networks of memristor crossbars presented in the
paper address three contemporary challenges in the design of
emerging computer architectures, as illustrated in Figure 4.
First, they avoid the use of CMOS devices whose feature
sizes are shrinking at a slower rate than before. Second, they
allow us to load data and perform computations on the same
network of memristor crossbars - thereby merging the memory
and computation units into a single unified system. Finally,
these networks of memristor crossbars need not be exposed
to the programming model and can be made available to
programmers as a library of hardware accelerators.

Figure 4. The networks of memristor crossbars presented in this paper
alleviate the gap between the processor and the memory by using memristors
to store data and memristor crossbars to perform computations.

The design of the networks of memristor crossbars de-
pends only on the function being implemented, and multiple
data sets can be loaded onto the same memristor crossbar
to implement the same computation on different data sets.
Hence, these networks of memristor crossbars are well-suited
for dynamic data-driven application systems (DDAS) where
the same computation needs to be performed repeatedly on
dynamically changing data sets.

Leon Chua has recently shown that neurons are memris-
tors [14], and theoretical neuroscientists have accumulated a
wealth of incomplete information about the structure and func-
tion of neurons [15]. An interesting line of inquiry would be to
ask how inorganic memristors produced using lithographic or
self-assembly methods [9], [10] can reproduce the dynamics of

their biological cousins? A wonderful starting point in the area
is John von Neumann’s second draft on the architecture of a
computing system [16]. Neuromorphic systems currently focus
on capturing the dynamics of biological neurons through a
number of low-level computational operations, and essentially
translate silicon dynamics into neuronal dynamics. As neurons
are memristors, it will be desirable to build computing systems
that replicate the dynamics of neurons at the device level.
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