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Abstract. Hybrid “CMOL” integrated circuits, incorporating advanced CMOS 
devices for neural cell bodies, nanowires as axons and dendrites, and single-
molecule latching switches as synapses, may be used for the hardware imple-
mentation of extremely dense (~107 cells and ~1012 synapses per cm2) neuro-
morphic networks, operating up to 106 times faster than their biological proto-
types. We are exploring several “CrossNet” architectures that accommodate the 
limitations imposed by CMOL hardware and should allow effective training of 
the networks without a direct external access to individual synapses. CrossNet 
training in the Hopfield mode have been confirmed on a software model of the 
network. 

1   Introduction 

The recent demonstration of first single-molecule transistors [1-4] gives every hope 
for the development, within the next decade or so, of “CMOL” integrated circuits [5] 
with density beyond 1012 functions per cm2. Such a circuit (Fig. 1) would combine a 
level of advanced (e.g., 45-nm-node [6]) CMOS fabricated by the usual lithographic 
patterning, a few layers of parallel nanowire arrays formed, e.g., by nanoimprinting 
[7], and a level of molecular devices that would self-assemble on the wires from solu-
tion. CMOL circuits allow to combine advantages of their nanoscale components (e.g., 
reliability of CMOS circuits and miniscule footprint of molecular devices) and cir-
cumvent their drawbacks (e.g., low voltage gain of molecular devices).  

Earlier we suggested [8] a simple 2-terminal  device (latching switch) that allows 
single-molecule implementation and might be the basis of BiWAS (binary-weight, 
analog-signal) synapses in several network architectures sustaining the ultimate areal 
density of the synapses. The further study has indicated [9], however, that in order to 
allow effective training, 3-terminal devices, enabling Hebbian plasticity, may be nec-
essary. The goal of this work is to demonstrate that dense “CrossNet” structures using 
the 3-terminal single-electron devices, may really allow effective training, at least in 
the Hopfield mode, without tutor’s access to individual synaptic weights. 

 

mailto:Ozgur.Turel@sunysb.edu
mailto:klikharev@notes.cc.sunysb.edu


Accepted for presentation at the Joint ICANN/ICONIP meeting 
(Istanbul, Turkey, June 2003) 

 
C:\User\likharev\NN\Papers\ICANN'03\Af
 
                                                                 2 

 

 
 

 

 

 

 
 
 

 

Fig. 1. The concept of CMOL (hybrid CM
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limit the degree of device fuzziness. In fact, solving Eqs. (1), (2) for the case when 
signals are applied for sufficiently long time, we get  

p = ½ [1 + tanh(V - S)/T], (3) 

  so that if V0 – S, S  T andxj ≈ 1,  we get p ≈ 1 for ±sgn(xj)±sgn(xj’) = 2, and p ≈ 0 
for any other combination of signal signs. Let us connect in parallel 4 switches with all 
possible sign combinations, sending each output current to cell j’ with the same polar-
ity as that of the feedback axonic voltage Vj’. Then we get a composite synapse with 
an almost deterministic weight that satisfies the “clipped Hebb rule” [13] wjj’ ∝ 
sgn(xjxj’). 
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Fig. 2. Three-terminal single-electron latching switch: (a) schematics [9], (b) circuit notation 
used in Fig. 3, (c) result of simulation [8], and (d) possible molecular implementation [10]. C 
and R are the capacitance and resistance of each tunnel junction (shown dark-gray in panel a); 
Qi are the background charges [5] of the single-electron islands (light gray) 
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3    CrossNets 

We have suggested a family [9] of Distributed Crossbar Networks (“CrossNets”) in 
which neural cell bodies (implemented within the fire rate model, see gray cells in Fig. 
3) are inserted sparsely into large, uniform 2D arrays of synapses clustered into identi-
cal “plaquettes” (green cells). Each pair of sufficiently close cells are connected in two 
directions, via two composite (4-switch) Hebbian synapses each way. Various Cross-
Nets differ only by the gray cell insertion rule. In particular, in InBar (Fig. 3) the cells 
sit on a square lattice inclined relative to that of synaptic plaquettes. The incline en-
ables each cell to be connected with 4M  = 4/tan2α other cells.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 3. CrossNet: synaptic plaquettes (green cells) and somas (gray cells) and their connection 
with axonic (red) and dendritic (blue) wires. Solid points on the somatic cell borders denote 
open-circuit terminations of the dendritic and axonic wires; due to these terminations the neural 
cells in the same row or column of the InBar do not interact. The bottom right panel shows the 
most explored CrossNet architecture, the Inclined Crossbar (“InBar”). In that panel, dashed red 
and blue lines show the particular connections show in the rest of the figure, while this violet 
lines indicate the square lattice formed by the somatic cells in InBar. These lines may be used 
for input/output of signals from individual cell (but not an individual synapse) 
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4    Hopfield Training 

CrossNet training algorithms should take into account the following peculiarities of 
these networks: 

- in CMOL-implemented networks, no external access to an individual synapse is 
possible (though individual somas may be accessed); 

- CrossNets, by their very structure, are deeply recurrent.  
These peculiarities do not allow the straightforward use of most known techniques 

of neural network training [11, 12], and new techniques should be developed.  
We have started with the development of techniques of training InBar to operate as 

a Hopfield network. In the first, most straightforward method each pair {j, j’} of cells 
is taught in turns. (Due to the network locality, cell pairs separated by large Manhattan 
distances, r > M, may be trained simultaneously.) For this, one of the cells of the pair 

is fed with external signal ( ) ∑×
p

p
j

p
jPV ,/ '0 ξξ where p

jξ is the j-th pixel of the p-

th image of the training set of P images, while the second cell is fed with positive 
signal V0, with V0  T. In this way, each of two synapses connecting the cell pair is 
exposed to training only once and, as described in Sec. 2 above,  the probabilities of 
connection of its synapses are well saturated to provide virtually deterministic weights 

wj,j’ ≈ .sgn '∑
p

p
j

p
j ξξ  (4) 

Such synaptic weights are known to work very well for fully connected Hopfield 
networks [11, 13]. Our numerical experiments have confirmed its efficiency for such 
localized networks as CrossNets . As an example, Fig. 4 shows the result of the resto-
ration of one of three black-and-white images, being spoiled initially by flipping 40% 
of randomly selected pixels. In this case, the final restoration is perfect.  

However, as the number of taught images P is increased, we see that the number of 
errors grow.  For a “global” (fully connected) Hopfield network of N cells, the rule (4) 
is well known [13] to provide capacity Pmax ≈ 0.1N, i.e. just ~30% below that for the 

continuous Hebb rule wj,j’  ∝∑
p

p
j

p
j .'ξξ  In CrossNets, the synaptic connections only 

extend to 4M  N cells. To our knowledge, no analytical theory had been developed 
for this case, but from what we knew about randomly diluted Hopfield networks (see, 
e.g., Ref. 14), we expected Pmax to be proportional to M. Our analytical estimate [15] 
has confirmed this expectation, giving Pmax ≈ [4/πf 2(m)]M, where m is the average 
fraction of wrong bits in the restored image, and the function f (m) is defined by equa-
tion: m = {1-erf[f(m)]}/2. For m = 1%, this formula gives Pmax ≈ 0.5M, compatible 
with our numerical results.  

In our second training method, the InBar matrix is considered to be partitioned to 
pixel panels with P cells each. Then each couple of cells from different pixels is fed 
sequentially by external signals according to the following rule: Vj,π = V0ξπ

p, Vj+p,π’ = 
V0ξπ’

p, where j is the cell number in the pixel, while π is the pixel number. In this way, 
each 4-group of synapses is again exposed to training only once and  probabilities of 
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connection of its synapses are saturated to provide almost deterministic weights wj,π; 

j+p,π’ ≈ ξπ
jξπ’

j+p.  The advantage of this method is that it does not require the external 
tutor system to provide multiplication of the taught signals. Our analysis and numeri-
cal experiments have shown, however, that although this method also works, it pro-
vides a lower network capacity: Pmax ≈ [2/f(m)]M1/2.  

 
 
 
 
 
 
 
 
 
 
 
       t/τ0 = 0   3.0   6.0 

Fig. 4. The process of recall of one of three trained black-and-white images by an InBar-type 
CrossNet with 256×256 neural cells and connectivity M = 64. The initial image (left panel) was 
obtained from the trained image (identical to the one shown in the right panel) by flipping 40% 
of pixels. τ0 = MRLC0 is the effective time constant of intercell interaction, C0 is the dendrite 
wire capacitance per one plaquette. 

5    Runtime Training Prospects 

The applied value of Hopfield networks is rather limited [11, 12]. Much more impor-
tant would be the continuous (“runtime”) training of CrossNets as image classifiers. 
Our plans for such training are based on the following important feature of these net-
works.  

Due to the signal sign symmetry of CrossNets (Fig. 3), if the latching switches are 
connected randomly, with probability p = 1/2, the average synaptic weight vanishes: 
〈wjj’〉 = 0. This means that in the absence of synaptic adaptation, the increase of the 
effective somatic gain g ≡ GRL/R (where G is the linear voltage gain of the somatic 
cell amplifier, and RL is its load resistor – see Fig. 3), cannot lead to a global latch-up 
of all the cells in one of two possible saturated states.  Simulations show that, similarly 
to the non-Hebbian case [8, 9], an increase of g above a certain threshold value gt ≈ 
1/√M leads to ac self-excitation of the network. Near the threshold this excitation has 
a form of almost sinusoidal oscillations with a period of a few τ0, but at g  gt the 
activity is almost completely chaotic.  

In order to train a CrossNet in runtime, we propose to set the initial shift S [see Eq. 
(2)] to zero. Then, according to Eq. (3), at V = 0 the synapse connection probability p 
settles to 0.5, and at sufficient gain g > gt the system goes to chaos.  (If the somatic 
amplifiers are saturated at Vs  T/ln(1/Γ0τ), this activity as such does not generate 
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noticeable synaptic adaptation.) Now we insert external input signals to a subset of I 
(N/M ~ I  N) cells, and monitor activity of even smaller number of cells, O  I, as 
output signals. Most cells, not belonging to either input or output subsets, serve as a 
huge hidden “layer” (though this term is hardly applicable to our, deeply recurrent, 
networks).  
      As soon as the input/output combination is favorable, the external tutor increases 
parameter S (either globally or quasi-globally, in the vicinity of each output cell pro-
ducing desirable output), so that the synaptic connection probability changes in accor-
dance with the signal combination in this particular instant. Thus the chaotic activity 
should serve for driving the system through the phase space of possible signal states, 
enabling the tutor to pin down the favorable combinations. We hope that this method 
will be able to overcome the typical limitations of the firing rate models, with chaotic 
bursts serving for cell synchronization, similarly to spikes in biological neural systems 
and their integrate-and-fire models [11, 12]. The verification of this idea is our first 
priority for the near future. 

6    Conclusions 

Due to potentially low cost of chemically-directed self-assembly of single-molecule 
devices, CrossNets based on the CMOL technology may become the first artificial 
neuromorphic networks with the areal density comparable to that of the cerebral cor-
tex, ~107 neurons per cm2, operating at much higher speed at acceptable power con-
sumption P. (Specifically, the estimated constant τ0 of intercell interaction is close to 
20 ns, i.e. approximately 6 orders of magnitude smaller than the cortex, for the rela-
tively high power P = 100 W/cm2. The power may be reduced with the proportional 
system slowdown: Pτ0 ≈ const.) 
     If created and trained to perform high-quality image classification and feature de-
tection, these networks may create a viable market for CMOL circuits. In this case, 
large-scale (~30×30 cm2) CMOL circuits comparable in integration scale with the 
human cerebral cortex (~1010 cells at ~1014 synapses) may become available.(In order 
to allow relatively rare but fast communications between its distant parts, such systems 
should have hierarchical organization including, as a minimum, flat CrossNet blocks 
connected by high-speed lines.)  
    Equipped with broadband sensor/actuator interfaces, such hierarchical systems may 
be capable, after a period of initial supervised training, of further self-training in the 
process of interaction with environment (read self-evolution), with the speed several 
orders of magnitude higher than that of their biological prototypes. Needless to say, 
the development of such self-evolving systems would have a major impact on all in-
formation technologies and the society as a whole. 
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