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Abstract—In this paper, an approach for increasing the
sustainability of inverter-based memristive neuromorphic circuits
in the presence of process variation is presented. The approach
works based on extracting the impact of process variations on the
neurons characteristics during the test phase through a proposed
algorithm. In this method, first, some combinations of inputs and
weights (based on the neuromorphic circuit structure) are injected
into the circuit and the features of the neurons are determined.
Next, these features which are back-annotated, are utilized in an
efficient ex-situ training approach to determine the proper weights
of the neurons. The approach provides a considerable
improvement in the output accuracy. To evaluate the effectiveness
of the proposed approach, some approximate applications are
studied using 90nm CMOS technology. The results of the study
reveal that using this framework provides, on average, 17X higher
output accuracy compared to the cases that the impact of the
process variation is not considered at all.

Keywords—Process Variation, Neuromorphic Computing, Training,
Testing.

1. INTRODUCTION

Huge streams of data, which are nowadays produced on a
regular basis, have to be processed so that they become
intelligible and usable [1]. To accomplish the aforementioned
goal, the data should be analyzed with sophisticated algorithms
such as recognition, clustering, classification, and
approximation. Processing this enormous size of information
raises the need for high speed and energy efficient processing
platforms. Accordingly, the issue of power consumption and
proficiency should be addressed carefully.

The brain is the most power efficient, robust, swift, and highly
parallelized organ in the body. Hence, plenty of endeavors at
various levels of abstractions have focused on discovering
capabilities of the human brain. Consequently, “Neuromorphic
Computing” — a brand new (approximate computing)
architecture — has emerged. The architecture involves two sub-
disciplines. First one, known as “Machine Learning”, is based
on Classical Neural Networks (Classical NNs) and proposes an
analytical model to emulate the functionality of the the brain.
The second one tries not only to simulate brain’s functionality,
but to mimic the brain, and its biological neurons as well [2]. In
the latter approach, information is coded as a combination of
spikes. Thus, the resulting designs such as Spiking Neural
Networks (SNNis) are highly energy efficient. Additionally, they
provide more promising learning algorithms in the sense of
continuous training, while the system is under execution (on-line
learning). On the other hand, classical NNs are more mature and
offer higher accuracy. Furthermore, if area cost constraints are
imposed, classical NNs yield more area/energy efficiency
compared to the SNNs [2]. Analog implementation of the
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classical NNs is becoming popular due to its improved speed and
energy efficiency when it is exploited as an accelerator as a
companion to conventional processors [3].

Synapses and neurons are two main constituents of neural
networks. Synapses have weights whereas neurons have
activation functions [4]. Low power consumption, resistive
plasticity, as well as dense fabrication make the memristor a
promising element for use in the analog implementation of the
synapse [5]. Synapses could be implemented in various ways,
among them, the memristor crossbar is a widely accepted
solution for realizing synaptic arrays. There are various options
to implement a neuron, three of which are analog comparator
[6], operational amplifier (op-amp) [7], and inverter [8]. Among
these implementations, the one based on inverter not only can
operate at a lower energy level, compared to comparator or op-
amp, but it also could be fabricated in a denser fashion.

Despite the fact that physical scaling according to Moore’s
law has resulted in many advantages (e.g., lower operating
voltage, higher switching speed, and smaller area/power
consumption) in sub-100nm technologies, it has also elevated
the significance of manufacturing process imperfections in the
form of “process variations.” In “sur-100nm” technologies,
employing nominal transistor parameters may be considered as
a valid assumption in designing a VLSI circuit. However,
significant variations in transistor parameters, which have
ensued from both manufacturing imprecisions and the
complicated  fabrication  processes,  invalidate  the
aforementioned assumption. Disparity in transistor’s physical
and electrical parameters translates into uncertainties in delay
and energy consumption of logic gates and VLSI circuits [9].
Therefore, like any other circuit implemented in sub-100nm
technologies, neuromorphic circuits are vulnerable to process
variations as well. In this case, if the weights of the synapses are
determined before manufacturing the chip (i.e., ex-situ training)
and based on the nominal transistors parameters, the output
accuracy of the neuromorphic chip may be adversely affected.
Note that one may employ in-situ training approach and extract
the weights of the neurons after the chip is manufactured [6].
However, this approach is considerably more time consuming
and effort intensive due to many access needed until the learning
algorithm could converge to a (near-)optimum solution.
Accessing the manufactured circuit during test phase has been
reported as a solution to find the uncertainty of circuit
components due to the process variation. In [10], an approach
for extracting the impact of the process variations on the
memristor crossbar of the neuromorphic chip has been
presented. This approach is applied during the test phase, and
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based on the collected information synaptic weights are mapped
to proper places in a memristor crossbar.

In this work, we propose an approach to rapidly adjust the
weights of the manufactured inverter-based memristive
neuromorphic chips during the test phase for improving output
accuracy. In this approach, first, the impact of process variations
on the characteristics of the neurons is determined by applying
some inputs and weights to the neuromorphic circuit while
considering the circuit structure for each chip. Next, by applying
a fast ex-situ training, based on the extracted information from
the neurons, proper weights are determined. Finally, these
weights are deployed on the chip. In order to assess the efficacy
of the proposed framework, its impact on improving the
accuracy of some approximate applications in the presence of
process variation is studied.

The rest of the paper is organized as follows. In Section II, the
impact of the process variation on synapses and neurons
comprehensively is studied. Our proposed approach to improve
the output quality of the neuromorphic chips in the presence of
process variation is presented in Section III. In Section IV, the
efficacy of the proposed approach is evaluated under different
approximate applications. Finally, the paper is concluded in
Section V.

II. IMPACT OF PROCESS VARIATION

In neural networks, neuron type (i.e., activation function) and
network topology (i.e., number of layers and number of neurons
in each one) are two systematic parameters which are
determined based on the application type, distribution of inputs,
and choice of the learning algorithm [11]. After deciding about
these two parameters, the neural network is ready to be trained
by an adequate amount size of training dataset until an
acceptable output error rate is achieved (assuming that the
training process converges). In the learning process, weights are
tuned in such a way that the overall error of the network in
response to the training dataset becomes as low as possible.
After manufacturing the chip and during runtime, when the new
unseen data is fed to the network, the output is guaranteed to be
at its lowest possible cost (minimum error) when characteristics
of the network components (i.e., weights and activation
functions) remain exactly the same as the ones derived in
training phase. When the determined weights from ex-situ
training (off the chip) are applied to the manufactured
neuromorphic chip, any deviation in the behavior of circuit
components (e.g., inverter and memristor physical
characteristics) may lead to sizeable accuracy loss. From a
system level perspective, inverter represents activation function
and memristors represent synaptic weights. Hence, in the rest of
this section, we conduct two system-level studies to find the
impact of the process variations on the output accuracy of the
inverter-based memristive neuromorphic circuits. Fig. 1 shows
the internal structure of this type of neuromorphic circuit. For
implementing negative weights, the positive and negative of
each input (differential input) is employed. Hence, a neuron in
this structure consists of a chain of two inverters where the
output of the first (second) inverter is considered as the positive
(negative) input of the next layer. Note that neurons in the output
layer only consist of one inverter.

The impact of the process variation on memristors [12] leads
to weight fluctuations in networks. Thus, to show the effect of
this uncertainty on the accuracy of the neuromorphic circuit, we
add random noises to all the weights of the neurons of network
and measure the network error in the presence of these changes.
The noisy weight is defined by

Weightyoisy = Weightyomina X (1 + 0 X X) (1)

where X is a normally distributed random number (X~N{[0,1]),
and o is the standard deviation of the considered noise. This study has
been performed on a system-level model of the circuits for a
number of benchmarks. For this study, considered weight
variations (i.e., o) are 5%, 15% and 25%, and in each weight
variation, 1500 samples of the network are trained.
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Fig. 1. A 2-layer inverter-based memristive neuromorphic circuit with two
nputs.

When the inverter is employed as the neuron, the activation
function of the neuron is modeled by hyperbolic tangent
function defined by

f(x) =a+ b xtanh((x —c) X d) 2)
where a, b, ¢ and d are constant values that should be
determined based on the Voltage Transfer Characteristic (VTC)
of the corresponding inverter. Therefore, to extract the impact of
the process variation on the neurons, first, we modeled the
impact of the process variation on the VTC of the inverter in
90nm technology by using Monte-Carlo HSPICE simulation.
Accordingly, a library containing 1500 VTC samples and their
corresponding fitted hyperbolic tangent functions have been
generated. Then, 1500 system-level samples of the network have
been modeled where the activation functions of neurons have
been selected randomly from the generated library. Eventually,
each network was trained. Note that for this study, we assumed
5% physical parameter variation (i.e.,a /u) for the transistors of
each inverter.

The Mean Square Error (MSE) of the outputs of the networks
in these two studies are illustrated in Fig. 2. As the results show,
the variation of the activation function has a significantly larger
impact on the accuracy of the network outputs compared to that
of weights. Note that to mitigate the impact of process variation
on a memristive crossbar, one may utilize the techniques
proposed by [12]-[14]. In this work, we focus on considering
the impact of the process variations on the physical parameters
of neurons.
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III. PROPOSED FRAMEWORK

The learning problem for the neural networks is NP-complete
[15], and algorithms such as backpropagation, can only
determine local optima. Additionally, due to the process
variations, activation functions of neurons are not deterministic.
As a result, the activation functions should be statistically
emulated in learning algorithm, which makes the learning
problem more complex. Therefore, determining a set of weights
that would lead to minimum output error for all manufactured
neural network chips is a formidable task. Characterizing
activation functions after chip manufacturing may lead to
improving the quality of training, and hence, we propose a two-
step approach. In the first step neuron characteristics (i.e., VTC)
from the manufactured chip are extracted, and in the second
step, synaptic weights of the neuromorphic computing chip are
adjusted based on the extracted information. In the following
sub-sections, the details of these two steps are provided.
A. Extracting neuron characteristics

In order to extract the VTC of the neurons, we propose an
algorithm, which its pseudo-code is presented in Fig. 3. In this
algorithm by applying a variety of weights and inputs, and
observing NN outputs, the VTCs of neurons are determined. The
algorithm starts from neurons in the output layer, due to the
observability of their outputs. The output of the j# neuron in i”
layer (aj‘:) is defined by

aJ‘: = U(Z Wjika,i(_1 + B'bY) 3)
3

where o is the activation function, W]-ik is the weight from the k"
neuron in the (i — 1) layer to the j* neuron in the i* layer. Also,
b! is the bias in the i layer and S is its corresponding weight.
In this work, Vp /2 is considered for the bias (b?) in all layers.
Since, b' is a predefined value and nearly constant, to capture
the activation function of each output neuron, we suggest to set
the all incoming weights to the last layer (w’) to zero. Hence,
the output of the neuron (in the output layer) becomes o (BLb%).
Now, by applying some values to bias-connected weight and
extracting tuples of (a®, BL), the neuron activation functions in
the output layer can be determined by curve fitting (see Fig.
4(a)). Note that as the output of all neurons in the output layer
are observable, we can extract the VTCs of all the neurons in
this layer simultaneously.

As mentioned earlier, the activation function in the inverter-
based neural network is modeled by a hyperbolic tangent

function where the VTC of the positive and negative output of
an inverter-based neuron in the considered 90nm technology is
depicted in Fig. 5.

1:  Setto ‘0’ all the input weights of the output layer

2: Sweep B From Bpgyp t0 Bininyp by resolution a,,

3: Observe outputs

4:  End Sweep

5:  Extract the activation functions

6:  For each hidden layer, except the first hidden layer

7 Do

8: Select &; neurons

9: Set the proper weights to generate paths from the selected

neurons to the output layer

10: Sweep £ : From Bz t0 Binyp by resolution a,,

11: Observe outputs

12: End Sweep

13: Extract the activation functions

14: Set the proper weights to generate paths from the selected

neurons to the output layer

15: Sweep A" : From Byaxn t0 Bminn bY resolution a;,

16: Observe outputs

17: End Sweep

18: Extract the activation functions

19: Till all the neurons in the hidden layer are observed

20: End For

21: Do

22: Select &; neurons from first layer

23: Set the proper weights to generate paths from the selected
neurons to the output layer

24: Sweep a’ : From By 0 Biin, by resolution a,,

25: Observe outputs

26: End Sweep

27: Extract the activation functions

28: Set the proper weights to generate paths from the selected
neurons to the output layer

29: Sweep a' : From Baxn t0 Brinn by resolution a;,

30: Observe outputs

31: End Sweep

32: Extract the activation functions

33: Till all the neurons in the first hidden layer are observed

Fig. 3. Pseudo code of the proposed VTC extraction algorithm
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Fig. 4. Examples of the processing the VTC extractions of (a) neurons in output
layer, (b) a neuron in hidden layer, (c) two neurons in hidden layer, and (d) a
neuron in first hidden layer.

To determine the VTC curve and specifically the shape of
inverters state change more accurately, we suggest to sweep
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around the state change. Due to the process variations, the
steepness of the state change is altered. Thus, the range for
sweeping S (e.g., [Bmins Bmax]) should be calculated for the
worst-case, which could be determined before the chip
manufacturing by estimating the process variation impact. Also,
as the VTCs in Fig. 5 show, since the state change of the positive
output of inverter-based neuron is smoother, the steps of the 5
sweep could be larger compared to the negative one. Hence, in
this work, we consider two different sweep steps (resolution) for
negative and positive outputs of neurons, which are denoted by
an and a,,, respectively. Note that the resolution for sweeping
the weights impacts the accuracy of the fitted hyperbolic
tangent, and subsequently, the accuracy of the neural network.
On the other hand, increasing the resolution leads to an
elongation of the process of extracting the VTCs. In this regard,
we should apply weights — to extract VICs — as fewer as
possible with acceptable accuracy loss. As an example, Fig. 6
shows the accuracy of the fitted functions to the positive and
negative outputs of neurons in 90nm technology under different
resolutions. Based on the reported accuracies, in this work, we
consider a,, = 0.06 and a,, = 0.004 resolutions for sweeping
the weights.

negative output
positive output

Cimiput il w

Input Voltage(V)
Fig. 5. VTCs of negative and positive outputs of the inverter-based neuron.
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Fig. 6. Accuracy of fitted VTCs based on different sweeping resolutions. a,, =
a,/2.5.

In order to extract the activation functions of the neurons in
hidden layers, except the ones in the first hidden layer, we use a
similar approach, which is used in the output layer. However,
because the output of these neurons are not directly observable,
we should pass their outputs to the primary outputs of the
network though a path of neurons generated by applying proper
weights. To pass the output of a neuron (e.g., a} ) to the output

of a neuron in the next layer (e.g., ajf' 1), the weights of all the

incoming nodes of a}fr ! except the one which comes from aj

should be set to zero, while the one which comes from a}' (ie.,
Wji;;l) should be set to one.

As an example, Fig. 4(b), depicts application of the proposed
approach to a neuron in hidden layer. In this example, the output

of the i node is oy (aj(ai(wbxb))). Based on this, before

determining o;, g; should be determined. Considering this, to
extract the VTC of neurons of each layer, the activation
functions of neurons in the next layer have to be determined.
Thus, for neurons in the hidden layer, we start from the neurons
of the last hidden layer. In the proposed algorithm, the result of
B sweeping is observed from the outputs of neurons in output
layer. Therefore, for each neuron in hidden layers, we should
follow a unique path to get to a neuron in the output layer.
Consequently, in i hidden layer, we are able to extract the
VTCs of §; neurons simultaneously. ¢; is defined by

$i = min(Npi41, .. N1, No) “)
where Ny (Ny, ;) denotes the number of the neurons in the output
(i" hidden) layer. Also, Ny, indicates the number of neurons in
the last hidden layer. Note that there should not be any common
nodes in the paths of nodes, whose VTCs are being extracted.
As an example, Fig. 4(c) shows the paths for extracting the
VTCs of two nodes in a hidden layer.

For deploying a new weight, resistance of the corresponding
memristor should be changed. Changing the resistance of
memristor is time consuming due to its writing difficulty [8].
Hence, for the first hidden layer owing to accessibility to their
inputs, we suggest to sweep the input value (e.g., a}) instead of
the weight. Thus, first, similar to the other hidden layers, a path
from the neuron (whose VTC should be extracted, e.g., j”
neuron) to a neuron of the output layer is assigned. Next, weight
from an input (e.g., wl-zj) is set to one, and the weights of other
inputs to the neuron are set to zero. Then, the a} is swept (similar
to weight sweeping), and the output of the path is observed. Fig.
4(d) shows an example of sweeping of a neuron in first hidden
layer.

Based on the above discussion, the number of times that the
proposed approach accesses the chip to extract the VTCs of
neurons is as follows:

e Number of accesses for extracting the VTCs of
neurons in the output layer:

ACCL — [ﬂmax,pa_ Bmin,pl (5)
D

where, Baxp (Bminyp) is the maximum (minimum)
considered value for the bias weight to determine the
VTC of positive output of neuron.

e Number of accesses for extracting the VTCs of
neurons in hidden layers

TN,
ACCsz ;"
i=1 Ot

x ([.Bmax,p - Bmin,p} (6)

ap

N [Bmax,na— ﬁmin,nD
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where Lpaxn (Bminn) 1S the maximum (minimum)
considered value for bias weight to determine the VTC
of negative output of neuron. This formula includes
the number of access for extracting the VTC of the
neurons in the first layer where instead of weights, the
inputs are swept.

Note that in each access a set of weights (inputs) are applied

and the outputs of the network are observed.

B. Training

After determining neuron activation functions, the network
should be trained and proper weights should be computed.
Backpropagation is an algorithm which is widely used in
training Classical NNs [2]. The backpropagation algorithm
employs the gradient descent optimization approach to minimize
the cost function and determine the network weights [4]. The
cost function may be defined by:

= Z(af — B .

where E] is the expected output of the j™ neuron of the last layer.
In conventional networks using backpropagation, the activation
functions of all neurons are considered to be the same [4].
Considering a predefined activation function for all neurons is
not applicable in current technologies, since process variation
impacts the activation functions. Therefore, in this work we
suggest to consider neurons with different activation functions
in a neural network. The output of the j neuron in i layer in
this case is defined by

af = o{ () whal " + Fb) ©
k

where aji is the activation function of the j neuron in i layer.
By using this model, the manufactured chip could be trained.
Since the training should be performed for each manufactured
chip individually, the test time increases significantly. In order
to address the long test time issue, we propose to reduce the
search space for calculating each synaptic weight to a bounded
range around a pre-calculated nominal weight. This restriction
speeds up training while it may decrease the quality of training.
For restricting the weight values — during the training, we define
the r function as follows:

i i 1—e™k
r(wh) = Vi x{1+yx " ©)
e

where V]Lk is the nominal weight from the k" neuron in the

(i — 1)*Mayer to the j” neuron in the i layer and y is the
restriction parameter (y € [0, 0)) which is defined by the user.
Increasing the parameter y leads to larger search space and
consequently, smaller accuracy loss. Note that in the proposed
backpropagation algorithm, the initial weights for the training
are the nominal weights. As an example, Fig. 7 shows the output
of function » when the Vj’}(is 0.5 under different y values.

To apply the proposed range bounding approach during the
backpropagation algorithm, the output model of neuron (i.e., (8))
is modified as follows:

aj = @i(zr(w}k)a:;‘l +B'bY) (10)
k

As stated above, the y value impacts accuracy of the network
as well as training runtime. To study the y value impact, 1500
neural network samples for the FFT benchmark (from Axbench
package[16]) in the presence of process variation were trained
by employing the proposed training technique. The average of
accuracies and runtimes are reported in the Fig. 8. As the results
show, by decreasing the y value, the training run-time is reduced
at the cost of some accuracy loss. In the rest of this work, without
loss of generality, we consider a value of 1.5 for parameter y.
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Fig. 7. Restriction function output for Vjﬁc = 0.5 and for different value of y.
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Fig. 8. The average accuracy and runtime of proposed training for FFT
application under different y values.

IV. EXPERIMENTAL RESULTS

To assess the efficacy of the proposed approach, we have
applied it on five benchmarks from the Axbench benchmark
package. Table. I shows the type, training dataset, topology of
their corresponding neural network, and the MSE of the trained
network without considering the process variation. For modeling
process variation, we assumed 5% normalized variation (i.e.,
o/p) for the physical parameters of the transistors. The neurons
were implemented in the 90nm CMOS technology. To model
the impact of the process variation on their VTCs, HSPICE tool
was employed. For each benchmark, we modeled 1500 chip
samples. Note that the proposed restricted training algorithm
was implemented by MATLAB tool.

Fig. 9 shows the accuracies of the neuromorphic chips of the
studied applications by considering the impact of the process
variation in two cases. In the first case, the nominal weights are
applied while in the second case the proposed approach has been
employed. As the results show, using the proposed approach
leads to nearly 17X higher accuracy. Note that the process
variation leads to lower accuracy, on average, by a factor of 308
compared to the case that nominal weight values were achieved

444 2017 Design, Automation and Test in Europe (DATE)



(see Table I and Figure. 9). However, by utilizing the proposed
approach, the accuracy loss is decreased to a factor of 18 only,
which proves the significant positive impact of the proposed
approach on improving the accuracy.

Finally, Fig. 10 compares the number of accesses to the chips
in the in-situ training approach and in the proposed approach. As
the results show, the proposed approach, on average, leads to
123X fewer accesses to the chip. Furthermore, in every access
to chip, the in-situ approach changes all of the network weights,
whereas in our proposed approach, in most of cases, only up to
Ny — number of the neurons in the output layer — weights are
altered. Thus, the proposed approach is considerably faster than
in-situ training.

TABLE . THE EVALUATED BENCHMARKS, THE NETWORK TOPOLOGY AND THEIR
NOMINAL ERROR IN THE ABSENCE OF PROCESS VARIATION.

Application Type Training Dataset NN topology MSE

Signal 32768 Random Floating

FET Processing Point Numbers 1=8-2 0-4e-4
sobel Image ' One 512x512 Pixel 981 193
Processing Color Image
Kkmeans Machl_ne 50000 Pairs of Random 681 1.0c-4
Learning  (r, g, b) Values
Financial 16384 Data Point from
blacksholes Analysis  PARSEC 6—6—1 2.8¢-4
inversek2j  Robotics 10000_(x, ) Random 2—12-2 1.11e-3
Coordinates
® Employing Nominal Weights
6.E-02
m Proposed approach
4.89E-02 4.89E-02
5.E-02 4.64E-02
422602
4E-02
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Fig. 9. The accuaracies of neuromorphic chips of different approximate
applications in the presence of process variation under two approaches.
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Figure 10. Number of access to chip in our proposed algorithm compared to the
in-situe training approach under different approaximate applications.

V. CONCLUSION

In this paper, we proposed an approach to increase the
accuracy of the inverter-based memristive neuromorphic
circuits in the presence of process variation. This approach had
two steps and applied after manufacturing the chip and during
the test phase. In the first step of the proposed approach, the
characteristics of the neurons have been extracted and in the
next step, each neuromorphic chip has been trained by
employing a fast and efficient ex-situ training. To evaluate the
efficacy of the proposed approach, we have studied it on some
approximate applications. The results revealed that this
approach provides, on average, 123X smaller access to chip
compared to the in-situ training.
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