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Abstract—To endow large scale VLSI networks of spiking
neurons with learning abilities it is important to develop compact
and low power circuits that implement synaptic plasticity mechanisms. In this paper we present an analog/digital Spike-Timing
Dependent Plasticity (STDP) circuit that changes its internal state
in a continuous analog way on short biologically plausible time
scales and drives its weight to one of two possible bi-stable
states on long time scales. We highlight the differences and
improvements over previously proposed circuits and demonstrate
the performance of the new circuit using data measured from a
chip fabricated using a standard 180 nm CMOS process. Finally
we discuss the use of stochastic learning methods that can best
exploit the properties of this circuit for implementing robust
machine-learning algorithms.

I. I NTRODUCTION
In recent years, there has been a proliferation of custom
VLSI implementations of computing architectures based on
spiking neural networks [1]–[6]. These architectures compute
in a distributed fashion that is massively parallel and fault tolerant and they can potentially have very low power consumption. Therefore, they are being explored as possible alternative
solutions to conventional digital computing approaches. The
“programming model” for these networks, however, is radically different from the conventional von Neumann sequence
of instructions model. The knowledge, or the program, in a
neural network is encoded in the network architecture, and
in the weights of the connections between the neurons. New
theories and methods are being developed for understanding
how to synthesize pre-specified computing algorithms on these
hardware systems through defining appropriate network architectures and connectivity patterns [7], [8]. However, to endow
these architectures with adaptation and learning mechanisms
that change their synaptic weights on-line (e.g., to realize the
intended functionality autonomously) it is necessary to develop
appropriate compact and low-power plasticity circuits that
are compatible with the VLSI architectures being developed.
Furthermore, to allow these hardware neuromorphic systems
to interact with the user and the environment (e.g., in the
field of robotics or neuroprosthetics), it is important that these
circuits can exhibit dynamics with biologically plausible time
constants.
In this paper, we describe a hybrid analog/digital weightupdate circuit that can be biased to operate with such time
constants. The circuit can be used in a wide variety of spike-
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based learning protocols and is optimized for minimum size
and power-consumption. As the circuit updates its internal
state variable when it is stimulated by input digital pulses, it is
ideally suited to implement Spike-Timing Dependent Plasticity
(STDP) learning algorithms. The synapse circuit updates its
state in an analog way, continuously over time, but it settles
to one of two possible states on long-time scales. This enables
the design of an extremely compact and low-power circuit that
is robust to noise in both the circuit and the input signals.
We describe the circuit in the next section. In Section III we
demonstrate its properties with experimental results measured
from a recent 180 nm CMOS design. In Section IV we present
our conclusions and discuss the advantages of binary synapses
and show how they can be used for learning uncorrelated patterns and for implementing classical neural network learning
algorithms.
II. T HE LEARNING SYNAPSE CIRCUIT
The learning synapse circuit was integrated in a multineuron prototype chip, fabricated using a standard 180 nm
CMOS process, comprising analog (adaptive exponential)
integrate-and-fire neuron circuits, linear and non-linear
synapse dynamics circuits, and digital asynchronous spikebased communication and processing circuits.
Figure 1 shows the schematic diagram of the learning
circuit. On the arrival of an input pulse spike_pre, representing
a pre-synaptic spike, the circuit produces an output synaptic
current I_syn that can be summed to the output currents of all
other synapses, possibly fed through a linear integrator circuit
that models synaptic dynamics, and conveyed to the postsynaptic integrate and fire neuron circuit. Multiple instances
of these circuits can in turn be embedded in a network of
spiking neurons for carrying out neural processing tasks. The
amplitude of each pre-synaptic current I_syn depends on the
corresponding circuit’s synaptic weight. In the circuit of Fig. 1,
the synaptic weight is encoded by the voltage Vc: if, during
a spike, Vc<wthr! then the output current I_syn is zero (the
synapse is in a Long-Term Depressed –LTD– state); conversely
if Vc>wthr!, then the output current I_syn is equal to the
Operational Transconductance Amplifier (OTA) bias current
(the synapse is in its Long-Term Potentiated –LTP– state).
During (and only during) the spike, the OTA bias current
is set by the wscale! analog bias. In the absence of spikes,
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Fig. 1: The low-power analog/digital synapse circuit. Presynaptic input spikes (spk_pre) trigger the weight update that
can be positive or negative depending on the digital up and
dn signals. Red text indicates port names. Net Names ending
in “!” indicate externally supplied biases.

the OTA is biased by a typically much smaller current, set
by the drift! bias voltage, which slowly drives the Vc voltage
towards the Vdd power rail if Vc>wthr! and towards Gnd if
Vc<wthr!. The drift towards one of the two stable states can be
extremely slow, and the power consumption can consequently
be very small, because the OTA is configured in a positivefeedback configuration and it can operate correctly even with
extremely small biases (e.g., using only leakage currents). The
analog drift_up! and drift_dn! signals can be used to control
the slopes of the up and down drifts independently. Learning
takes place by updating the voltage Vc with each pre-synaptic
spike: during a spike, the charge on the Vc capacitor can
be either increased, decreased, or left unchanged, depending
on the values of the control signals up and dn. The analog
biases up_jump! and dn_jump! determine the amount of charge
being dumped or sourced from the capacitor (and therefore
the amplitude of the Vc change).
The up and dn control signals can be shared among all
synapses afferent to a neuron. Therefore only one circuit
producing these signals needs to be instantiated (e.g., next
to the neuron circuit). These signals can be generated based
on post-synaptic spikes or based on the membrane potential of
the postsynaptic neuron. We show in section III that generating
the up and dn signals based only on the membrane potential is
enough to reproduce the classical STDP learning algorithm [9].
However, more elaborate and powerful models can be implemented by using circuits that take into account additional
postsynaptic variables [10]. For example, in the prototype chip
that includes the synapse described, the circuits producing
the up and dn signals are based on a spike-based learning
algorithm originally described in [11], and successfully applied
to pattern classification in neuromorphic hardware [2], [12].
A. Comparison to prior work
There are two circuits that have been presented in the
past, which are closely related to the learning circuit we
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Fig. 2: Spike-timing dependent transition tendency as a function of ∆t between pre- and postsynaptic spikes.

propose. The synaptic circuit described in [13] has the same
functionality of the synapse of Fig. 1: it generates either a high
or low current, with every pre-synaptic spike, depending on
the state of the internal synaptic weight variable, and drives
the internal variable to a high or low state on longer-time
scales. However this circuit uses two distinct OTAs (one for the
comparison, and one for the drift). In addition to being larger,
the OTA performing the comparison between the internal
variable and a threshold is constantly active and dissipates
power continuously (as opposed to the circuit of Fig. 1 which
activates this feature only during spikes, when it is needed).
The other related learning circuit is the one that was originally described in [14]. In this prior implementation the output
synaptic current was not a threshold function of the internal
variable Vc, but was directly proportional to the exponential
of Vc (by means of a sub-threshold nFET). This was a more
compact and low-power circuit, but with an extremely high
sensitivity to weight fluctuations. We carried out experiments
to highlight the differences between the two approaches
(shown in Section III), and point out the advantages of the
new solution.
III. E XPERIMENTAL RESULTS
To show how the learning circuit of Fig. 1 is compatible
with STDP learning rules, we generated a Poisson distributed
teacher spike train with a mean firing rate of 200 Hz sent via a
fixed synapse. This teacher spike train causes the post-synaptic
neuron to fire stochastically with a mean rate of 15 Hz. At
the same time, we stimulated the learning synapse with a
spike (pre-synaptic) shifted in time with respect to the postsynaptic spike and we observed the behavior of the circuit
for different ∆t = tpre − tpost spike times. Following the
voltage-dependent weight update rule described in [11], our
circuit exhibited higher probabilities of weight increase (Vc
receiving the current generated through up_jump!) when presynaptic spikes preceded post-synaptic spikes. Similarly, the
probability of weight decrease was larger for cases when postsynaptic spikes preceded pre-synaptic spikes. To quantify these
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Fig. 3: Slow drift of the synaptic weight. The biases were
changed at 0.4s and at 2.7s to trigger down and up drifts
respectively.

effects, we computed the “tendency” function T , as defined
in [11]:


pup
1
T =
−
· max(pup , pdn )
(1)
pdn + pup
2
where pup and pdn are the probabilities of up and down weight
changes for a given timing difference ∆t. The plot of this
tendency T as a function of ∆t is shown in Fig. 2. The
figure shows that the learning circuits can reproduce the STDP
behavior.
In the next experiment, we measure the circuit’s ability
to realize slow temporal dynamics. This feature allows the
network to process spike trains with low mean rates and
biologically plausible temporal dynamics. Figure 3 illustrates
the slow dynamics of the synaptic weight when it is drifting in
the absence of presynaptic spikes. The drift! and the drift_up!
bias voltages of Fig. 1 were both set to 1.8V, drift_dn! was
set to 0.02V. wthr! was switched from 0V to 1.8V at 0.4s and
back to 0V at 2.7s. Using such slow drift rate, weight updates
can be sensitive to temporal correlations at the 1s scale in the
presynaptic spike train.
In the experiment of Fig. 4, we compare the effect of
learning in the synapse proposed in this work with the synapse
previously proposed in [14]. Measurements were carried out
on two separate chips that implement the two versions of
the circuit. A neuron in each chip was stimulated via the
plastic synapse. We set the synaptic weights to their high
states in both circuits, set the biases in a way to induce
down jumps in the Vc nodes, and stimulated the synapses
with regular 200 Hz pre-synaptic spike trains. The stimulation
starts at t = 0.05 s. The top plot shows the measurements from
the prior implementation: even a very small reduction in the
internal synaptic weight variable drastically alters the current
injected into the neuron. As soon as the weight drops slightly,
the synaptic output current becomes so small that it is not
able to drive the neuron anymore. In contrast to this behavior,
the bottom plot shows that changes in the internal variable Vc
(labeled as W in the figure legend) have an effect only if they
make it cross the threshold bias wthr! of Fig. 1 (labeled as Wthr
in Fig. 4). Therefore this synapse is robust to small fluctuations
in its synaptic weight internal variable (e.g., induced by noisy
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Fig. 4: Effect of fluctuations in the synaptic weight on the
response of the postsynaptic neuron. The top plot shows
measurements from the prior learning circuit implementation.
The bottom plot shows measurements from the current implementation. Synaptic weights are actively driven to a low state.
When the weights W are above the threshold Wthr , the down
jumps act against a slow drift towards the high state. As soon
as the weights cross Wthr , the drift acts in the same direction
of the down jumps.

input spikes), and consolidates the changes that it is required
to learn only if there are enough consistent signals that drive
it to make a transition (note the drift component in the W
traces of Fig. 4). We investigated the effect of the presynaptic
weight on the neuron firing rate. The firing rate of a neuron
driven by a regular spike train through the plastic synapse
only changes when the synaptic weight crosses the bi-stability
threshold wthr!.
IV. D ISCUSSION AND C ONCLUSIONS
In this work, we presented novel circuits for implementing bi-stable synapses, characterized their properties with
experimental measurements, and showed the improvements
made over previous implementations. The synapse proposed
is extremely compact and low power, at the cost of having
only two stable states as possible synaptic weights. The
choice of implementing binary synapses with analog circuits
may seem strange. However, it has been demonstrated that,
despite the limited resolution, binary synapses are sufficient
to learn random uncorrelated patterns of spike-trains, as in
the perceptron case: perceptrons that use binary, stochastic
synapses have been shown to work in software and hardware
tasks in the past [2], [11], [13], [15], [16], and represent a
good compromise between implementation complexity and
functionality. In order to allow the realization of online linear
classifiers with these synapses, it is important to use stochastic
learning paradigms [15] and realize circuits where the synaptic
efficacy is affected by the neuron only when the synaptic
state crosses the bi-stability threshold [13]. The bi-stability
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threshold bias (wthr! of Fig. 1) can further be used to change
the balance between potentiation or depression without affecting the dynamics of the post-synaptic neuron, for example to
realize reward-modulated learning or to compensate for circuit
inhomogeneities due to mismatch.
The variability embedded in input (or natural) spike-trains
can be effectively used as a source of stochasticity for implementing stochastic learning without requiring additional
sources of noise or random number generators. Variability or
noise in the input will not degrade performance: only when
a sufficient number of spikes consistently impose potentiation
or depression on a synapse, its internal state will counteract
the drift current and undergo an LTP or LTD transition
respectively (e.g., see LTD transition in Fig. 4).
Networks of silicon neurons that have these types of
synapses and that use stochastic learning can be used effectively as an ensemble of linear classifiers trained with
supervised learning to solve non-linear classification tasks. In
this way, synapses corresponding to the same inputs connected
to different post-synaptic neurons will undergo independent
stochastic processes. Hence, even though the neurons in the
ensemble of classifiers are trained with the same data, the
resulting classifiers will have slightly different responses. By
aggregating the responses of these neurons, a single, optimal,
classifier can be realized in a single-layer neural network
using the bi-stable synapses and the circuits we proposed [15].
This strategy is analogous to bootstrap aggregation methods in
machine learning where multiple classifiers are independently
trained and their responses combined [17]. Furthermore, by
allowing only a subset of synapses to make synaptic transitions
upon the presentation of the patterns to be learned, the system
“samples” from a distribution of independent classifiers, with
the result that the learned perceptron with bi-stable synapses
will have better performance than a deterministic one [18].
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