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Abstract— A simple two-terminal memristive device has excellent 

scaling properties. For example, devices with footprint below 

10×10 nm2 have been recently demonstrated and crossbar 

structures provide means of sustaining memristor density in 

large-scale circuits. While taking advantage of high density 

memristive devices is relatively straightforward in crossbar 

memory circuits, doing so efficiently in digital logic circuits still 

remains challenging. For example, only a small fraction (less than 

1% on average) of memristive devices is actively utilized, i.e. 

turned to highly conductive state, in CMOL FPGA circuits which 

are configured to implement representative benchmark circuits. 

The main contribution of this paper is to demonstrate that such 

utilization can be much higher, more than 12%, in certain variety 

of CMOL FPGA circuits which are specifically designed for high 

throughput processing of streaming data. The high memristor 

device utilization is demonstrated by performing detailed 

mapping of network and image processing tasks and is mainly 

due to efficient use of high fan-in logic gates implementing exact 

and approximate pattern matching operations with streaming 

data. As a result of high utilization proposed circuits are 

estimated to have much higher computational throughput as 

compared to traditional approaches and represent a killer 

application which capitalizes efficiently on the density advantages 

of memristive devices.   

Keywords: Memristor, Programmable circuits, Hybrid circuits, 

Image Processing,  Network Processing, CMOL FPGA. 

I. INTRODUCTION 

In its simplest form, a memristive device consists of three 
layers: top and bottom (metallic) electrodes and a thin film of 
some material which can undergo resistance switching [1]. By 
applying a voltage bias across the electrodes of such a device, 
the electrical conductivity of the thin film can be changed 
reversibly and retained for a sufficiently long time. Because of 
an active area which is potentially very small, just few atoms 
wide, for devices based on ion migration mechanism [2, 3], and 
a simple structure, which is conducive to aggressive 
lithographic and other patterning techniques, these memristive 
devices have excellent scaling properties. For example, several 
groups have recently shown memristors with device area below 
10×10 nm

2
 [4, 5], which is  defined by the overlap area of 

bottom and top electrodes. 

The most straightforward application for memristive 
devices is in crossbar passive memories [6]. The crossbar 
structure, which is based on mutually perpendicular layers of 
parallel wires (electrodes) with integrated thin-film devices at 

the cross-points, allows sustaining small footprints of single 
devices in large-scale circuits, thus fully capitalizing on the 
density of memristive devices. 

Similarly, logic circuits based on crossbar structures, e.g. 
based on CMOL hybrids [6, 7], are the most practical. 
However, taking full advantage of memristor density in logic 
circuits is less straightforward. To see why this is the case it is 
natural to divide proposed crossbar-based logic circuits into 
two groups. (While most of these concepts do not explicitly 
rely on memristive devices, they share the same idea of 
capitalizing on the density of simple programmable two 
terminal crosspoint nanodevices and hence relevant for this 
discussion.)  

In the first type of circuits, crosspoint nanodevices 
implement programmable interconnect among CMOS logic 
gates [8-13]. The nanodevices in the second type of crossbar 
circuits are employed more efficiently, either as a part of diode 
logic [14-16], Goto pair [17, 18], to implement look-up-table or 
PLA like computation [17, 19, 20], or material implication 
logic [21, 22]. While all these concepts were estimated to 
improve performance of conventional circuits, in all the cases 
only a small fraction of nanodevices are utilized efficiently. For 
the former circuits, this is mostly due to limited interconnect 
needs, guided by Rent‟s rule. For the latter, as  the optimal gate 
fan-in is typically small for general purpose computations, i.e. 
< 10 for PLA or LUT based designs and even smaller for sea-
of-gates approaches, only a small fraction of crosspoint devices 
are actively utilized  (while the majority of crosspoint devices 
are  turned to the high resistance state, effectively turned “off”, 
and do not participate in computation). For example, less than 
1% of cross-point devices are actively used when mapping 
representative benchmarks on CMOL FPGA circuits [14]. In 
circuits relying on keeping logic computation in crossbar 
memory or material implication logic all crosspoint devices 
might be utilized but only small fraction of them can be used at 
a time (i.e. during a clock cycle) because of decoder bottleneck.  

The purpose of this paper is to show that utilization of 
crosspoint (memristive) devices can be much higher - the 
fraction of devices which are actively and simultaneously 
utilized at any given cycle can be as high as 12%. Such 
dramatic improvement of utilization is due to (i) choice of 
information processing applications which rely on extensive 
data processing between streaming data and fixed infrequently 
changing patterns; (ii) use of modified CMOL FPGA which is 
specifically customized for streaming data; and (iii) mapping 



 
Figure 1. High throughput CMOL FPGA circuits: (a) Equivalent circuit 

implementation (b) linear threshold gate or (c) diode-resistor AND logic 
combined with D flip-flop gate, and (d) top view illustration of CMOL FPGA 

circuits with one crossbar layer and specific connectiveity domain (r = 4) 

showing a particular mapping example. On panel d, for clarity only 
nanodevices turned to the ON state and participating crossbar wire segments, 

i.e. those which overlap with two wire segments accessed by the input of cell 

“5”, are shown at the left part of the figure.  
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scheme optimizing utilization of memristive devices and 
maximizing information processing throughput.  

In the next section we briefly describe CMOL FPGA 
circuits specifically designed for high-throughput computation. 
Such circuits have been introduced earlier [23, 24] and here are 
extended to include linear threshold functionality. The 
description of CMOL FPGA circuits is followed by their 
architectural abstraction which is especially useful when 
performing application mapping. The main results of this 
paper, a specific mapping for representative network and image 
processing of low-level tasks is described next and the paper is 
concluded by discussion of potential performance of 
considered circuits. 

II.  HIGH TRHOUGHPUT CMOL FPGA ARCHITECTURE 

Similar to the original CMOL circuits [6, 14, 25, 26], high-
throughput CMOL FPGA is based on the following key 
features:  (i) an area interface between the CMOS layer and 
nano subsystem (Fig. 1d);  (ii)  segmented crossbar array(s) 
layer which is rotated by a specific angle with respect to the 

mesh of CMOS-controlled vias (Fig. 1d); and  (iii) a double 
decoding scheme that provides unique access to each cross-
point memristive device. 

The basic atomic cell in traditional CMOL consists of two 
vias that interface to the crossbar layer above the CMOS stack. 
Two such cells are required to implement the unit cell in 
proposed CMOL FPGAs, which hosts a CMOS D-flip-flop 
(Fig. 1d). The flip-flop is connected to the crossbar by four 
vias: two output vias (shown with a blue circle) connected to 
the normal and complementary outputs of the flip-flop, and two 
input vias (shown with a red circle) that are connected to the D 
input. Clock signals are assumed to be routed using the CMOS 
subsystem (note: to avoid confusion in referring to different 
types of cells, the basic two-via cell will be called “basic cell” 
and the larger four-via cell will be called “flip-flop cell” or 
simply “cell”).  

In order to configure such a circuit to implement custom 
logic, first, the CMOS flip-flop is disabled in all cells by de-
asserting “enable” line (Fig. 1d). As a result, any crosspoint 
memristive device (shown with a green circle in Fig. 1d) in the 
crossbar structure can be programmed to the ON or OFF state 
by utilizing the double decoding scheme of CMOL memory 
[6], which is implemented using CMOS pass transistors and 
data/select wires (Fig. 1d). Here we assume that the ON state of 
the device is nonlinear (e.g., having either diode or symmetric 
tunnel barrier-like I-V [1]).  

After the programming stage, logic operations are 
implemented with either linear threshold gate (Figs. 1a, b) [27] 
by taking advantage of the analog properties of memristive 
devices, or diode-resistor logic formed by ON-state 
nanodevices and CMOS pass transistors (Fig. 1a, c, d) [14]. 
The signal restoration, inversion, and latching is performed by 
the D-flip-flop. For example, Figure 1d shows a particular 
example of implementing function Q1•Q2‟•Q4 with the cell 
“5”, where signals Q and Q‟ are routed from the output of the 
corresponding cells. This operation is equivalent to performing 
“exact” matching operation between the current values in cells 
1, 2, 3, and 4 and pattern “10X1”, which is stored by 
memristive devices. Note that the state of the memristive 
devices remain unchanged during the operation and only 
change during programming stage. It is also worth stressing 
that the specific functionality of the flip-flop cell and their 
connectivity is governed by the state of memristive devices 
while CMOS sub-layer only implements the D-flip-flop gate 
and memristor programming circuitry.  

III. CIRCUIT ARCHITECTURE ABSTRACTION 

Let us now consider abstraction of the CMOL FPGA 
circuit architecture which is very convenient for further 
discussion of mapping.   

One important characteristic of the CMOL FPGA circuit is 
its connectivity domain (Fig 2a), which is defined by 
topological parameter r [14]. In particular, r is proportional to 
the ratio of linear size of basic cell to the crossbar wire pitch. 
The total number of crosspoint memristive devices attached to 
crossbar wire fragment is always of the order of r

2
. Every 

memristive device provides a means of connecting given basic 
cell to  surrounding basic cells via nanowire-memristive 



 
Figure 2.  (a) Top view of crossbar circuit and input connectivity domain of flip-flop cell for specific topological parameter r = 6, and (b) equivalent sea-of-

gate circuit architecutre for binary  memristive devices implementing diode-resistor AND logic. On panel a, the set of basic cells bounded by red lines is a 
physically permitted domain, while the somewhat smaller number of cells surrounded by black lines is used in mapping examples. On panel b, AND gate 

should be replaced with linear threshold gate when analog properties  of memristive devices are exploited. 
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device-nanowire link, so that the number of basic cells (M) in 
the connectivity domain is of the order of M  =  r

2
.  

Since a flip-flop cell consists of two basic cells and has two 
input crossbar nanowires, the input connectivity domain of the 
flip-flop cell is larger (Fig. 2a). The largest flip-flop cell 
connectivity domain (~ to M flip-flop cells or equivalently 2M 
basic cells) is achieved by having the least overlap between 
individual connectivity domains of basic cells comprising the 
flip-flop cell. For example, this could be implemented with the 
blue via having contacts at the edges of the crossbar wires as 
shown on Figure 2a.  

To simplify mapping, we will further use artificially 
smaller (than physically permissible) rectangular shaped 
domains – for example domain of 5×5 flip-flop cells for 
topological parameter r = 6 (Fig. 2a). In this case, the high 
throughput CMOL FPGA architecture can be thought of as an 
array of multifunctional flip-flop cells. Every flip-flop cell can 
pass its outputs to or accept inputs from any of the flip-flop 
cells in 5×5 connectivity domain which is always centered 
with respect to a given flip-flop cell (Fig. 2b). Moreover, 
every flip flop cell can be configured to perform AND or 
linear threshold functions with normal or complimented 
outputs of flip-flop cells in its connectivity domain. Note that 
due to De Morgan‟s law and the presence of complementary 
output Boolean OR functions can also be realized for every 
flip-flop cell. 

IV.  MAPPING CASE STUDIES  

Though any Boolean logic circuit can be implemented with 

the modified CMOL FPGA fabric, it is especially attractive for 

data streaming applications relying on high fan-in 

computations. Here we consider two such applications -  

network and image information processing tasks. To simplify 

our analysis we omit details of the particular algorithm 

implementation for these tasks but rather focus on performing 

the most important bottleneck operation during low level 

processing. For both cases such operation is often exact or 

approximate pattern matching, which could be efficiently 

implemented with wide fan-in gates in high-throughput 

CMOL FPGA fabric. 

A. Network Processing 

Let‟s consider one dimensional (1D) stream of data pushed 
through a very deep pipeline. A very common task is to check 
if the stream of data has a particular bit sequence which 
matches or is similar to a given one, from a large set of 
sequences of interest. For example, in deep-packet network 
filtering [28] the sequence in question can be a known 
signature of a computer virus. Other examples for applications 
requiring pattern matching with 1D streaming data include data 
processing in bioinformatics, network routing and string 
processing [29]. A common challenge for all these applications 
is to perform high throughput pattern matching, which  would 
match the speed of the gigabit network in case of network 
intrusion and detection systems, against rather large database of 
signatures.   

The example of exact pattern matching which permits the 
use of don‟t care bits was demonstrated in Figure 1d.  Note that 
while Figure 1d shows matching of two 4-bit patterns, (one 
pattern comprised by the state of flip-flop cells and another one 
programmed by memristive devices) the number of bits in a 
pattern that can be compared by one cell is typically much 
larger - on the order of a few hundred bits for practical values 
of  topological parameter r. Likewise, a flip-flop cell can be 
configured to perform approximate pattern matching when 
analog properties of memristive devices are utilized to 
implement linear threshold gates. In particular, linear threshold 
gate can implement matching of two patterns based on the 
Hamming distance between them. The specific threshold for 



 

 

Figure 3. General idea for pattern matching with 1D streaming data.  
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Figure 4.  Example of exact matching operations for flip-flop values in green 

cells,  with  “0111011111”, “1X10000X00”, “1011010111”, and 

“1100110110” patterns programmed in memristive devices performed by 
white cells p2,6, p2,7, p2,8, and p2,9, repectively.  Note that green cells, are 

configured into a long pipeline chains to stream data, while the results of 

pattern matching operations are summed in a pipeline comprised by a chain of 
blue cells. Here the summation is performed with AND gate based on De 

Morgan‟s Law. This figure is a zoom-in of a particular section of Figure 5b.   

 

streaming 
data

streaming results
of pattern matching  

streaming 
data

d11d10d9d8d7

d16d15d14d13d12

P2,7 P2,8 P2,9P2,6P2,5

Hamming distance can be programmed in-field by setting 
memristive devices to appropriate resistance states [27].  

Conceptually, the idea of pattern matching for 1D 
streaming data is simple (Fig. 3). To improve throughput it is 
natural to perform multiple pattern matching operations in 
parallel. Because of fan-out restrictions (i.e. limited 
connectivity domain) pattern matching is performed 
simultaneously with several (W) portions of the pipeline data as 
shown on Figure 3, with V operations done concurrently in 
each block. With such a scheme, the total number of pattern 
matching operations performed in a given cycle is V×W and W 
cycles are needed to check a certain portion of the streaming 
data against all (V×W) programmed patterns. Therefore, it is 
natural to allocate (configure) some flip flop cells in the 
homogeneous array to perform streaming data by forming long 
pipelines, while others to implement pattern matching. For 
simplicity, we assume that the results of pattern matching 
operations are summed together so that the circuit generates a 
single bit on the output at every cycle. (A more sophisticated 
processing would be straightforward given universality of the 
flip-flop cells and flexibility in mapping.)  

Figure 4 shows an example of the mapping where white, 
green, and blue flip-flops represent cells performing pattern 
matching, data streaming, and its processing, respectively. 
More specifically, in this example the streaming data are 
passed via two independent pipelines formed by green cells, 
and four exact pattern matching operations are performed with 
streaming data at each cycle by white cells. The results of 
pattern matching operations are summed in a pipeline 
comprised by blue cells.     

In general, the largest number of bits in a pattern that can be 
matched with one cell, denoted by Nbits, is M - 1.  This would 
correspond to the case when all cells in the connectivity 
domain of the given one are configured to stream data. In this 
case only α = 1/M fraction of the cells are performing the 
pattern matching operation. At the other extreme case, when all 
cells in the connectivity domain are configured to perform 
pattern matching except for one α = (M-1)/M, but in this case 
Nbits = 1. More generally, the dependence of the number of bits 
in a pattern which can be compared by a cell configured to 
perform pattern matching is described by Nbits = (1-α)M. Since 
the largest throughput performance (defined as the total 
aggregate number of bits in all patterns matched per one cycle) 
is achieved when the product αNbits

 
has the maximum value it is 

trivial to show that optimal value of α is 0.5, i.e. when half of 

the cells in the connectivity domain are configured to perform 
pattern matching and the other half to stream data. (The cells 
configured to process the results of pattern matching are 
neglected in this analysis, which is justified due to their 
relatively small number, at least in our considered mapping.)  A 
similar observation for balancing streaming and processing 
resources has been made when mapping network processing 
tasks on conventional FPGA circuits [30]. 

Figure 5 shows an example of one such mapping. The 
streaming 1D data is duplicated and pushed through several 
pipelines. To ensure that any connectivity domains of white 
cells consists of always unique and contiguous streaming data 
from the green cells, the relative position of data in every 
second pipeline is shifted by five positions (Fig. 5b) for the 
considered connectivity domain size. (The cells that should be 
allocated to duplicate the streaming data are not shown though 
the overhead due to these cells should be negligible.)  

Because of the limited size of the connectivity domain, the 
logical summation from all of the pattern matching cells is 
done in several steps. As Figures 4 and 5c show, at each cycle a 
particular blue cell latches the logical summation of the values 
from the two nearest white cells (which hold the results of 
pattern matches from the previous cycle), and one blue cell to 
the left of the given one. The partial sum is fully pipelined and 
propagates along a row of blue cells at the rate of one cell 
position per cycle, i.e. as fast as the streaming data. Once 
partial sums from different rows are propagated to the right 
edge of the chip, they are summed up in the similar fashion to 
get one single value. This value represents the logical 
summation of all results of the comparisons performed with the 
array at specific time window.  

For a given value of r = 6, each white flip-flop cell performs 
Nbits = 10-bit wide pattern matching. Also note that with such 



 
 

Figure 5.  Mapping of pattern matching task to high-throughput CMOL 

FPGA with r = 6: (a) general mapping scheme; (b) zoom in showing 

mapping of the streaming data and cells performing pattern matching; (c) the 

scheme for getting logical summation operation of pattern matching and data 
propagation in a pipeline; and (d) the relative window for pattern matching 

operations in the data stream. Red arrows show schematically data 

movement/logical operation performed by each type of cell. Here the index 
for d denotes the order of data in pipeline, while pair of indexes for p 

represents specific pattern index within the block and block id.  
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mapping, white cells in the same column are performing 
matching with the same block of data at any given cycle (Fig. 
5d). Therefore, the number of pattern matching operations V 
per block (Fig. 3) is given by the number of white cells in a 
column, which is roughly equal to half of the total number of 
cells per column. The number of different blocks W is given by 
the number of cells in a row, i.e. width of the cell array, so that 
the total number of patterns which can be matched by an array 
is roughly half of the total number of cells in the array.  

B. Image Processing  

The main difference for mapping of image processing tasks 
is that both streaming data and patterns are two dimensional 
(2D). For example, in automatic target recognition (ATR) 
systems 128 by 128 array of 8-bit pixels is searched for 
potential targets which are described by 16 by 16 binary pixel 
templates [31]. The bottleneck operation in ATR algorithm is 
1-bit correlations between input image and template which has 
to be done for all possible relative offsets and for rather large 
number of templates. (It should be noted that contemporary 
ATR systems work with even larger input and template images 
sizes and potentially higher data rate, e.g. required for 
hyperspectral image processing [32].)  

 Naturally, a correlation operation which produces multi-bit 
output value cannot be done with a single cell in digital CMOL 
FPGA circuits. On the other hand, a combined operation of 

correlation with thresholding is straightforward if cell is 
configured to implement a linear threshold gate. Such an 
operation might be sufficient for eliminating bottleneck 
processing in ATR and other image processing tasks in which 
the image is correlated with template information by 
performing approximate pattern matching.   

Similarly to the previously considered mapping the 
maximum utilization is achieved with balanced number of 
white and green cells.  Let‟s assume that connectivity domain 
is large enough that each cell performs matching between 
streaming data of input image and the whole template (The 
proposed scheme can be extended to the case when the domain 
is smaller, by performing matching operations for the parts of 
the template instead). Let‟s also assume that V × V  2D image 
is pushed through a pipeline formed by green cells, e.g. from 
left to right, by one cell position each cycle. To perform 
correlation for one template for all possible vertical offsets in 
one cycle requires programming a column of V white cells to 
perform matching with the same template. Evaluation of all 
horizontal offsets would just require V cycles to push data 
(from left to right) past the column of particular white cells. 
The next column of white cells can be programmed to perform 
matching for a second template and so on. The result of the 
pattern matching operations might be summed all together and 
pushed to the bottom of the array and propagated to the left. 
For more details see extended version of this paper in Ref. [33]. 

V. DISCUSSION AND SUMMARY 

Let us now estimate utilization efficiency of memristive 
devices by counting the number of memristive devices which 
participate (i.e. turned to the ON state) in mapping. It is more 
convenient to count all the devices attached to the wires leading 
to the flip-flop gate inputs, i.e. quasi vertical wires segments on 
Figures 1d and 2a). 

 For both considered examples, roughly half of all cells is 
utilized to perform pattern matching (white cells) and the other 
half is providing streaming data (green cells). Therefore, only 
half of the crosspoint devices attached to the input wire of the 
pattern matching cells is used to program patterns. (The other 
half of the devices is always turned off because it is serving 
connections to cells performing pattern matching). Because 
each bit of a pattern is represented by two memristive devices 
(Figs. 1a, d) and one of the two devices is always turned on (if 
we neglect don‟t care bits) the number of memristive devices 
participating in pattern matching is always close to 25%. 
Because there are 50% pattern matching cells, the memristive 
device utilization is at least 12.5%.   

The high utilization of memristive devices might lead to 
unprecedented performance for pattern matching tasks. Our 
earlier estimates (for somewhat aggressive parameters of 
memristive devices and crossbar wire pitch) indicate that 
pattern matching throughput for network processing tasks 
might be more than 4 orders of magnitude higher as compared 
to the traditional approaches [23, 24]. That preliminary 
performance estimation was performed taking into account 
latency increase due to high fan-in gates and power hungry 
diode logic by enforcing practical power consumption density. 
The noise margins were not included in the model; however, it 
should be noted that occasional errors in operation of pattern 



matching cells might be acceptable, while other, low fan-in, 
cells, used for streaming and post processing of the data will be 
less affected by noise margins.   

It is also worth mentioning that the proposed circuits could 
potentially offer much higher pattern capacity without any 
performance penalty. Because the number of storage elements 
in existing hardware-based exact and approximate pattern 
matchers is limited by the 2D chip area, they must be 
dynamically reconfigured to accommodate additional patterns 
that are beyond their storage capabilities. Dynamic 
reconfiguration is a relatively slow process, and thus the 
throughput for a fixed area will be considerably smaller than 
the ideal value. Alternatively, the bit capacity of the high-
throughput CMOL FPGA can be increased by integrating more 
crossbar layers using the multilayer CMOL idea [7]. Thus, this 
circuit architecture can support more patterns without large 
penalty in throughput. 

More generally, we note that the performance advantages of 
the proposed circuit architecture are mainly due tight and 
synergetic integration of memory and logic functionalities. 
Though CMOL circuits are essential for getting high 
bandwidth between memory and logic subsystems, other 
stacking schemes with area distributed connectivity, such as 
through silicon via technology, and different memory devices, 
such as flash memory, can be utilized to implement the 
proposed concept. 
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