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Abstract— Synapses, the most numerous elements of neural 

networks, are memory devices. Similarly to traditional memory 

applications, device density is one of the most essential metrics 

for large-scale artificial neural networks. This application, 

however, imposes a number of additional requirements, such as 

the continuous change of the memory state, so that novel 

engineering approaches are required. In this paper, we briefly 

review our recent efforts at addressing these needs. We start by 

reviewing the CrossNet concept, which was conceived to address 

major challenges of artificial neural networks. We then discuss 

the recent progress toward CrossNet implementation, in 

particular the experimental results for simple networks with 

crossbar-integrated resistive switching (memristive) metal oxide 

devices. Finally, we review preliminary results on redesigning 

commercial-grade embedded NOR flash memories to enable 

individual cell tuning. While NOR flash memories are less dense 

then memristor crossbars, their technology is much more mature 

and ready for the development of large-scale neural networks. 

Index Terms—memristors, flash memory, resistive switching, 

hybrid circuits, CrossNets, pattern classifiers, neural networks.  

I. INTRODUCTION 

One of major challenges in development of artificial neural 

networks for high-performance information processing is a lack 

of adequate hardware technology [1, 2]. Indeed, practical 

neural networks rely on a very large number of synapses, 

enabling high connectivity between neurons, i.e. a very high 

computational parallelism. For example, consider deep-

learning convolutional neural network classifiers [3, 4] trained 

by the backpropagation algorithm [5]. (Such networks have 

been recently advanced to outperform other computer vision 

approaches in classification fidelity.) A Toronto group’s 

network of this type has as many as ~5×105 neurons and ~ 

5×108 synapses [6]. The complexity of neuromorphic networks 

required for performing more advanced cognitive tasks should 

be even higher, of the order of that of the human cerebral 

cortex, i.e. about 1011 neurons and 1015 synapses [7].  

In principle, such complexity can be achieved with digital   

supercomputers or specialized graphics processing unit clusters 

– see, e.g., [8]. However, in addition to high cost, these 

approaches also suffer from mediocre energy efficiency as 

compared to biological networks, which consume much less 

energy primarily because they perform low-precision analog 

computation. Indeed, ~5-bit precision has been shown to be 

sufficient for at least most important cognitive tasks [4, 9]. The 

purely-CMOS analog circuits [10] are insufficient for meeting 

this challenge, mostly because CMOS-implemented synapses 

[11] are way too bulky. 

II. CROSSNETS BASED ON MEMRISTIVE CROSSBARS 

These challenges may be met using the so-called CrossNets 

[1, 2], based on the hybrid circuits combining CMOS 

technology with  crossbar-integrated memory devices [12] 

(Fig. 1), for example memristors. In its simplest incarnation, 

memristor is a passive two-terminal device consisting a metal-

oxide layer(s) sandwiched between two metallic electrodes. 

Layer’s conductance may be increased (set) or decreased 

(reset), reversibly and continuously, applying relatively high 

positive or negative voltages. Thus, a typical response to 

symmetric high-voltage sweep is a pinched-hysteresis I-V loop 

(Fig. 1a). Because of highly nonlinear switching kinetics, 

device conductance may be sensed (read out) at lower voltages 

without disturbing the memory state. Due to the ionic nature of 

the memory, the compatibility of the manufacturing process 

with the monolithic 3D integration, and a very small footprint 

(determined only by the overlap area of the metallic 

electrodes), memristors are one of the best candidates for 

super-dense, nonvolatile, multibit memory cells [12-15]. This is 

why the (so-far, small) neural network hardware community 

may piggyback on the much larger drive of the electronic 

industry toward advanced nonvolatile memories.  

To sustain high density, memristors are usually integrated 

into crossbar structures consisting of two layers of parallel 

electrodes (wires) perpendicular to each other (Fig. 1b). 

Because of the limited functionality of memristors, crossbar 

structures need to be combined with CMOS circuits, which 

may be more sparse. For serving relatively small memristor 

crossbars, such circuits may be located on their periphery, but 

prospective large-scale (say, 103×103 or larger) crossbars 

require area-distributed interfaces with CMOS subsystems 

(Figs. 1c,g). Such hybrid CMOS/memristor circuits are 

especially suited for artificial neural networks (Figs. 1d-f), in 

which memristors implement density-critical adjustable 

synapses, while the CMOS circuitry is used to mimic neural-

body (“somatic”) functions. Indeed, if somatic outputs are 

represented by voltages Vj applied to wires of one crossbar 

layer, and the CMOS circuits of the recipient cells sustain the 

virtual-ground condition on the wires of the counterpart layer, 

the current through each memristor equals Iij  = GijVj . These 

partial currents are naturally summed up in each output wire i:  

Ii = ΣjGijVj, thus computing a vector-by-matrix product yi = 



   

Σjwijxj, i.e. performing the operation that is the bottleneck in 

artificial neural networks, in a compact and energy-efficient 

way [10]. 

An essential feature of CrossNets is the area-distributed 

interface between the memristive crossbar and the CMOS 

circuitry, which ensures high bandwidth and low area 

overhead. It may be implemented, for example, using the so-

called CMOL topology [12, 16], enabled by a crossbar array 

rotation by angle α = arcsin(1/β) = arctan(1/a) with respect to 

the mesh of CMOS-controlled vias, and a double decoding 

scheme, which provides a unique access to each crosspoint 

memristor (Fig. 1g). More specifically, two types of vias, one 

(shown with red dots) connecting to the lower and the other 

one (blue dots) connecting to the upper wire level of the 

crossbar, are arranged into a square array of cells with sides 

2βFCMOS, where FCMOS is a CMOS half-pitch and β = (a2 + 1)1/2 

> 1 is a dimensionless number that depends on the cell size 

(i.e., complexity) in the CMOS subsystem. With each CMOS 

cell implementing a soma, the interface allows each neuron to 

be connected to a domain of other neurons surrounding it via 

the crossbar’s memristor synapses. Such connectivity domain 

may be quite large, especially for the 3D variety of the CMOL 

interface [16], limited mostly by the requirement of keeping 

crossbar wire resistances relatively small.  

III. SINGLE LAYER PERCEPTRON DEMO WITH MEMRISTIVE 

CROSSBAR CIRCUITS  

The practical implementation of memristive CrossNets is 

still challenging, mainly due to the immature memristor 

fabrication technology. The most critical requirement to the 

technology is to ensure a relatively low (within one octave) 

distribution of device forming and switching threshold 

voltages. (This condition enables individual forming, and then 

fine-tuning of every memristor of the crossbar, without 

disturbing already formed devices.) We have recently 

developed bilayer Al2O3/TiO2-x memristors which feature such 

low variability [17] (Fig. 1a). The optimized technology was 

then used for the fabrication of integrated 12×12 crossbars 

(Figs. 2a, b). The crossbars featured a high uniformity of virgin 

(pre-formed) crossbar-integrated devices (Figs. 2c, d). 

The fabricated memristive crossbar was used to implement a 

simple neural network (a single-layer perceptron) with 10 

inputs and 3 outputs, fully connected with 30 synaptic weights 

(Fig. 1d). Such network is sufficient for performing, for 

example, the classification of 3×3-pixel black-and-white 

images with 9 network inputs (V1,…,V9) corresponding to pixel 

values, into 3 classes. (One more input, V10, was used for the 

source of 3 adjustable biases of nonlinear activation functions.) 

We have tested the network on a set of 30 patterns including 3 

stylized letters (“z”, “v”, and “n”) and 3 sets of 9 noisy versions 

of each letter, formed by flipping one of the pixels of the 

original image - see the inset in Fig. 2g. Because of the limited 

set size, it was used for both training and testing. 

Physically, each input signal was represented by voltage Vj 

equal to either +0.1 V or -0.1 V, corresponding, respectively, to 

the black or the white pixel. (The bias input V10 was -0.1V.) 

Each synaptic weight was implemented with a pair of 

memristors, so that wij = Gij
+ - Gij

-, enabling negative weights 

values [18]. The effective conductances Gij
 were in the range 

from 10 to 100 μS, so that the output currents Ii were of the 

order of a few μA. The network was trained “in situ”, i.e. 

without using its external computer model, with the so-called 

Manhattan Update Rule, which is essentially a coarse-grain, 

batch-mode variation of the usual Delta Rule of supervised 

training [5]. At each iteration (“epoch”) of the procedure, the 

training set patterns were applied, one by one, to network’s 

input, and its outputs fi(n), where n is pattern’s number, were 

used to calculate the weight increments. Once all patterns of 

the training set had been applied, and all due increments ΔG 

were calculated, and the synaptic weights modified. 

In our system, the weights were modified in parallel for each 

half-column of the crossbar (corresponding to a certain value of 

index i in the above formulas), using two sequential voltage 

pulses. Namely, first a “set” pulse with amplitude Vw+ = 1.3 V 

was applied  to increase conductances  of  the  synapses  whose 

ΔG had been positive; then a “reset” pulse VW- = -1.3V was 
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Fig. 1.  Implementing CrossNets, artificial neural networks based on CMOS/memristive crossbar circuits [1, 2, 15]: (a) Typical experimental I-V curves of bipolar 
Pt/Al2O3/TiO2-x/Pt memristors, (b) passive (transistor-free) memristor crossbar, (c) 3D hybrid CMOS/memristive crossbar circuit, (d) graph representation of a 

single-layer feedforward neural network, (e) analog implementation of the vector-by-matrix product, (f) its mapping on a hybrid circuit, and (g) top view of a hybrid 

circuit showing the set of neural cells (light gray) connected to a given cell (dark gray) via a wire / memristive device / wire link. For clarity, panel (e) shows only a 

small portion of a circuit, while panel (g) shows an example with small cell connectivity; in practical hybrid circuits the connectivity domain should be much larger. 



   

applied to the remaining synapses of that half-column. This 

fixed-amplitude pulse procedure followed the Manhattan 

Update Rule only approximately, because the actual increment 

of conductance G depends on its initial value. 

         Due to this specific (though quite representative [13-15]) 

switching dynamics, the best classification performance was 

achieved when the memristors had been initialized somewhere 

in the middle of their conductance range, around 35 μS. At 

such initialization, the perfect classification was always 

reached - on the average, after 23 training epochs – see Fig. 2g. 

IV. REDESIGNING NOR FLASH MEMORY FOR NEURAL 

NETWORK APPLICATIONS  

The results presented in the previous section are very 

encouraging; however, the development of VLSI memristor 

circuits may still require the introduction of an advanced 

memristor technology by at least one major chipmaker. On the 

other hand, flash memories, while less dense, are broadly used 

in VLSI circuits. After customization for analog state tuning of 

each cell, this technology may be used for artificial neural 

network applications. For example, Fig. 3a shows a 

commercial NOR flash memory array architecture from Silicon 

Storage Technology, Inc. (SST) [19], in which cells of the 

same row share transistor source and control gate (“word”) 

lines, while transistor drains of all cells of the same column are 

connected to the same “bit” line. The array design is optimized 

for digital applications, and permits individual programming of 

the selected cells, e.g., by applying 1.6 V and 7.6 V to the 

selected gate and source lines, correspondingly, and grounding 

the selected drain line, while avoiding disturbance of half 

selected cells by applying > 2V on unselected drain lines and 

grounding the remaining lines. However, the cells cannot be 

erased individually because the process responsible for erasure 

(the Fowler-Nordheim tunneling of electrons from the floating 

gate to the control gate) is only weakly affected by the drain 

voltage – the only voltage which may be different for two 

adjacent cells. 

To resolve this problem, we have modified the array 

structure (without changing the highly optimized cell 

fabrication technology) as shown in the Fig. 3b, i.e. by re-

routing the gate lines in the “vertical” direction, i.e. 

perpendicular to the source lines [20]. The new cell arrays have 

been designed, fabricated (so far in the 180-nm technology of 

SilTerra, Inc.) and successfully tested. Fig. 3c shows the layout 

of the new array. Its cell area is 2.3 times larger than the 

original one (Fig. 3c) due to the additional real estate needed to 

accommodate two gate lines for each cell column, but is still 

much smaller than prior CMOS-implemented synapses [11]. 

To verify that the new array architecture enables a full 

inhibition of half-select disturb effects, we have performed a 

series of experiments, tuning all 8 cells in a 2×2 supercell 

array, one by one, to pre-selected goal values with a ~1% 

precision (Fig. 3e), using a simple, fully automated feedback 

procedure that had been originally developed for tuning 

memristors [21]. We have used the high-precision individual 

tuning of cells in the modified array for a preliminary 

demonstration of a small-scale four-quadrant gate-coupled 

vector-by-matrix multiplication [22], in which peripheral 

floating-gate transistors had been implemented with the same 

SST memory technology and integrated on the same chip (Fig. 

4f). The results (Fig. 4g) show an excellent linearity (derivative 

variations below 1%) of circuit’s transfer characteristics over a 

wide range of input currents.  

V. CONCLUSION  

We believe our group has made two significant steps 

toward high-performance, hybrid neuromorphic networks. 

First, an integrated crossbar with individually tunable 

memristors has been fabricated, and used for a successful 

demonstration of a small neural network classifier of B/W 
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Fig. 2.  Perceptron classifier demonstration 

[17]: (a) Integrated 12×12 crossbar with an 

Al2O3/TiO2-x memristor at each crosspoint; 

(b) a typical I-V curve of a formed 

memristor, (c-d) histograms of forming 
voltages (c) and effective switching 

thresholds voltages (d) for set and reset 

transitions; (e) perceptron implementation 
using a 10×6 fragment of the memristive 

crossbar; (f) example of the classification 

operation for a specific input pattern; and 
(g) the convergence of network outputs, in 

the process of training, to the perfect  (zero-

error) set, for 6 different initial states. (The 
classification was considered successful 

when the output signal corresponding to the 

correct class of the applied pattern was 
larger than all other outputs.) The insets in 

panels (b) and (g) show device’s cross-

section and the used input pattern set, 
correspondingly. On panel (d), the positive 

/ negative switching threshold voltages 

were defined as the smallest amplitudes of 
500-μs voltage pulses that caused resistance 

change by more than 2 kΩ in memristors 

pre-set to their high / low resistive states. 



   

images. Second, the high-density, industrial-grade NOR flash 

memory cells have been redesigned for analog applications. 
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Fig. 3.  Redesigning commercial 

NOR flash technology for analog 

applications [20]: (a) original and 

(b) modified 2×2 supercell array 

fragment, and (c, d) their 
corresponding layouts; (e) high-

precision, sequential tuning of all 

cells of the modified array to 4 
target values (1 μA, 100 nA, 10 

nA, and 1 nA) of the readout 

current (as measured at VG = 2.5 V, 
VD = 1 V, VS = 0 V); (f)  circuit 

schematics and (g) preliminary 

experimental results for a gate-
coupled vector-by-matrix 

multiplier, showing the measured 

transfer characteristics for two sets 
of matrix elements w1

-.  On panel 

(a), blue and red arrows show, 

respectively, the useful and 
undesirable processes of floating 

gate recharging. 
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