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Abstract— This paper presents, to the best of the authors’
knowledge, the first complete integration of a Spiking Neural
Network combining analog neurons and SiOx-based resistive
memory (RRAM) synapses. The implemented topology is a
perceptron, and the circuit is aimed at performing MNIST digits
classification. An existing framework was adapted for off-line
learning and weight quantization, and the network was later
converted into its spiking equivalent. The test chip, fabricated in
130 nm CMOS, shows a classification accuracy of 82%, with a
180 pJ energy dissipation per spike.
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I. INTRODUCTION
In recent years, Artificial Neural Networks (ANNs)
ensured consistent improvements in the field of Artificial
Intelligence (AI), allowing to reach unprecedent accuracy in
machine learning tasks such as speech recognition and image
classification. The high degree of precision of such networks
came at the cost of enormous energy consumption, which is
mainly related to data movement between the computing cores
and the memory modules. This caused a strong push in the
development of circuit architectures where data movement is
reduced to a minimum, by physically integrating dense, lowpower and non-volatile memories close to the computing
elements. Filamentary resistive memories (RRAMs) represent
a great candidate for this kind of application.
Although ANN implementations using classical formal
coding and RRAM devices have recently made significant
progress [1, 2], new solutions more inspired by the human
brain have attracted a lot of attention, thanks to the
possibilities they offer in terms of highly reduced power
consumption. Spiking Neural Networks (SNNs, sometimes
referred to as the 3rd generation neural networks) and
Neuromorphic Computing represent a promising approach for
the implementation of highly-efficient systems [3].
Differently from classical ANNs, inside a SNN neurons
communicate sending spikes to each other and the memory
elements (synapses) are close to the computing elements
(neurons), thus requiring a shift of architectural paradigm with
respect to the common von Neumann machine. This work
presents the first complete integration of a fully-connected
SNN where the synaptic weights are implemented with SiOxbased resistive memories.
II. DEVICE TECHNOLOGY
Silicon oxide has proved to be particularly interesting as a
dielectric material for resistive memory technology given its
good resistive switching properties, as well as the advantages
it ensures in terms of manufacturability [4, 5]. Fig. 1.a shows
a SEM cross-section of the SiOx-based memory cell integrated
on top of a 130 nm CMOS technology. The device stack,
shown in the inset of Fig. 1.a, Is composed of a TiN bottomelectrode (BE), an SiOx active layer (AL) and a Ti top-
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Figure 1. (a) SEM cross-section of the RRAM cell integrated on top
of the 130 nm CMOS; (b) Low resistance state and pristine
resistance distributions of a SiOx-based array.

electrode (TE). The Ti TE is used as an oxygen-scavenging
layer. The single resistive memory cell is of 1 transistor-1
resistor (1T1R) type, i.e. the selection element in the array is
a transistor. In order to be able to properly write and erase the
device, an electroforming procedure is generally needed,
where a conductive filament is first created between the top
and bottom metallic electrodes. Fig. 1.b shows the
distributions of resistances in a SiOx memory array before and
after the forming procedure. In this work, the pristine
resistance was used as high-resistive state (HRS) for the cells
inside the neural network.
III. NETWORK TRAINING
SNNs are notoriously harder to train using supervised
methods compared to their non-spiking counterparts.
Although unsupervised biological learning methods exist,
such as Spike Timing Dependent Plasticity (STDP), those
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Figure 2. (a) Schematic workflow of the training and conversion phase
in the N2D2 framework; (b) Synaptic weights obtained during training
for the 10 digits.

typically provide worse performance compared to supervised
training models. In our work, the learning task is executed
off-line in the classical domain, using the common
backpropagation algorithm based on gradient descent. The
obtained network is later converted into a quantized, spikebased network (Fig. 2.a). For both learning and conversion,
we used N2D2 [6], which is a public deep learning
framework integrating transcoding of spiking DNNs,
simulation and dedicated hardware code generation. The ratebased transcoding principle that we use was first partially
formalized for Leaky-Integrate & Fire (LIF) neurons in [7].
Here we improve and extend it for simple Integrate & Fire
(IF) neurons.
The basic operation in classical coding is the Multiplyand-Accumulate (MAC) between the input xi and the synaptic
weight wij:
yi = h (∑ xi wij )
i

Omitting the non-linear function in the previous equation,
we can convert it in a rate-based one using an IF neuron
model with a threshold xth:
∑𝑖 𝑛𝑖 𝑤𝑖𝑗 1
nj
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Where ni and nj are the number of spikes at input xi and
output yj respectively, over an accumulation period of Tacc. In
this equation, spikes can carry a sign, and therefore ni and nj
can be either positive or negative. In this case, the neuron has

Figure 3. (a) Schematic representation of the conversion scheme of each
pixel of the input image into its spiking counterpart: (b) Schematic
representation of the circuit architecture; (c) Chip micrograph.

both a positive threshold (xth+>0) and a negative one (xth-<0).
When one of the two thresholds is reached, we assume the
integration is reset to its value minus xth sign(nj) and not to 0.
The chosen activation function is the hyperbolic tangent
(tanh) function, which, for inference only, can be
approximated with a simple saturation function hsat:
−1
𝑥 < −1
ℎ𝑠𝑎𝑡 (𝑥) = { 𝑥 − 1 ≤ 𝑥 ≤ 1
1
𝑥>1

In this case, in order to ensure mathematical equivalence
with the tanh function, the IF neuron model can be written as:
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Where TR is the refractory period of the neuron. Finally,
given that in spike coding there is a temporal dimension, it is
necessary to define when the neural network has received
enough information to make a decision. For this, the ΔS
termination parameter was introduced, which is the
difference between the most spiking output neuron and the
second most spiking one and determines when the
recognition task is terminated. The synaptic weights obtained
during the training phase are shown in Fig. 2.b for each digit,
where the green pixels represent the potentiating synapses,
while the red ones represent the inhibitory synapses.
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Figure 4: (a) Schematic representation of the synaptic array; (b)
Schematic representation of the analog neuron; (c) Possible values of the
voltage on the MOM capacitor.

IV. CIRCUIT ARCHITECTURE
The topology of the neural network is fully-connected,
with a single-layer of analog output neurons. Since the goal is
to perform classification of the 10 digits of the MNIST dataset,
10 analog neurons were integrated. When performing the
recognition task, the image corresponding to the digit must be
converted into a spike-based input (Fig. 3.a): to this purpose,
each pixel is encoded as a value in a 256-levels greyscale, and
the greyscale value is then converted into a corresponding
input-spike frequency. The complete architecture of the circuit
is shown in Fig. 3.b. The addresses of the spiking pixels are
communicated through an SPI interface in the form of an
Address Event Representation (AER) message and stored into
a FIFO. The input AER message is the (x, y) position of the
spiking pixel. The pixel addresses are decoded for reading the
corresponding Word Line (WL) of the RRAM array. The
array is organized in such a way that a single WL read feeds
the ten neurons with inputs weighted by the resistive
synapses: in other words, a single pixel events is seen by all
the neurons at the same time, thus making the network fully
connected. The currents are integrated by the output neurons,
which eventually generate spike events as outputs when a
threshold in their membrane potential is reached. Output
spikes are read through the same SPI interface. A chip
micrograph is also illustrated in Fig. 3.c.
A. Synapse Design
Synapses are implemented with Single Level Cell (SLC)
RRAM [8], i.e. only considering the low and high resistance
levels. As discussed in Sec. II, the RRAM cell has a 1T1R
structure, with an access transistor per cell (Fig. 4.a). The
representation of multiple level weights is achieved by
placing several RRAM cells in parallel. Synaptic
quantization experiments done on the learning framework
N2D2 showed that values ranging from -4 to +4 allow to
achieve a good compromise between classification accuracy

Figure 5: Accuracy and average number of incoming spikes as a
function of the termination parameter ΔS.

and number of RRAM devices. For the representation of
negative synaptic weights, the Sign bit could have been
encoded using RRAMs as well: however, since a faulttolerant triple redundancy would have been needed, it was
preferred to use 4 additional RRAMs for implementing the
negative weights. A single synapse is therefore composed of
8 RRAM cells, which represents an equivalent precision of 3
bits. Synapses are arranged in a matrix for sharing WL,
Source Line (SL) and Bit Line (BL) drivers. In the future,
multilevel RRAM operation (for example by tuning LRS
using current compliance) may be be used for analog
representation of weights, allowing for a significant
optimization of achievable synaptic density.
B. Neuron Design
The design of the Integrate and Fire (IF) analog neuron
was guided by the need for mathematical equivalence with
the tanh activation function employed in the offline network
training phase, with the following specifications:
• A stimulation with a synaptic weight equal to ±4 must
generate a spike
• Neurons must generate positive and negative spikes
• Neurons must have a refractory period, during which
they cannot emit spikes, but must continue to integrate
The structure of the analog neuron was built to closely
simulate a biological neuron, with a membrane potential and
a firing threshold. This is illustrated in Fig. 4.b: neurons are
architected around a MOM 200 fF capacitor, and two
comparators are used to compare the voltage level on the
capacitor to a positive and a negative threshold. Since
RRAMs must be read with a voltage drop limited to 100 mV
between their terminals, in order to prevent unwanted
transition of the devices to LRS the currents cannot be
directly integrated by the neurons: instead, they are copied by
current injectors. In the figure, the whole branch relative to
excitation and positive output spikes is represented in red,

there is a difference in accuracy, it should also be considered
that we can achieve an accuracy of 82% in a single-layer
network, while the results in [2] were obtained on a network
with 3 middle layers. Therefore, our technology demonstrates
great potential for the implementation of low-power AI tasks.
VI. CONCLUSIONS
This work demonstrates the first fully-integrated Spiking
Neural Network combining analog neurons and SiO x-based
RRAM synapses, aimed at demonstrating MNIST digits
recognition. The network is trained off-line with
backpropagation and then converted into a spiking network.
The 130nm test chip shows an energy consumption of 180 pJ
per spike, limited by the communication protocol.
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