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Defect-tolerant nanoelectronic pattern classifiers
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SUMMARY

Mixed-signal neuromorphic networks (‘CrossNets’), based on hybrid CMOS /nanodevice circuits, may
provide unprecedented performance for important pattern classification tasks. The synaptic weights nec-
essary for such tasks may be imported from an external ‘precursor’ network with either continuous
or discrete synaptic weights (in the former case, with the quantization—°‘clipping’—due to the binary
character of the elementary synaptic nanodevices—Ilatching switches.) Alternatively, the weights may be
adjusted ‘in situ’ (inside the CrossNet) using a pseudo-stochastic method, or set-up using a mixed-mode
method partly employing external circuitry. Our calculations have shown that CrossNet pattern classifiers,
using any of these synaptic weight adjustment methods, may be remarkably resilient. For example, in
a CrossNet with synapses in the form of two small square arrays with 4 x 4 nanodevices each, the
resulting weight discreteness may have a virtually negligible effect on the classification fidelity, while the
fraction of defective devices which affects the performance substantially ranges from ~20% to as high as
90% (!), depending on the training method. Copyright © 2007 John Wiley & Sons, Ltd.
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1. INTRODUCTION

It is generally accepted now [1] that the current VLSI digital circuit paradigm, based on a combi-
nation of lithographic patterning, CMOS technology, and Boolean logic, cannot be extended into
the few-nm minimum size range without introducing new concepts and/or devices. On the other
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Figure 1. (a) Crossbar structure and (b) /-V curve of a two-terminal latching switch (schematically).

hand, the experimentally demonstrated or rationally envisioned sub-10-nm devices (for a review,
see, e.g. Reference [2]) fall into two distinct categories:

(i) multi-terminal devices with functionality comparable with that of a silicon MOSFET (in
particular, with substantial voltage gain) and
(i) simple, two-terminal devices.

So far, only the devices of the second group could be fabricated with the necessary (sub-nm)
accuracy using potentially inexpensive techniques, because they may have just one critical dimen-
sion (distance between the electrodes) which may be readily controlled by, e.g. film deposition or
oxidation rate. Unfortunately, the functionality of these diode-like devices is hardly sufficient for
the implementation of valuable integrated circuits.

Hybrid CMOS /nanodevice circuits offer an effective resolution of this situation. In such circuits
(see, e.g. recent reviews [3,4]), a layer of two-terminal nanodevices is used as an add-on to a
CMOS subsystem. Such a combination allows both the functionality, flexibility, and reliability
of CMOS circuits (and all the enormous infrastructure accumulated by the electronic industry
for their design and fabrication) and the unparalleled potential density of nanodevices (with their
miniscule footprint) to be used to the full extent.

Virtually all realistic proposals of such hybrid CMOS/nanodevice circuits are based on the
crossbar structures (Figure 1(a)) with latching switches (a.k.a. ‘programmable diodes’) formed at
each crosspoint. The functionality of such two-terminal devices is illustrated in Figure 1(b). At
low applied voltages, the devices behave as usual resistors or diodes, but higher voltages may be
used to switch them between low-resistive (ON) and high-resistive (OFF) states. Numerous devices
with such functionality have been already demonstrated using several materials, notably including
amorphous metal-oxide films (see, e.g. References [5,6]), relatively thick organic films (both
with [7, 8] and without [9, 10] embedded metallic clusters), self-assembled molecular monolayers
[11-13], and thin chalcogenide layers [14, 15]. The physics of the ON-OFF switching in these
devices is still a matter of substantial discussion, with the reversible filament formation most
probable for organic systems, and trapped electric charge accumulation looking like the most
plausible candidate for amorphous oxide films. In both interpretations, the conductance is due
to some random active conducting centres (filaments or hopping percolation paths) separated
by distances of the order of a few nanometers. In order to be reproducible, the device should
have a large number of such centres. This is why the extension of the excellent reproducibility
demonstrated for such statistical crosspoint devices with the lateral size F'>100nm [5] to the most
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interesting range F <10 nm presents a challenge. This problem may be addressed using uniform
self-assembled monolayers of specially designed molecules [16] implementing single-electron
latching switches (1715 A major challenge here is the reproducibility of the interface between the
monolayer and the second (top) metallic electrode, because of the trend of the metallic atoms to
diffuse inside organic monolayers during the electrode deposition [22]. Recent very encouraging
progress towards solving this problem has been obtained using an intermediate layer of a conducting
polymer [46].

The crossbar geometry (Figure 1(a)) allows the state of each lathing switch to be set up and
read out individually.' The main technological advantage of this structure is that the crossbar may
be formed by advanced patterning methods (e.g. nanoimprint [22, 23]) which may be potentially
extended to a few-nm half-pitch Fpano,! bringing the latching switch density beyond 10'% devices
per cm 2. At this approach, interfacing the nanowire crossbar with the CMOS subsystem (which has
to perform demultiplexing, readout signal sensing, error correction and other peripheral functions),
becomes a challenge, because the advanced patterning technologies lack nanoscale alignment
(overlay) of sequential layers. Several initial suggestions for forming such interfaces at the crossbar
periphery [4] do not seem very practicable—see Reference [23] for their critical review. Recently,
our group suggested [2, 23] a new approach (dubbed ‘CMOL’) in which the interface is provided
all over the chip surface, using pins with the CMOS pitch but nanoscale-sharp tips (Figure 2).
The main feature of the CMOL topology is that it provides a unique access from the CMOS
subsystem to each crossbar nanowire (whether in the bottom or the top layer) with the theoretical
100% fabrication yield even in the absence of any alignment between the CMOS and crossbar
subsystems. !

Calculations have shown that CMOL technology may enable terabit-scale ‘resistive’ (or ‘cross-
bar’) memories with sub-100-ns assess time and defect tolerance above 10% [24] and FPGA-like
reconfigurable logic circuits with density at least two orders of magnitude higher than that of their
CMOS counterparts fabricated with same design rules, at even higher defect tolerance (above 20%)
and manageable power dissipation [25]. However in the long run, the most important application
of this technology may be in advanced information processing with mixed-signal neuromorphic
networks—‘CrossNets’ [16, 17,23, 26].

Figure 3 shows the generic (feedforward, binary-weight) CMOL CrossNet structure. CMOS-
implemented somatic cells apply their analog output voltages V; to ‘axonic’ nanowires. If the
latching switch at the crosspoint of an axonic wire with a perpendicular ‘dendritic’ wire leading
to cell i is in its ON state with relatively high conductance G, it supplies current /;; ~GV; into
the latter wire, changing the electric charge Q; of the wire and hence the input signal of the
post-synaptic somatic cell. Since each dendritic wire contacts several (M) synapses (Figure 3),

fMetal-based, low-temperature prototypes of such switches, with multi-hour state retention times, have been demon-
strated experimentally [2, 18, 19]. However, so far molecular implementations have been only demonstrated (see,
e.g. References [20, 21]) for the main component of the device, the single-electron transistor [2], rather than for
the latching switch as the whole.

$For example, in order to turn the switch ON, the two wires leading to the device are fed by voltages +VwriTE,
with Vwrite < V4 <2Wyrite. (The right inequality ensures that this operation does not disturb the state of ‘semi-
selected’ switches contacting just one of the biased nanowires.) The reciprocal ON — OFF switching is performed
similarly using threshold V_ (Figure 1(b)).

(’[Prototype crossbars with Fpano =30 nm have already been demonstrated [13].

INote that the last statement is only true for the recently introduced [25] version of the CMOL interface in which
each ‘blue’ pin, reaching to the upper nanowire level, intentionally interrupts a bottom level wire—see Figure 2(a).
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Figure 2. Structure of a CMOL circuit: (a) schematic side view and (b) top view. For clarity, the last

panel shows only two adjacent crosspoint devices which may be addressed via interface pin pairs {1, 2}

and {1, 2'}. The figure shows that due to the specific rotation angle o = arctan(1/r), where r is an integer,

between the nanowire crossbar and the square meshes of interface pins, each nanodevice may be accessed
individually from the CMOS subsystem.
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Figure 3. Structure of a generic (feedforward, binary-synapse) CrossNet. Physically, the axonic nanowires

(shown red), and dendritic nanowires (shown blue) are similar. For clarity, only a fraction of elementary

synapses (latching switches) are shown (by green circles). Actually, the devices form a continuous 2D

array covering all the chip area including the area of underlying, CMOS-implemented somatic cells

(shown grey). Note the open-circuit terminations of axonic and dendritic lines. Due to these terminations

the somas do not communicate directly (but only via synapses); the terminations also limit the nanowire
segment length and hence the cell connectivity M.
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the current addition provides a natural passive analog summation of signals from M pre-synaptic
cells.

The most remarkable feature of the CMOL CrossNet structure is that connectivity M in these
quasi-2D circuits may be large, which seems necessary for all but most rudimentary applications
of neural networks—see, e.g. References [27—-29]. In order to increase M with a given nanowire
crossbar, it is sufficient to reduce somatic cell density. In contrast, the cell distribution, at fixed
density, defines the network configuration, i.e. their connectivity graph. For example, it is straight-
forward to design [26] both layered networks (‘FlossBars’) which differ from the usual multilayer
perceptrons [27, 28] only by a finite connectivity, and ‘interleaved’ structures (‘InBars’) which are
most natural for the implementation of recurrent networks.

The largest motivation for the CMOL CrossNet development is the enormous estimated perfor-
mance of these networks. Apparently, this is the first hardware which eventually may overcome
human cerebral cortex in cell density per unit area (at the similar average connectivity M = 10* [30]),
beating the biological prototype in speed by at least four orders of magnitude at a readily man-
ageable power dissipation of the order of 1 W/cm?. The comparison between CrossNets and the
usual artificial neural networks (implemented as software codes run on usual digital computers) is
also very impressive. For example, we have shown [31] that a CMOL CrossNet chip of a modest
(sub-1-cm?) size, dissipating ~10 W, can use the well-developed classification algorithms run
independently in 4000 panels (of 32 x 32 pixels each) to provide a high-fidelity recognition of a
human face in a large crowd in just 100 ps (compatible with online operation). This number is
to be compared with a-few-hour time necessary if the same task is being performed by a modern
CMOS-based microprocessor.

However, in order to use this potential performance edge, several challenges have to be met.
Even leaving alone the major technological task of nanodevice and nanowire scaling into the sub-
10-nm range, the specific properties of CMOL hardware create additional problems with CrossNet
training in comparison with the software-implemented neural networks. Indeed, the elementary
synapse (nanoscale latching switch):

(i) can only provide binary synaptic weight;
(i) may have a substantial probability g of being defective; and
(iii)) may be adjusted only via the two nanowires it has been formed between.

For some tasks, these challenges may be readily met. For example, in Little—Hopfield-type sym-
metric recurrent networks, using binary synaptic weights leads to a very limited (~30%) reduction
of the network capacity [28], while the defect tolerance may be very high (above 80%, at the
50% capacity reduction), and since the weight calculation is straightforward, they may be readily
imported from an external computer [26].

However, other important applications, in particular feedforward perceptrons used for pattern
classification [29], are more demanding and require, in particular, multi-valued synaptic weights.
The main goal of this paper is to show that weight clipping and modest amount of defects do
not prevent CMOL CrossNet from being trained and used as defect-tolerant pattern classifiers.
In Sections 2 and 3 we will address, respectively, the procedure of synaptic weight import from
a precursor network with continuous weights, and the clipping and defect tolerance of CrossNet
perceptrons with imported weights. The second option is to use precursor networks with discrete
weights, avoiding the clipping at import. We will discuss this approach, which gives slightly
inferior results for perfect CrossNets but much better defect tolerance, in Section 4. Section 5 is
devoted to a discussion of ‘in situ’ training of CrossNet classifiers; this method has showed very
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high defect tolerance on small problems, but does not seem scalable to tasks with larger data sets.
The last fact has motivated us to work on the mixed-mode training (Section 6) which provides
both scalability and high defect tolerance, using smaller external tutors. Finally, in Section 7 we
summarize our results and discuss the most urgent unsolved problems of CrossNet development.

2. SYNAPTIC WEIGHT IMPORT

The most natural way to produce an L-level synaptic weight in CMOL CrossNets is to use a square
array of n x n similar latching switches (Figure 4(a)). In the feedforward signal propagation mode
the output currents of all the devices are summed up, so that the total output signal is proportional
to the number N of switches in the ON state (OSN <n2), giving n?+1 possible values of w;;.
For the CrossNet geometry, it is more natural to use two such arrays, one giving a positive and
another negative contribution to the dendritic signal, thus yielding L =2n? + 1 quantized weight
levels [26].

The weights may be imported from outside, for example, from a homomorphic ‘precursor’ net-
work with quasi-continuous synaptic weights. At the import process [26], each weight is naturally
rounded (‘clipped’) to one of the L quantized values corresponding to the possible state of the
CrossNet synapse, giving clipped values wy = wyax(N/n?), where N = —n?, —n> 4+ 1, ..., +n?
is the effective number of binary switches in their ON state.**

Generally, the import may be accomplished by setting each latching switch individually—see
Footnote §—because CMOL topology allows the CMOS subsystem to address each nanowire and
hence each nanodevice. However, in order to simplify the subsystem, the whole ‘composite synapse’

Step 1

V1+A/2

Vo+ B2

() (b) m

Figure 4. (a) A multi-valued synapse and (b) a 3-time-step weight import into it. Dark-green and light-green
colours show the areas occupied by latching switches turned, respectively, OFF and ON.

**The synaptic weight amplitude wpax may be regulated by physical parameters of the network, including conductance
G of the latching switch in its ON state.
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(the n x n array) may be adjusted simultaneously by creating linear gradients of voltages applied
to each nanowire (Figure 4). If the gradients are equal (A = B) the OFF - ON switching condition
V =V, creates a boundary, with a 45° slope, which can be moved through the array, changing
N—see Figure 10 of Reference [26] and its discussion. However, at this import technique the
switching boundary may reach several (up to n) devices simultaneously, thus effectively reducing
the number of controllable levels.

Figure 4(b) shows a way around this problem. In this approach, the weights are imported in
three sequential time steps (after the ‘Oth’ step of setting all the switches to OFF state). At step 1,
the voltage gradient is created only along one group (say, dendritic) nanowires: A =0, B>0. The
resulting vertical gradient of applied voltage creates a horizontal OFF — ON switching line which
turns on n X k lower switches, where k is the first integer in the module-n expression of the desired
number of ON devices: N =kn + m. At step 2, A>0, B =0, and the resulting horizontal gradient
of applied voltage is used to set ON all devices in the n x m left rectangle. (Of those switches,
m x k have already been in the ON state after step 1.) Finally, at step 3, A=0, B>0 again, and
the vertical gradient is used to drive the ON — OFF switching boundary (using the threshold V_,
see Figure 1(b)) one line above that used at step 1. This turns off all the switches but m in the
vertical strip, and brings the total number of ON devices to the desired number N =kn + m.

3. CONTINUOUS WEIGHT IMPORT: CLIPPING AND DEFECT TOLERANCE

A useful initial insight on the impact of weight import on the network fidelity may be obtained
for the analytically tractable case of a simple perceptron [27-29] with M inputs, no hidden layers
and one or several output signals

M
0;=g(yi), yi= D wijx; (D
j=1

The class of a certain input vector {x;} is usually decided by the comparison of output signals
O;. For a monotonic activation function g(y), this is equivalent to the comparison of sums y;. Let
us first treat the network as a statistical ensemble, with both signal components x; and synaptic
weights w;; approximately treated as independent random variables. If, for the notation simplicity,
we consider sign-symmetric inputs x; and weights w;;, then

(xj)y=(w;j) = (xjxj) = (wijwrjr) = (w;jx;r) =0 ()

As a result, the spread of the output signals (in the case of perfect weight values) may be
calculated as

(v%) = M(x?) (w?) 3)

Even at perfect nanodevices, the clipping procedure at weight import changes the weights in
comparison with their initial values w (Figure 5(a)):

—Wmax  for w<—wmax

we= { wy for [w — wy | <wmax/2n° 4)
Wmax for w>wmax
Copyright © 2007 John Wiley & Sons, Ltd. Int. J. Circ. Theor. Appl. 2007; 35:239-264
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Figure 5. Change of weights due to: (a) clipping and (b) stuck-on-close-type defects—schematically.

which creates the output signal variance '
(0y2) = M(x*)(0w)),  dwe=we —w )
The relative weight perturbation due to clipping may be characterized by the ratio

o (Gwd) 1 swZp(w) dw

T wd) [ w2p(w) dw

(6)

where p(w) is the probability distribution of the ‘perfect’ (unclipped) synaptic weights. Numerical
simulations of perceptrons trained to perform real classification tasks show that this distribution

1 Strictly speaking, the last average in Equation (5), as well as all the averages denoted (- --) below, is carried out
over a sub-ensemble of random weight sets, which nominally give a certain output vector y;.
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Figure 6. Parameter R; of simple perceptron weight perturbation due to clipping, as a function of
the clipped weight amplitude width wpax (normalized to the width ¢ of the initial continuous-weight
distribution) for several values of the number L =2n2 + 1 of quantized levels.

is typically close to the Gaussian. (At least this is a much better approximation than the uniform
distribution used in the earlier analyses [26, 32, 33] of the weight clipping effects.) In this case, in
the most important limit L>>>1, Equations (3) and (5) yield

2 u fZ 0 52
%/ exp | =5 dé+/ (€= piexp| -5 | d¢
2 nJo K
R =

¢ u 2 00 2
/ 52 exp —5— dé + ,112/ exp —é— dé
0 2 u 2

)

where = wnax/0, and o2 is the initial distribution’s variance. (All the integrals can be readily
expressed via the error function.) The error parameter R; as a function of p has a minimum
(Figure 6) corresponding to the optimal choice of the quantized weight distribution width.H

Let us use the same approach for the analysis of the effect of fabrication-induced defects. We
will use the same defect model which has been accepted in other studies of hybrid semiconductor/
nanodevice circuits [24,25, 34, 35], namely that the crosspoint latching switch defects are inde-
pendent (with probability g) and are equivalent to ‘stuck-at-open’ faults, i.e. that the bad device
is either missing (leaving the nanowires disconnected) or is always in the OFF state (Figure 1).

H The reason for that is as follows: if the clipped weight amplitude wmqx (and hence parameter 1) is small, the error
is large due to clipping of the weight distribution tails. On the other hand, if the amplitude is made so large that it
covers virtually all the essential distribution of the initial weights, the weight rounding of internal values becomes
the most essential source of the total error now which grows with wpax.

Copyright © 2007 John Wiley & Sons, Ltd. Int. J. Circ. Theor. Appl. 2007; 35:239-264
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At the current stage of latching switch development, such defects dominate, though an analysis of
the opposite, ‘stuck-at-close’ defects is an important goal for future research.

For our ‘composite’ synapse of 2n” = L — 1 elementary latching switches, the defects may result
in the reduction of the number of ON synapses (Figure 5(b)), from the number N corresponding
to the nominal value wy = wpax N/ n? of the clipped weight, to some random number N; with
the binomial probability distribution

(No)a=N(—¢q), (N)a=N*(1—g)*+|Nlg(l —q) (8)

where (---); means averaging over the ensemble of random defects (at fixed N). In order to
calculate statistical properties of the full weight perturbation

Sw=wy — w=(wg — wy) + (Wy — w) =dwy + dwe = (Wmax/n>)(Ng — N) + dwe (9

we need to average them also over the clipped weight ensemble

2

+n
((--dad= 22 pn(-da (10)

N=—n2

where py is the probability distribution of N due to clipping (Figure 5(a)). This distribution may
be obtained by the integration of the pre-clipping distribution function over the range of w clipped
to the corresponding value of N—see Equation (4). For L>1, we get

2772
N
ﬁexp(—u ), |N|<n2

n? 2n#
PN = on ~ 2 (11
/ eXp (—?) df, |N|=I’l2
u

Using these formulas, we may calculate the variance of the total perturbation
{(Ow?)a) = ({dwgha) + (Swg) +2{(wedwa)a) = ((Swg)a) + (Ow7) +2q((wedwa)a)  (12)

taking into account that at L>>1 the summation over the ‘internal” values of N (with N><n*) may
be replaced by integration. The result is R? = ((5w2)d)/((w52,)d), with

1 2 u 2 o0 2
[E () /O exp (—%) dét f (€ — 2 exp (—%) dé}
n
5 u 5 _52 5 ) 62
- +q |:/0 &% exp <T> dé+u /ﬂ exp (—?)d£:|

((dw?g) =% = (13)

n u 2 00 2
+61(1—q)ﬁ2 [/ éexp<—£—>df+ﬁ/ exp<—5—>dé}
n= | Jo 2 o Ju 2

00 2
+un/ (& —wexp (—%) d¢
u
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It £2 u £2
(1—q>/0 fzexp<—3>dé+q%fo éexp(—;)df

2
((w)a) =a*(1 — q)y/ = (14)

+ [(1 — 1 +qn—#2] /OOGXP (—%2) dé

u

Figure 7 shows the total perceptron perturbation parameter R (due to both clipping and defects),
as a function of p, for several values of the bad device fraction ¢ and two practicable values of
L, corresponding to n =3 and 4. Just as in the case of pure clipping, R can be minimized by an
appropriate choice of u for each L and ¢. Figure 8 shows this minimum value of R, as well as
the necessary value of wpax, as a function of ¢, for several realistic values of L.

These results seem rather alarming, because the probability for the perturbation to result in
the wrong sign of an output signal is given by ¢ = (1/x) arctan R (see, e.g. Reference [28]). This
means, for example, that if a CrossNet with the realistic value n =4 (i.e. L = n?4l= 33) obeyed
the simple theory developed above, the defect fraction ¢ =20% would lead to R 2 0.3 and hence
to ~10% of outputs with a wrong sign. However, the actual situation may be better. Indeed, the
calculations described above have been carried out in the assumption of statistical independence
of input signals x; and synaptic weights w ;. Actually, perceptrons training makes the weights
strongly correlated with input signals. For example, in a well-trained ‘Winner Takes All’ network
(where a certain class C, is coded by the dominance of pth output over others, i.e. by the relation
yp>y; for all i # p), there is always a substantial gap between y, and max;(y;) for all input
vectors. In this case, a small weight perturbation, which leads to a proportional broadening of
the output signal distributions, with (6y?)/(y?)~(dw?)/(w?) = R?, should not give a substantial
error unless (y2) becomes comparable with the nominal difference yp — max;[y;]. Though we
are unaware of any analytical theory of the resulting errors, one can expect that if the output signal
broadening is close to Gaussian, a fair estimate of the error is given by the error function

U S / exp (_M)d
V2n(2aR)? J-x 2(2aR)? )

where A= (y, — max[yi«p])/yp, and a is a coefficient of the order of 1. According to this formula
(with optimistic values a =1, A=2), for the same case L =33, ¢ =20% (giving 2R ~0.6),
we get a crude estimate ¢~5%. Such an error would be acceptable for nearly all perceptron
applications, since the generalization errors of ‘perfect’ (continuous-weight) networks trained for
pattern classification problems are typically of the order of a few percent [27-29].

The approximate nature of this estimate has urged us to carry out a more direct study of
the clipping and defect impact on pattern classification by perceptrons. In particular, we have
carried out a numerical Monte Carlo simulation of a simple but representative case of a perceptron
with one hidden layer trained to classify handwritten digits of the MNIST database [36,37].
This set consists of 60000 training plus 10000 test images of 10 digits (0-9). Each image has
28 x 28 =784 pixels (with 256 levels of grey) so that for its classification we have used a 784-784-
10 cell perceptron.’’ The somatic cells are just non-linear amplifiers with the activation function
x; = tanh(gy;). The normalized gain g has been fixed at the level 2(3/M Y2 (where M =784

(15)

$3The exact number of units in the hidden layer does not affect the performance significantly [36].
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Figure 7. The simple perceptron total perturbation parameter R (due to both clipping and defects)
as a function of the clipped weight distribution width wm,x, for two typical values of L and several
values of the bad device fraction g.

is the number of cells in the previous layer) which gives a reasonable (moderate) degree of the
activation function non-linearity. The class of the input vector was determined by the number of the
output channel giving the largest signal (the “Winner Takes All’ rule). A homomorphic perceptron
with continuous weights has been trained by the usual error backpropagation method [27, 28]. The
pre-training weights were random, with a uniform distribution over the range [—1, +1], but the

Copyright © 2007 John Wiley & Sons, Ltd. Int. J. Circ. Theor. Appl. 2007; 35:239-264

DOI: 10.1002/cta



DEFECT-TOLERANT NANOELECTRONIC PATTERN CLASSIFIERS 251

1.0 T
0.8 - B
m L
5 Number of
E 06 quantized levels -
] L=9
& 19
2 o4t 2:13 -
I
© 73 [}
5
'_
02 - B
/I
N /
0.0 I L 1 1 L 1 L 1
0.0 0.1 0.2 0.3 0.4 0.5
(a) Defect Fraction q
4.0 T T T T T
L
gg as | Numb_er of
quantized
(0]
ESi levels
=)
= L=73
Q.
1S
< 30
<
()]
©
=
© ’
%_ 25 i / 7
o] i /gl
I -/-
20 I " 1 " 1 " 1 " 1 "
0.0 0.1 0.2 0.3 0.4 0.5
(b) Defect Fraction g

Figure 8. (a) The minimum value of the total perceptron error parameter R and (b) the optimal value of
the wmax /0 ratio as functions of g, for several values of L.

final (post-training) distribution was closer to Gaussian, especially for the synapses between the
first and hidden layers.

After training, the weights have been imported, with the corresponding clipping to simulated
CrossNets with random position of bad latching switches. At this procedure, for a given number
of quantization levels L, we could select an arbitrary clipped weight amplitude wp,x. Moreover,
since precursor network properties do not depend on the scale of weights of synapses between the
hidden and output layers, we could multiply these weights, before clipping, by an arbitrary factor c.
(The effect of this parameter is similar to that of wp,x, but in CMOL hardware it is much more
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natural to keep the latter parameter global.) For a substantial defect concentration ¢ we have also
found it beneficial to multiply, after the optimization of wmp,x and ¢, gain g of CrossNet somatic
cells by a factor of 1/(1 — ¢g)>1 in comparison with that of the precursor network. According
to the first term of Equations (8), this multiplication cancels the defect impact on the average
amplitude of the post-synaptic signals (though not their random fluctuations due to the defects).

The simplest way to optimize wmax and c is to minimize the r.m.s. perturbation R of weights due
to their clipping and crosspoint device defects. Since the values of R for the two weight layers of
the network may be quite different, we have used wp,x to minimize this parameter for the synapses
between the input and hidden layer, and then ¢ to minimize it for the synapses connecting the
hidden and output layer. Note that this optimization method involves only the training set (for the
adjustment of the continuous synaptic weights during its training), while the test set is only used
for the evaluation of the optimized results.

Figure 9(a) shows the results of such optimization, 11 namely the fraction of classification (test-
set) errors for 10 experiments with different random defect positions. (Error bars correspond to the
standard deviation on this statistical set.) The left end of the graph (for ¢ = 0) shows that the modest
weight clipping (with optimized wp,x) virtually does not affect the generalization performance
of the network: even for a modest level number (say, L = 33), the fraction of classification errors
(~2%) is close to that in the continuous-weight network, which is, in turn, close to the best results
reported in Reference [38]. The growing number of defects, naturally, results in an increase of
the number of errors. For example, for the parameters discussed above (L =33, ¢ =20%) the
optimized total error reaches ~4% which is close to the crude estimate given by Equation (15).11

In order to check the validity of this simple optimization procedure, we have calculated the
classification error on the full test set in the broad range of parameters wm,x, different for two
synaptic layers, and have optimized it by varying these parameters independently. Figure 9(b)
shows the comparison of the results of this ‘perfect’ optimization procedure (which cannot be
used in real applications, where the test set is not known in advance) with the simple optimization
described above, for the case L =33. We can see that the results are quite comparable, i.e. the
simple optimization works reasonably well. It may be further improved in the following way.
Considering a part of the training set (in our particular case, 10000 vectors of 60000) as the
validation set, we look for the minimum of the classification error by changing wmax and ¢ in
the small vicinity of the values which have minimized R. As Figure 9(b) shows, this additional
procedure makes the CrossNets performance even closer to the ultimate limit.

4. DISCRETE-WEIGHT PRECURSOR

The network fidelity may be further improved by importing synaptic weights from a precursor
network with discrete weights, because in this case the precursor training procedure is affected by
the weight discreteness, and the weights are not clipped at their import into the CrossNet. This

11The resulting ratios wmax/0, where o2 is the variance of the post-training weight distribution, are close to the

values of u optimal for simple perceptrons (Figure 8(b)), for the same L and g.

N The dashed line in Figure 9(a) shows the error in the precursor network (with continuous weights) as a function of
the fraction of bad synapses. It may seem counter-intuitive that this error is larger than that after weight clipping,
for the same g. However, this is readily explained by the fact that the meaning of ¢ for the precursor is different:
this is the fraction of bad synapses rather than binary latching switches.
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Figure 9. The optimized probability of the classification error of a 784-784-10 CrossNet perceptron

(measured on the test set of the MNIST database) as a function of fraction ¢ of bad latching switches:

(a) minimization of the error parameter R of the first synaptic layer over the quantized weight amplitude

Wmin, and R of the second layer over the weight scale ¢, for several values of L and (b) comparison of

the above results with those of the direct minimization of the test set error and of the training subset error

over Wmax 1,2 (for L =33 only). The dashed line on panel (a) shows the error of the precursor network as
a function of the fraction of bad synapses (rather than binary latching switches as for other curves).

idea (usually called ‘soft weight sharing’) was studied earlier, for example, as a means to reduce
the necessary synaptic weight memory—see. e.g. the impressive results in Reference [39].

As has been shown in Reference [40], the soft weight sharing may be achieved by the usual
error backpropagation, but with additional terms into the cost function. (These terms are minimized
when synaptic weights condense to discrete values.) However, this approach demands much more
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computing power and training time than usual backpropagation, so that it is hardly suitable for
such large networks as CrossNets.

A more practicable approach has been suggested by Shoemaker et al. [41]. In their study,
weights are initially discrete (e.g. integer), while their updates are restricted to just three values
and are made using the following simple rule:

+1 if xi5j>+A0
Awijz —1 if xi5j<—A0 (16)
0 otherwise

where §; are continuous error signals (formed just in the usual backpropagation method), and A
is a certain prefixed threshold value. It is evident that in this the weights stay discrete (integer).

A disadvantage of this method is the discrete character of the update, i.e. its insensitivity
to the exact value of the x;é; product. Encouraged by the success of our recent work [42] on
in situ training (to be discussed in Section 5), we have modified the rule (16) by making the
updates stochastic. In this approach, the weight update is performed randomly, with the following
probabilities:

W
Pr (Awij = +%) =P =0(g;)I<;1

Pr (Aw,-jz—%> =P, =0l 17

Pr(Awij=0)=1—P1—P2

where

(13)

and O(&) is the Heaviside step function (equal to 0 at £<O0, and +1 otherwise). Note that in
contrast to Equation (16), the probabilities are smooth functions of the product x;6;.

Since CrossNets have limited amplitude of weights (wmax), in order to avoid weight clipping
at import, Equation (17) has to be complemented with some rule forbidding the weights to grow
beyond the ‘hard walls’ at wp,x. We have found that the best results are given by the ‘sticky
wall’ rule: once the weight has reached one of the hard walls, it ‘sticks’ to it and cannot be further
changed, no matter what Equation (17) says.

We tested this training method for the same MNIST classification task using an MLP of the
same size (784-784-10) as had been used for the continuous weight import. In this numerical
study, three different practicable cases (L =33, 51 and 73) have been explored. The value xpyax
participating in Equation (18) was the activation function saturation level, while the maximum
level dmax of the back-propagated error, required by that equation, was fixed at V/10€max Wmax /2
for the first layer of synapses, and at eyax for the second layer. Here en,x is the maximum level
of the output layer error, wmax/2 is the expected average backpropagation gain, while the factor
V10 reflects the number of output stages (10) contributing to the error signal in the first layer.

After training the precursor using the described rule, the discrete weights have been imported
into the simulated CrossNet with the same random defect model as for the continuous-weight case
(Sections 2 and 3). Figure 10 shows the resulting classification performance of the network with
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Figure 10. The MNIST set generalization error of CrossNets with weights imported from a discrete-weight
precursor networks as a function of the fraction of bad nanodevices, in comparison with that for the
continuous-weight precursor results (also shown in Figure 8(a)).

imported weights from both discrete-weight and continuous-weight precursors. The comparison
shows that the continuous-weight precursor outperforms the discrete-weight one at lower defect
rates, but the discrete precursor training provides better defect tolerance, with better fidelity at the
number of defects above 20%.

One more advantage of the discrete precursor training approach is that it may be implemented
more easily using nanoelectronic hardware. This opportunity is to be discussed in Section 6.

5. IN SITU TRAINING

The synaptic weight import may become impracticable for very large networks, because the
operation of the ‘precursor’ network calculating the weights (e.g. implemented as an algorithm
running on a digital computer) may be forbiddingly slow. Hence it is important to carry out the
synaptic weight adjustment, necessary for the supervised training or unsupervised learning of the
networks, ‘in situ’, i.e. inside the CrossNets. Though the adjustment algorithms differ broadly
[27-29], virtually all of them (including the generic Hebb rule, error backpropagation, global
reinforcement, etc.) require implementing the synaptic weight change Aw;; proportional to the
product of two analog signals. As has been demonstrated in the previous section, at least some of
these algorithms may be modified for discrete weights and hence implemented inside CrossNets,
with their discrete-weight synapses.

For example, the rule given by Equations (17)-(18) may be implemented using the stochas-
tic multiplication [42].*** For the reader’s convenience, we briefly describe that idea here—see

***A somewhat similar idea, but in application to digital rather than analog signals, had been discussed in
Reference [43].
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Figure 11. In situ training of a CrossNet [42]. Reference signals REF » are either random analog signals

or deterministic sawtooth waveforms with different frequencies. Each small circle is the latching switch;

the composite synapse consists of four groups of n x n similar switches. (The figure is for the case

n=3). C;, are the signal comparators with binary output signals. The global shift signal £y, together

with flipping the signs of signals xj 2, performs time division multiplexing. The inset table shows the
alternating signs of signals at various steps of the time multiplexing scheme.

Figure 11. It uses the dual-rail presentation for both pre-synaptic (V|) and post-synaptic (V3)
signals. Each synapse consists of four groups (arrays) of n x n elementary latching switches. In
the operation mode, the open switches supply currents, proportional to axonic voltages, to the
inputs of differential dendritic amplifiers, with the same polarities as shown in Figure 11. As a
result, the net synaptic weight is

W=wnN/2n?>, N=Nyy+N__ —Ny_ —N_, (19)

where each component of N is the number of ON-state switches in each group (0N <n?), so
that now w may take any of the L =4n” 4 1 quantized values.

In the training mode, voltages Vi (¢) and V»(¢) are developed by comparators C; » with binary
outputs. The comparators are fed by:

(i) the analog signals x1 2 to be multiplied, with the magnitude limited to a certain range
[0, xmax], and the signs changed in time to perform 4-stage time division multiplexing (see
the table inset in Figure 11); and

(i1) analog reference signals REF; » from two independent random signal generators, with the
uniform probability within the same range [0, Xmax]- 11T

If the input signal +x; (i =1, 2) is larger than random reference REF;, the comparator generates
voltage V; = (Vin/2) sgn(£x;), and applies it, in the dual-rail format, to its outputs; otherwise no

t1TEach of the signals may be shared by all cells of the same layer, without performance degradation [42].
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output is produced.iiEi A global shift signal S(¢) ==+Sp, with an amplitude Sy somewhat below
Vin/2, and the sign alternating in accordance with the table, is added to the output voltages. It is
easy to see that the simultaneous switching of the signs of x; and S(¢) ensures that the net voltage
may exceed Vi, and hence cause switching with some finite rate (probability per unit time) Iy,
only in one group of synapses.

Let us consider, for example, stage 1 for the case when both x; and x; are positive. In this case
only the top left array of switches may be activated, and indeed is if each x; is larger than REF;. Due
to the uniform probability distribution of each REF signal, the probability that each comparator
generates the finite output signal is P; = x;/xmax. Since the signals REF; are independent, the
probability that both comparators produce the finite output, i.e. that the switching rate is finite is

Pr= P\ Py=X1X2/Xpux (20)

The real law of the average synaptic weight change is slightly different, because the change of
probability p of having any latching switch in ON state depends not only on I'+, but also on p
itself

dp/dt=T4(1—p)+T_p @1

Combining Equations (19)—(21), and taking into account all four stages of the time division
multiplexing period, we get the following final formula for the average synaptic weight change
during a relatively short time interval Ar<1/T%%":

(Wmax — w), x1x2>0
(Aw) =nx1xy x (22)
(Wmax + w), x1x2<0

with 17 o« ['gAz. Note the relaxation term in the right-hand part of (22), giving a contribution into
(Aw), proportional to —w; it plays the ‘finite memory time’ role to some extent similar to that in
the renowned Oja rule (281311

We have first explored the defect tolerance of this in situ method for training a CrossNet-based
MLP to perform classification of patterns of three data sets (‘cancerl’, ‘cardl’, and ‘diabetesl’)
from the popular but relatively small benchmark set Probenl [44]. The input layer had the number
of cells equal to the input vector size (9 for ‘cancerl’, 51 for ‘cardl’, and 8 for ‘diabetesl’).
The network also had one hidden layer of 10 cells, and two output cells. Each output represented
one class, and the Winner Takes All rule was used to define the input vector class. Before the
training, all switches were initialized to be randomly ON or OFF with 50% probability. During
training, synapses were updated after presenting each pattern of the training set. An elementary

H1Here we assume, for the sake of notation simplicity, that the switching threshold voltages of the latching switches
(Figure 1(b)) are similar: Vi = Vi, V_ = —Vy,. The generalization of the formulas to the general case, using dc
offset Vor= (V4 + V_)/2, is trivial.

$89This condition means that we are actively exploiting the random character of nanodevice switching. In our
simulations described below, the product I'g)Ar was 4 x 1073, Still, the interval As should include at least one full
time division multiplexing period. In our simulations, the period was equal to Ar.

111The hardware complexity may be reduced using two periodic sawtooth waveforms with different periods t;,
instead of analog random signals, as the reference signals REF;, within the same general scheme, which provides
comparable performance [42].
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Table I. Classification (test set) error for the case of perfect nanodevices (¢ =0).

Problem In situ backpropagation for n =4 Continuous backpropagation®
cancerl 0.010 £ 0.004 0.011

cardl 0.14 +£0.01 0.14

diabetes1 0.26 £0.02 0.25

*The results for the continuous backprop training are from Reference [45] which gives
only the best run results (no statistics).
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Fraction of Classification Errors
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Figure 12. The generalization error of an in situ-trained CrossNet for the Probenl benchmark problems,
as a function of the fraction of device defects (introduced before training).

signal preprocessing—pattern centring—has been used
p p_ L&
(xj )centred =X = P gl X (23)

where P is the number of data vectors in the training set. (For centring test patterns, the averaging
is still carried out over the training set.) This procedure has improved results for ‘diabetesl’
rather significantly. For other data sets, the initial vectors are already virtually centred, so that the
preprocessing has improved the results only marginally. The cell gain g has been optimized for
the best performance.

Table I summarizes our best results for n =4 (L =4 x 4> + 1 =65). It shows that for all the
three problems they are at least on a par (and actually better) than those reported in literature
for software-implemented networks with deterministic, continuous synaptic weights [45]. Another
formulation of the same statement is that synaptic weight discreteness effects are not discernable,
at least at this level (n =4).

For the defect tolerance study, we have removed random latching switches, with probability ¢,
from the synaptic arrays before the in situ training. Figure 12 shows the result of this procedure
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for the same network whose performance is listed in the first column of Table I. One can see
that the error does not change noticeably when the fraction of bad nanodevices is below 50%,
and starts to grow substantially only when g is well above 90% (!). A possible interpretation of
such extraordinary defect tolerance is that at in sifu training the synaptic weights automatically
self-adjust to compensate the fluctuations of the number of available (good) latching switches in
each synapse.

Unfortunately, so far we have not been able to make this method work well for a large problem
like the MNIST data set. The classification error of CrossNets trained with this algorithm is
about 14% even for large MLPs (e.g. 784-500-10) with 36 switches in each synapse trained with
10000 (out of 60000) training samples. This error is 10% higher than that of a continuous-weight
MLP of the same size, trained with 10000 training samples, and comparable to linear networks
performance (12%) trained with full training set [36]. Although more hidden neurons and switches
can improve the performance, it is hard to test it due to demanding computing power. Based on
current performance, it is disappointing because discrete precursor training performances with 32
switches show comparable results to that of continuous backpropagation.

6. MIXED-MODE TRAINING

The lower learning ability can be explained by the fact that Equation (22) has the relaxation term
which prevents synaptic weights from reaching and keeping values near either end of their range
[—Wmax> +Wmax]- This gave us a motivation to explore a mixed-mode implementation of the rule
given by Equations (17) and (18), at which the (discrete) synaptic weights are being stored in
CrossNet synapses, but their adjustment is carried out by an external system. If the adjustment is
done sequentially, or at least not completely in parallel, this approach may substantially reduce the
required external hardware resources, though the training time may be larger than at the completely
in situ approach.

Indeed, let us replace the synaptic arrays shown in Figure 11 with the usual, CMOS-implemented
AND gates. Since the probability of having two random binary inputs of the gate equal 1 simul-
taneously is proportional to the product of probabilities of each of the events, the probability of
having 1 at the gate output will be proportional to |x;x;|. We now can read out the current weight of
the CMOL synapse, update the weight in accordance with Equations (17) and (18) (complemented
with the ‘sticky wall’ rule), and write the resulting new value of w;; back to the synapse.

In the limit of perfect hardware the resulting training algorithm (which we call Method 1)
is exactly the same as that for the discrete precursor training (Section 4). However, since the
mixed-mode training involves the external measurement of each external weight (including the
effect of bad switches), it may be optimized to provide higher defect tolerance. The most apparent
approach here is to check the result of the weight change, and if it has not led to the desired result
(this would happen if the switch whose state is being changed is defective), repeat the procedure
with a different binary switch until the desired weight value has been reached. In the numerical
simulations, higher normalized gain g has been used in networks with more defective switches in
order to keep the same level of non-linearity

oo ] (24)
ET V7841 —¢
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Figure 13. (a) The generalization error for two methods of the mixed-mode training, for the MNIST

benchmark set, at L =33. For comparison, the discrete-weight import results for the same task and

network (also presented in Figure 10) are also shown and (b) the generalization errors of Method 2

for the higher defect rates. (In this region, fewer experiments have been conducted: for ¢>90%, three
experiments, and for 60%<qg<90%, only two experiments.)

The results of the classification performance calculation for Method 1, using the MLP of the
same size (784-784-10) and 32 switches for each synapse, are shown in Figure 13(a). The figure
shows that fidelity provided by this method is close to that reached by the discrete-weight import,
slightly outperforming it at higher defect fraction, and hence is inferior to that of the continuous
weight import at small g (Figure 10). This may be explained by the competition between increasing
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defect tolerance and reducing the effective number of quantized levels of synaptic weights: for
defective synapses (¢ # 0), the maximum number of binary switches usable in each array becomes
less than n2, and hence the maximum number of useful levels of the synaptic weight becomes
lower than L =2n> + 1.

We have been able to reach much better defect tolerance with an alternative Method 2 in
which the desired synaptic weights are stored in CMOS memory and imported to the synapses of
CrossNets without any error correction, thus allowing CrossNets synapses to have values different
from the ‘perfect’” weights stored in the external memory. Results of this procedure, obtained
for the same task with the same network and with the same gain (24), are also presented in
Figure 13(a). Counter-intuitively, a modest density of defects provides better performance than the
perfect network, and only at very high defect fraction the fidelity is degraded (Figure 13(b)). Right
now, we do not have a good explanation for this behaviour. (Our plans are to explore this issue.)

The price for this extraordinary defect tolerance of CrossNet trained by Method 2 is the necessity
to use an external system for storing synaptic weights in the part of CrossNet chip which is
currently activated for training. On the other hand, at Method 2 all the synapses connected to the
same somatic cell and having equal current synaptic weights and calculated adjustments can be
updated in parallel. As a result, the number of necessary update steps is proportional to the product
of L by the number of neurons in the layer.

Since it is possible to implement the rule given by Equations (17) and (18) with CMOS
circuits only, it may be interesting to carry out a comparison between their CMOL and CMOS
implementations. A single CMOS latching switch may be realized by one SRAM cell and one
pass transistor with the gate connected to the bit line of SRAM cell. (In order to realize the linear
conductance of a latching switch, the pass transistor should work in the non-saturation region.)
According to this simple model, 224 transistors are necessary for a 32 quantized level synapse.
This means that processing of a very small (by present-day standards) image from 1000 pixels with
a simple perceptron (1000-1000) would require above 200 million transistors for synapses only,
i.e. a CMOS circuit comparable to Intel’s Core2 Duo CPU. On the other hand, the similar synapse
matrix implemented with CrossNet with the plausible half-pitch Fjano =4 nm would take just
32 x 64 um?, and a 1-cm?-scale CrossNets can provide very fast classification of megapixel-scale
images, especially if quasi-local rather than global connectivity is required [31].

7. DISCUSSION

For practical applications of neuromorphic CMOL networks, our main results are very encouraging:
the feedforward CrossNets trained as pattern classifiers by all three considered methods (weight
import, in situ training when practicable, and mixed-mode training) has turned out to be very
insensitive to both synaptic weight discreteness and nanodevice defects (at least those equivalent
to the ‘stuck-at-open’ faults). For example, at the import from a continuous-weight precursor, the
use of 4 x 4 arrays of binary latches instead of the continuous synapses does not produce any
discernable negative effects on the classification performance. Of these nanodevices, up to 20%
may be defective before the classification error increases by a factor of two—see Figure 9.

Even higher defect tolerance may be obtained at weight import from a precursor network with
discrete synapses (Figure 10). Though the classification error at such import is somewhat higher
than in the previous case if the fraction g of bad devices is low, this error does not increase
substantially up to ¢ ~50%. Moreover, virtually similar results may be reached using the mixed-
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mode training in which CrossNet is used for training signal propagation and hence the external
training system may be substantially smaller.

This does not mean, however, that the problem does not require further attention. On one hand,
the hard defects of the opposite type (crosspoint shorts, to some extent equivalent to ‘stuck-at-close’
transient faults) may be more damaging, because they may invalid not just a single crosspoint,
but two involved nanowire fragments connected to many (2M) crosspoint devices. A quantitative
analysis of this problem is an urgent task.

On the other hand, there are considerable reserves for increasing the defect tolerance. Indeed,
CMOL topology allows one to test every crosspoint device and, if necessary, replace nanowire
fragments with the largest number of bad devices for spares. For CMOL digital logic [25] and
memory [24] circuits, this procedure has proven to be very effective. We have not yet tried to carry
out a similar procedure for CrossNets, where it would be most natural at weight import.

Finally, the clipping and defect tolerances have to be explored on the level of large-scale real-
world classification problems like that analysed in Reference [31]. Our plans include pursuing
these goals.
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