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Correlation Learning Rule in Floating-Gate pFET
Synapses

Paul Hasler, Member, IEEE,and Jeff Dugger

Abstract—We study the weight dynamics of the floating-gate
pFET synapse and the effects of the pFET’s gate and drain volt-
ages on these dynamics. We show that we can derive a weight up-
date rule such that the equilibrium weight value is proportional to
the correlation between the gate and drain voltages. In particular,
we want a rule of the form � _ = � + [ ], where
is a voltage signal on the gate terminal and is a voltage signal on
the drain terminal. We obtain this rule by making a linear approx-
imation to the weight dynamics around a given equilibrium point.
We develop this approximation by considering the basic functional
form of the system dynamics and then examining the effects of the
gate and drain voltages on the specifics of this form.

Index Terms—Analog learning rules, analog synapses, electron
tunneling, floating-gate circuits, hot-electron injection.

I. INTRODUCTION

WE HAVE come to view floating-gate devices not only as
memory elements but also as adaptive analog computa-

tional elements [1]–[8]. Considered as an analog computational
element, a floating-gate device computes its output as a product
of its input and an adaptive device parameter. We call the adap-
tive device parameter the weight. When used as an adaptive
analog computational element, we call the floating-gate device
a synapse, since we will use it to build electronic neural net-
works. A fundamental question we would like to answer is how
the synapse weight adapts.

In this paper, we show how the synapse weight adapts based
on correlations between voltage signals applied to the gate and
the drain terminals of the floating-gate pFET synapse. We pre-
sented initial work elsewhere [9]; this paper is a more com-
plete discussion that clearly shows the adaptation as a func-
tion of voltage signals and correlation between these signals.
We focus on pFET floating-gate devices because they are avail-
able in any standard CMOS process. Although we focus on
pFET floating-gate devices, these results are easily extendable
to nFET floating-gate devices. This work contrasts with earlier
floating-gate synapse research, wherelearning dynamics only
resist slow timescale changes in the inputs [4], [10].

II. OVERVIEW OF FLOATING-GATE DEVICES

Fig. 1 shows the layout, cross-section, and circuit symbol
for our floating-gate pFET device that has been described else-
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Fig. 1. Layout, cross section, and circuit diagram of the floating-gate pFET in
a standard double-poly n-well MOSIS process. The cross section corresponds
to the horizontal line slicing through the layout (or top) view. The pFET
transistor is the standard pFET transistor in the n-well process. The gate input
capacitively couples to the floating gate by either a poly–poly capacitor, a
diffused linear capacitor, or a MOS capacitor. We add floating-gate charge
by electron tunneling, and we remove floating-gate charge by hot-electron
injection. The tunneling junction used by the single-transistor synapse is a
region of gate oxide between the polysilicon floating gate and n-well (a MOS
capacitor). BetweenV and the floating gate is our symbol for a tunneling
junction, a capacitor with an added arrow designating the charge flow. We use
high-quality gate oxide to reduce the effects of electron trapping.

where [1]–[8]. A floating gate is a polysilicon gate surrounded
by SiO . Charge on the floating gate is stored permanently,
providing a long-term memory, because it is completely sur-
rounded by a high-quality insulator. Voltage signals on the gate
terminal(s), as well as the source and drain terminals, of the
pFET synapse capacitively couple into the channel by way of the
floating gate. Since we operate our floating-gate synapses in the
subthreshold regime, the relationship among the channel cur-
rent, floating-gate voltage ( ), and source voltage () around
a bias current is given by

(1)

We do not consider the Early effect (channel-length modulation)
in this discussion. For a fixed gate voltage, adding charge to the
floating gate effectively increases the gate voltage seen by the
channel and therefore causes the channel current to decrease.
Similarly, removing charge from the floating gate causes the
channel current to increase.

1057–7130/01$10.00 © 2001 IEEE
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A. Electron Tunneling

We add charge to the floating gate by removing electrons. We
use electron tunneling (Fowler–Nordheim tunneling [11]) to
remove electrons from the floating gate. The tunneling junction
is schematically represented by a capacitor coupling the tun-
neling voltage terminal to the floating gate, as shown in Fig. 1.
The arrow on the capacitor denotes the charge flow. Increasing
the voltage across this tunneling capacitor, either by increasing
the tunneling voltage ( ) or decreasing the floating-gate
voltage, increases the effective electric field across the oxide,
thereby increasing the probability of the electron tunneling
through the barrier. Fig. 2 shows measured electron tunneling
current through our tunneling capacitor versus (1/applied oxide
voltage). Typical values for the oxide field range from 0.75 to
1.0 V/nm. We start from the classic model of electron tunneling
through a silicon–silicon-dioxide system [6], [11], in which the
electron tunneling current is given by

(2)

where
oxide electric field;
oxide thickness;
device parameter that is roughly equal to 25.6 V/nm
[12].

The cause for two separate regions might be due to tunneling
through intermediate traps [13] or to initially tunneling through
the junction edge for low oxide voltages and tunneling through
the middle of the junction for high oxide voltages.

B. pFET Hot-Electron Injection

We use pFET hot-electron injection to add electrons (remove
charge) to the floating gate [1], [6], [7]. If we are to inject an
electron onto a floating gate, the MOSFET must have a high-
electric-field region ( 10 V/ m) to accelerate channel elec-
trons to energies above the silicon–silicon-dioxide barrier. In
that region, the oxide electric field must transport the electrons
that surmount the barrier to the floating gate. In general, the
subthreshold MOSFET injection current is proportional to the
source current ( ) and is the exponential of a smooth function
( ) of the drain-to-channel potential ( ). We express this re-
lationship as follows:

(3)

Because the injection current is only a weak function of the
floating-gate voltage for a fixed source current () and ,
we neglect the gate-voltage dependence for this application [3].
Hot-electron injection by nFET devices is somewhat simpler
than for pFET devices and is described in detail elsewhere [6],
[14].

In this discussion, we will use pFET hot-electron injection to
add electrons to the floating gate. We use pFET hot-electron in-
jection because it cannot be eliminated from a CMOS process
without adversely affecting basic transistor operation and there-
fore will be available in all commercial CMOS processes. One
might wonder how pFETs, where the current carriers are holes,

Fig. 2. Tunneling in an n-well process. Over a wide range of oxide voltage,
most of the tunneling occurs between the floating gate and ndiffusion region
because this region is accumulated and the higher electric fields are at the corner
of the floating gate. Experimental measurements of electron tunneling current
versus 1/oxide voltage in a 2.0-�m process with 42-nm gate oxide. The two
straight-line fits are to the classic Fowler–Nordheim expression in (2). The two
different straight-line regions might be due to tunneling through intermediate
traps or to initially tunneling through the junction edge for low oxide voltages
and tunneling through the middle of the junction for high oxide voltages.

inject hot electrons onto the floating gate. Fig. 3(a) shows the
band diagram of a pFET operating under bias conditions that are
favorable for hot-electron injection. The hot-hole impact ioniza-
tion creates electrons at the drain edge of the drain-to-channel
depletion region due to the high electric fields there. The hole
impact-ionization current is proportional to the pFET source
current and is the exponential of a smooth function () of the
drain-to-channel potential ( ). These electrons travel back
into the channel region, gaining energy as they go. When their
kinetic energy exceeds that of the silicon–silicon-dioxide bar-
rier, they can be injected into the oxide and transported to the
floating gate. We express this relationship as follows:

(4)

where is the potential drop from channel to drain. The in-
jection current is proportional to the hole impact-ionization cur-
rent and is the exponential of another smooth function () of
the voltage drop from channel to drain. We express this relation-
ship as follows:

(5)

As a result, (3) models the pFET injection current.
Fig. 3(b) shows measured injection efficiency for four source

currents; injection efficiency is the ratio of the injection current
( ) to source current ( ). The measurements for four different
source current values are nearly equal, which is consistent with
injection efficiency’s being independent of source current. In-
jection efficiency is approximately an exponential of a linear
function in over ranges spanning 1 V. The slope of the
curve on this exponential scale decreases with increasing.
Using this linear approximation, we can model the hot-electron
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Fig. 3. pFET hot-electron injection. (a) Band diagram of a subthreshold pFET transistor under conditions favorable for hot-electron injection.E is the Si–SiO
barrier, which is 3.1 eV for no field across the oxide. The holes in the channel gain energy through the drain-to-channel depletion region with the potential drop of
� , resulting in hole impact ionization. The resulting electron accelerates toward the channel; if this electron gains energy larger than the silicon–silicon-dioxide
barrier, then the electron has a chance to move from the channel to the floating gate. We can model the electron at positionz at energyE as spreading a distance
�E around an average trajectory, described byE (z) and defined by an average number of phonon collisions, as we previously described for nFET injection [14].
(b) Measured data of pFET injection efficiency versus the drain-to-channel voltage for four source currents. Injection efficiency is the ratio of injection current to
source current. The injection efficiencies are nearly identical for the different source currents; therefore, they appear to be indistinguishableon the plot. At�
equal to 8.2 V, the injection efficiency increases by a factor ofe for an increase in� of 250 mV.

injection current for a changing gate and drain-to-source ( )
voltage as [3]

(6)

where is a device and bias dependent parameter andis 1
. For a quiescent V, a typical value for

is 250 mV and for is 0.90. We have validated this model
over several orders of magnitude in current and wide ranges in
voltage elsewhere [6], [3].

III. W EIGHT UPDATE FORCONTINUOUSLY ADAPTING pFET
SYNAPSES

We will consider floating-gate devices that use continuous
electron-tunneling and hot-electron injection currents. To model
the effect of continuous floating-gate currents, we apply Kir-
choff’s current law to the floating-gate node

(7)

where we have included the effects of electron tunneling and
hot-electron injection, is the total capacitance connected to
the floating-gate, is the capacitance between the input and
the floating gate, and is the capacitance between the drain
and the floating gate. We have fixed the tunneling voltage ter-
minal to a constant bias voltage.

The tunneling and injection currents in the device are small
compared with the transistor bias current; therefore, changes
in floating-gate charge occur on a much slower timescale than
synapse computations. These two timescales allow us to define
separate terminal voltages representing slow and fast timescale
voltage changes. For example, we now define the change in the
floating-gate voltage around its bias current as equal to

as the slow ( ) and fast ( ) timescale decomposition
of the floating-gate voltage. We can also decompose the gate,
drain, and source voltages into slow and fast timescale compo-
nents. We will assume that the input voltage(s) are zero mean,
that is, they only have fast-timescale components. The separa-
tion of timescales allows us to separate the floating-gate node
equation (7) into two equations: one modeling the fast dynamics
and one modeling the slow dynamics.

At fast timescales, we approximate the tunneling and injec-
tion currents to be negligible. We model the behavior at the fast
timescales as , where has only
fast components. Since we decomposed into fast and slow
components, applying this to (1), we get

(8)

where we have defined the factor due to the slow-timescale
floating-gate voltage to be the weight of the synapse

(9)

We often consider as an adaptive bias current. We con-
sider fast-timescale variables as representing the computational
signals of the synapse. We define the weight as
for no input signals; therefore it is proportional to the average
current at the source. At the bias point, , and therefore

. The pFET channel current depends upon a multiplica-
tion of the gate terminal voltage and an exponential function of
the floating-gate charge, which we call the weight.

The slow-timescale floating-gate node voltage equation gives
us the starting point for developing the weight dynamics of the
synapse. The slow-timescale equation is

(10)
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Fig. 4. (a) Plot of the time derivative ofw versusw for the pFET and s-d pFET synapses. The arrows show the direction that the differential equation will
take. These data show that the pFET synapse will diverge from theW = 1 steady state but that s-d synapses will stabilize to theW = 1 steady state. The s-d
pFET modifies the basic pFET dynamics by local negative feedback. We use no fast-timescale movement of gate or drain voltages. (b) The behavior of the current
autozeroing circuit using a source-degenerated pFET synapse. Unlike the pFET synapse, this circuit converges to its steady-state current. We use these data to
measure weight changes versus time. Throughout this experiment, the tunneling voltage was held at a constant value and there was nonnegligible tunneling and
injection current.

where we will neglect the slow-timescale variables of gate and
drain voltage, as previously mentioned. By differentiating the
weight , given in (9) with respect to time as

(11)

we get the weight update equation by substituting this result into
(10)

(12)

With this formulation, we can integrate (10) over many pe-
riods at the fast timescale but still make only a small change
in the slow-timescale output voltage. We assume that the input
signals are ergodic so that we can use time averages for the
expected value. Thus we shall define as the average of a
time-varying signal over a time interval , which is much
shorter than the slow timescale but much longer than one period
at the fast timescale

(13)

The remaining issues are to substitute models of tunneling
and injection currents. For a fixed tunneling voltage (
), the floating-gate tunneling current is given by

(14)

where is dependent on the bias values of , , and
device parameters. The floating-gate injection current around a
bias injection current is given by

(15)

In equilibrium—that is, at the bias point—the tunneling and in-
jection currents are equal, so that . Using
these results with (12) gives us the fundamental equation gov-
erning the weight dynamics of the floating-gate pFET synapse
as

(16)

where we define and all voltages are
referenced with respect to ground.

The weight dynamics of the basic pFET synapse are unstable
because of a positive feedback relationship that exists between
the hot-electron injection current and the channel current. For
a step increase in the gate-to-source voltage of the pFET, we
get an increase in the channel current. This increases the hot-
electron injection current in the pFET. Increasing the hot-elec-
tron injection current adds electrons to the floating gate, which
makes the gate-to-source voltage effectively larger, further in-
creasing the channel current. This positive feedback relation
does not give us a stable weight value that we can use in analog
computations. We show experimental data of this phenomena in
Fig. 4(a).

To obtain a stable, continuously adapting pFET synapse, we
introduce external negative feedback by using source degenera-
tion, shown in Fig. 5(a) for the source-degenerated (s-d) pFET
synapse [6], [5]. The circuit diagram for the s-d pFET synapse
shows that we have added another pFET, M2, betweenand
the source terminal of the floating-gate pFET, M1. M2 is a
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short-channel pFET with significant drain-induced barrier low-
ering (DIBL). A transistor that strongly exhibits DIBL shows
an exponential change in current for a linear change in drain
voltage. The resulting dependence of channel current on the
floating-gate voltage for the circuit in Fig. 5(a) is

(17)

where is a parameter that characterizes the sharpness of the
exponential relationship of the source-degenerative feedback el-
ement.

A. Dynamics of S-D pFET Synapse

The stabilizing effects of adding M2 can be seen in Fig. 4(a).
The DIBL current–voltage characteristic of M2 guarantees that
the decrease in the source voltage of M1 due to an increase in
channel current will be sufficient to provide the negative feed-
back desired. Increasing the channel current in M2 causes a de-
crease in the source voltage of M1, which in turn decreases the
drain-to-source voltage of M1. Decreasing the drain-to-source
voltage of M1 decreases the channel current, so that hot-elec-
tron injection current also decreases. Fig. 4(b) shows dynamics
(measured) to get plots for the s-d pFET in Fig. 4(a).

Using our previous derivation for the pFET synapse, we can
derive the weight update rule for our s-d pFET synapse. We have
defined the weight of this s-d pFET synapse as

(18)

and obtain the resulting weight update equation as

(19)

We modify the model of tunneling and injection currents for this
s-d pFET synapse as

(20)

where

Recall that in equilibrium—that is, at the bias point—the tun-
neling and injection currents are equal, so that

. Using these results with (12) gives us the fundamental

Fig. 5. The s-d pFET synapse. The s-d pFET modifies the basic pFET
dynamics by local negative feedback; the device converges to a stable
equilibrium for either a constant current or voltage. The s-d pFET synapse
is composed of a floating-gate pFET synapse and a second ultrashort pFET,
which provides feedback to the source terminal. We utilize the DIBL effect in
short-channel MOSFETs to build a compact weakly exponential element.

equation governing the weight dynamics of the s-d floating-gate
pFET synapse as

(21)

where we define and all voltages
are referenced with respect to ground.

IV. WEIGHT DYNAMICS OF THE FLOATING-GATE pFET
SYNAPSE

To understand the basic form of the weight dynamics, we look
at the simplest case of (21) when we have no fast-timescale sig-
nals in gate or drain voltages. This allows us to see the depen-
dence of on . The resulting equation is

(22)

For the source-degenerated pFET, we experimentally ob-
serve the weight dynamics by noting that the weight of the
floating-gate synapse is directly proportional to the channel
current when the signal voltages (fast timescale) are zero
[1], [2], [5]. We measure the channel current indirectly by
measuring the source voltage, since the source voltage is
logarithmically related to the channel current due to the DIBL
FET’s operating with subthreshold currents. To see the weight
dynamics, we apply a slow-timescale step to the gate voltage

and observe the source voltage . The gate-voltage
input and the source-voltage response are shown in Fig. 4(b).
We obtain the channel current, and thus, by taking the
exponential of this value. A finite difference approximation
using successive values of gives . The s-d pFET
dynamics given by these measurements appear in Fig. 5(b).
Fig. 4(a) also illustrates the dynamics of this equation for
the basic floating-gate pFET synapse. We observe that there
are two equilibrium points for both systems: and

. We are interested in the weight dynamics around
, since the weight cannot go below zero and this steady

state will not change with different inputs. Fig. 4(a) verifies that
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the basic pFET synapse is unstable, but the source-degenerated
pFET is stable.

Since we are only interested in the linear dynamics around
, we substitute into (22), use the

binomial expansion, and keep only the linear terms of the result
to obtain

(23)

From (23), it is seen that yields the stable dynamical
equation. This relation betweenand is determined by the
source-degenerated pFET.

The functional form of the dynamics, illustrated in Fig. 4(a),
also holds when and are nonzero. Nonzero values of
these variables will affect the nonzero equilibrium weight, the
slope of the dynamics around this equilibrium weight, and the
position of the separatrix between the two equilibrium weights.
In this discussion, we are mainly interested in the effects of the
voltages on the nonzero equilibrium weight.

V. EFFECTS OFDRAIN VOLTAGE ON THEEQUILIBRIUM WEIGHT

Our approximation of the weight dynamics begins by consid-
ering the effects on the equilibrium weight due to drain voltage
alone. We start with the weight equation when . The
weight dynamics then become

(24)

Fig. 6 shows experimental measurements of versus
for fast-timescale drain voltage signals of various amplitudes
and no gate-voltage signal. We apply a slow-timescale step input
to the gate such that we get a sweep of versus .
We apply a fast-timescale input at various
amplitudes to view the effects of fast-timescale signals on the
weight dynamics. As before, we measure the source voltage to
obtain the weight dynamics.

To observe the effects of the fast-timescale signals on the
weight equilibrium, we take the expected value. Solving for

, we get

(25)

Next we use a quadratic approximation of by trun-
cating the Taylor series. We use a quadratic approximation be-
cause it is the minimum order expansion needed to show corre-
lations in our circuit. Taking the expected value of each term of
the approximation yields

(26)

The linear term for disappears since its expected value is
zero. We use the binomial expansion approximation to eliminate

Fig. 6. Change in the dynamical weight equation due to sinusoidal signal
amplitudes at only the drain terminal. The gate terminal is remaining at a
fixed voltage through this experiment. We plot thedW=dt versusW for three
drain input amplitudes and plot the equilibriumw (W ) versus drain input
amplitude.

Fig. 7. Change in the dynamical weight equation due to sinusoidal signal
amplitudes at only the gate terminal. The drain voltage is remaining at a fixed
voltage through this experiment. We plotdW=dt versusW for three gate input
amplitudes and plot equilibriumW (W ) versus gate input amplitude.

the exponent . Substituting and
solving for gives

(27)

The data for this experiment use a sinusoidal input,
. Substituting this into (27), we get

(28)

Fig. 6 shows versus with mV. The depen-
dence of on is quadratic, but the term is large com-
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Fig. 8. Change in the dynamical weight equation due to correlated sinusoidal signal amplitudes between the gate and drain terminals. (a) Change in thedynamical
weight equation due to different size drain amplitudes for three different gate amplitudes. (b) Change in the dynamical weight equation due to various degrees of
correlation (phase difference) between sinusoidal input signals at the gate and drain terminals.

pared to the range of operation so thathas no real effect on
the weight. Thus the effect of on can be neglected.

VI. EFFECTS OFGATE VOLTAGE ON THEEQUILIBRIUM WEIGHT

Substituting in the weight equation allows us to
observe the effects of gate voltage alone. This results in

(29)

Fig. 7 shows experimental measurements of versus
for fast-timescale gate voltage signals of various amplitudes and
no drain voltage signal. We get these dynamics using an exper-
imental procedure similar to that used to measure drain voltage
effects.

As in the drain voltage case, we take the expected value, find
the equilibrium weight, and make the quadratic approximation
to get

(30)

Applying the binomial expansion twice and keeping only those
terms relevant to the quadratic approximation, we simplify the
fraction and the exponent to get

(31)

We multiply this out and truncate to the terms appropriate for our
quadratic approximation in . Finally, substituting

, we get

(32)

where .

Applying a sinusoidal input and taking
the time average, we get

(33)

Fig. 7 shows versus It is seen that the dependence of
on is quadratic. We assume that is constant and
can be subtracted out of the weight dynamics equation, along
with . This assumption is realistic if we apply automatic
gain control to the input voltage.

VII. EQUILIBRIUM WEIGHT DETERMINED BY CORRELATIONS

BETWEEN GATE AND DRAIN VOLTAGES

When we have fast-timescale voltage signals on both the gate
and the drain, we obtain the full equilibrium weight equation
through a derivation similar to that used in the preceding sec-
tions

(34)

As previously stated, we can neglect the effects of the drain
voltage. We can also assume that the signal energy in the gate
voltage is constant. This allows us to subtract off the term due to
gate voltage alone, counting it as part of the dc operating point
of the circuit. Taking these two points into consideration, we
obtain

(35)

This result shows that we can adjust the synapse weight
according to correlations between the gate and drain terminal
voltage signals.

We can see this correlation effect by applying fast-timescale
gate and drain voltages in two different experiments. The ex-
perimental procedure follows that in the earlier cases; we apply
a slow-timescale step to the gate and fast-timescale sinusoidal
voltages to the gate and drain terminals. Assume the input for
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and . Substituting
these two inputs into (35) and computing the expected value,
we get

(36)

For the first experiment, consider the two sinusoidal inputs with
no phase difference ( ). Fig. 8(a) shows versus
for various values of . We see that for fixed values of gate
voltage, there is a negative linear dependence of on , as
(35) suggests. In the second experiment, we sweepfrom 0 to
2 . For , we have Fig. 8(b) shows versus . We see
definite correlations due to phase differences where

.

VIII. H EBBIAN LEARNING RULE FROM APPROXIMATED

WEIGHT DYNAMICS

We now present the approximated weight update rule for the
linearized region using the results of the previous sections. The
final result is

(37)

We derive the effects of the terminal voltages on the rate of
the weight dynamics using methods similar to the equilibrium
weight derivations. A new time constant is defined by the
following:

(38)

Neglecting the drain voltage effects as before, and assuming
that the effects due to the gate voltage are constant and can be
absorbed into other circuit constants, we obtain the final approx-
imation to (21) as

(39)

where is approximated as

(40)

Fig. 9 shows versus for varying and fixed
. If we let , , and

, then we can rewrite (39) as

(41)

This is a Hebbian learning rule, based on the correlations
between the signalsand . We would like to use this learning
rule as the basis for several neural-network and adaptive system
algorithms such as principal components analysis, adaptive

Fig. 9. dW=dt versusW for varying�V and fixed�V . These data give
strong evidence for our learning rule,� � _W = ��W + �E[xy].

filtering, self-organizing neural maps, and supervised learning
neural networks [15]. Our future research will explore these
potential applications of the floating-gate pFET synapse.
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