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Abstract— Potential advantages of analog- and mixed-signal
nanoelectronic circuits, based on floating-gate devices with
adjustable conductance, for neuromorphic computing had been
realized long time ago. However, practical realizations of this
approach suffered from using rudimentary floating-gate cells of
relatively large area. Here, we report a prototype 28 × 28 binary-
input, ten-output, three-layer neuromorphic network based on
arrays of highly optimized embedded nonvolatile floating-gate
cells, redesigned from a commercial 180-nm nor flash memory.
All active blocks of the circuit, including 101 780 floating-gate
cells, have a total area below 1 mm2. The network has shown
a 94.7% classification fidelity on the common Modified National
Institute of Standards and Technology benchmark, close to the
96.2% obtained in simulation. The classification of one pattern
takes a sub-1-µs time and a sub-20-nJ energy—both numbers
much better than in the best reported digital implementations of
the same task. Estimates show that a straightforward optimiza-
tion of the hardware and its transfer to the already available 55-
nm technology may increase this advantage to more than 102×
in speed and 104× in energy efficiency.

Index Terms— Deep learning, floating-gate memory cells,
multilayer perceptron, neuromorphic networks, pattern
classification.

I. INTRODUCTION

THE concept of using nonvolatile memories in analog-
and mixed-signal neuromorphic networks, far superior to

digital circuits of the same functionality in speed and energy
efficiency, is at least 30 years old [1]. Recent work [2]–[5]
has shown that such circuits, utilizing nanoscale devices, may
increase the neuromorphic network performance dramatically,
leaving far behind their digital and biological counterparts,
and approaching the energy efficiency of the human brain.
The background of these advantages is the fact that in
analog circuits, the vector-by-matrix multiplication, i.e., the
key operation performed at signal propagation through any
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Fig. 1. Analog vector-by-matrix multiplication in a crossbar with adjustable
crosspoint devices. For clarity, the output signal is shown for just one column
of the array.

neuromorphic network, is implemented on the physical level,
in a resistive crossbar circuit, using the fundamental Ohm and
Kirchhoff laws (Fig. 1). On the other hand, the basic handicap
of analog circuits, their finite precision, is typically not crucial
in neuromorphic networks, due to the inherently high tolerance
of their operation to synaptic weight variations [6].

The key component of such mixed-signal neuromorphic
networks is a device with adjustable (tunable) conductance—
essentially an analog nonvolatile memory cell, mimicking the
biological synapse. Up until recently, such devices were imple-
mented mostly as floating-gate “synaptic transistors” [4], [7],
which may be fabricated using the standard complimentary
metal–oxide–semiconductor (CMOS) technology. Recently,
some rather sophisticated neuromorphic systems were demon-
strated [8], [9] using this approach. However, synaptic tran-
sistors have relatively large areas (∼103F2, where F is the
minimum feature size), leading to larger time delays and
energy consumption [4].

There have been significant recent advances in the devel-
opment of alternative nanoscale nonvolatile memory devices,
such as phase change, ferroelectric, and magnetic memories,
and memristors—for a review see [10]–[14]. In particular,
these emerging devices have already been used to demonstrate
small neuromorphic networks [15]–[19]. However, their fabri-
cation technology is still in much need for improvement and
not ready yet for the large-scale integration, which is necessary
for practically valuable neuromorphic networks.

In this paper, we describe a network prototype based on
other alternative devices—the highly optimized, nanoscale,
and nonvolatile floating-gate memory cells that are used in
the recently developed embedded NOR flash memories [20].
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Fig. 2. ESF1 NOR flash memory cells. (a) Cross section of the two-cell
“supercell” (schematically) and (b) its equivalent circuit. (c) TEM cross-
sectional image of one memory cell, fabricated in a 180-nm process. (d) Drain
current of the cell as a function of the gate voltage, at VDS = 1 V, for several
memory states. (d) Gray-shaded region shows the subthreshold conduction
region; the currents below IDS = 10 pA (the level shown with the dashed
line) are significantly contributed by leakages in the experimental setup used
for the measurements. Inset: extracted slope of this semilog plot, measured
at IDS = 10 nA, as a function of the memory state (characterized by the
corresponding gate voltage).

These cells are quite suitable to serve as adjustable synapses
in neuromorphic networks, provided that the memory arrays
are redesigned to allow for individual, precise adjustment of
the memory state of each device. Recently, such modification
was performed [21], [22] using the 180-nm ESF1 embedded
commercial NOR flash memory technology of SST Inc. [20]
(Fig. 2), and, more recently, the 55-nm ESF3 technology of the
same company [23], with good prospects for its scaling down
to at least F = 28 nm. Though such modification nearly triples
the cell area, it is still at least an order of magnitude smaller,
in terms of F2, than that of synaptic transistors [4].

The main result reported in this paper is the first successful
use of this approach for the experimental implementation
of a relatively simple mixed-signal neuromorphic network,
which could perform a high-fidelity classification of patterns
of the standard Modified National Institute of Standards and
Technology (MNIST) benchmark, with record-breaking speed
and energy efficiency.

II. MEMORY ARRAY CHARACTERIZATION

Our network design uses the energy-saving gate cou-
pling [4], [21], [23], [24] of the peripheral and array cells,
which works well in the subthreshold mode, with a nearly
exponential dependence of the drain current IDS of the mem-
ory cell on the gate voltage VGS [Fig. 2(d)]

IDS ≈ I0 exp

{
β

VGS − Vt

VT

}
(1)

where Vt is a threshold voltage depending on the memory state
of the cell (physically, the electric charge of its floating gate),
VT ≡ kB T /e is the voltage scale of the thermal excitations,
equal to ∼26 mV at room temperature, while β < 1 is the
dimensionless subthreshold slope d(lnIDS)/dVGS, measured in

Fig. 3. (a) Results of analog retention measurements for several
memory states, performed in the gate-coupled array configuration. There are
1000 points for each state, each point representing an average over 65 samples
taken within a 130-ms period. (b) Relative rms variation and the full
(peak-to-valley) swing of the currents during the same time interval. Inset:
equivalent circuit of the used gate coupling. (c) Spectral density of cell
current’s noise measured at room temperature; the gray lines are just guides
for the eye, corresponding to SI ∝ 1/ f 1.6.

the units of VT , and characterizing the efficiency of the gate-
to-channel coupling. As the inset in Fig. 2(d) shows, in the
ESF1 cells this slope stays relatively constant in a broad range
of memory states—a feature enabling the gate-coupled circuit
operation. [For lower Vt , the slope becomes higher, apparently
due to the specific cell design shown in Fig. 2(a).]

With the requirement to keep the relative current fluctuations
[Fig. 3(b)] below 1%, the dynamic range of the subthreshold
operation is about five orders of magnitude, from ∼10 pA to
∼300 nA, corresponding to the gate voltage swing of ∼1.5 V.

The ESF1 flash technology guarantees a 10-year digital-
mode retention at temperatures up to 125 °C [20]. Our
experiments have shown that these cells also feature at least
a-few-days analog-level retention, with very low fluctuations
of the output current [see Fig. 3(a)]. (A more extensive testing
of the analog-level retention [23], performed for the 55-nm
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Fig. 4. Network architecture. (a) Typical examples of B/W hand-written digits of the MNIST benchmark set. (b) Graph representation of our three-layer
perceptron network. Each synapse is implemented using a differential pair of floating-gate memory cells. (c) High-level architecture, with the weight tuning
circuitry for the second array (similar to that of the first one) not shown for clarity. (d) 2 × 2 cell fragment of the first crossbar array shown together with a
hidden-layer neuron, consisting of a differential summing operational amplifier pair and an activation-function circuit. (e) 2 × 2 cell fragment of the second
crossbar array with an output-layer neuron; these neurons do not implement an activation function. The voltage shifter, shown in (c), enables using voltage
inputs of both polarities over a 1.65-V bias, and is also used to initiate the classification process by increasing the input background from 1.8 to 4.2 V.

ESF3 NOR cells fabricated using a similar technology, has
shown no substantial drift in memory states for almost 1 day
even at an elevated temperature of 85 °C.)

Other features of the used ESF1 cell arrays, including the
details of their modification, switching dynamics and statistics,
and a demonstration of fast weight tuning with a ∼0.3%
accuracy, were reported earlier [21], [22]

III. NETWORK DESIGN

For the first, proof-of-concept demonstration of this new
hardware technology, we have selected the simplest possible
neuromorphic network architecture suitable for classification
of the most common MNIST benchmark set, with a reasonable
fidelity. The binary inputs of this benchmark simplify the
design of the first synaptic array. The implemented network
(Fig. 4) was a three-layer (one hidden layer) perceptron with
784 binary inputs bi , which may represent, for example,
28 × 28 black-and-white pixels of an input image [such as
the MNIST data set images illustrated in Fig. 4(a)], 64 hidden
layer neurons with the rectified-tanh activation function, and

ten output neurons [Fig. 4(b)]. The goal of the network is
to perform the pattern inference by the following sequential
transformation of the input signals.

Here, h j and f j (with j = 1, 2,…, 64) are, respectively,
the input and output signals of the hidden-layer neurons,
ck (with k = 1, 2,…, 10) are the output signals, providing the
class of the input pattern, while w(1) and w(2) are two matrices
of tunable synaptic weights, characterizing the coupling of the
adjacent network layers. In our network, these weights are
provided by floating-gate cells of two crossbar arrays of the
floating-gate memory cells with tunable weights [Fig. 4(c)].
Each neuron also gets an additional input from a bias node,
with a tunable weight based on a similar cell [Fig. 4(b)].
With the differential-pair implementation of each synapse (see
below), the total number of utilized floating-gate memory cells
is 2 × [(28 × 28 + 1) × 64 + (64 + 1) × 10] = 101 780.

The mixed-signal vector-by-matrix multiplication in the first
crossbar array is implemented by applying input voltages
(4.2 V for black pixels or 0 V for white ones) directly to
the gates of the array cell transistors, with fixed voltages on

h j =
784∑
i=1

w
(1)
j i bi + w

(1)
j,785, ck =

64∑
j=1

w
(2)
kj f (h j ) + w

(2)
k,65 fmax, f (h) ≡ fmax ×

{
tanh(h), for h ≥ 0,

0, for h < 0
(2)
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their sources (1.65 V) and drains (2.7 V) [see Fig. 4(d)].
As a result, the transistor source-to-drain current of the cell
located at the crosspoint of the i th column and the j th row
of the array does not depend on the state of any other cells,
and is equal to the product of the binary input voltage bi

by the analog weight w
(1)
j i prerecorded in the memory cell.

The sources of the transistors of each row are connected to
a single wire (with an externally fixed voltage on it), so that
the j th output current of the array is just the sum of products
w

(1)
j i bi over all columns i , thus implementing the vector-by-

matrix multiplication described by the first expression of (2),
as shown at the bottom of the previous page.

In order to reduce random drifts, and also to work with zero-
centered signals h j , we used a differential scheme, in which
each synaptic weight is recorded in two adjacent cells of each
column, and the output currents [Fig. 4(d), I+

j and I−
j ] of two

adjacent cell rows are subtracted in an operational amplifier,
with its output, h j ∝ I+

j − I−
j , passed to the activation function

circuit performing the function f (h). The used sharing of the
weight w

(1)
j i between the two cells of the differential pair is

very simple: one of the cells (depending on the sign of the
desirable weight) is completely turned OFF, giving virtually
no contribution to the output current. This arrangement keeps
half of the cells virtually idle, but simplifies the design and
speeds up the weight tuning process.

The analog vector-by-matrix calculation in the second array
was performed using the gate-coupled approach [Fig. 4(e)].
In this approach [24], the synaptic gate array is complemented
by the additional row of “peripheral” cells, which are phys-
ically similar to the array cells, and hence having the same
subthreshold slope β. The gate electrode of the peripheral
cell of each column is connected to those of all cells of this
column, so that their voltages VGS are also equal. Applying
(1) to the current of the cell located at the crosspoint of the
kth row and the j th column of the array (Ikj ), and that of the
peripheral cell of this column (I j ), and dividing the results,
we get

w
(2)
kj ≡ Ikj

I j
= exp

{
β

(Vt ) j − (Vt )kj

VT

}
. (3)

The resulting currents Ikj are summed up exactly as those
in the first array (with the similar differential scheme for
drift reduction), so that if the array is fed by the output
currents of the activation function circuits, I j ∝ f (h j ),
it performs the vector-by-matrix multiplication described by
the second expression of (2), with the synaptic weights given
by (3), which depend on the preset memory states of the
corresponding cells, but are independent of the input currents.
To minimize the error due to the dependence of β on the
memory state [see the inset in Fig. 2(d)], in the second array,
we used a higher gate voltage range (1.1–2.7 V), with the
upper bound due to the technology restrictions.

Fig. 5(a) shows the circuit used to subtract the currents
I+ and I− of the differential-scheme rows, based on two oper-
ational amplifiers [Fig. 5(c)]. Assuming that the resistances
RF are equal and that the outputs of both opamps do not
saturate (which was ensured by the following relation for the
maximum value of currents I±: Imax RF < 1 V for the chosen

Fig. 5. (a) Circuit-level diagram of a differential summing amplifier used in
the hidden-layer and output-layer neurons; RF = 16 k� for hidden neurons
and RF = 128 k� for output neurons. (b) Implemented activation function.
Transistor-level schematics of (c) operational amplifier and (d) activation
function, VSS = 0 V, VDD = 2.7 V.

value, RF = 16 k� in the first layer and RF = 128 k� in
the second one), the output voltage of the scheme is

V = RF (I+ − I−) + const (4)

Fig. 5(b) shows the rectified-tanh activation function f (h)
used in the hidden-layer neurons [see (2)], with h [V] =
10RF [�] (I+− I−) [A] and fmax = 300 nA, while Fig. 5(d)
shows the CMOS circuit used for the implementation of this
function.

The desirable synaptic weights, calculated in an external
computer running a similar “precursor” software-implemented
network, using the standard error backpropagation algorithm,
were imported into the network by analog tuning of the
memory state of each floating-gate cell, with peripheral analog
demultiplexer circuitry [Fig. 3(c)]. In order to simplify this
first, prototype design, the weights were tuned one by one,
by applying proper bias voltage sequences to select and half-
select lines [21], [22]. (In principle, this process may be
significantly parallelized.) The large voltages required for
the weight import are decoupled from the basic, low-voltage
circuitry, using high-voltage pass transistors. The input pattern
bits are shifted serially into a 785-b register before each
classification; to start it, the bits are read out into the network
in parallel.

The digital encoders and shift register circuits and their
layouts were synthesized from Verilog in a standard 1.8-V
digital CMOS process. All other circuits were designed manu-
ally for the embedded 180-nm process of Silterra Corp. (Such
an approach was practicable due to the modular, repetitive
design of the circuit.) All active components of the circuit
have a total area of 0.78 mm2 (Fig. 6), with the two synaptic
arrays occupying less than a quarter of this area, while the
total chip area, including very sparse routing (which was not
yet optimized for this design), is about 5 × 5 mm2.
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Fig. 6. (a) Micrograph of the chip and (b) area breakdown of its active
components (excluding wiring between the blocks, which was not optimized
at this stage).

IV. NETWORK TESTING

Because of the digital (fixed voltage) input of the first
synaptic array, the subthreshold conduction was not enforced
there, so that the output currents of some cells exceeded
300 nA [Fig. 7(a)]. To reduce the computation error due to the
potential slope mismatch between peripheral and array cells,
all peripheral floating gate transistors in the second array were
tuned to provide output currents of 300 nA at VG = 2.7 V, i.e.,
at the largest voltage that could be supplied by the hidden
layer neuron in our design. With such a scheme, the error
is conveniently smallest for the largest weight wki = 1,
corresponding to the array cell tuned to run a current of 300 nA
at VGS = 1.6 V. The target current values for all cells in
the second array (excluding bias ones) were ensured to be
between 0 and 300 nA by clipping the weights during training
of the precursor network.

To decrease the weight import time, only one cell of each
pair, corresponding to a particular sign of the weight value,
was tuned, while its counterpart was kept at a very small,
virtually zero, initial conductance. Additionally, all nonbias
cells in the first array, for which the target conductances
were below 30 nA, were also not tuned, because of their
negligible impact on the classification fidelity, confirmed by

modeling. As a result, only about ∼30% of the cells were
fine tuned. Because of the sequential character of the tuning
process, it took several hours to complete it, with the chosen
accuracy, for the whole chip. (In the future, the tuning may
be greatly sped up by adjusting multiple weights at a time via
integrated on-chip tuning circuitry [9], and using the better
tuning algorithms we have developed [22].)

Moreover, also to speed up the import process, the weight
tuning accuracy for a single-cell tuning was set to a relatively
high value of 5%. As Fig. 7(b) indicates, some of the already
tuned cells were disturbed beyond the target accuracy during
the subsequent weight import. In this first experiment, these
cells were not retuned, in part because even for such rather
crude weight import the experimentally tested classification
fidelity (94.65%) on MNIST benchmark test patterns (Fig. 8)
is already remarkably close to the simulated value (96.2%) for
the same network (Fig. 9). Both these numbers are also not
too far from the maximum fidelity (97.7%) of the similar per-
ceptron of this size, optimized without hardware constraints,
with ∼0.5% in fidelity recovered by taking into account small
weights and ∼1% by not clipping the nonbias weights.

Excitingly, such classification fidelity in our network, with
large optimization reserves (see below), is achieved at an
ultralow (sub-20-nJ) energy consumption per average classi-
fied pattern [Fig. 10(a)], and the average classification time
below 1 μs [Fig. 10(b)]. The upper bound of the energy
is calculated as a product of the measured average power,
5.6 mA × 2.7 V + 2.9 mA × 1.05 V ≈ 20 mW, consumed by
the network, by the upper bound, 1 μs, of the average signal
propagation delay. A more accurate measurement of the time
delay, and hence the energy, requires a redesign of the signal
input circuitry, currently rather slow [see Fig. 10(b)].

V. DISCUSSION

The achieved speed and energy efficiency are much better
than those demonstrated, for the same task, at any digital
network we are aware of. For example, the best results
for the same MNIST benchmark classification were reported
for IBM’s TrueNorth chip [25]. For the comparable 95%
fidelity, that chip can classify 1000 images per second while
consuming 4 μJ of energy per image [26], i.e., it is at least
three orders of magnitude slower and less energy-efficient than
our, still unoptimized analog circuit. This difference is rather
impressive, taking into account the advanced 28-nm CMOS
process used for the TrueNorth chip implementation.

In a less direct comparison, in terms of energy per a
multiply-and-accumulate (MAC) operation, our network also
outperforms the best reported digital systems. Indeed, the
measured upper bound of the energy efficiency of our circuit
is 0.2 pJ per MAC. This is a factor of 60 smaller than
the 12 pJ per MAC reported for 65-nm Eyeriss chip [27],
which is highly optimized for machine learning applications.
(It performs 16-b operations and, like the TrueNorth chip,
was implemented using an advanced fabrication technology.)
Note that both the TrueNorth and Eyeriss chips, in turn, far
outperform the modern graphical processing units (GPUs) for
neuromorphic-network applications. Our result is also much
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Fig. 7. Weight export statistics. (a) Histogram showing the imported cell current values (weights), measured at VD = 2.7 V, and VS = 1.65 V and
VG = 4.2 V in the first synaptic array, and VS = 1.1 V and VG = 2.7 V for the second one, which were used in the experiment. (b) Comparison between the
target synaptic cell currents (computed at the external network training) and the actual cell currents measured after their import, i.e., cell tuning. (c) Similar
comparison for the positive fraction of hidden neuron output computed for all test patterns. (The negative outputs are not shown, because they are discarded
by the used activation function.) Red-dashed lines are guides for the eye, corresponding to the perfect weight import.

Fig. 8. Experimental results for the classification of all 10 000 MNIST test set patterns. (a) Histograms of voltages delivered by each output neuron. Red
bars correspond to the patterns whose class belongs to this particular output, while the blue ones are for all remaining patterns. (b) Histograms of the largest
output voltages (among all output neurons) for all test patterns of each class, showing that the correct outputs (red bars) always dominate. Note the logarithmic
vertical scales.

better than the ∼1 pJ per analog operation, recently reported
for a small 130-nm mixed-signal neural networks based on
synaptic transistors [8]. It is also comparable with the best
results obtained using the switched-capacitor approach [28],
for example, the recent ∼0.1 pJ per operation achieved in
a much smaller circuit, with only 8 × 8 × 3 discrete (3-b)
synaptic weights, using a 40-nm process [29]. (Note that this
approach does not allow analog tuning of synaptic weights,
and its extension to larger circuits may be problematic because
of the relatively large capacitor size.)

It should be also noted that the energy-per-MAC metric is
generally less objective, because it does not account for the
operation precision and the complexity and functionality of

the implemented system (e.g., general-purpose systems like a
typical GPU versus application-specific ones like the Eyeriss
chip).

There are still several unused reserves in our design.
The most straightforward improvement is to use for neurons
the current-mirror design similar to the gate-coupled circuits
shown in Fig. 4(e), but implemented with the floating-gate-free
transistors, and hence with the signal transfer weight w = 1.
(In our current design, neurons give dominant contributions to
the network latency and energy dissipation [see Fig. 10(a)]).
The second direct path forward is to use the more advanced
55-nm memory technology ESF3 of the same company [20].
(Our preliminary testing [23] of its similar redesign has not
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Fig. 9. Simulated classification fidelity, computed with the 32-b floating-
point precision, as a function of weight precision import for the implemented
network, with the particular set of weights used in the experiment. The weight
error was modeled by adding, to its optimized value, a normally distributed
noise with the shown standard deviation. The red, blue (rectangles), and black
(segment) markers denote, respectively, the median, the 25%–75% percentile,
and the minimum and maximum values for 30 simulation runs. The black and
red horizontal dashed lines show, respectively, the calculated misclassification
rate for perfect (no noise) weights, and the rate obtained in the experiment.

found any evident showstoppers on that path.) The time delay
and energy dissipation of the network with current-mirror
neurons will be dominated by the synaptic arrays, and may be
readily estimated using the experimentally measured values
of the subthreshold current slope β for 180-nm ESF1 cells
and 55-nm ESF3 cells. For example, our modeling of a large-
scale network deep-learning convolutional networks, suitable
for classification of large, complex patterns [30] (i.e., the same
network which was implemented by Eyeriss chip [27]), using
these two improvements, showed at least a ∼100× advantage
in the operation speed, and an enormous, >104× advantage
in energy efficiency, over the state-of-the-art purely digital
(GPU and custom) circuits [see Table I]. (In this table, the
estimates for the floating-gate networks take into account the
55 × 55 = 3025-step time-division multiplexing, natural for
this particular network. The crude estimate of the human visual
cortex operation is based on the ∼25-W power consumption
of ∼1011 neurons of the whole brain, and a 30-ms delay of
the visual cortex, and assumes the uniform distribution of the
power over the neurons, and the same number of neurons
participating in a single-pattern classification process.) More-
over, the energy efficiency of the floating-gate networks would
closely approach that of the human visual cortex, at much
higher speed [see the last two columns in Table I].

It should be also noted that the cell area of sub-100-nm
embedded NOR floating-gate memories is only slightly larger
than that of the “1T1R” variety of many emerging nonvolatile
memory technologies [10]–[15]. (Here, “T” stands for a ded-
icated select transistor and “R” for the adjustable resistive
memory element.) On the other hand, our crude estimates
show [5] that the density and performance may be significantly
improved using truly passive (“0T1R”) memristor circuits and
especially their 3-D versions [31].

Note also that the recent progress [32], [33] in the devel-
opment of machine learning algorithms using binary weights
implies that our approach may be also extended to novel

Fig. 10. Physical performance. (a) Histogram of the experimentally mea-
sured total currents flowing into the circuit, characterizing the static power
consumption of the both memory cell arrays, for all patterns of the MNIST
test set. Inset: list of the pattern-independent static current of the neurons.
(b) Typical signal dynamics after an abrupt turn ON of the voltage shifter
power supply, measured simultaneously at the network input, the output of
a sample hidden-layer neuron, and all network’s outputs. (The actual input
voltage is 10× larger.) The oscillatory behavior of the outputs is a result of a
suboptimal phase stability design of the operational amplifiers. Before it has
been improved, and the input circuit is sped up, we can only claim a sub-1-μs
average time delay of the network, though it is probably closer to 0.5 μs.

TABLE I

SPEED AND ENERGY CONSUMPTION OF THE SIGNAL PROPAGATION
THROUGH THE CONVOLUTIONAL (DOMINATING) PART OF

A LARGE DEEP NETWORK [30]

3-D NAND flash technologies. Such memories may ensure
much higher areal densities of the floating-gate cells, but their
redesign to analog weights may be more problematic. Also,
the results of [33] show a significant drop in classification
performance that results from using binary weights in con-
volutional layers of large-scale neuromorphic networks. The
performance of such networks may be improved by increasing
the network size; however, its speed and energy efficiency
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may suffer. So, the tradeoff between the density and weight
precision effects in 3-D memories is far from certain yet, and
requires further study.

To summarize, we believe that the reported results give
an important proof-of-concept demonstration of the exciting
possibilities opened for neuromorphic networks by mixed-
signal circuits based on industrial-grade floating-gate memory
cells.
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