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Abstract The hardware implementation of neural networks based on memristor crossbar array provides

a promising paradigm for neuromorphic computing. However, the existence of memristor conductance drift

harms the reliability of the deployed neural network, which seriously hinders the practical application of

memristor-based neuromorphic computing. In this paper, the impact of different types of conductance drift

on the weight realized by memristors is investigated and analyzed. Then, utilizing the weight uncertainty

introduced by conductance drift, we propose a weight optimization method based on the Bayesian neural

network, which can greatly improve the network performance. Furthermore, an ensemble approach is pro-

posed to enhance network reliability without increasing training cost or crossbar array resources. Finally, the

effectiveness of the proposed scheme is verified through a series of experiments. In addition, the proposed

scheme can be easily integrated into the implementation of neuromorphic computing, which can provide a

better guarantee for its large-scale application.
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1 Introduction

Deep neural networks (DNNs) have developed rapidly and have been applied in image recognition, speech
recognition, natural language processing, and other fields [1–3]. However, based on the traditional von
Neumann architecture, the training and inference of DNNs consume a lot of energy and have high latency
due to the separation of computing and storage [4,5]. It is hard to deploy DNNs-based applications in sce-
narios that require low energy consumption and low latency. Memristor-based neuromorphic computing
provides a promising approach to solve this problem.

Different from the traditional computing architecture based on complementary metal-oxide-semicond-
uctor (CMOS), neuromorphic computing uses non-volatile resistive memory to realize the integration of
data storage and computation [6]. Therefore, it can avoid the problem of the memory wall caused by
frequent data exchange between memory and computing units and greatly reduce power consumption
and latency of data transfer [7]. Memristor, which can easily store and adjust the resistance value, is one
of the foundational devices for neuromorphic computing. Applying memristor neural network (MNN)
based on crossbar arrays is a common way to deploy neural network to hardware [8]. Research shows
that this architecture can achieve significant advantages in speed and power consumption over CMOS
architecture [9, 10]. However, due to the inevitable hardware imperfections, such as conductance drift,
the memristor conductance cannot represent the weight of the neural network accurately and steadily,
which seriously degrades network performance [4, 11].

Multiple factors could cause conductance drift. When using memristor-based neural networks for
inference, although a single input voltage has a small effect on the conductance, its cumulative effect is
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Figure 1 (Color online) The main structure of the memristor crossbar array. WL, SL, and BL are the word line, source line, and

bit line, respectively.

conspicuous [12]. External temperature also influences the conductance value, and it will drift gradually
over time even when it is idle [13]. To solve this problem, researchers in materials science are exploring the
fabrication of more stable memristors [14], while others use software and hardware methods to improve
network reliability. For example, Ref. [12] compensated the conductance drift caused by input voltage
by designing a real-time feedback controller. Ref. [15] proposed a sign backpropagation algorithm to
reduce the influence of conductance drift for multilayer perceptron (MLP). Some researchers analyzed
the impact of activation function, the number of hidden layers and filters on conductance drift [16].

Bayesian neural network (BNN) constructs the model based on a probabilistic perspective, and its
parameters are not fixed but are subject to distributions [17]. The original intention of BNN is to
improve the robustness and interpretability of the model [18]. In this paper, using the weight uncertainty
of BNN, we propose a weight optimization and network ensemble scheme to improve the model’s tolerance
to weight deviation. To solve the problem that it is hard to train the BNN, a normal neural network
is trained first, and then BNN is used to optimize its weights, which can not only ensure the model
obtain higher accuracy but also make the model more robust. Then an ensemble approach is designed
to simulate the sampling process of BNN and further improve the performance of the network. Finally,
a series of experiments show the effectiveness of the proposed scheme.

2 Related work

2.1 Memristor neural network

A typical neural network consists of convolutional layers and full connection layers, and its basic opera-
tions can be decomposed into dot product and accumulation. These operations can be easily implemented
by memristor crossbar arrays based on Ohm’s law and Kirchhoff’s law [19]. The main structure of the
memristor crossbar array is shown in Figure 1. Since the network weights have positive and negative
values, and the memristor conductance has no negative values, so a weight is usually represented by a
pair of memristors [20]. Assuming that the input is n-dimensional and the output is m-dimensional.
The difference between two memristor conductance Gi,k = G+

i,k − G−
i,k represents one network weight.

(V1, V2, . . . , Vn) and (I1, I2, . . . , Im) denote the input voltages and the output currents, respectively. The
corresponding dot product and accumulation operations are shown as

Ik =

n
∑

i=1

Vi · (G
+
i,k −G−

i,k), k ∈ (1, 2, . . . ,m). (1)

Currently, there are two main deployment methods: ex-situ and in-situ training. The main steps of
ex-situ training are as follows: firstly, perform network training on an external software platform to ob-
tain network weights, then these weights are quantified according to the levels of conductance values, and
finally, the quantized weights are written into the memristor crossbar array [13,21]. However, as memris-
tors present cycle-to-cycle and device-to-device variations, it is hard to write the weights accurately [22].
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The common approach to mapping weights to hardware is the write-verify method [15]. However, this
method still inevitably introduces errors [13, 23]. The steps of in-situ training are relatively few, but
the implementation is quite complicated. Firstly, the memristor value is initialized randomly, then the
network training is carried out directly on the crossbar array, and the memristor value is adjusted in real
time until it reaches the predetermined accuracy.

Ex-situ training can be easily deployed, but its accuracy is difficult to guarantee. In-situ training leads
to a more accurate model, but its training process is complex, and the whole training process should
be repeated for each model. Therefore, it cannot be applied on a large scale. The causes of weight
deviation in ex-situ training mainly include quantization error, writing weight error, and the error caused
by conductance drift after training. For in-situ training, the causes mainly include the errors introduced
by weight adjustment during training and conductance drift after training. So ex-situ training will suffer
more deviations than in-situ training. Therefore, the ex-situ training method is mainly discussed in this
paper.

2.2 Conductance drift

As mentioned above, there are many causes for conductance drift. Different types of conductance drift will
have various effects on weight deviation. Based on the TaOx memristor model, Ref. [12] discussed how the
conductance of the memristors changes and how it affects the weight change when applying voltages in
different directions. The results showed that different voltage directions lead to various trends. Ref. [13]
experimentally tested the weight changes of a crossbar array based on TiN/TaOx/HfOx/TiN memristors
over 30 days. They found that the mean values of weights of different quantized levels would remain
stable, although individual weights would drift significantly. Phase-change memory (PCM), as another
memristor device, is also often used to construct electron synapses [24]. It is found that the conductance
value of PCM decreases gradually over time [25, 26].

In general, there are two kinds of drift trends: the first is that the mean value of deviation is zero and
the variance is getting bigger and bigger, while the second is that the mean value is always negative and
the variance retains the same. Therefore, two simplified models are used to represent these two types of
drifts as

W ∗ =

{

W +∆w1, ∆w1 ∼ N(0, σ2
1),

W −∆w2, ∆w2 ∼ N(µ2, σ
2
2),

(2)

where σ1 and µ2 increase gradually, and σ2 remains the same. Because different types of memristors have
various properties, the relationship between weight drift and time will not be considered in this paper.
Besides, errors are also introduced when writing weights to the crossbar, which can be considered as part
of deviations in (2).

2.3 Bayesian neural network

The deep neural network considers weights as fixed values, and the goal of network optimization is to
find the optimal values for the weights. From the perspective of BNN, network weights have no fixed
truth values, and the optimization goal is to find the distributions of the weights [27, 28]. As shown in
Figure 2, BNN makes inferences based on the weight distributions.

Given that the training data is D and the network weights are w, the optimization goal is to find
the distribution p(w|D). Theoretically, according to Bayes theorem, the weight distribution could be
obtained through the following equation:

p(w|D) =
p(w)p(D|w)

p(D)
=

p(w)p(D|w)
∫

p(w)p(D|w)dw
, (3)

where p(w) is the prior distribution of w and p(w|D) is the likelihood. Then based on the posterior
distribution, Eq. (4) can be used to make inferences.

E[f ] =

∫

f(w)p(w|D)dw, (4)

where f(w) is the function of the network. However, the denominator in the posterior distribution
generally has no analytical solution or is time-consuming to solve. Besides, the joint probability density
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Figure 2 (Color online) Schematic of the Bayesian neural network.

p(w)p(D|w) = p(w,D) is usually unknown. Therefore, the posterior distribution is usually not directly
calculated using Eq. (3) but are approximated by other methods.

Hinton et al. [29] first proposed variational inference (VI) to obtain the approximate solution of the
posterior distribution. VI is an approximate inference method, which uses an assumed simple distribution
q(w|θ) to approximate the true posterior distribution p(w|D), and then performs the optimization to find
the appropriate parameters θ to make q as consistent as possible with p [30, 31]. As shown in Eq. (5),
KL divergence is used to measure the similarity between the two distributions.

KL(q(w|θ))||p(w|D) =

∫

q(w|θ) log
q(w|θ)

p(w|D)
dw. (5)

Eq. (5) is also hard to optimize directly, so it can be transformed as follows:

KL(q(w|θ))||p(w|D) =

∫

q(w|θ) log
q(w|θ)p(D)

p(D|w)p(w)
dw

=

∫

q(w|θ) log
q(w|θ)

p(D|w)p(w)
dw +

∫

q(w|θ) log p(D)dw

=

∫

q(w|θ) log
q(w|θ)

p(w)
dw −

∫

q(w|θ) log p(D|w)dw + log p(D)

= KL(q(w|θ)||p(w)) − Eq[log p(D|w)] + log p(D). (6)

Since log p(D) is independent of parameter θ, the backpropagation algorithm can be used to optimize
the first two items on the right of Eq. (6), whose negative number is called the evidence lower bound
(ELBO) [32] as shown in Eq. (7). Therefore, the goal of minimizing the KL divergence between q(w|θ)
and p(w|D) is transformed into the goal of maximizing ELBO, which is tractable and can be optimized
by stochastic gradient descent (SGD) [33].

ELBO(q) = −KL(q(w|θ)||p(w)) + Eq[log p(D|w)]

= Eq[log p(D,w)] − Eq[log q(w|θ)]

= Eq[log p(w)] + Eq[log p(D|w)] − Eq[log q(w|θ)]. (7)

Mean-field variational Bayes (MFVB) is a common approach for the choice of assumed distribu-
tion [29]. MFVB hypothesizes that the posteriors of network weights are a series of independent Gaussian
distributions, therefore,

q(w|θ) =

K
∏

i=1

N(wi|µi, σ
2
i ), (8)

where K is the number of the network weights. After obtaining the approximate distribution of the true
posterior, Markov chain Monte Carlo (MCMC) can be used to sample the parameters and then make
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Figure 3 (Color online) The overall process of our proposed scheme based on BNN.

inferences, as shown in

E[f ] ≈
1

N

N
∑

k=1

f(wk), (9)

where wk denotes the kth sample from the distribution, and N is the total number of samples.

3 Weight optimization by Bayesian neural network

When an MNN suffers from conductance drift, its weight will deviate from the original values, and the
possible weight values can be considered to follow some distribution. The actual weights can be viewed as
samples from the distribution. Coincidentally, the weights of BNN are not fixed but are subject to some
distribution. The difference is that the weight deviation caused by conductance drift is uncontrolled,
while the weight uncertainty in BNN is intentional. A natural idea is to use BNN to replace the original
neural network so that the model has better performance. However, compared with the deep neural
network, the training of BNN is relatively troublesome, and the model accuracy is usually lower than
that of the deep neural network [33].

Based on BNN, we propose a novel weight optimization and network ensemble scheme, which can
improve the network reliability in the case of weight drift. The overall process of the proposed scheme is
shown in Figure 3, in which the black block diagrams are the standard processing flow, and the red block
diagrams are our improved flow. First, a DNN model is trained as the process of ex-situ training. Then
a BNN with the same structure as the DNN is followed to optimize these weights before the quantization
operation. Finally, an ensemble approach is designed to simulate the sampling from the distribution.
This scheme not only retains the high accuracy of the DNN but also increases the network stability.

3.1 Ex-situ training

Firstly, network training is conducted following the ex-situ training method based on artificial neural
networks. However, some tricks are designed to make the model more compatible with the memristor
crossbar array. Since the weights need to be mapped to the crossbar array later, and the memristor
conductance value is within a certain range, the weights should also be restricted within a certain range.
Otherwise, individual weights that are too large would be truncated, or if all weights are retained,
too many weights will be concentrated in the lower quantization levels. Besides, because one pair of
memristors represent one weight in the crossbar array, the range of weights that can be represented by
memristors is positive and negative symmetric. The scope of network weights should also be symmetrical
to avoid the waste of the quantization levels. Therefore, constraints are added in the training process
to make the network weights evenly distributed between −W and W . The specific value of W can be
determined according to the actual model and dataset. In our experiments, it is uniformly set to 1.

3.2 Getting the fine-tuned weights using BNN

In general, we have no idea what the real distribution of the weight in the neural network is. The prior
distribution of weight is usually set as a unit Gaussian in the BNN training [33]. The weights obtained
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through DNN can make the network have good performance, so they can be regarded as appropriate
prior knowledge. These weights are used to replace the mean in the Gaussian distribution as

p(w) ∼ N(0, 1) ⇒ p(w) ∼ N(w∗
i , σ

2
i ), (10)

where w∗
i denotes the weight of the trained DNN and σi is the standard deviation that represents the

allowable range of weight drift. Such mean value initialization not only makes the model more accurate
but also makes the model convergence faster. After setting the mean values, VI and SGD methods
can be used to train the network. When the training is complete, the mean values µi are taken out
of the approximate distribution q(w|µi, σ

2
i ) as the optimized weights. The standard deviation σi of the

q distribution represents the actual allowable fluctuation range of the mean value. However, since the
conductance drift of the memristor is uncontrolled, these values are omitted.

3.3 Quantization

Before being mapped to the crossbar, the weights need to be quantized to adapt to the conductance
levels. Suppose the stable range of conductance values of the memristor is [Gstart, Gend]. Assuming
that the conductance value is divided into N levels, then the interval of conductance between each is
∆G = (Gstart − Gend)/N . Since one weight is represented by the difference between two conductance
values (G = G+ − G−), the range of weights that can be represented is [−N,N ]. Assuming that the
weight range before quantization is [Wmin,Wmax]. Let w and w′ be the weight values before and after
conversion, respectively. The mapping relationship is shown in

w′ = round
(w

S
+ Z

)

, where S =
Wmax −Wmin

2N
, Z = N −

Wmax

S
, (11)

and round() denotes the rounding function which returns the nearest integer of the input. When the
weight w′ is written to the crossbar array, the conductance values could be set as follows:

{

G+ = Gend + w′ ×∆G,

G− = Gend,
if w′

> 0,

{

G+ = Gend,

G− = Gend − w′ ×∆G,
if w′ < 0. (12)

The quantization method used in this paper is ordinary. Although some quantization methods can
improve the precision of the quantized network [34,35], these methods can be integrated into any network
deployment. To accurately evaluate the effectiveness of our proposed scheme and eliminate the impact
of other factors, this quantization method is used in this paper.

3.4 The design of ensemble network

When using BNN for inference, it is usually necessary to conduct ensembled inference through the MC
sample. When the optimized weights are written into the crossbar array, these weights will change due to
writing error, conductance drift, and other factors. It is equivalent to one sample from the distributions. In
this way, the network reliability is improved, but it does not take full advantage of the weight uncertainty
of BNN.

Therefore, we propose an ensemble network design approach to further improve the model performance.
A large network is replaced by several smaller networks, which are then used to simulate MC sampling.
The general ensemble approach needs to train multiple subnetworks, while our approach only needs to
train one subnetwork, which significantly reduces the training cost. Then, the weight change caused
by conductance drift is utilized to simulate the sampling progress, thus achieving integrated inference.
Splitting a big network into several small networks can improve the network reliability without consuming
more crossbar array hardware resources and training costs.

For example, if a neural network (A) containing one hidden layer with m hidden units needs to be
trained originally, whose input and output dimensions are n and o respectively. A small network (B)
with one hidden layer and k hidden units will be trained following the above method. The sizes of the
weight matrixes are changed from n×m and m× o to n×k and k× o. Then, the same m/k subnetworks
are mapped to the crossbar array respectively, where the change of the network structure from the input
layer to the hidden layer is shown in Figure 4, and the changes from the hidden layer to the output layer
are similar. Finally, the outputs of these networks are integrated by accumulation. Since the weight
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Figure 4 The schematic diagram designing of ensembled subnetworks.

deviation of each subnetwork will be different with the conductance drift, it is equivalent to sampling
m/k times from the distribution. Experiments show that this ensemble approach can greatly improve
network reliability.

4 Experiments

MNIST [36] data set is used to verify our proposed scheme. The MNIST training set contains 50000
images, and the test set contains 10000 images, which are consisted of 10 categories of handwritten
digits from 0 to 9. In this paper, experimental verification is carried out according to the two types of
conductance drift in Eq. (2). Fully-connected neural networks (FNN) and convolutional neural networks
(CNN) are used to verify the proposed scheme. For the convenience of description, the optimized network
using our proposed scheme is called Bayesian fully-connected neural networks (BFNN) and Bayesian
convolutional neural networks (BCNN), respectively. The weights are quantized to the levels from 4 to
10.

4.1 The first type of conductance drift

The first type of conductance drift is that the mean value of conductance distribution does not change,
that is, ∆wi ∼ N(0, σ2

1). In the experiment, the range of σ1 is set to [0, 1.0]. It should be noted that the
weight does not change when the value of σ1 is 0, which means the conductance value of the memristor
can accurately represent the quantized weight. Due to the existence of writing errors, this situation is
impossible. However, to observe the impact of weight drift on the accuracy, the case where σ1 is 0 is still
drawn. The proposed scheme is first evaluated on the neural networks containing one hidden layer.

Firstly, three FNNs with one hidden layer and 64128 and 256 hidden units were trained, whose input
layer units and output layer units were both 784 and 10, and their raw accuracies were 97.51%, 97.91%,
and 98.04%, respectively. Based on the three FNNs, three BFNNs were obtained through the proposed
scheme, whose accuracies (before quantization) were 96.42%, 96.41%, and 96.5%, respectively. Because
the weight changes are random, the accuracy will be different every time, even if the perturbation is
limited to the same magnitude. To accurately evaluate the network performance, the weights were
randomly perturbed 10-times for each case and the mean value and standard deviation of each set of
accuracies were recorded. The experimental results are shown in Figure 5 and Table 1.

In Figure 5, solid lines and dashed lines of the same color are used to represent the accuracies of
BFNN and FNN with the same quantitative levels, respectively. It can be seen that quantization reduces
the network accuracy slightly, and FNN is more severely affected than BFNN. And even the accuracy
of BFNN will, in turn, exceed that of FNN when the quantization level is small. When the number of
hidden units is 256, the quantization level is 4, and the standard deviation of weight deviation is 0.1,
the accuracy of BFNN improves the most compared with FNN, reaching 35.39%. When the number of
hidden units is 128, the quantization level is 10, and the standard deviation of weight deviation is 0.2,
the accuracy of BFNN decreases the most, which is 1.43%. In general, BFNNs have better stability, and
their accuracy is much better than FNNs when the weights change in the same order of magnitude. At
the same time, we found that the greater the number of hidden units, the more sensitive the network
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denote quantization levels.

Table 1 The standard deviations of the accuracies based on the network with 64 hidden unitsa)

Standard deviation FNN, 4 FNN, 6 FNN, 8 FNN, 10 BFNN, 4 BFNN, 6 BFNN, 8 BFNN, 10

0.1 0.0069 0.0017 0.0005 0.0009 0.0041 0.0015 0.0007 0.0008

0.2 0.0165 0.0023 0.0018 0.0016 0.0097 0.0022 0.0011 0.0012

0.3 0.0183 0.0124 0.0027 0.0021 0.0146 0.0044 0.0012 0.0023

0.4 0.0371 0.0188 0.0047 0.0028 0.0255 0.0061 0.0011 0.0032

0.5 0.0366 0.0181 0.0077 0.0083 0.027 0.0101 0.0026 0.0028

0.6 0.0594 0.0256 0.0191 0.0112 0.021 0.0095 0.006 0.0046

0.7 0.0497 0.0493 0.0135 0.0166 0.0355 0.0246 0.0105 0.0086

0.8 0.1136 0.0325 0.042 0.0206 0.0495 0.0288 0.0069 0.0176

0.9 0.0385 0.0565 0.0327 0.0187 0.0385 0.0382 0.0287 0.0143

1 0.0802 0.0479 0.056 0.029 0.0262 0.035 0.0193 0.0151

a) The smaller values between FNN and BFNN are marked in bold. Standard deviation means the standard deviation of the

distribution of weight deviation.

is to weight deviation, and bigger networks are more susceptible to weight drift. The bigger networks
usually have better accuracy but are more sensitive to conductance drift, so a balance between the two
should be considered in practical applications.

Table 1 shows the standard deviations of the accuracies for the network with 64 hidden units. It
can be seen that the accuracy fluctuation of BFNN is smaller than that of FNN. The range of the
standard deviations of BFNN is [0.0008, 0.0495], while the range of FNN is [0.0009, 0.1136]. Besides, for
the networks with 128 hidden units which is not listed due to space limitations, the range of BFNN and
FNN is [0.0005, 0.0901] and [0.0006, 0.115], respectively. While for the networks with 256 hidden units,
the range is [0.0006, 0.0719] and [0.0005, 0.0906], respectively. It indicates that the BFNN obtained by
our proposed scheme not only has better accuracy but also has smaller accuracy fluctuation and more
stable network performance.

In the experiment of Figure 5, σi of prior distribution p(w) in Eq. (10) is set as 0.2, which represents
the prior knowledge of the weight deviation range. The choice of the value of σi will also have an impact
on network performance. Experiments were conducted on FNNs with 128 hidden units. The quantization
level is 4, 7, and 10, and the σ value is 0.1, 0.15, 0.2, and 0.25, respectively.

The experimental results are shown in Figure 6. It can be seen that when the network quantization
level is small, a larger σ can make the network have more stable performance. While with the increase
of the quantization level, a large σ will make the network hard to train and reduce the accuracy, but it
still makes the network maintain higher stability when the weights have a large drift. Therefore, the size
of σ can be determined based on the quantization level and actual requirements.

Although a single BFNN can improve network reliability, it is equivalent to sampling only once from
the weight distribution, so there is still room for improvement. Therefore, an ensemble approach is
proposed to further improve the network performance. The FNN with 128 hidden units above is used as
the benchmark model, and then the effectiveness of the scheme is evaluated on the ensembled network of
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Figure 6 (Color online) Network performance with different σ of prior distribution, (a)–(c) are the experimental result when the

quantization level is 4, 7, 10, respectively.
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Figure 7 (Color online) The mean accuracies of enFNN and enBFNN with different hidden units. (a) 8×16; (b) 4×32; (c) 2×64.

The numbers in the legend denote quantization levels.

8×16, 4×32, 2×64, respectively, where M × N means that the network is composed of M subnetworks
with one hidden layer and N hidden units. Since the accuracy of the ensembled network composed of
multiple subnetworks will be higher than that of a single model, to prove our ensemble scheme could
indeed improve the network performance, the ensembled network composed of BFNN (called enBFNN)
is compared with the ensembled network composed of FNN (called enFNN). The experimental results
are shown in Figure 7.

Compared with the single network with 128 hidden units in Figure 5, the accuracy and stability of
all ensembled networks are improved. Moreover, compared with enFNN, the performance of enBFNN is
further improved. When there are fewer hidden units in the subnetwork, the accuracy of the ensembled
network will be slightly affected due to the limited-expression capacity of the single subnetwork. However,
as more subnetworks can be integrated into the same size hardware, the constructed enBFNN will have
better reliability. When there are more hidden units in the subnetwork, the result is just the opposite.
The accuracy of the ensembled network will be improved, but the stability will be decreased.

The effectiveness of the proposed scheme is also evaluated on CNN shown in Figure 8. A CNN which
consists of one convolutional layer (the kernel size is 3×3 and the channel number is 64) and one fully
connected layer was first trained. Then the proposed scheme was used to optimize the weights of the
CNN and obtain the corresponding BCNN. The original accuracies of the CNN and BCNN are 98.48%
and 97.47%, respectively. It can be seen that BCNN has better performance than CNN as shown in
Figure 8(a). Figure 8(b) shows the test result of the ensembled CNN and BCNN (called enCNN and
enBCNN), both of which consist of 4 subnetworks with 16 channels and 3×3 kernels. The ensembled
network has higher accuracies than the single network, while consuming crossbar array resources of the
same size. Like the ensembled BFNN, enBCNN can also further improve the performance of the network
compared with enCNN. These experiments illustrate that our proposed scheme is efficient not only for
FNN but also for CNN.
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Figure 8 (Color online) The effectiveness of the proposed scheme on CNN. (a) Single CNN and BCNN; (b) ensembled CNN and

BCNN.
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Figure 9 (Color online) The experimental results for the second type conductance drift. (a) Single network (FNN and BFNN);

(b) ensembled network (enFNN and enBFNN); (c) single network (CNN and BCNN); (d) ensembled network (enCNN and enBCNN).

4.2 The second type of conductance drift

There is the other tendency of the weight deviation caused by the conductance drift, that is, the overall
weight tends to decrease, which corresponds to ∆w2 ∼ N(µ2, σ

2
2) in Eq. (2). In the experiments, σ2 was

fixed to 0.1 and increased µ2 gradually. The proposed scheme was also evaluated on FNN and CNN,
respectively. The FNN consists of one hidden layer with 128 hidden units, and the CNN consists of one
convolution layer with 64 channels and 3×3 kernels. The enBFNN contains 8 subnetworks with 16 hidden
units, and the enBCNN contains 4 subnetworks with 16 channels. The experimental results are shown in
Figure 9.

It can be seen that the performance of BFNN and BCNN has been improved in different degrees
compared with FNN and CNN, and when the ensemble approach is employed, the performance of the
model is further enhanced. These experiments illustrate that our proposed scheme can also improve the
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model reliability for the second type of conductance drift. At the same time, we found that FNN is
more sensitive to the conductance drift of the second type, and its accuracy decreases rapidly with the
increase of conductance drift, while CNN is more robust to the decrease of weight. Maybe it is because
the overall deviation of the values of convolution kernels in the same direction does not affect its ability of
feature extraction. Only when the value of convolution kernel changes in different directions, its feature
extraction ability will be significantly reduced, just like the case of the first type of conductance drift. It
can be seen that the effect of the proposed scheme on the second type of conductance drift is not as good
as that on the first type of conductance drift. It may be because the assumption distribution used in the
training of BNN is positive and negative symmetric, and the impact of the second type of conductance
drift on the weight is unidirectional. Therefore, the effect will be slightly decreased.

5 Conclusion

In this paper, a novel scheme of weight optimization and network ensemble based on BNN has been
proposed to improve network performance. A series of experiments demonstrate the proposed scheme
can improve the reliability of a single network for the both types of conductance drift. Moreover, the
network performance is further improved through the ensembled network without increasing the training
cost or crossbar array resources. Our proposed weight optimization operation does not require additional
hardware support and can be easily integrated into the deployment of MNNs, providing a more reliable
guarantee for the hardware implementation of neuromorphic computing.
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