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Abstract—We
PFET single-transistor learning synapses implements
a multi-input adaptive node. These floating-gate
synapses are capable of four-quadrant multiplications
between an input and a weight, as well as adapting to
a four-quadrant correlation between the input and a

demonstrate that a network of

learning signal applied as a drain voltage. Our adaptive
floating-gate node structure converges to the correct
solution for constant RMS input values during adap-
tation. Our structure accounts for device mismatch,
gate variance, and drain variance effects in the learn-
ing rule. We present experimental results for our cir-
cuit.

We have come to see floating-gate devices not just as
digital memories, but as computational circuit elements
with analog memory and important time-domain dynamic
features all in one device. We envision large networks
based on a few EEPROM type elements with simultane-
ous nonvolatile weight storage, matrix-vector multiplica-
tion, and continuous weight adaptation. In this approach,
the memory element becomes a part of the computation,
allowing for very high chip density, which will lead to the
implementation of large scale adaptive arrays on a single
chip.

This technology when introduced as single transistor
floating-gate synapses [1], initially proposed complicated
weight-update equations based upon the programming
physics. We call these elements synapses because of their
relationship to synapses in adaptive filters and neural
networks [2], and their loose connection with biological
synapses [5]. Recent research illustrates the spectrum of
floating-gate applications including adaptive floating-gate
dynamics [6], programmable floating-gate filters [7], and
possible weight-update rules based upon correlations of
voltage signals applied to circuit terminals [9], [8], [10]. In
this paper, we present experimental results on an adaptive
floating-gate learning node built from an array of pFET
single transistor synapses. This work is the first step in
building dense on-chip learning networks implementing a
wide space of learning algorithms.
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Fig. 1. The differential synapse array enables four quadrant mul-
tiplication of weights with inputs. Each floating-gate transistor be-
haves as a transistor amplifier with an adaptive gain. Adaption
occurs through slow-timescale dynamics due to the tunneling and
injection process at the floating-gates. We continuously adapt the
synapses with the positive signals, and we program the synapses
with negative signals to balance the steady-state current of the pos-
itive synapse. The network output is the total drain current, and
the learning signal is the applied drain voltage. By applying the
appropriate relationship between output drain current and the re-
sulting drain voltage, we could get a variety of learning rules. Since
pFET hot-electron injection is unstable when channel current is the
free parameter, we stabilize each synapse element by incorporating
DIBL transistors to provide source-degenerative feedback.

I. FLOATING-GATE CIRCUITS ADAPT TO SIGNAL
CORRELATIONS

Figure 1 shows our adaptive floating-gate node, which is
built from an array of differential four-quadrant synapses.
The floating-gate transistor is a compact learning element
which acts like an adaptive gain amplifier with built-in
storage and gain adaptation. We define the adaptive gain
as the weight. Gate voltages are input signals, and the
drain voltage serves as a common learning signal for the
node.

Because a single floating-gate device only allows posi-
tive weight values, we use a differential pair of synapses
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Fig. 2. Experimental measurements of floating-gate dynamics from
a 0.5y gate-length process. The gate input is a step decrease in
voltage followed later by a step increase in voltage. We used a
power supply voltage, Vgg = 5.60V, and tunneling voltage, Viyn =
15.65V, to set the operating point for these experiments, as well
as the other measurements in this paper. (a) Convergence of the
output current of a single synapse back to equilibrium after the
step perturbations. The response is nonlinear with asymmetries
between tunneling and injection. These nonlinear asymmetries are
what allow us to compute correlations. b Time derivative of the
weight (w) vs. weight value (w). We graphically see that weight
value converges toward its equilibrium level.

for each input signal, to obtain signed weights [11]. In this
circuit, we continuously adapt one set of weights, which
we will call the positive weights, while the other set of
weights, which we will call the negative weights, does not
adapt. Instead, the negative weights are programmed to
give zero-point references for the full four-quadrant weight
values. The output current of a differential synapse is de-
scribed by

I=It-1 = I,,E(wz* +w) +g;nZ(wi+ —w)AV,
i i
(1)

where Iy is the bias current for every synapse in the array,
g, = £'Iy /Ut is the transconductance of the floating-gate
transistors, V; is the input into the i** synapse, and wi+
and w; are the plus and minus weights of the i** synapse,
respectively. As a result, we get a weighted sum of inputs
riding on a slowly moving bias current.

The synapse weight adapts due to tunneling and injec-

tion currents at the floating node of the transistor. The
dynamics of tunneling and injection processes appear in
Fig. 2. We see that these processes converge to a sta-
ble equilibrium. Usually, the timescale of adaptation is
much slower than the timescale of computation. These
multiple timescales are essential for implementing adap-
tive circuits. Linearizing the dynamics around the stable
equilibrium, we obtain the weight update equation [8],{10]

Tw; = —w; + G<AV12> + b(AVf} + C(AVl‘AVd), (2)

+ _

where Vj is the drain voltage, and we define w; = w] ~w; .

The constants a, b, and ¢ are voltage-normalizing terms
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Fig. 3. Experimental measurements of positive synapse current

phase correlations. We would program the negative synapses to cur-
rents of 5.54A (w] ) and 3.5uA (w5 ), and therefore both weights are
either positive or negative. These results show correlations between
a specific gate and global drain terminal direct the convergence of
that synapse’s weight.

dependent on tunneling and injection parameters and are
discussed comprehensively elsewhere [10], [9]. Solving for
the steady-state, or equilibrium weight, yields

w; = —(ViVy). (3)

We program the appropriate zero-point reference weights,
which cancels the constant term in (2), and constrain each
input at some constant RMS value. Applying differential
voltage signals for each input to both the adapting and
non-adapting synapses cancels the gate and the drain vari-
ance terms in the weight update rule (2).

‘We want to compare this with the solution to the least
mean square algorithm [3], W = Q*l(vd), where @ is
the autocorrelation matrix of the input signal, V is a
vector of inputs, and d is the desired learning signal. For
orthogonal inputs (Q is diagonal), the weight equations

are solved as V(d
== > 4)
<VZ>
which compares well to (3) when the input variance re-
mains constant. Thus, we can use this floating-gate node
in adaptive signal processing and neural network applica-
tions.

II. FROM LEARNING SYNAPSES TO LEARNING NODES

The synapse is the basic element in any learning system.
Nodes are the next computational element to consider in
adaptive networks. While a synapse is usually a single
adaptive weight element, a node combines many synapses
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Fig. 4. Experimental measurements of frequency correlations for sinusoidal inputs to the two-input node given by Vj1 = sin(2w3ft) and
Vy2 = sin(2n ft). The learning signal, Vg = sin(27f4t), takes on three different frequencies fq = 0.7, f,3f. (a) Adaptation of synapse
weights for various frequencies: fy = 0.7, neither side adapts; f4 = f, only Vg2 adapts; fo = 3f, only Vg1 adapts. (b) Current outputs from
our differential synapses. We programmed our negative weights to offset the positive synapse current measured with input signals with the
same signal variance. We see that the synapse that has an identical synapse input frequency as the drain signal has a non-zero weight.

by summation. In some cases, the node output is simply
the weighted sum of inputs. In other cases, the node
output is a nonlinear function of the weighted sum. In this
paper we consider only the linear case. Combining several
single transistor learning synapses results in a single node
element for an adaptive circuit. An adaptive floating-gate
node circuit provides a foundation to investigate many
adaptive networks and learning algorithms.

In the first experiment, we show adaptation to phase
correlations of fixed-phase sinusoids applied to each
synapse input with a sinusoid of variable phase applied as
the learning signal. Figure 3 shows the results of our first
experiment. The inputs to the node are two sinusoidal
signals, with the same frequency (f): V1 = 0.15cos(27 ft)
and Ve = 0.158in(27 ft), where the drain learning signal
is Vg = 0.3sin(27 ft —6,) From (3) we expect steady-state
synapse weights as

w; = sin(2m8,) and ws = —cos(2m6y), (5)

The experimental data in Fig. 3 shows the resulting posi-
tive weight values when we swept the phase. Experimen-
tal data shows close agreement with analytic results.

As (3) predicts and Fig. 3 verifies, we get an anti-
correlation instead of a correlation learning rule, where in
the case of Vo and Vy, the minimum value occurs when
#4 is 0° and the maximum value occurs when 64 is 180°.
Simply negating the learning signal applied to the drain
terminal will yield the desired correlation rule.

In the second experiment, we show adaptation to fre-

quency correlations when we apply a different frequency
to each of the synapse inputs, and we apply another si-
nusoid as a learning signal. Figure 4 shows experimen-
tal time-course measurements from our adaptive circuit
where the inputs are sinusoids at a fundamental and re-
lated third harmonic frequency, and the drain voltage is
also another sinusoid. We show the signals from the pos-
itive synapses and again from the differential synapses.
We programmed the negative synapses to eliminate the
steady-state current of the positive synapses for similar
input sizes. This approach also compensates for the mis-
match between synapse equilibrium points. We observe
that the circuit identifies a correlation between its input
and the drain learning signal.

III. LEARNING A SQUARE WAVE FROM SINUSOIDAL
INPUTS

We present another example where we train the net-
work to learn the appropriate Fourier coefficients for the
components of a square wave. Qur experimental results
agree with theoretical expectations. From the definition
of Fourier series a periodic signal can be expressed as:

s(t) = Z ancos(2rmnft) + Z bpsin(2rnft), (6)

where the coefficents result from the correlation of har-
monically related sinusoids with the input signal given as:

an = (s(t), cos(2nnft)), b, = (s(t),cos(2mnft)). (7)
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Fig. 5. Experimental measurements of a square wave learning signal applied to V4 (a) Time course of steady-state currents showing
convergence of weights. (b) Spectrum of output current shows amount of each node input frequency matched to frequency components in
learning signal. The frequency axis is normalized; the frequency does not affect these results until it approaches the adaptation rate. We
obtain 1 and 1/3 for the fundamental and third harmonics as expected. The fifth harmonic appears due to the drain voltage coupling into

the floating gate through overlap capacitance.

As a result, we expect our adaptive circuit to converge to
these coefficients.

Figure 5a shows experimental time-course measure-
ments from our adaptive circuit where the inputs are si-
nusoids at a fundamental and related third harmonic fre-
quency, and the drain voltage learning signal is a square
wave. We show the convergence of the signals in Fig. 5a
for the positive synapses. Figure 5b shows the normalized
amplitude and frequency of the Fast Fourier Transform of
the resulting signal to make it easy to compare relative
amplitudes at relative frequencies. From this experimen-
tal data, we get the expected square wave Fourier coeffi-
cients for the fundamental and third harmonics. This ex-
periment demonstrates this circuit’s behavior in extract-
ing Fourier coefficients.

IV. CONCLUSIONS

We have demonstrated that the single transistor learn-
ing synapse can be utilitzed to implement an adaptive
node with many inputs. Using the differential four-
quadrant synapse structure, we get convergence to the
correct solution, when we assume constant RMS values
for the input signals. Our structure accounts for device
mismatch, gate variance, and drain variance effects in the
learning rule. We have presented experimental results for
nodes with two inputs. This work is the foundation for
building large, adaptive multinode networks.
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