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Abstract—The brain-inspired neural networks have demonstrated
great potential in big data analysis. The spiking neural network (SNN),
which encodes the real world data into spike trains, promises great
performance in computational ability and energy efﬁciency. Moreover, it
is much more biologically plausible than the traditional artiﬁcial neural
network (ANN), which keeps the input data in its original form. In this
paper, we introduce an RRAM-based energy efﬁcient implementation
of STDP-based spiking neural network cascaded with ANN classiﬁer.
The recognition accuracy and power consumption are compared between
SNN and traditional three-layer ANN. The experiments on the MNIST
database demonstrate that the proposed RRAM-based spiking neural
network requires only 14% of power consumption compared with
RRAM-based artiﬁcial neural network with a slight accuracy decay
(∼2%).
Fig. 1.

I. I NTRODUCTION
The explosion of “big data” applications promotes huge demands
for higher processing speed, lower power consumption, and better
scalability of computing systems. However, the classic “scaling
down” method approaches to the end, making it difﬁcult for traditional CMOS-based computing systems to achieve considerable
performance improvements [1]. Moreover, from the architecture level,
the traditional von Neumann architecture faces the “memory wall”
bottleneck. The speed-up of memory access time cannot catch up
with that of processor frequency [2]. New technologies, from both
the device level and the architecture level, are required to overcome
these challenges.
The spiking neural network (SNN), shown in Fig. 1 is a bioinspired model abstracted from actual neural system, which encodes
and processes information with spikes [3]. Compared with the traditional von Neumann architecture, SNN combines the computation and
memory together and breaks through the ‘memory wall’ bottleneck.
Moreover, the similarity between the spiking neural network and
the brain makes SNN a promising tool to deal with cognitive tasks,
ranging from the image classiﬁcation to the speech recognition [4],
[5].
However, the spiking neural network faces a severe problem of
hardware implementation efﬁciency. For example, IBM made the cat
cortex simulation (with ∼ 109 neurons and ∼ 1013 synapses) on
Blue Gene supercomputer cluster (with 147,456 CPUs and 144TB
memory). The power consumption reached 1.4MW, which was of
ﬁve orders of magnitude higher than the human brain (∼ 20W) [6].
There is a huge demand for the energy efﬁcient implementation of
spiking neural networks.
The emerging RRAM devices demonstrate a promising solution.
The ultra-high integration density of RRAM enables a large number
of signal connections within a small circuit size [7] [8]. More
importantly, the RRAM crossbar array can naturally realize the
matrix-vector multiplication efﬁciently, which is one of the most
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important operations in spiking neural networks [5], [9]. A lot of work
has explored the potential of computing with RRAM crossbar array.
For example, a low power on-chip neural approximate computing
system has been proposed with power efﬁciency of more than 400
GFLOPS/W [8] [10].
In this work, we implement an energy efﬁcient spiking neural
network with emerging RRAM devices. The contribution of this paper
includes:
1) We implemented a ﬁve-layer spiking neural network framework: The ﬁrst two layers are made up of spiking neurons and
the synaptic matrix learns according to spiking-time-dependentplasticity (STDP) weight updating rule; the last three layers
are made up of a three-layer artiﬁcial neural network classiﬁer.
Moreover, there is a spike decoding module between them.
2) We compared the recognition accuracy and power consumption
with that of an RRAM-based traditional artiﬁcial neural network. Experiment results show that the SNN system achieves
only ∼2% recognition accuracy decay with only ∼14% power
consumption on MNIST dataset.
The rest of this paper is organized as follows: Section II introduces
the related background knowledge and Section III proposes the
RRAM-based spiking neural network. A case study of digit recognition tasks is introduced in Section IV to evaluate the performance of
RRAM-based SNN followed by the conclusion in Section V.
II. P RELIMINARIES
A. Spike Neurons and Synapses
The neuron is the basic building block of SNN. Different mathematical models of spiking neurons have been explored with different
levels of computational efﬁciency and biological plausibility [11].
The model of Leaky Integrate and Fire (LIF) [12] is one of the most
widely used models for its computing efﬁciency. In this model, a oneorder differential function determines the state variable 𝑉 (𝑡) and a
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threshold function determines whether the neuron spikes and then
resets. And it is described as:
{
𝛽 ⋅ 𝑉 (𝑡 − 1) + 𝑉𝑖𝑛 (𝑡) when 𝑉 < 𝑉𝑡ℎ
(1)
𝑉 (𝑡) =
𝑉𝑟𝑒𝑠𝑒𝑡 and set a spike when 𝑉 ≥ 𝑉𝑡ℎ
where 𝑉 (𝑡) is the state variable and 𝛽 is the leaky parameter; 𝑉𝑡ℎ is
the threshold state which the state variable makes comparison with
and once exceeding, the state variable will reset to 𝑉𝑟𝑒𝑠𝑒𝑡 .
An analog LIF neuron implementation is shown as Fig. 2: the
integrator calculates the state of the neuron 𝑉 (𝑡) and the 𝑅𝐶 works
as the leaky path. When 𝑉 (𝑡) > 𝑉𝑡ℎ , the transistor will be conducted
and 𝑉 (𝑡) will be reset.
B. Synapse and Synaptic Weight Learning Rule: STDP
Synapses connect neurons to each other and transmit signals
between them. The weight of synapses, which determines the connecting strength of neurons, are learnable. Spike Timing Dependent
Plasticity (STDP) [13] is an unsupervised learning rule that updates
the synaptic weights as a function of the relative spiking time of preand post-synaptic neurons and the exponential window form of STDP
is shown as:
{
∣𝑡 −𝑡 ∣
𝑎+ ⋅ 𝑤𝑖𝑗 (1 − 𝑤𝑖𝑗 ) ⋅ exp(− 𝑗 𝜏 𝑖 ) if 𝑡𝑗 ≥ 𝑡𝑖
(2)
Δ𝑤 =
∣𝑡 −𝑡 ∣
𝑎− ⋅ 𝑤𝑖𝑗 (1 − 𝑤𝑖𝑗 ) ⋅ exp(− 𝑗 𝜏 𝑖 ) if 𝑡𝑗 < 𝑡𝑖
where 𝑤𝑖𝑗 is the synaptic weight between pre- and post-synapse
neuron 𝑛𝑖 , 𝑛𝑗 ; 𝑡𝑖 , 𝑡𝑗 are the spiking time of neuron 𝑛𝑖 , 𝑛𝑗 ; 𝑎 is the
maximum learning rate and 𝜏 is the time constant of the learning
window. According to Eq. (2), the synaptic weight is limited in
the interval of [0, 1]. The learning rate is decided by the time
interval of 𝑛𝑖 , 𝑛𝑗 spiking: The closer between pre- and post-synaptic
spikes, the larger the learning rate. The weight update direction is
decided by which neuron spikes ﬁrst: For the excitatory neuron, if
the post-synaptic neuron 𝑛𝑗 spikes later than 𝑛𝑖 , the synapse will be
strengthened; otherwise, it will be decayed; for the inhibitory neuron,
vice versa. When every synaptic weight no longer changes or is set
to 0/1, the learning process is ﬁnished.
C. RRAM Device Characteristics
Fig. 3(a) shows a 1D ﬁlament model of HfO𝑥 based RRAM device
[9]. The model is a sandwich structure with a resistive layer between
two metal electrodes. The conductance is exponentially dependent
on the tunneling gap (𝑑). Therefore, we will take advantage of
the variable conductance of the RRAM device by setting the value
of tunneling gap 𝑑. For the HfO𝑥 based RRAM device, the I-V
relationship can be empirically expressed as follows [9]:
𝑑
𝑉
) ⋅ sinh( )
(3)
𝑑0
𝑉0
where 𝑑 is the average tunneling gap distance. 𝐼0 (∼ 1𝑚𝐴), 𝑑0
(∼ 0.25𝑛𝑚) and 𝑉0 (∼ 0.25𝑉 ) are ﬁtting parameters through
𝐼 = 𝐼0 ⋅ exp(−

(a)

(b)

Fig. 3. (a). Physical model of the HfO𝑥 based RRAM. The resistance of the
RRAM device is determined by the tunneling gap distance 𝑑, and 𝑑 will evolve
due to the ﬁled and thermally driven oxygen ion migration. (b). Structure of
the RRAM Crossbar Array.

experiments. When 𝑉 << 𝑉0 , there exists the approximation that
sinh( 𝑉𝑉0 ) ≈ 𝑉𝑉0 . The I-V relationship is linear under this condition.
In this work, we will scale down the RRAM voltage to under 0.1V in
order to take advantage of the approximately linear I-V relationship.
III. S PIKING N ERUAL N ETWORK L EARNING S YSTEM
The system is a ﬁve-layer neural network system, with twolayer spiking based neural network and a three-layer artiﬁcial neural
network. There is a converting module between them to convert the
spiking trains into the spike count vectors. Then the spike count
vectors are sent into the following layers of the network. The system
scheme is shown in Fig. 4 and each module is introduced as follow:
A. Spike Encoding Module
Since the spike propagates information in the spiking network,
an encoding module is needed to encode the original data into
spiking trains. In this work, the temporal coding [14] is introduced
to transform the gray value of the image pixel into the pulse
delay as shown in Eq. 4, where 𝛼 is a ﬁtting parameter and the
coefﬁcient MAXGRAYVALUE is used to scale the original gray value
𝐼𝑚𝑎𝑔𝑒𝐺𝑟𝑎𝑦𝑉 𝑎𝑙𝑢𝑒 from [0, 255] to the interval of [0, 1].
𝑆𝑝𝑖𝑘𝑒𝐷𝑒𝑙𝑎𝑦 = 𝛼 ⋅ (1 −

𝐼𝑚𝑎𝑔𝑒𝐺𝑟𝑎𝑦𝑉 𝑎𝑙𝑢𝑒
)
MAXGRAYVALUE

(4)

B. Two-Layer Spike based Neural Network
For the ﬁve-layer neural network system, the ﬁrst two levels are
made up of spiking neurons. The spiking patterns of input layer
neurons are determined by the encoding; while in the feature representation layer, the neurons are all LIF neurons and they integrate
the input spikes according to the synaptic matrix weight, spike and
reset when the state voltages exceed the threshold. When training, the
synaptic weight matrix 𝑊 is being optimized according to the STDP
learning rule, which tries to make the feature representation layer
hold the information in the input layer and to make the information
represented by each neuron in the representation layer different from
each other [4].
Another thing that should be noted is the connection between the
neurons of the same layer. For the input layer, each neuron is assumed
to be independent from each other. However, for the representation
layer, the neurons are inhibitory from each other – for one training
cycle, if one LIF neuron ﬁres, then all the other LIF neurons in the
representation layers will be reset.
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SNN+ANN System Scheme

C. Three-Layer Ariﬁcial Neural Network Classiﬁer
A three-layer artiﬁcial neural network structure, working as a
classiﬁer, is cascaded after the spike based neural network module
introduced in Section III-B. In this way, a complete recognition
system is built where spike-based neural network works as the
feature representation module and ANN works as the classiﬁer.
The neurons introduced here are sigmoid neurons which make an
nonlinear mapping from input voltage value to output voltage value.
The formulation is as below:
1
(5)
𝑉𝑜𝑢𝑡 =
1 + exp (−𝑉𝑖𝑛 /𝑉0 )
D. Spike Decoding Module
Since the spike, which carries information through the delay of
the pulse, runs in the ﬁrst two layers of the neural network system
and there is a three-layer classiﬁer cascaded after that, a counter
is introduced as the decoding module to link the SNN feature
representation module and the ANN classiﬁer. The input layer in the
SNN module keeps on sending spikes into the network according to
the SpikeDelay deﬁned in Eq. 4 during the given time interval. Then
the decoding module sends the spike count vector into the ANN
module after scaling down the vector to [0, 1].
E. System Implementation on RRAM
The system is made up of neurons and inter-layer weight matrices.
The spiking neuron of the ﬁrst two layers can be implemented by
the analog LIF neuron shown in Fig. 2 and the sigmoid neuron
of the last three layers can be implemented as [15]. For any two
connected layers, the relationship between the input voltage vector
(𝑉⃗𝑖 ) and output voltage vector (𝑉⃗𝑜 ) can be expressed as a matrixvector multiplication operation, which is shown as follow [16]:
⎤ ⎡
⎤⎡
⎤
⎡
𝑐1𝑁
𝑐11 ⋅ ⋅ ⋅
𝑉𝑖,1
𝑉𝑜,1
⎥
⎢
⎥
⎢
⎢
..
.
..
. ⎥
..
(6)
⎦ = ⎣ ..
⎣
.
.
. ⎦ ⎣ .. ⎦
𝑉𝑜,𝑀
𝑐𝑀 1 ⋅ ⋅ ⋅ 𝑐𝑀 𝑁
𝑉𝑖,𝑁
Meanwhile, as shown in Fig. 3(b), the matrix-vector multiplication
operation can be implemented on the RRAM crossbar. Supposing that
𝑘 (𝑘 = 1,2,..,𝑁 ) and 𝑗 (𝑗 = 1,2,..,𝑀 ) are the index numbers of input
and output voltages, the relationship between the input and output
voltage can be shown as
∑𝑁
𝑘=1 𝑔𝑗𝑘 𝑉𝑖,𝑘
(7)
𝑉𝑜,𝑗 =
∑
𝑔𝑠 + 𝑁
𝑘=1 𝑔𝑗𝑘
where 𝑔𝑗𝑘 and 𝑔𝑠 are respectively the conductivity of the RRAM
device and the load resistor.
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For the crossbar in the artiﬁcial neural network classiﬁer module,
since the input voltage vector of one training/testing sample is
constant , the crossbar power consumption can be calculated as:
∑𝑁
𝑁 (
𝑀
)
∑
∑
𝑙=1 𝑔𝑗𝑙 𝑉𝑖,𝑙
𝑉𝑖,𝑘 ⋅
𝑔𝑗𝑘 (𝑉𝑖,𝑘 −
)
(8)
𝑃 =
∑𝑁
𝑔𝑠 + 𝑙=1 𝑔𝑗𝑙
𝑗=1
𝑘=1
However, for the crossbar in the spiking-based module, the input
voltage of one training/testing sample is a time-variant vector of
which every dimension is encoded into 0/1. Therefore, the average
power consumption can be calculated as:
∑𝑁
)
𝑇 ( 𝑁
𝑀
∑
𝑔𝑗𝑙 𝑉𝑖,𝑙 (𝑡) )
1 ∑ ∑(
¯
𝑉𝑖,𝑘 (𝑡) ⋅
𝑔𝑗𝑘 (𝑉𝑖,𝑘 (𝑡) − 𝑙=1 ∑𝑁
)
𝑃 =
𝑇 𝑡=0
𝑔𝑠 + 𝑙=1 𝑔𝑗𝑙
𝑗=1
𝑘=1
(9)
According to Eq. (7), the matrix parameter 𝑐𝑗𝑘 can be represented
by the conductivity of the RRAM device (𝑔𝑗𝑘 ) and that of the load
resistors (𝑔𝑠 ) as:
𝑔𝑗𝑘
(10)
𝑐𝑗𝑘 =
∑
𝑔𝑠 + 𝑁
𝑙=1 𝑔𝑗𝑙
Therefore, there does not exist a direct one-to-one mapping from
the original weight matrix 𝐶 to the crossbar conductance matrix 𝐺.
Moreover, some physical limitation on 𝐺 should be considered:
1) The item 𝑐𝑗𝑘 of the original weight matrix 𝐶 can be either
positive or negative while every item the conductance of RRAM
crossbar 𝐺 should be positive. Thus, the original weight matrix
𝐶 should be decomposed into two parts: one positive 𝐶 + , the
other negative 𝐶 − ;
2) The RRAM conductance 𝑔𝑗𝑘 has the physical limitation that
𝑔𝑚𝑖𝑛 ≤ 𝑔𝑗𝑘 ≤ 𝑔𝑚𝑎𝑥 . For simplicity, we would like to make a
linear mapping:
𝑔𝑗𝑘 = 𝑐𝑗𝑘 ⋅ (𝑔𝑚𝑎𝑥 − 𝑔𝑚𝑖𝑛 ) + 𝑔𝑚𝑖𝑛

(11)

As shown in [16], there exists the relationship 𝑐𝑗𝑘 ∝ 𝑔𝑚𝑎𝑥 /𝑔𝑠
when 𝑔𝑠 ≫ 𝑔𝑚𝑎𝑥 .
IV. A C ASE S TUDY: MNIST DATASET
In this section, a case study is made on MNIST digit recognition
dataset to evaluate the performance of the ﬁve-layer spiking neural
network system framework proposed in Section III.
A. Experiment Setup
In this work, the training process is implemented on the CPU
platform where LIF neurons in Eq. (1) are used in the ﬁrst two
layers and the sigmoid neurons are used in the last three layers. For
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TABLE I
E XPERIMENT R ESULTS OF SNN+ANN S YSTEM WITH D IFFERENT N ETWORK S IZES .
K EY PARAMETERS : SNN I NPUT VOLTAGE : 0.1V, ANN I NPUT VOLTAGE : 0.9V, L OAD R ESISTANCE : 10𝑘Ω
Network Size
784×10 SNN+10×50×10 ANN
784×50 SNN+50×50×10 ANN
784×100 SNN+100×50×10 ANN
784×100×10 ANN

Accuracy on CPU(%)
67.8
91.7
91.5
94.3

the testing process, we make the circuit simulation where the weight
matrix is mapped to RRAM-based crossbar introduced in Section
III-E.
The MNIST dataset is used to test the performance of RRAMbased neural network system proposed in Section III. MNIST is a
widely used dataset for optical character recognition with 60,000
handwritten digits in training set and 10,000 for testing set. In our
experiment, we use all the examples of handwritten digits of 0∼9 to
train the neural network system and randomly select 1,000 samples
for testing.
Since the input images are 28×28 sized 256-level gray images. The
ﬁve-layer spiking neural network system has ﬁve layers of neurons
in all and experiments are made with different network sizes of
784×{10,50,100}×50×10 where the variable is the neuron number
of feature representation layer.
B. Performance of the Framework
The simulation results summarized in Table I show that the
computation accuracy obtained by the spiking neural network system is compatible to that of traditional three-layer artiﬁcial neural
network structure when setting the proper network size. The best
performance of the spiking neural network system achieves only ∼2%
recognition accuracy degradation on RRAM platform. For the power
consumption, the RRAM-based spiking neural network requires only
14% of that on artiﬁcial neural network. The reasons for lower power
consumption of SNN than that of ANN are listed as follow:
1) For the ﬁrst two layers of the SNN (the feature representation
module), the input voltage can be binary since it transforms
the numerical information into the temporal domain. Therefore,
there is no need for SNN to hold a large voltage range to
represent multiple input states as implemented in ANN.
2) For the last three layers of the SNN (the ANN classiﬁer
module), the network scale is much smaller than that of ANN
in our experiment. Therefore, the power consumption is much
less.
V. C ONCLUSION
In this work, we implement an energy efﬁcient spiking neural
network with emerging RRAM devices and make a comparison on
performance and power consumption with the spiking neural network
and traditional neural network. Experiment results on MNIST dataset
show that the spiking neural network achieves only ∼2% recognition
accuracy decay with only 14% power consumption on RRAM platform under ideal condition (without considering interconnection effect,
nonlinear effect, etc).
However, there are still many challenges remaining in this spiking
neural network structure. For example, the encoding mechanism from
original data to spiking is not quite clear. It perhaps has a huge
effect on system performance and power efﬁciency. Thus, how to
design an a proper encoding mechanism is one possible method of
improving the performance of the system. In addition, the non-ideal

Accuracy on RRAM(%)
65
88
90
92

Power on RRAM(𝑚𝑊 )
37.23
186.18
327.36
2273.60

circuit condition (e.g. the interconnection effect, the input variation)
should be discussed in the future work.
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