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Hardware implementations of artificial neural networks (ANNs)—the most advanced
of which are made of millions of electronic neurons interconnected by hundreds of
millions of electronic synapses—have achieved higher energy efficiency than classical
computers in some small-scale data-intensive computing tasks'. State-of-the-art
neuromorphic computers, such as Intel’s Loihi? or IBM’s NorthPole?, implement ANNs
using bio-inspired neuron- and synapse-mimicking circuits made of complementary
metal-oxide-semiconductor (CMOS) transistors, at least 18 per neuron and six per
synapse. Simplifying the structure and size of these two building blocks would enable
the construction of more sophisticated, larger and more energy-efficient ANNs.

Here we show that a single CMOS transistor can exhibit neural and synaptic behaviours

ifbiased in a specific (unconventional) manner. By connecting one additional CMOS
transistor in series, we build a versatile 2-transistor-cell that exhibits adjustable
neuro-synaptic response (which we named neuro-synaptic random access memory
cell, or NS-RAM cell). This electronic performance comes with ayield of 100% and
anultra-low device-to-device variability, owing to the maturity of the silicon CMOS
platform used—no materials or devices alien to the CMOS process are required.
These results represent a short-term solution for the implementation of efficient
ANNs and an opportunity in terms of CMOS circuit design and optimization for
artificial intelligence applications.

Hardware-based ANNs are expected to outperform traditional com-
puters in terms of energy efficiency because they can compute and
storethe dataatthe samelocation, which avoids energy consumption
and delays related to data transfer. To do so, ANNs require (Fig. 1a):
(1) electronic neurons capable of generating output signals that resem-
bleahighly nonlinear hysteretic or thresholding mathematical opera-
tionwhenreceiving several voltage or current excitatory inputs** and
(2) electronic synapses capable of changing their electrical resistance
tofavour (facilitate) or limit (depress) the connections between specific
neurons, a process that characterizes the learning of a feature. The
persistence of these changes through time (plasticity) depends on the
role of the synapse within the ANN and can be long or short term (see
definitionsin Supplementary Note1and Supplementary Fig.1)°. In sev-
eraltypes of ANNs, neural and synaptic behaviours take place dynami-
cally (when applying electrical pulses rather than a continuous bias
over time), which is highly desired for reducing energy consumption
and providing synchronization with other parts of complex systems.

However, a single complementary metal-oxide-semiconductor
(CMOS) transistor—as traditionally operated—cannot implement
all these electrical behaviours, which has sparked a race to find the
ideal hardware forimplementing ANNs’. One solutionis toimplement
electronic neurons and synapses using several interconnected CMOS
transistors (Fig.1b), but thisapproach implies large cost overheads that

arise fromsiliconareademands®’. An alternative is to employ emerging
device technologies, such as memristors (Fig. 1c)'", but these solutions
also face some implementation bottlenecks (peripherals and neural
interfaces require dense CMOS circuits)?", and they are still signifi-
cantly smaller (with fewer neurons and synapses), less reliable and less
widespread than purely CMOS implementations. Other innovative
material platforms, such as ferroelectric, organic and two-dimensional
materials", show promise but their integration challenges are far
frombeing addressed.

Inthisscenario, itislogical to seek alternatives within existent tech-
nology platforms (Supplementary Table 1and Supplementary Note 2).
Two studies have proposed theimplementation of electronic neurons
and synapses based on home-made floating-gate silicon transistors'>",
but the performance demonstrated was limited (especially for the
synapse). Moreimportantly, fabricating these devices is more complex
and expensive than it is for CMOS transistors, and their integration
densityislower because of the architecture and the nitridation thermal
budgets*. One study implemented electronic neurons using partially
depletedsilicon-on-insulator tunnelling® field-effect transistors (FETs),
buttunnelling FETs require specific doping profiles and gate alignment
approaches. So far, the most technology-ready alternative for building
electronic neuronsis standard, partially depleted, silicon-on-insulator
transistors operating inaband-to-band tunnelling regime?* > (used as
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Fig.1| Transistors and their use in neuro-synaptic-mimicking devices.

a, General structure of an ANN comprising neurons and synapses (left). Some
ofthetypical /-Vor resistance behaviours of these devices are schematically
represented: thresholding behaviour of neurons, update of the synaptic
strength (weight) of synapses between neurons, and short-term plasticity
displayed by synapsesin spiking neural networks. b, Examples of electronic
devices capable of mimicking some neuro-synaptic behaviours. Left, asingle
neuron core can comprise more than20 CMOS transistors. Middle, the most
basicdigital cellused asabinary synapseisasix-transistor staticrandom
accessmemory cell. Right, analternative implementation of a multilevel

anintegrator elementinaleaky-integrate-and-fire neuron). However,
torealize the thresholding operation, this approach still requires the
interconnection of six devices. More importantly, demonstrations with
partially depleted silicon-on-insulator transistors (both tunnelling and
standard) only mimicked (limited) neuron functions, not synapses.
In this work, we experimentally demonstrate that excellent bio-
inspired electronic neural and synaptic behaviours (Fig. 1a) can be
mimickedinasingle standard bulk-silicon metal-oxide-semiconductor
field-effect transistor (MOSFET), ifitis biased in a specific (unconven-
tional) manner. More specifically, we operated the device on the verge
of punch-through conditions while adjusting the resistance of the bulk
connection to ground (Ry). When R; was implemented with another
MOSFET, the resulting two-transistor cell could be continuously tuned
between regimes to provide grand circuit-level versatility. In neuron
mode, the two-transistor cellemulated leaky-integrate-and-fire neural
behaviour and adaptive frequency bursting, with a high switching slope
(below 10 mV dec™), large dynamic range (over 10°), high endurance
(over10 million cycles) and competitive energy efficiency (firing energy
down to 415 p) um™). When operated as a synapse, a single transistor
in the floating-bulk configuration could be programmed at different
(at least six) synaptic weights that were stable over time (long-term
potentiation and depression) with high endurance (over 10° cycles).
It was also capable of short-term pulsed facilitation, depression and
synaptic plasticity with low variability and high robustness (up to 14 dis-
tinctlevels for more than 700,000 potentiation and depression cycles).

Punch-throughimpactionizationin MOSFETs

We evaluated the intrinsic hysteretic behaviour of an n-type MOSFET
(channel length, L., =180 nm) operated in punch-through regime to
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synapse using a floating-gate device. ¢, Representative examples of emerging
memory devices, such as memristors based on phase-change materials

or metals on oxides, whichare being explored for their use asneurons and
synapsesin neuromorphic circuits. s, synaptic update input event (typically
avoltage or current pulse); V,,,, post-synapticsignal asinput to the neuron
block; /,;,s, neuron circuit reference bias current; V,,,, threshold voltage setting;
Vaaap input voltage for adaptive thresholding control; /,, feedback current;

Vi outputrefractory period setting voltage; V., spiking neuron output
voltage; DEP, depression; POT, potentiation; V;, bias voltage (read/update
control); SRAM, staticrandom access memory.

mimic neuron functionality. An equivalent circuit schematic includ-
ing the parasitic devices for such a structure is displayed in Fig. 2a.
Whenthe bulk terminal was grounded, the typical output characteristic
(drain current/, versus drain voltage V;)) of the MOSFET was detected,
as expected (Fig. 2b (red lines) and Fig. 2c). However, when the bulk
terminal was not directly grounded, the spreading resistance of the
semiconductor substrate was large (R in Fig. 2a), and drain-to-source
voltage (V,s) valuesintherange2.5t0 3.5 Vgenerated another /, compo-
nentthatresultedinabrupt currentincreases between 0.1and 100 pA
(Fig. 2b (blue lines) and Fig. 2d).

This phenomenon, which is highly dependent on the gate volt-
age V;; (Supplementary Figs. 2 and 3), is related to the generation,
through impactionization, of excess electron-hole pairs in the vicin-
ity of the drain and the deepening of the depletion region from the
drain (x,p) extending across the channel region (often referred to as
punch-through; Fig. 2d). This regime was observed as early as 1987%
and is characterized as the ‘kink’ effect in floating-body devices”
(Methods). The physics of this phenomenon is succinctly reviewed
in Supplementary Note 2. Driven by bulk currents (Methods and Sup-
plementary Fig. 4), the process is largely dependent on the substrate
spreading resistance and the effective resistance of the bulk connec-
tion. This resistance is different for each transistor in different chips
and produces a very high variability in /, from one device to another
(Supplementary Fig. 5). To solve this issue, we build a 2-transistor cell
by including a bulk bias control MOSFET device (Fig. 2d) to tune the
effective R; (between 10 kQ and 1 MQ; Fig. 2e) through the voltage
applied toits gate, named V,,, thus achieving total replicability of the
process over 30 chips (Methods and Supplementary Figs. 6 and 7).
This connection provides a collection path for excess carriers in the
substrate and can be exploited to generate an abrupt thresholding
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Fig.2|Quasi-stationary I-Vcharacteristics of afloating-bulk n-channel
180-nm MOSFET showing neuro-synaptic capabilities. a, Simplified equivalent
circuit of an n-channel MOSFET with parasitic substrate components. /; is the
impact-ionization current component. R;and Ry are the bulk and drainspreading
resistances, respectively. Vsisthe source voltage. b, /,-V, characteristics of an
n-channel MOSFET. The normal conditions (grounded bulk, red curves) are
compared withthe floating-bulk condition (blue curves). ¢, Sketch of the current
componentsinann-channel MOSFET withagrounded-bulk connectionandin
the saturation condition (high V), where h* represents holes and e” electrons
inthe p-typesilicon bulk.d, Same as cbut under the floating-bulk condition,

response, whichisideal forimplementingintegrate-and-fire neurons,
or long-term conductance changes, adequate for implementing syn-
apses (Fig. 2f). This extra transistor could be eliminated by engineering
the bulk contact resistance for maximumintegration density, although
keeping it providesacircuit-level degree of freedom when tailoring the
avalanche response to the application requirements or even dynami-
cally within a single circuit.

We addressed the time-domain component of the firing and relaxa-
tion process that mimics aneuron by applying constant sweep rate V,,
ramps to the floating-bulk transistors and monitoring the value of I,
(Methods). The results clearly show differences in the dependence
of the firing and relaxing voltages on the sweep rate (Supplementary
Figs. 8 and 9), which becomes shallower at higher V;,. This is ascribed
to alower bulk resistance, which enables the collection of excess car-
riersin the bulk of the transistor and a quick drop of the electrostatic
potential in the floating-bulk semiconductor at lower R;. The phys-
ics behind these dynamics were carefully verified using technology
computer-assisted design (TCAD) simulations replicating the experi-
mental conditions (Methods) and showing excellent agreement with
measurement results (see the detailed discussion on the simulation
results in Supplementary Note 3).

2-transistor neuro-synaptic cell

We first investigated the potential of an n-type MOSFET operated in
the punch-through impact-ionization regime for use as an electronic
neuroninan ANN. For the application as aneuron, we needed the device
to show, at first order, a thresholding (abrupt on/off behaviour) and
hysteretic characteristic in the /-V curves, so we set the external bulk
bias control voltage V, inthe 2-transistor cellto between1.3and 1.8 Vto

where the bulkis floated through an external control device that regulates
thebulk current (/) under punch-through avalanche conditions. e,f, I,-V;
characteristics of the MOSFET device depicted ind under different V;, (bulk
bias control voltage) for aneuron (e) and asynapse (f). Different hysteretic
behavioursare visible, froma typical thresholding neuron to the synaptic
plasticity regime.Inall cases, V;was varied between 0.25and 0.45Vin 0.05V
steps. g, Robust and reproducible resistance change during thresholding of the
floating-bulk device under fast ramp cycling for 10 million cycles (see Methods
for measurement conditions). pSi, p-type silicon bulk, n*Si, highly doped n-type
silicon; Vs, bulk-to-source voltage.

atransistor with L, =180 nm (Fig. 2e). We observed that this hysteretic
characteristic was extremely stable and repeatable through several
iterations. We used high-speed ramps with peak value 4.2 V and with
rates 80,000 V s and extracted the change in resistance across every
cycle for 12 different CMOS transistors (L, =180 nm) for millions of
cycles (Fig. 2g and Supplementary Fig.15), which showed the robustness
ofthe phenomenon. Similar behaviour was observed in CMOS transis-
tors with Lo = 500 nm for more than 70,000 cycles (Supplementary
Fig.16). Under a pulsed firing regime (10-ps pulses and 60-ps relaxation
transients), we also observed consistent behaviour over millions of
cycles for L., =180 nm devices (Supplementary Fig.17).

We next addressed the energy consumption of the device and
obtained thefiring time at constant applied drain voltage (Supplemen-
taryFig.18), depicted as V, ;. inreference to the spikes that abiological
neuron integrates at its inputs (Methods). We measured firing times
(Supplementary Figs. 19 and 20) from 10 ps to 2 ms for V. between
3.5and 4.5V (Fig. 3a, left axis). The energy consumption of a single
neuron was as low as 415 p) um™ (measured in devices with a channel
width of 1 um) at a firing time of 12.6 ps (Fig. 3a, right axis). These val-
ues are very competitive with other neuron-mimicking devices based
on full-CMOS circuits®® and CMOS integrated volatile memristors?**®
(Supplementary Table 1). Our devices have the advantage of ease of
integration and high tunability at little area overhead.

Similarly, we addressed the natural relaxation transients of the neural
behaviour after firing asingle pulse (whichis known as the leaky charac-
teristic of neurons; Supplementary Note 1). We performed time-resolved
measurements at different V5, (0 to 1.8 V; Methods) and observed that
the fired condition could be sustained over long periods of time exceed-
ing several tens of milliseconds (Supplementary Fig. 21), resembling
what is commonly known as synaptic plasticity®. We extracted the
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Fig.3|Tuning the neural behaviour with punch-through controlinfloating-
bulk180-nm MOSFETs. a, Mapping of the energy (lefty axis) and the firing
time (right y axis) as functions of V; and V.. b, Working regimes from neural
to neuro-synaptic (right to left) tuned with the control voltage V;,and
characterized by controllable 7, (left y axis) and synaptic weight (resistance)
ratio R,zs/R s (right y axis). ¢, Dependence of the firing time (¢;,.) on the spiking
voltage (V) and theinput spiking frequency from 20 Hzto 100 kHz under

characteristic relaxation time (z,) and the synaptic update ratio (Meth-
ods) aftera30-mswindow. Our results clearly indicate progressive tun-
ing between purely neural behaviour (V;, >1.3 V) and neuro-synaptic
behaviour (V;, <1.3 V), with characteristic timesinsensitive to V; (Fig. 3b,
left axis). On the other hand, V;; did affect the overall synaptic update
ratio (Fig. 3b, right axis) and allowed or inhibited the firing for a fixed
spike amplitude and duration. The operational flexibility that character-
izesthis 2-transistor cell makes it aconvenient building block whichwe
call neuro-synaptic random access memory cell, or NS-RAM.

Tuning the dynamics of excess carrier generation (through V;;) and
thereturnto equilibrium after firing (through V;,) allowed us to control
the firing rate of the neuron under different excitatory voltage pulse
amplitudes and frequencies (Methods). We measured the elapsed
time until the neuron fired for each input (Supplementary Fig. 22).
We observed a clear dependence of the firing time on the input spiking
frequency and voltage, which could be inhibited at low frequencies
by tuning V,, (Fig. 3c). We mapped these characteristics onto a Ve
versus frequency space for spike durations ¢, between1and 10 pus
(Fig. 3d). We can clearly observe that the response could be tailored
accordingto the system needs and to the process being mimicked. This
behaviouris fundamental for replicating biological neural processes at
different scales, for example the tonotopic mapping of audio signals
performed by cells in the human cochlea® (Methods), and could be
further tailored through external capacitances thatimpact the relaxa-
tion dynamics of the bulk semiconductor after firing (see discussion
in Supplementary Note 3).

Short-term plasticity in a single transistor

We next tackled the potential of the floating-bulk n-type MOSFET to
operate as asynapse. To mimic this behaviour, we operated individual
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different V;,, The firingis controlled over four orders of magnitude. d, Heat
maps of the tuning capabilities of the firing time for the floating-bulk device
atdifferentinputspiking frequencies (20 Hzto 200 kHz), amplitudes
(3.60-4.50 V) and spike durations (1-10 ps). Low V, provides enhanced
response atlower frequencies at the cost of slower relaxation times. Black tiles
inthe mapsrepresenteitherno firing observed within 10 s orincompatible
frequency versus ¢, pairs (frequency greater than or equal to . ).

transistors (Lc; = 500 nm) with a bipolar voltage scheme in the fully
floating-bulk condition (the bulk bias control transistor was not con-
nected, and the bulk terminal was left unbiased). We investigated the
pulse modulation of the synaptic weight at the microsecond timescale
and exploited the excess carrier dynamicsin the floating-bulk device to
mimic short-term synaptic dynamics. We used positive voltage spikes
atthedrain for potentiation (synaptic weightincrease and reductionin
resistance) and negative voltage spikes for depression (synaptic weight
decrease andincreaseinresistance). We applied trains of potentiation
and depression pulses. We read the resistance after each pulse (Meth-
ods) and observed the typical potentiation and depression behaviour of
the synaptic weight (Fig. 4a) with excellent repeatability over 200,000
cycles (approximately 7 million pulses; Supplementary Fig. 23). We
tuned the voltages and timing (Fig. 4b) and achieved low cycle-to-cycle
variability (effective number of levels N, =14; for detailed statistics,
see Supplementary Fig.23) and excellent linearity with atuning range
of approximately x4 (nonlinearity exponential factors were 0.06 for
potentiation and 0.21 for depression, where values below 1 typically
represent good linearity®?).

The synaptic weight range could be tuned by modifying the gate
voltage applied to the device over two orders of magnitude (between
200 kQand 20 MQ; Fig. 4c), which allowed us to customize the conveni-
entoperating range of the device within aspecific circuitimplementa-
tion. The potentiation process could be rapidly reset by asingle, larger
depression pulse that brought the synapse back to its quiescent state
(Supplementary Fig. 24), with a synaptic update range reaching approx-
imately x10 and excellent repeatability over 760,000 full cycles (Fig. 4d)
(Methods). Finally, we analysed the short-term synaptic plasticity®
(Supplementary Note 1). We applied a potentiation sequence (learning)
and addressed the synaptic decay through time (forgetting) under a
constant read voltage. We observed characteristic exponential decay
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Fig. 4 |Synaptic plasticity of 500-nm floating-bulk MOSFETs. a, Detailed
view of the synaptic resistance through six potentiation and depression cycles
(15 potentiation pulses and 19 depression pulses each). b, Statistical analysis
of the synaptic resistance under a continuous pulsed regime (V,,,=4.0V,
Viaep=—0.4V, Vg = 0.3V, £ = treas =5 Us and 4., = 1 us; Supplementary Fig. 23)
for 90,000 potentiation and depression cycles (over 3 million spikes).
Shown are the empirical cumulative density functions after each pulse of the
potentiation (left) and depression (right) cycles. The typical cumulative density
functionaxes arerotated toalignwith the centre plot. The box plot (centre)
shows statistical linearity and state overlap (thick curves are best fits of a
simple exponential nonlinear model). Boxes are placed on the median value
andrepresent the 25th and 75th percentiles. Whiskersindicate the 5th and

times of the order of 1-100 ms (Fig. 4e), well in agreement with the
observed dynamics of firing a single pulse (discussed in Fig. 3d) and
within the range of synaptic plasticity displayed by biological systems™
and other emerging devices being explored today®. This regime relies
oncharacteristic carrier lifetimes and device capacitances that translate
toaprecise control of the conductance state and operating range, and
it could have an immediate impact on neuromorphic computation
strategies, such as recurrent neural networks® or reservoir comput-
ing*, where emerging devices (such as memristors) struggle because
of their inherent variability.

Long-term plasticity in a single transistor

Next, we extended our analysis of the floating-bulk transistor when
mimicking long-term synaptic plasticity. This feature is used in
the widely adopted compute-in-memory accelerators based on
hardware-implemented ANNs'**3¢_First, we applied /,-V,, sweeps
between 0and 5V at constant V; (Fig. 5a). We observed clear hysteresis
with different widths at different V;=0.7,0.8 or1V (Fig. 5a, inset) with
aresistance ratio as large as x12. This ratio is comparable to that of the
state-of-the-art metal-oxide and phase-change memristors used for
neuromorphic computing™. Sweeping the voltage to negative values
between 0and -3 Vbrought the device back toits original state. We ana-
lysed theimpact of the depressionsweep voltage (V;.,) on theresistance
state tuning (Fig. 5b). We observed an approximately x35 resistance ratio
between the high-resistance state (R,;zs) and the low-resistance state
(Rigs) (from15 MQdownto 400 kQ, read voltage of 0.5 V; inset of Fig. 5b).

95th percentiles. Data points per box, 83,734. ¢, Dependence of the synaptic
potentiationrange under different V;, showing tunability of up to x20

Voot =5V, Vieaa=0.5V, £, =10 psand t,.,s = 50 pus). d, Potentiation statistics fora
succession of spikes (facilitation or learning process) for over 15 million pulses
(Voor=2.8Vand V,,q=0.75V).Ineachcycle, after the 21st facilitation spike,
anegative spike (V... =—0.7 V) reset the synapse to its initial state (¢,,. = 5 s,
treaa =10 s and ¢, =1 us; Supplementary Fig. 24). Boxes are placed on the
medianvalue andrepresent the 25th and 75th percentiles. Whiskers indicate
the10thand 90th percentiles. Data points per box, 771,000. e, Detailed view of
the synapticrelaxation (forgetting process) whennoinput spikes were applied
after progressive potentiation (learning) in the pulse regime (V,.,q=0.75V,

Voor =24 Vandt,.,q = t,, = 10 ps). CDF, cumulative density function.

Wealso assessed the retention at constant read voltage of at least six
resistance states after different reset voltages (Methods), achieving
long-term synaptic stability over 10* s (approximately 2.8 h; Fig. 5¢)
without any kind of refresh. This behaviour still occurred when the
read-out consisted of 100-ms-long pulses spaced over 900 ms (Meth-
ods and Supplementary Fig. 25a,b)—discarding the possibility of the
state being maintained artificially by a constant read voltage—and even
when tested at high temperatures (85 °C; Supplementary Fig. 25c¢,d).
Also note that we drove this process with pulses, initially in the range
10-100 ms (Supplementary Fig. 26). Therefore, to address the repeat-
ability of this process under a pulse regime that better suits real applica-
tion conditions, we evaluated the switching performance using 500-ps
pulsesof +5 Vvoltages for potentiation, -3 Vfor depressionand 0.35V
for reading the acquired state after each pulse (Fig. 5d). We observed
that the devices consistently switched between two distinctive resist-
ance states (ratio more than x10) for more than 10° cycles (Fig. Se,f).

Thisbipolar drainbias regime cannot be employed ingrounded-bulk
devices, whichwould have high drain-bulk forward bias currents during
the depression sweeps (V,, < 0) and noimpact-ionization firing during
potentiation (V, > 0).Inthis regime, carrier lifetimes and internal device
capacitances cannot account for the observed results. Therefore, to
explain the long-term retention, we considered a contribution from
carrier injection into the gate dielectric driven by impact ionization
inthe floating-bulk device. These charge-trapping processes were not
areliability concern for these devices: (1) They were operated within
nominal voltages in all conditions (all voltages within 5.5 V). (2) The
amount of chargetrapped and de-trappedin every cycle did not trigger
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Fig.5|Long-termsynaptic behaviour of 500-nm floating-bulk MOSFETs.

a, Quasi-stationary /,-V, of a transistor in the fully floating-bulk condition
displaying bipolar synaptic update. The potentiation sweeps (curves1and 2)
show different conductance changes at different V. The depression sweeps
towards negative voltages (curves 3 and 4) resets the initial conductance state.
b, Synapticupdate after a potentiation sweep followed by successive depression
sweeps stopped at different negative V, voltages. The conductance state was
read after each depression sweep throughan/,-V,curveupto 0.5 V.Inset, read
resistance extracted at V;, = 0.5 Vfor different depression sweep voltages V.

device failure, even after 100,000 cycles (Fig. 5e,f). This endurance is
higher than that of some transistor-based commercial memory tech-
nologies, such as charge-trapping transistors (1,000 cycles)*, and
on par with embedded Flash (10,000-100,000 cycles)* and some
commercial memristor technologies (100,000 cycles)*. The results
obtained (Fig. 5e,f) for the floating-bulk device agree well with this
requirement. We performed TCAD simulations of the floating-bulk
MOSFET (L., =500 nm) and observed that the conditions were suit-
able for hot-electron injection during depression and hot-hole injec-
tion during potentiation, mechanisms that are used to write and erase
commercial floating-gate memory* (Methods, Supplementary Note 4
and Supplementary Fig. 27). We validated this experimentally with
grounded-bulk measurements of retention and post-retention /yversus
V;curves (Methods), where we observed sustained retentionand aclear
subthreshold characteristic shift for each condition (Supplementary
Fig.28).

Discussion

Standard n-type MOSFETs operating under a floating-bulk condition
can mimic several neuro-synaptic behaviours with high performance,
good energy efficiency and low variability with high tunability and
low area overhead. As all the processes driving these behaviours are
controlled by the charge distribution in the semiconductor (with
or without charge-trapping), a device operates with outstanding
robustness in all regimes. It could be argued that the operating volt-
ages (between 3.6 and 4.5 V in the microsecond-pulsed regime) are a
downside compared tostandard-operated CMOS transistors, although
they are very competitive compared to memristors and other emerg-
ing devices (Supplementary Table 1). However, the punch-through
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¢, Retention of the synaptic update after different V,,, sweeps. Each retention
measurement was preceded by a potentiation sweep and adepression sweep
likethoseinaandb.d, Current and voltage waveforms showing the synaptic
behaviourinthe pulsed regime. All pulses were 500 puswide and V., =5V,
Vgep=—2.5Vand V,.,4=0.5V.e, Example of the repeatable synapticbehaviour
for more than100,000 cyclesinone device under the pulsed regime depicted
ind.f,Repeated experiment of panel e on aseparate device, displaying
reproducible endurance characteristics.

avalanche is a parasitic effect under nominal operating conditions. It
can be minimized with specific device engineering (for example, halo
or punch-through stop implants*>* or layers**). Therefore, several
device-level parameters can be engineered to enhance specific perfor-
mance metrics (including operating voltages). As evidence for this, note
thatallthe neuro-synaptic behaviours demonstrated in MOSFETs with
Lc, =180 nmhavebeenreproducedin MOSFETs with L, = 500 nmwhile
applying voltages within their nominal (5.5 V), meaning that they are
driven by the same fundamental phenomenon. Therefore, this operat-
ing regime should notbe arisk to reliability (for a detailed discussion,
see Supplementary Note 5).

Anattractive characteristic highlighted in our resultsis the potential
for a very simple and compact NS-RAM cell to mimic several neuro-
synaptic behaviours. From the neural perspective®*, inaddition to the
threshold voltage modulation, controlling the bulk biasing network
can be used for refractory period modulation, for sensitivity tuning
of the excitatory or inhibitory signal and for adapting the spike fre-
quency. Thesamebuilding block canoperatein currentor voltage mode
(Supplementary Figs.29-32), provide fast leaky-integrate-and-fire or
spike frequency adaptation over awide range of bursting frequencies
and input stimuli (Supplementary Note 6), accommodate external
reset signals (through bulk bias control pulsing) or operate as a two-,
three- or four-terminal neuron in different neural network architec-
tures® (Supplementary Note 6 and Supplementary Fig. 33). From the
synaptic perspective, asingle device could, in principle, replace static
random access memory (avolatile memory cell comprising at least six
transistors; Fig.1b) in binarized weight neural networks, orembedded
Flash in multilevel synaptic arrays, with the immediate advantage of
asignificant area and cost reduction per bit. Moreover, the synaptic
behaviours presented here could potentially be enhanced in MOSFETs



using metal-oxide high-k dielectrics (HfO,), as these materials allow
charge-trapping and charge-de-trapping to amuch higher degree than
SiO, (as used in this study)*®. Additionally, the long state retention that
we observed in floating-bulk transistors could be sufficient forimple-
menting compute-in-memory approaches withaweightrefresh, such
asapproaches using dynamic random access memory**¥, but with the
advantage of clear long-term synaptic retention through read pro-
cesses (Fig. 5¢), thus providing asubstantialimprovementinlatency. In
dynamicrandom access memory, the termlatencyis related to the time
fromwhen access is requested to when the access becomes possible.

Another important advantage (compared to emerging devices) is
that, through well-known device modelling techniques (either physi-
cal or compact models), our MOSFET-based neurons and synapses can
beimmediately introduced into standard CMOS design processes. In
contrast to the vastly explored design and implementation methods for
ANNswithlong-term synaptic devices'®"¥, the system design process
for neural networks based on short-term neuro-synaptic characteristics
still lacks mature, well-correlated computation models and network
algorithms®. Inthis direction, we have been able to perfectly model the
control of the avalanche regime using an open-source SPICE simulator
and basic MOSFET and bipolar transistor models. Our results show
excellent agreement with the experimental static and dynamic char-
acteristics (Supplementary Fig. 34). This approach may rapidly enable
complex system designs and simulations.

In the history of microelectronics, neural and synaptic behaviours
based ondifferent physical phenomenahave been observed in different
types of devices and circuits (Supplementary Note 7 and Supplemen-
tary Table2).Inall cases, the time between the first demonstration of a
neuron or synapse and the first ANN demonstration (hardwareimple-
mentation, not simulation) was at least 7 years. For some device tech-
nologies (such as ferroelectric FETs), this has still not been achieved.
Thereasonis that moving from asingle device toan ANN still requires
immense engineering work, including the development of a very
large amount of custom-designed peripheral circuits and interfaces
with external circuitry for testing and several iterations of circuit-,
block-and system-level design, fabrication and test before a functional
prototype can be achieved, in addition to the technology integration
challenges that different devices may present. However, the adoption
of unconventionally biased MOSFETs for mimicking neuro-synaptic
responses could be a fundamental breakthrough towards accelerat-
ing the next generation of neuromorphic computers without incur-
ring major technological changes. MOSFETs keep surprising us and
now—after this study—they seem to be the perfect building block for
implementing ANNs.
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Methods

Devices under test

The devices were standard polysilicon/SiON gate-stack bulk-silicon
MOSFETs with ann-channellength of 180 nm (thin oxide, approximately
3.5nm) or 500 nm (thick oxide, approximately 10 nm) fromastandard,
commercial CMOS technology. All devices had an n-p junction con-
nected to the gate to avoid damage due to the antenna effect during
device fabrication, a typical design requirement when large probing
pads are directly connected to a thin oxide.

Basic device characterization

Forthe current versus voltage (/- V) curves, we characterized the current
flowing through the drain and the source terminals (/) when the voltage
between them (V) was ramped and the gate electrode was subjected
to a constant voltage (V) while keeping the bulk terminal grounded
(asin most applications) or floating. The electrical characterization
was performed with a probe station (EPS150, FormFactor) connected
to a semiconductor parameter analyser (Keysight BISOOA). All the
I-V curves under d.c. voltages (Fig. 2 and Supplementary Figs. 2-7)
were collected using ramped voltage sweeps at limited auto ranging.
For constant sweep rate measurements at rates below 100 V's™ (Sup-
plementary Figs. 8,19 and 14), limited auto ranging was configured
starting at a range of 100 nA to ensure a constant delay time between
measurements (verified by storing timestamps for every measure-
ment), and the step size wasincreased (for highsweep rates) or the delay
time was extended (for very low sweep rates) toincrease the sweeprate
parametrically. In all cases, three source measurement units (SMUs)
were used for the drain, source and gate of the floating-bulk device and
another SMU was used to bias the gate of the substrate current control
transistor (V). The source for this transistor was grounded through
the ground unit of the semiconductor parameter analyser. The drain
was connected to the bulk tap connection of the floating-bulk device.
Retention and pulsed-read retention measurements (Supplementary
Figs. 25,26 and 28) were carried outin Keysight’s EasyEXPERT environ-
mentusing acustom arrangement of -V, I-Vpulse and /- Vlist sweeps.
Inthe floating-bulk and non-floating-bulk retention tests (Supplemen-
tary Fig.26), which addressed the permanent nature of the device state,
the substrate tap contact was opened using the built-in SMU switch for
the floating-bulk writing procedures and then grounded through the
SMU during the retention period.

Physical simulations

Physical simulations of the floating-bulk transistors were carried out
with commercial TCAD software (Sentaurus TCAD, Synopsys). The
two-dimensional device structure was built using a structure descrip-
tive approach and based on commonly known parameters of the tech-
nology node at which the devices under test were fabricated. Next, the
device structure was optimized by simulating the nominal (grounded
bulk) quasi-stationary I~V characteristics and calibrated against
experimental data. Once good agreement was reached, transient /,~V;
simulations includingimpact-ionization physics wererunto calibrate
the impact-ionization model parameters to the nominal substrate
currents in the device. With this calibration fixed, we ran transient
simulations of I,-V;, at different V,, sweep rates within a mixed-mode
environment that connected the bulk biasing network to the substrate
contact of the two-dimensional device structure. The bulk biasing net-
work had a constant value resistance (R,,,) or an n-channel transistor
modelled in SPICE BSIM and biased by an independent gate voltage
source. In all cases, a bulk connected capacitance (C,,,) was included
to account for experimental and device connection parasitics. The
complete Sentaurus Workbench project, including the command and
parameter files, is available through a public repository at https://doi.
org/10.5281/zenodo0.13843362 (ref. 49). For more details of the models
used and the project structure, see Supplementary Note 8.

Punch-throughimpactionization

In the devices under test (Fig. 2), when V;> 0.5V, avalanching was
observed as a slight current increase, like that observed in partially
depleted silicon-on-insulator MOSFETs™. This effect is often referred
to as the kink effect”. By contrast, when V,was between 0.3and 0.5V,
this phenomenon was manifest as a gate-voltage-dependent hyster-
esis® as wide as 0.5 V, which could be precisely controlled through V
(Supplementary Fig. 2). Measurements of the grounded-bulk terminal
currentshow that theimpact-ionization hole currents were as large as
about 10 pA under nominal voltages for 180- and 500-nm devices (Sup-
plementaryFigs.4 and 10, respectively). Inthe floating-bulk configura-
tion, although electrons were collected by the drain, the excess holes
tended to forward bias the source junction (Supplementary Note 3)
and introduce a positive feedback during the impact-ionization pro-
cess, driving the device into anavalanche regime in which the current
(I, >1pA) was limited only by the spreading resistance of the bulk,
with aslight dependence on V; (through modulation of the depletion
region). This universal phenomenonis ascribed to the structure of the
MOSFET device, as the same behaviour was observed in floating-bulk
thick-oxide MOSFETs (500 nm channel length and approximately 10 nm
oxide thickness). In these devices, the hysteresis reached widths of
0.8 Vat V;=0 Vandwashighly reproducible over several devices with
avery low variability (Supplementary Fig.3) and awide dynamic range
of over 4 orders of magnitude in current, comparable to other threshold
devices proposed in the literature as neurons?*>%, Like the results in
Fig.2g for180-nmdevices, this was also a highly repeatable regime for
500-nm transistors, as shown for the more than 70,000 cycles under
fast ramped tests at rates of 5,500 V s™, which measured the device
current with high temporal resolution (1 ps) at a peak V, =4.25V. The
result shows aresistance window over x10 (limited only by the dynamic
range of the measurement unit at a fixed amplifier gain) with very low
cycle-to-cycle variability (Supplementary Fig. 8).

Bulk bias control transistor (two-transistor cell)

The effective resistance of a bulk connection to any CMOS device is
always determined by device design and processing (such as doping
profiles, diessize, back-wafer contact surface and top-wafer bulk contact
design). Therefore, die-to-die variations can occur during characteri-
zation after dicing. Identical 180-nm transistors from different dice
canshow different hysteretic characteristics depending on variations
of the effective resistance of the back-wafer connection. For 30 dice
extracted from a multi-project wafer, this was found to depend on
wafer position (Supplementary Fig. 5). A bulk control transistor can
effectively mask these variations and fix the operating conditions of the
floating-bulk device (see detailed characterization of the effective Ry,
resistance as afunction of V5, in Supplementary Fig. 6). This ensures the
desired neural behaviour, despite die-to-die (or even wafer-to-wafer)
variability, as can be seen from the I,-V;, curves carried out on the same
30dice butwiththe control device biased at V/;, =1.3 Vinall cases (Sup-
plementary Fig. 7).

Time-domain measurements

Allthe time-resolved /-V curves under pulse or fast ramp modes (sweep
ratesover10 Vs™) were collected using a two-channel waveform genera-
tor and fast measurement unit (Keysight B1530 WGFMU) connected to
thedrainand source. Two SMUs established a constant bias gate volt-
agetothe device under test (V;;) and to the substrate current control-
ling device (V) throughout the whole process. These measurements
(Figs. 3,4 and 5d and Supplementary Figs. 15-24) were carried out in
a custom environment programmed in MATLAB and C++ running on
apersonal computer with a GPIB/USB connection to the B1I500 main-
frame. The environment allowed to rapidly optimize the pulse and ramp
parameters (amplitude and timing). We could perform several itera-
tions of long acquisitions, which maximized the use of the instrument
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memory, for endurance and cycling tests lasting several hours without
user interaction.

Neuro-synaptic tuning experiments

To extract the firing time and energy, we applied V;,=1.6 V and, by
controlling the transistor gate voltage (V;) between 0.35and 0.45V
(Supplementary Fig.19a-c), we tuned the neuron firing times between
10 psand2 msfor V, ;. between 3.5Vand 4.5 V (Fig. 3¢, left axis). Chang-
ing the bulk biasing conditions through V;, had a trivial effect on the
firing time within this regime, as shown by the negligible difference
between measurements performed at Vg, =10r1.6 V (Supplementary
Fig.19d). This behaviour was also controlled using oxide transistors
that were 500 nminlength and thickness (Supplementary Fig. 20), for
which equivalent dynamics was observed but at lower currents (down
to 10 nA) and slightly higher voltages (up to 5 V). This is of interest for
the device-level optimization of the neural behaviour through design
variables, such as transistor size, oxide or threshold voltage, which is
typically offered in standard CMOS processes.

Tocharacterize the leaky feature (Fig. 3b and Supplementary Fig. 21),
weapplied asingle voltage pulse of 4.5 Vfor1 mstofiretheneuron. The
relaxation transient was extracted ata constant read voltage of 1V. This
time, by using different 1/, values (from 0 to 1.8 V) at constant V,, we
showed that the relaxation transient canbe tuned from approximately
50 pstotens of milliseconds. Along-term change of the resistance from
aHRStoaLRSwasvisible (Supplementary Fig.21d). The characteristic
relaxation time (z,) was extracted through an exponential decay fit,
and the synaptic update ratio was evaluated after a 30-ms window
(Ryrs/Lirs, @s depicted in Supplementary Fig. 21d).

Tomimicbiological processes, neuron devices need toshow achar-
acteristic responsiveness to frequencies that are typically in the range
20 Hzt020 kHz (for example, for frequency mapping of audio signals).
To assess this, we used a train of spikes of fixed duration (¢, = 5 1s)
and differentamplitudes (V. between 3.6 and 4.5 V) and frequencies
(between 20 Hzand 200 kHz) atafixed V;=0.4 Vand V;,=0.80r1.3V,
thus covering different relaxation dynamics. Under these conditions,
we extracted the time elapsed until the neuron fired at each giveninput
(Supplementary Fig. 22) and parametrically mapped itin Fig.3d. The
response can be tailored according to the system needs and to the
process being mimicked. For tonotopic mapping?®, different devices
canbebiased to provide aspecific firing time at different frequencies
to provide a full range of audio signal responses that spans from the
lowest audible frequencies to signals well into the ultrasound range,
such as for the efficient implementation of a smart hearing system.
The wide configurability of the neuron can find applicationin various
general-purpose neuromorphic implementations.

Charge-trapping mechanisms in long-term synaptic behaviour

For a detailed discussion, refer to Supplementary Note 4 and figures
therein. Fromthe theoretical aspect, itis probable that the injection of
hotelectrons during the reset (negative drain bias) in the floating-bulk
condition contributes to the increase of the threshold voltage. Moreo-
ver, de-trapping some of thisinjected charge or hot-hole injection may
be the mechanismthrough which the threshold voltage isreduced back
toitsinitial value. In the reset process (the increase of the threshold
voltage or, in other words, the increase of the resistance under a con-
stant bias), a negative bias is applied to the drain in the floating-bulk
condition. Note that if the transistor bulk was indeed grounded, the
currentwould be determined by the forward bias drain-bulk junction
and would rise rapidly, as it would be limited only by the semiconductor
spreading resistance and the interconnect resistance (see measure-
ments and TCAD simulation results for these conditions in Supple-
mentary Fig.27a). However, with the floating bulk, the decreasing drain
voltage tends to forward bias the drain-bulk junction, lowering the
electrostatic potential of the silicon bulk and inducing an inversion
channel under the gate (recall that V; was held at constant voltage).

Asthesourcewasheldat OV, itwasbiased above the electrostatic poten-
tial of the bulk and large currents were driven in the device channel.
When the drain voltage was sufficiently negative, there were energetic
electronsinthe vicinity of the source terminal (see impact-ionization
rates fromthe TCAD calculationsin Supplementary Fig.27b), and these
were probably injected into the gate oxide. Thiswould, logically, result
inanincrease of V,;, and therefore areductionin the current drive capa-
bility. This would tend to shift V;, to a higher voltage, therefore lowering
thedrive current capability of the transistor, which translates to a high
resistivity state under read conditions.

During the set process, some de-trapping of the charge generated
duringthereset sweep would be expected, but the effect of hot electrons
is typically non-reversible** (at least without annealing conditions).
Therefore, it is probable that the injection of holes through the gate
dielectric onthe drainside may also take place under impact-ionization
conditions. This well-known process has been observed in standard
silicontransistors since 1981, This phenomenon takes place at high
drainvoltages, where band-to-band tunnellingis likely in the drain-bulk
junction and highly energetic holes and electrons are present under
impact-ionization conditions. As excess holes are not collected by the
bulk current in the floating-bulk condition and the density of holes
tends toincrease at the oxide interface close to the drain (as discussed
previously in Supplementary Fig. 12 and Supplementary Note 3), the
conditions aresuitable for hole injection. As with electrons, hot holes
canbeinjected throughthe gate dielectricif they have enough energy to
overcome the energy barrier. As aresult, this effect has been observed
to be responsible for the read disturb instability in EEPROM®®* and
isemployed as an erase mechanism in some commercial embedded
Flash memories®, asinjected trapped holes resultinadecrease of the
threshold voltage. Insuch cases, the hot holes thatareinjected can be
effectively concealed within the floating-gate structure, butinstandard
MOSFET structures, fewer holes canbecome trapped in defect centres
of the gate oxide or spacer oxide of the MOSFET structure.

Short-term plasticity experiments

InFig.4a, we applied pulse trains with aconstantamplitude ingroups
of 15 potentiation pulses (V,,.=4.1V and ¢,,.= 5 ps) followed by 20
depression pulses (Vy, = -0.25V and ¢4, =1ps). This set of potentia-
tion and depression pulses was intercalated by aread pulse (V,.,q=0.3V
and ¢,.,q = 5 ps) that measured the resistance of the device. For Fig. 4b,
we tuned the amplitudes (V,,,=4.0V, V4, =-0.4 Vand V,.,4=0.3V)
and applied this protocol continuously for approximately 200,000
cycles (approximately 7 million pulses; Supplementary Fig. 23). We
extracted statistics for the obtained synaptic weight after each pulse
(Supplementary Fig.23a). In Fig. 4d, the potentiation process consisted
of 21 potentiation pulses at alower potentiation voltage (V,,,=2.8V
and V,,q=0.75V) followed by a single depression pulse (V,., =-0.7 V;
Supplementary Fig. 24). This process allowed us to rapidly reset the
neuro-synaptic characteristic of the device to a quiescent initial state.
We observed that the depression pulse effectively reset the synapse to
its initial weight, which was tunable over a window of approximately
x10, following aroughly bilinear characteristic (Fig.4d). The observed
cycle-to-cycle variability was ascribed to drift in the time-domain
measurement and some degree of probe-to-pad contact stability in
pulsed experiments spanning several hours (760,000 cycles or 16.7
million pulses; Supplementary Fig. 24). In Fig. 4e, the potentiation
sequence (learning) was the same as for Fig. 4d, whereas the synaptic
decay through time (forgetting) was performed under aslightly lower
constant read voltage (V,.,q = 0.7 V).

Neuron bursting, spike frequency adaptation measurements

Bursting-mode neuron measurements (Supplementary Figs. 29-31)
were carried in the same probe station set-up by forcing a current
through the SMU connected to the drain of the floating-bulk device.
This terminal was splitand fed to the input of a high-input-impedance



low-noise voltage follower (TLC2262). Its output drove a channel
of a digital sampling oscilloscope (MSO-X 3024G, Keysight). The
oscilloscope-semiconductor parameter analyser tandem was syn-
chronized using a MATLAB script and the whole parametric space of
Vou Voo and leiearory Was swept. The action potential bursts were captured
ineach condition (Supplementary Fig. 31a). Further details and results
aregiveninSupplementary Note 6.
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