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ABSTRACT

Speed and energy consumption are two important metrics in de-

signing spiking neural networks (SNNs). The inference process of

current SNNs is terminated after a preset number of time steps for

all images, which leads to a waste of time and spikes. We can ter-

minate the inference process after proper number of time steps for

each image. Besides, normalization method also influences the time

and spikes of SNNs. In this work, we first use reinforcement learn-

ing algorithm to develop an efficient termination strategy which

can help find the right number of time steps for each image. Then

we propose a model tuning technique for memristor-based crossbar

circuit to optimize the weight and bias of a given SNN. Experimental

results show that the proposed techniques can reduce about 58.7%
crossbar energy consumption and over 62.5% time consumption

and double the drift lifetime of memristor-based SNN.
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Neural networks.

KEYWORDS

Memristor, Spiking neural network, Drift, Reinforcement learning,

Model tuning

ACM Reference Format:

Yu Ma and Pingqiang Zhou. 2021. Efficient Techniques for Training the

Memristor-based Spiking Neural Networks Targeting Better Speed, Energy

and Lifetime. In 26th Asia and South Pacific Design Automation Conference

(ASPDAC ’21), January 18–21, 2021, Tokyo, Japan. ACM, New York, NY, USA,

6 pages. https://doi.org/10.1145/3394885.3431555

1 INTRODUCTION

The past decades have witnessed the evolution of the artificial

neural networks (ANNs), whichwere invented tomodel how human

brain processes data and how it learns to recognize objects [1].

Although the current ANN is able to achieve high accuracy in

many applications, neurons in ANN communicate with continuous
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valued activations, which is the most important difference from

human brain [2]. In contrast, the spiking neural networks (SNNs)

adopt spikes as the information propagation method, which is more

bio-mimetic. In the rest of this paper, we refer ANNs to non-spike

neural networks to distinguish them from SNNs.

Speed and energy consumption are two important metrics in

SNN inference process. Inputs need to bemultipliedwith theweights

which is referred as multiply-and-accumulate (MAC) operation.

Crossbar based computing is proposed to accelerate this process.

In architecture level, TrueNorth [3] is proposed to accelerate SNN

inference with CMOS crossbar. As an alternative way, memristor-

based crossbar is proposed [4]. In order to train the weight and

bias of SNN, two kinds of direct training methods – bio-inspired

spike-timing-dependent plasticity (STDP) algorithm [5] and error

propagation [6] – can be used. However, they are not effective with

large deep networks [7]. Alternatively, many researchers propose

to convert the well-trained ANN to SNN [8].

In the conversion process, weight and bias are normalized to

avoid approximation errors due to too low or too high firing rate [8].

Model-based and data-based normalization [8] are firstly proposed.

The former normalizes the model with theoretical maximum output

value of the model while the latter uses training set to optimize

the normalization process. However, normalized weight and bias

of these two methods are too small which leads to low firing rate –

each layer needs more time to fire a spike to the next layer. Thus,

the conversed SNN has large time and energy consumption. Robust

normalization [9, 10] is proposed to solve this problem. However,

this method is based on empirical parameters which cannot always

get the best weight and bias for minimum time and energy consump-

tion of inference. In this work, we explore a better normalization

method in the conversion process of memristor-based SNN.

In ANNs, each layer is recalled (computed) once in each image

classification process. However, in SNNs, each layer is generally

recalled dozens of times. Each recall operation leads to energy

and time consumption. Besides, although memristors can be pro-

grammed to desired resistances, the resistance will be changed after

recall operations which is known as the drift problem [11]. The

accumulated change of resistance will influence the accuracy of neu-

ral networks. As a result, the more the recall times are, the higher

latency, energy consumption and drift impact will be. Therefore, if

we can reduce the recall times in algorithm level, not only energy and

time consumption, but also drift impact can be reduced. In this paper,

we analyze the relationship between the accuracy and the number

of time steps and observe that each image needs different numbers

of time steps to be classified correctly. In order to terminate the
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classification process at different time steps for different images,

we propose a novel termination strategy technique for SNN.

In our work, we propose efficient techniques for training the

memristor-based SNN targeting better speed, energy and drift life-

time. The flow of the proposed ANN-SNN conversion framework

is shown in Figure 1 which consists of four steps. The first two

steps are conventional methods, which output an initial SNNmodel.

Then the initial SNN model and the given training set are used to

find the best termination strategy for the SNN. Finally, the trained

termination strategy and the initial SNN model, together with the

training set, are used to tune the weight and bias of the SNN. The

contributions of this work are summarized as below:
• Based on the analysis of the relationship between accuracy

and the number of time steps, we propose an efficient termi-

nation strategy which can terminate the classification process

at the right number of time steps for all images. Therefore,

the speed, energy and drift lifetime of memristor-based SNN

can be optimized.

• We observe the chance of optimizing the normalization

method according to memristor crossbar characteristics. This

motivates us to propose a model tuning technique which can

further optimize speed, energy and drift lifetime compared

with the state of the art normalization methods.

• We evaluate our proposed techniques with a three-layer

SNN network on MNIST dataset [12]. Results show that the

energy and time consumption can be reduced over 58.7%
and 62.5% respectively and the drift lifetime can be doubled.

Stage 1:
Training 

ANN

Stage 2:
Conversion

Stage 3:
Terminate Strategy  Determining

Conventional
method

Stage 4:
Model
Tuning

Strategy 

Model_initial

Model_final

Strategy 

Model_initialTraining

set

Figure 1: Framework of the Proposed Techniques.

The rest of this paper is organized as follows. In Section 2, we

introduce SNN algorithm and memristor-based SNN computing. In

Section 3, we present the motivation of our work. The proposed

techniques are described in Section 4. At last, experimental results

are described in Section 5, followed by conclusion in Section 6.

2 PRELIMINARIES

2.1 Spiking Neural Networks

Typically, there is a preset number of time steps, 𝑇𝑚𝑎𝑥 , in SNN. In

order to simulate neurons, integrate-and-fire (IF) model is widely

used [13]. Firstly, the inputs of the SNN, such as images, are con-

verted to spiking inputs. In each time step, neurons update their

membrane potentials (MPs) as Equation (1):

𝑧𝑙𝑖 (𝑡) =
∑
𝑗

𝑤𝑙
𝑖 𝑗Θ

𝑙−1
𝑗 (𝑡) + 𝑏𝑙𝑖 (1)

where Θ𝑙−1
𝑗 represents the 𝑗-th spiking input of layer 𝑙 ,𝑤𝑙

𝑖 𝑗 is the

weight value and 𝑏𝑙𝑖 is the bias of the 𝑖-th neuron in layer 𝑙 . Then,

the spiking output of layer 𝑙 in time step 𝑡 is determined by:

Θ𝑙
𝑡,𝑖 = 𝑈

(
𝑉 𝑙
𝑖 (𝑡 − 1) + 𝑧𝑙𝑖 (𝑡) −𝑉𝑡ℎ

)
(2)

where𝑈 (𝑥) is a step function and𝑉 𝑙
𝑖 (𝑡 −1) is the MP in time 𝑡 −1. If

the MP of the 𝑖-th neuron exceeds threshold 𝑉𝑡ℎ , the neuron sends
a spike to the next layer. Then the MP is reset to resting potential:

𝑉 𝑙
𝑖 (𝑡) =

{
𝑉 𝑙
𝑟𝑒𝑠𝑡,𝑖 Θ𝑙

𝑖 (𝑡) = 1

𝑉 𝑙
𝑖 (𝑡 − 1) + 𝑧𝑙𝑖 (𝑡) 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

(3)

The outputs of the neurons in the last layer are recorded and after

the preset number of time steps, 𝑇max, the result corresponding to
the neuron which fires most spikes will be classified as the result.

In order to get an SNNmodel, converting ANN to SNN is a wildly

used method [8]. Firstly, an ANN is trained using ReLU (Rectified

Linear Unit) for all activation units of the network. Then the trained

network is mapped to an IF network and the weight and bias are

normalized according to:W𝑙 = W
𝑙/
(

𝜆𝑙

𝜆𝑙−1

)
, �𝑏𝑙 = �𝑏𝑙/𝜆𝑙 , where 𝜆𝑙 is

the normalization factor of layer 𝑙 . After training set is propagated
through the ANN, the ReLU activations are stored. [8] proposes

data-based normalization, using the maximum of ReLU activation

(𝜆𝑙 = max[𝑎𝑙 ]) as the normalization factor. Furthermore, [9, 10]

propose robust normalization by modifying 𝜆 to 𝑝-th percentile of

the total activity distribution, 𝜆𝑙 = 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 [𝑎𝑙 ]. The authors in
[9, 10] empirically find that 99-th or 99.9-th percentile is the best
normalization method.

2.2 Memristor Crossbar Based SNN Computing
Circuit

Crossbar based neural processing unit (NPU) is considered as an

alternative classification accelerator [13] which is shown in Figure 2.

Each NPU includes crossbars, peripheral circuits and controllers.

The crossbar is used to receive the output of the previous layer. The

horizontal lines of the crossbar represents axons of previous layer

and vertical lines represent the dendrites of the current layer.

... ... ... ... ...

...

...

...
Layer 1

Layer 2

Layer n

...

D
A

C

Neuron circuit

...

C
o
n

tr
o
ll

er

Spike 

Counter

Input

OutputNext layer

b

Dendrites

A
x
o

n
s

Figure 2: Crossbar Based Computing Circuit.

Weights of one layer (W𝑙 ) are mapped to memristor [14] cross-

bars’ conductance G while the inputs (Θ𝑙−1) are converted to input

voltages �𝑉 by digital-to-analog converter (DAC). The crossbar is

able to perform vector-matrix multiplication according to Kirch-

hoff’s law which is a MAC operation: �𝐼 = G · �𝑉 . Then the �𝐼 and

bias (�𝑏𝑙 ) are integrated in the peripheral neuron circuit performing
Equation (2) and (3). Then the result is transferred to the next layer,

and spike counter is used to record the output of the last layer.
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Ideally, the resistance change of memristor happens if and only

if the voltage applied to the device exceeds a certain threshold in

programming phase. In practice, however, the resistance of mem-

ristors can also be changed slowly by low voltage pulses in recall

processes [15] which is termed as drift. Therefore, the weights

which are stored in memristors are changed when drift happens.

This leads to the accuracy degradation of the inference.

3 MOTIVATION OF OURWORK

3.1 Analysis of Preset Time Steps

When an SNN model is adopted for the classification process, the

number of spikes of the whole SNN is directly proportional to the

number of time steps. Besides, number of spikes directly influences

the energy and drift degree of memristor-based crossbar circuit.

Therefore, a direct way to improve SNN’s performance (including

latency, energy and drift), is to reduce the number of time steps.

Therefore, how to set the number of time steps is an important

research problem. We test an SNN converted with method[8] and

the relationship between accuracy and number of time steps on

MNIST data set are shown in Figure 3. The blue line "Waste" denotes

the redundant time steps after the identified image has been able to

be correctly classified.
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Figure 3: Time Analysis. (a) accuracy, (b) wasted time steps.

Nomatter how to set the number of time steps, there is a waste of

time for those images who need fewer time steps. Images, who need

more time steps, are not able to be classified correctly. Therefore,

there doesn’t exist an optimal time step for all images. Besides, the

wasted time steps will lead to extra latency, energy consumption

and drift problem. As a result, the best termination strategy should

be image-wise which is able to get both high accuracy and low

consumption. Motivated by this, we explore a novel termination

strategy technique for SNNs called "WINNER K" which will be

introduced in Section 4.1.

3.2 Analysis of Normalization Methods

Assume we are able to find a method which is able to terminate the

classification process for all images once the image classification

result is the same as the preset number of time steps, the next

question is – can we tune the weight and bias of SNN model to

further reduce drift degree and energy and time consumption? To

analyze this question, we test how the model normalization affects

the total number of spikes and time consumption of an SNN model,

and the results are summarized in Figure 4. In this experiment, we

assume that we terminate the classification process once we can

get the result which is the same as the result with preset number

of time steps (50 in this experiment).
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Figure 4: Total Time Steps and Spikes of SNN with Different

Normalization Methods.

As shown in Figure 4, we test three normalization methods, data-

based normalization (noted as Max) and two robust normalization

methods (99-th and 99.9-th percentile normalization which are

noted as 99𝑁 and 999𝑁 respectively). Model with the data-based

normalization method has the largest time consumption and total

number of spikes because it’s too conservative. Each neuron in

hidden layers needs the largest spikes input before reaching the

threshold to produce a spike to the next layer. Both 99-th and 99.9-
th normalization have a huge improvement compared with data-

based normalization on both total number of spikes and time steps.

Besides, in this experiment, the model with 99-th normalization has

higher classification speed while 99.9-th normalization can save

more number of spikes. The result shows that even the best models

have their own benefit and victim. If we want to optimize the model

for a certain purpose, it’s necessary to tune the weight and bias

according to circuit characteristics.

4 PROPOSED TECHNIQUES

4.1 Termination Strategy

In conventional SNNs, a preset number of time steps (𝑇𝑚𝑎𝑥 ) is used

to terminate the classification process. If we set the number of time

steps to 𝑇𝑚𝑎𝑥 , fewer than 𝑇𝑚𝑎𝑥 time steps is enough for the SNN

to correctly classify most images as discussed in Section 3. This

motivates us to find a strategy to terminate the classification process

image by image.With a small number of time steps (𝑇0), if one image
can be classified, activation of different neurons in the output layer

are different. Otherwise, the activations of neurons in the output

layer are similar. Considering this, we propose "WINNER K"method

which explores to terminate the classification process according to

difference of neurons’ activation in the output layer. Assume that

in the output layer, one neuron produces the maximum number of

spikes, 𝑆𝑂0, and another neuron produces the second maximum

number of spikes, 𝑆𝑂1. We monitor 𝑆𝑂0 − 𝑆𝑂1 and terminate the

classification process once 𝑆𝑂0 − 𝑆𝑂1 = 𝐾 . In this way, different

images can be terminated with different numbers of time steps in

the classification process. The reason is that in a classification task,

if an output neuron produces 𝐾 more spikes than others at time

step𝑇 , it may be in the lead of other neurons since then. As a result,
if the classification process is terminated at this time step, the result

will be the same as the result classified with𝑇𝑚𝑎𝑥 time steps. As an

output neuron leads more time steps, the probability of classifying

correctly is larger while the time consumption is also larger. In

order to find the best 𝐾 in our strategy, we apply reinforcement

learning [16] method which is an acclimatized method to find a

strategy based on samples. We construct a state transition map of

the problem as shown in Figure 5. The states of this problem are as

follows:
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Figure 5: State Transition Map.

• 𝑆𝑇𝐴𝑅𝑇 is the initial state of the problem, which represents

the state at time step 0. At this state, the image is started to

be classified. The SNN has done nothing and the reward is 0

at this state. The agent starts at this state.

• 𝑊𝐼𝑁_𝑛 is the intermediate state whichmeans 𝑆𝑂0−𝑆𝑂1 = 𝑛.
The reward of the agent at this state is the time penalty.

• 𝑇𝐸𝑅_𝑛 represents that the SNN is terminated once it reaches

the𝑊𝐼𝑁_𝑛 state. At this state, the SNN inference is termi-

nated and classification result, 𝑅𝑛 , is returned. The agent
gets the reward according to 𝑅𝑛 and the ground truth. If

𝑅𝑛 is the same as the ground truth, the reward will be 𝑅𝑐
(correct reward) and otherwise, 𝑅𝑝 (fault penalty).

• 𝐸𝑁𝐷 is the state which the number of time steps reaches the

preset value, 𝑇max. At this state, the classification process

is forced terminated and the reward of the agent is also

determined depending on the consistency of the result and

the ground truth. Note that, as the agent reaches this state

with some time after the previous state𝑊𝐼𝑁_𝑛, the reward
should add the time penalty.

Algorithm 1 Algorithm of Strategy Making.

Input: StatesS, ActionsA, Time limit𝑇 , Learning rate𝛼 , Discount
factor 𝛾 , Exploration factor 𝜖 , 𝑅𝑐 , 𝑅𝑝 .

Output: Strategy, X

1: for all Images do

2: if Converged then

3: Break

4: end if

5: 𝑟𝑒𝑤𝑎𝑟𝑑 ← 0

6: for 𝑡 = 0 to 𝑇 do
7: 𝑟𝑒𝑤𝑎𝑟𝑑 ← 𝑟𝑒𝑤𝑎𝑟𝑑 − 𝑝𝑒𝑛𝑎𝑙𝑡𝑦;
8: if Reach the new𝑊𝐼𝑁_𝑁 state then

9: Update Q table and reset reward;

10: Determine next state with 𝜖 and Q table;

11: if 𝑛𝑒𝑥𝑡𝑠𝑡𝑎𝑡𝑒 == 𝑇𝐸𝑅 then
12: Break

13: end if

14: end if

15: end for

16: Compute reward with 𝑅𝑐 and 𝑅𝑝 ;
17: Update Q table and 𝜖 ;
18: end for

19: return Strategy X according to Q table.

The pseudo-code of the method is shown in Algorithm 1. For

each image, we start the test process at the 𝑠𝑡𝑎𝑟𝑡 state (𝑡 = 0) in

line 6. For each time step, we simulate the normal SNN algorithm.

Line 7 records the time penalty for every time step. Line 8 judges

whether the agent reaches𝑊𝐼𝑁_𝑘 states. If so, the agent updates

the Q table in line 9 and then determines the next state as a sample in

line 10. The agent chooses a direction randomly with probability 𝜖
and chooses the direction depending on the Q table with probability

1 − 𝜖 . If the agent chooses to go to the next state,𝑊𝐼𝑁_𝑘 + 1, the
SNN algorithm continues. Otherwise, if the agent chooses to go to

the state 𝑇𝐸𝑅_𝑘 , the SNN is terminated, and the Q table is updated

in line 16 and 17. If the number of time steps reaches𝑇𝑚𝑎𝑥 , the agent

reaches the state 𝐸𝑁𝐷 . Meanwhile, the SNN and the Q table are

also terminated and updated respectively. The Q table is updated

according to Equation (4).

𝑄 (𝑠, 𝑎) = (1 − 𝛼)𝑄 (𝑆, 𝑎) + 𝛼

(
𝑅(𝑠, 𝑎, 𝑠 ′) + 𝛾 max

𝑎′
𝑄 (𝑠 ′, 𝑎′)

)
(4)

where 𝑅(𝑠, 𝑎, 𝑠 ′) is the reward of this state, 𝑄 (𝑠, 𝑎) is Q value of the

action 𝑎 at the state 𝑠 .
The agent learns strategy image by image with the training

set. After the Q table converges, the learning process is stopped

(line 2). Then we go through each item of the Q table and determine

the strategy as𝑊𝐼𝑁𝑁𝐸𝑅_𝐾 once "continue" value is smaller than

"terminate" value at the state𝑊𝐼𝑁_𝐾 (line 19). For example, values

in the Q table are shown in Figure 5. For𝑊𝐼𝑁_1 to𝑊𝐼𝑁_(𝑁 − 1),

"continue" value, 5, is larger than "terminate" value, 2. The strategy

maker goes on until the𝑊𝐼𝑁_𝑁 state, where the "continue" value,

1, is smaller than the "terminate" value, 5. In this case, the parameter

𝐾 of the strategy is determined as 𝑁 and the strategy is determined

as𝑊𝐼𝑁𝑁𝐸𝑅_𝑁 . For every image, the SNN classification process

will be terminated once 𝑆𝑂0 − 𝑆𝑂1 = 𝑁 . The classification for

each image reaches this state with different number of time steps.

Thus, we are able to terminate the classification process at the right

number of time steps for each image.

4.2 Model Tuning

As analyzed in Section 3, the weight and bias directly influence the

total number of spikes and time steps in the classification process.

Besides, the more spikes produced in the classification process, the

higher energy consumption and drift degree will be. After finding

a termination strategy with an initial SNN model, we optimize the

weight and bias with a tuning parameterP as shown in Equation (5).

W
𝑙 = W

𝑙
𝑖𝑛𝑖 · P𝑙

�𝑏𝑙 = �𝑏𝑙𝑖𝑛𝑖 · P𝑙 (5)

where W𝑙
𝑖𝑛𝑖 and

�𝑏𝑙𝑖𝑛𝑖 are weight and bias in layer 𝑙 of the initial
SNNmodel which is used to train the termination strategy, P𝑙 is the

tuning factor of layer 𝑙 and P = {P𝑙 }. In order to find the best pa-
rameter P, we construct a loss function according to characteristics

of memristor-based circuits.

... ... ... ... ...

...

...

...

Cl

R
l

Flow through 

memristors in 

current row

Input to one row

1/Rl influence 

on one neuron

One neuron

Figure 6: Influence of Input in One Layer.

As shown in Figure 6,𝑅𝑙 and𝐶𝑙 are numbers of rows and columns
of layer 𝑙 respectively. In our proposed technique, we define 𝑆𝑙 as
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the number of input spikes of layer 𝑙 and its value is determined
by testing a batch of images in training set. In addition, if we tune

parameter P, the 𝑆𝑙 will be changed. Therefore, 𝑆𝑙 is a function of
P. The loss function is associated with the energy consumption,

which contains two aspects. 1) Each spike input will lead to current

flow through memristors which are in the same row as the input.

Thus, each spike input will lead 𝐶𝑙 memristors to consume energy.
2) Total number of spikes is also influenced by the number of rows.

If the number of rows of one layer is large, 𝑆𝑙 will be large. If we
only use the first aspect to build the loss function, the layer which

has larger number of rows will be optimized much more than other

layers, which influences the accuracy and speed of SNN. As a result,

in order to balance the optimization degree of each layer, we need to

normalize the energy consumption with 𝑅𝑙 . Thus, the loss function
is constructed as Equation (6):

𝑙𝑜𝑠𝑠 =
∑
𝑙

𝐶𝑙 ∗ 𝑆𝑙 (P)/𝑅𝑙 (6)

Equation (6) is also suitable to optimize the drift problem. Each

spike input to layer 𝑙 drives current flow through 𝐶𝑙 memristors
which leads to drift problem. Therefore, we need to punish 𝑆𝑙 with
𝐶𝑙 . On the other hand, there are 𝑅𝑙 rows in layer 𝑙 , each spike input
will change 1/𝑅𝑙 number of weights in each column. Assuming that
each weight has the same influence on each neuron, each spike

input leads to 1/𝑅𝑙 error of each neuron in layer 𝑙 . Considering
these two aspects, 𝐶𝑙 and 1/𝑅𝑙 should be used to punish the 𝑆𝑙 in
drift problem.

Based on the aforementioned analysis, we can optimize SNN by

optimizing the constructed loss function as shown in Equation (6).

We tune the factor P to reduce the loss, the pseudo-code of our

technique is shown in Algorithm 2. Besides, it’s still difficult to find

the best P because there is variation in the classification process.

In order to solve this problem and make the technique more robust,

we use the medium loss value to represent the loss of current P in

line 21. The proposed technique performs tuning process (line 2-18)

𝑁 ×𝑅 times. After every 𝑅 times of tuning, 𝛽 is reduced in line 17 to
tune P more accurately. In each tuning process, the technique tunes

one factor at a time and 𝑙 is to label the current tuning factor of P.
The proposed technique first chooses an initial tuning direction for

the current tuning factor (line 3). Then it computes whether the loss

is reduced following this direction in line 5 - 8. P𝑛𝑒𝑥𝑡 only changes

the 𝑙-th factor of P, P𝑛𝑒𝑥𝑡,𝑙 = P𝑙 (1 + 𝛽). If the loss is reduced, we
continue tuning the P following this direction until the loss can’t

be reduced. Otherwise, we try to find a better P in the opposite

direction in line 14. If we are not able to get a better P in both

directions, we move to the next parameter, P𝑙+1, in line 12.

5 EXPERIMENTAL RESULTS

5.1 Experimental Setup

Following the practice of previous work which study memristor

drift problem [15], we evaluate the efficiency of our proposed tech-

niques on MNIST dataset [12]. In our experiment, we use memristor

model in [17] with four bit quantization and tune the parameter to

quick drift similar to [15] in order to speed up the simulation. In our

experiment, the number of 20 time steps is able to maintain over

95% accuracy. Thus, we set 𝑇𝑚𝑎𝑥 = 20. Network and parameters

Algorithm 2 Algorithm of Normalization Tuning.

Input: Tuning parameter P with size 𝐿, Tuning rate 𝛽 , Step reduc-
tion factor 𝛼 , Reduction times 𝑁 , Repeat times 𝑅.

Output: Optimized normalization parameter P

1: function Tuning(P)

2: for 𝑖 = 0 to 𝑁 , 𝑗 = 0 to 𝑅, 𝑙 = 0 to 𝐿 do
3: 𝑔𝑜 ← 𝑇𝑟𝑢𝑒; 𝑑 ← 1;

4: loop

5: 𝑙𝑜𝑠𝑠𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ←Medium(P, 𝛽);
6: Determine P𝑛𝑒𝑥𝑡 with 𝑑 and 𝛽 ;
7: 𝑙𝑜𝑠𝑠𝑛𝑒𝑥𝑡 ←Medium(P𝑛𝑒𝑥𝑡 );

8: if 𝑙𝑜𝑠𝑠𝑛𝑒𝑥𝑡 < 𝑙𝑜𝑠𝑠𝑐𝑢𝑟𝑟𝑒𝑛𝑡 then;
9: 𝑔𝑜 ← 𝑇𝑟𝑢𝑒; P ← P𝑛𝑒𝑥𝑡 ;

10: else

11: if 𝑔𝑜 == 𝐹𝑎𝑙𝑠𝑒 then
12: break;

13: end if

14: 𝑑 ← −1 · 𝑑 ; 𝑔𝑜 ← 𝐹𝑎𝑙𝑠𝑒;
15: end if

16: end loop

17: 𝛽 ← 𝛼𝛽 ;
18: end for

19: return P

20: end function

21: functionMedium(P, 𝛽)
22: for all {P · (1 − 𝛽),P,P · (1 + 𝛽)} do
23: record and find medium loss

24: end for

25: return medium loss

26: end function

that are used in this work are shown in Table 1. Besides, we assume

that the time consumption is directly proportional to the number

of time steps. Five cases are evaluated in our experiment as follow:

• Case 1 (99𝑁 ): 99-th percentile normalizationmodel [10] with-

out our proposed techniques.

• Case 2 (999𝑁 ): 99.9-th percentile normalization model [10]
without our proposed techniques.

• Case 3 (99𝑇 ): 99-th percentile normalization model with our
proposed termination strategy.

• Case 4 (999𝑇 ): 99.9-th percentile normalization model with
our proposed termination strategy.

• Case 5 (𝑂𝑇 ): Weight and bias are tuned with our proposed

tuning technique and the termination strategy is applied.

Table 1: Network and Parameters.

layer 1 layer 2 layer 3 Accuracy

784 × 1000 1000 × 30 30 × 10 98.11%

𝑅𝑐 /𝑅𝑝 𝛼 𝛾 𝑅𝑡 𝛼 𝛽 𝑁 𝑅
±50 0.1 0.9 −1 0.2 0.5 4 2

5.2 Experimental Results

5.2.1 Static evaluation. The accuracy and time consumption per

image of the converted SNN are shown in Figure 7. The experi-

mental results show that the accuracy of 99.9-th percentile normal-
ization is a bit lower than that of 99-th normalization because of
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the higher firing rate. The tuned model has the highest accuracy

because of the highest firing rate. Besides, the 99𝑁 and 999𝑁 have

almost the same accuracy with 99𝑇 and 999𝑇 respectively.
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Figure 7: Time Consumption and Accuracy without Drift.

For each image, the models 99𝑁 and 999𝑁 need 20 time steps

to complete the classification task. With the proposed termination

technique, the average time consumption for images’ classification

is decreased by 48% and 42% respectively compared with models

99𝑁 and 999𝑁 . The reason why 99𝑁 model can be optimized a bit

more than 999𝑁 is that the former model has higher firing rate

which leads to less time consumption. Besides, the tuned model

only needs fewer than 7 time steps per image which is decreased by

35.17% and 41.69% comparedwithmodels 99𝑇 and 999𝑇 respectively.

This shows that the proposed model tuning technique is efficient

for SNN weight normalization. Totally, our proposed techniques

can reduce about 70% time steps.

5.2.2 Drift evaluation. Considering the drift phenomenon, we eval-

uate the lifetime of the memristor-based SNN, which is defined as

the number of image classifications before the accuracy degrades

below 85%.We analyze two indicators: one is drift lifetime, the other

is energy and time consumption. Note that the energy consumption

simulated in our experiment is the crossbar energy.

The result of the accuracy degradation is shown in Figure 8. The

proposed termination technique can increase about 66% and 48%

lifetime of memristor-based SNN with 99-th and 99.9-th normaliza-
tion respectively. The proposed model tuning technique can further

increase about 15% lifetime. Totally, the proposed techniques can

almost double the lifetime compared with conventional methods.
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Figure 8: Drift Lifetime.

In addition, we monitor the latency and energy consumption

of each image during the classification process, and the average

consumption is shown in Table 2. The time steps consumption

of the five models are similar to the results in static evaluation.

The results of the crossbar energy consumption show that our

proposed techniques can reduce this consumption significantly. Our

techniques can reduce up to 58.7% crossbar energy consumption

compared with previous methods. Besides, the energy consumption

of peripheral circuits is related to the number of spikes and time

consumption. As a result, our proposed techniques can also reduce

the energy of peripheral circuits which is not evaluated in our

current work.

Table 2: Lifetime, Average Time Consumption and Average

Energy Considering Drift.

Method 99𝑁 999𝑁 99𝑇 999𝑇 𝑂𝑇
Time steps per Image 20.00 20.00 11.35 12.10 7.50
Lifetime (# Images) 50 58 83 86 98

Crossbar energy (𝜇J) 18.85 19.48 10.10 11.91 8.04

6 CONCLUSION AND FUTUREWORK

In this paper, we propose two efficient techniques for training the

memristor-based SNNs with the objective of optimizing speed, en-

ergy and drift lifetime. After analyzing the relationship between

accuracy and the number of time steps, we propose an efficient

termination strategy for SNNs. Furthermore, observing that the

inference time and the number of spikes are also affected by the

way normalizing the SNN in the conversion process, we construct

a loss function to tune the weight and bias of SNN. The experi-

mental results show that compared with conventional methods,

the proposed techniques can reduce up to 62.5% time consumption

and 58.7% energy consumption and can double the drift lifetime

of memristor-based SNN. In our future work, we will test deeper

convolutional neural networks on larger data sets.

REFERENCES
[1] F. F. Rosenblatt, “The perceptron: a probabilistic model for information storage

and organization in the brain.” Psychological review, vol. 65 6, pp. 386–408, 1958.
[2] A. Tavanaei et al., “Deep learning in spiking neural networks,” Neural Networks,

vol. 111, pp. 47 – 63, 2019.
[3] P. A. Merolla et al., “A million spiking-neuron integrated circuit with a scalable

communication network and interface,” Science, vol. 345, no. 6197, pp. 668–673,
2014.

[4] T. Tang et al., “Spiking neural network with rram: Can we use it for real-world
application?” in DATE, 2015, pp. 860–865.

[5] H. Markram, W. Gerstner, and P. J. Sjöström, “Spike-timing-dependent plasticity:
A comprehensive overview,” Frontiers in Synaptic Neuroscience, vol. 4, p. 2, 2012.

[6] J. H. Lee, T. Delbruck, and M. Pfeiffer, “Training deep spiking neural networks
using backpropagation,” Frontiers in Neuroscience, vol. 10, p. 508, 2016.

[7] S. Park, S. Kim, H. Choe, and S. Yoon, “Fast and efficient information transmission
with burst spikes in deep spiking neural networks,” in DAC, 2019, pp. 1–6.

[8] P. U. Diehl et al., “Fast-classifying, high-accuracy spiking deep networks through
weight and threshold balancing,” in IJCNN, 2015, pp. 1–8.

[9] B. Rueckauer et al., “Theory and tools for the conversion of analog to spiking
convolutional neural networks,” ArXiv, 2016.

[10] B. Rueckauer et al., “Conversion of continuous-valued deep networks to efficient
event-driven networks for image classification,” Frontiers in Neuroscience, vol. 11,
p. 682, 2017.

[11] C. Ting, J. Sung-Hyun, and L. Wei, “Short-term memory to long-term memory
transition in a nanoscale memristor,” ACS Nano, vol. 5, no. 9, pp. 7669–7676, 2011.

[12] L. Yann, C. Corinna, and C. J. Burges, “The mnist database of handwritten digits,”
[Online], http://yann.lecun.com/exdb/mnist.

[13] E. Vatajelu, G. Di Natale, and L. Anghel, “Special session: Reliability of hardware-
implemented spiking neural networks (SNN),” in VTS, 2019, pp. 1–8.

[14] L. Chua, “Memristor-the missing circuit element,” IEEE Transactions on Circuit
Theory, vol. 18, no. 5, pp. 507–519, 1971.

[15] B. Yan et al., “A closed-loop design to enhance weight stability of memristor
based neural network chips,” in ICCAD, 2017, pp. 541–548.

[16] L. P. Kaelbling, M. L. Littman, and A. W. Moore, “Reinforcement learning: A
survey,” J. Artif. Int. Res., vol. 4, no. 1, p. 237–285, May 1996.

[17] J. P. Strachan et al., “State dynamics and modeling of tantalum oxide memristors,”
IEEE Transactions on Electron Devices, vol. 60, no. 7, pp. 2194–2202, 2013.

395
Authorized licensed use limited to: ShanghaiTech University. Downloaded on June 05,2021 at 04:51:57 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
    /JPN <>
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


