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OCTAN: An On-Chip Training Algorithm for
Memristive Neuromorphic Circuits

Mohammad Ansari , Arash Fayyazi , Mehdi Kamal , Ali Afzali-Kusha , and Massoud Pedram

Abstract— In this paper, we propose a hardware friendly
On-Chip Training Algorithm for the memristive Neuromorphic
circuits (OCTAN). Although the proposed algorithm has a
simple hardware like that of the random weight change (RWC)
algorithm, it is much more efficient in terms of convergence
speed and accuracy. In this algorithm, weights of the circuit
are updated individually by a small value and the effect of
individual weight update is assessed. If the weight change causes
an increase in the error of the network, the weight update is
reversed by applying the same change in the reverse direction
twice. The usefulness of the proposed algorithm is verified by
training some neuromorphic circuits for different applications.
Compared to RWC and stochastic least-mean-squares (SLMS)
training algorithms, our proposed algorithm needs, on average,
329× fewer epochs to find the minimum error point. Moreover,
the accuracy of the networks trained by OCTAN is, on average,
about 46% higher than those of RWC and SLMS algorithms.
Additionally, a hardware for OCTAN is presented. This hardware
provides a speedup of 172× (61×) compared to that of the
RWC (SLMS) algorithm. Finally, the impact of PVT (process,
voltage, and temperature) variations is studied on the proposed
training hardware indicating an average training error increase
of less than 3.27% in the presence of variations.

Index Terms— On-chip training, online learning, neuromorphic
computing, memristor.

I. INTRODUCTION

PERFORMANCE and energy-efficiency are among the
most critical design parameters of any processor to be

included in portable devices such as laptops, smart phones,
and tablets [1], [2]. Recent advances in machine learning have
opened up new venues to improve the efficiency of processors
used for pattern recognition, object classification, and signal
processing [3]. Approaches used in these processors are based
on artificial neural networks (ANN). The networks may be
used to realize processors which are inspired by the brain
operation and, hence, referred to as neuromorphic processors.
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Among neuromorphic processors, ANNs show much better
energy efficiency in large scale designs as compared to the
spiking neural networks (which use neuroscientific learning
methods such as spike timing dependent plasticity) [4]. There
are two types of hardware implementations for the ANNs:
analog and digital. The analog artificial neural networks are
often faster and more power efficient compared to the digital
implementations [4].

In ANNs, synapses are important parts determining the
impacts (weights) of the inputs on the output. Recently,
a circuit element called memristor has been introduced for the
analog implementation of synapses. These devices are resistors
which conductance values are controlled by current or voltage
previously applied to them [5], [6]. The non-volatile nature,
low power consumption, dense layout, and plasticity in their
resistance [6] have opened the opportunity for the hardware
realization of ANNs using a crossbar array of memristors.
For example, the proposed memristor device in [7] has a size
of 50nm×50nm, on/off ratio of ∼ 106, endurance of >108,
switching speed of <10ns, and data retention of ∼ 7 years [7].

One of the primary challenges in realizing large scale
memristive neuromorphic processors is the convergence speed
of the network during a training phase (i.e., finding the
weights of the network such that its outputs approach their
desired values). The convergence speed is in turn affected
by the choice of the learning algorithm. Additionally, the
inherent precision limitation of analog synapses exacerbates
the problem. The output accuracy and robustness requirements
further increase the complexity of memristive neuromorphic
processor designs [8], [9]. This makes identifying and using
an effective and accurate training algorithm crucial in the
hardware design of these processors.

The backpropagation (BP) algorithm is considered as
the most powerful learning algorithm for neural net-
works [10], [11]. This algorithm, however, is not suitable for
analog implementation as it requires circuitry for calculating
the derivative of the activation function, multiplication, and
extra blocks for the error back-propagation. An example of a
hardware implementation of the standard BP scheme has been
discussed in [12]. Another gradient-based training algorithm
which is used widely is stochastic gradient descent (SGD).
SGD simply does away with the expectation in the weight
update and computes the gradient of the parameters using
only a single or a few training examples. In [13], a multi-
layer memristive network was trained using on-chip SGD to
classify handwritten digits in MNIST dataset. These works
assume that the control signals required for the training are
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provided from an external unit. No circuit implementation
is provided for this external unit where MATLAB is actu-
ally used for training the network. In addition, a hardware
architecture for training memristive crossbar-based neural
networks is proposed in [14]. It utilizes dedicated digital
and analog blocks (such as multiplier, reconfigurable sense
amplifier, preprocessors for calculating the derivations) for
implementing the BP algorithm in the hardware. These blocks
impose a large hardware overhead in the realization of the
network.

Stochastic least-mean-squares (SLMS) algorithm has also
been suggested in [15] and [16]. In this algorithm, the need for
an analog multiplier is eliminated. This is performed by trans-
forming analog variables to stochastic bit streams obtained
from the Bernoulli distributions whose variable values had the
property of digital values. Thus, in the implementation, the
weight values are updated by a constant magnitude. One of
the drawbacks of the SLMS algorithm is that its accuracy is
inversely proportional to the number of hidden layers. This
originates from the fact that weights between the input and
hidden layers as well as between hidden layers themselves
are fixed random values where the algorithm has no control
over them. This makes the SLMS algorithm effective for appli-
cations where the network may be trained without requiring
hidden layers. This leads to a simple hardware implementation
for the network where only comparators and small amount of
digital logic gates are required.

Other research groups have utilized an approximation of
the gradient for proposing several simpler training methods for
hardware implementation of the network (see, e.g., [17]–[19]).
A major representative of the work in this category is Ran-
dom Weight Change (RWC) algorithm [19]–[21]. In [22]
and [23], a circuit-based RWC learning algorithm architecture
is proposed. In RWC algorithm, the weight of each synapse
is changed randomly by a fixed amount at each iteration
requiring only simple random number generator circuits. This
makes its hardware considerably simpler than that of the BP
algorithm. The algorithm, however, suffers from a very slow
convergence owing to the use of random numbers as the
gradient steps.

In the present work, we propose On-Chip Training Algo-
rithm for memristive Neuromorphic circuits (OCTAN) with
focus on online mode learning. In this algorithm, the weights
of the circuit (memristor states) are updated individually by
a small value and the effect of individual weight update is
assessed immediately after the write operation. If the weight
change causes an increase in the error of the network, the
weight update is reversed by applying the same change in
the reverse direction twice. The capability of the algorithm
to observe the circuit non-idealities (such as variations in
memristors and CMOS devices and sneak-path problem [24]),
it is suitable for applications which require a high tolerance
to these imperfections.

Contributions of this work are listed next.
1) Proposing a hardware friendly training algorithm to

improve the convergence speed compared to the state-
of-the-art stochastic and gradient approximation training
algorithms.

2) Reducing the sensitivity to process variations by intro-
ducing an on-chip error monitoring hardware verifying
the error of the circuit immediately after each weight
update.

3) Providing a hardware of the proposed training algorithm
with a rather small area overhead.

4) Assessing the effect of the process variation and other
non-ideal conditions on the training accuracy and con-
vergence speed.

The rest of the paper is organized as follows. Section II
describes the details of the proposed training algorithm as well
as its hardware implementation. The efficacy and accuracy
of the proposed training algorithm and the characteristics of
its hardware are studied in Section III. Finally, the paper is
concluded in Section IV.

II. PROPOSED TRAINING ALGORITHM AND ITS

HARDWARE IMPLEMENTATION

A. The Memristive Circuit

Before proposing the training algorithm and its hardware,
we present the configuration of the memristive neuromorphic
circuit used throughout this paper. It is noteworthy that the
application of OCTAN is not limited to this type of memristive
circuits and OCTAN can be applied to other types of mem-
ristive or even non-memristive neuromorphic circuits (as well
as the circuits based on Deep Neural Network (DNN)). Here,
the memristive crossbar-based circuit with CMOS inverters
discussed in [24] is considered. The circuit, which is shown
in Fig. 1, has a better performance, power consumption, energy
efficiency, and area in comparison to other memristive neuro-
morphic circuits such as op-amp based ones (see, e.g., [25]).
For this circuit, the dot-product operation is performed in the
memristive crossbar while the inverters carry out the nonlinear
operation of the neuron considered as the activation function
(note that the outputs of the inverter-based neural network are
analog). The circuit, which has differential inputs, makes use
of two memristors per weight for implementing both negative
and positive weights. The voltage of the inverter input could
be expressed as

Vnet j =
∑N

i=1

(
Vip σ j i p

+ Vin σ j in

)

∑N
i=1

(
σ j i p

+ σ j in

) (1)

where vi p (vin ) is the voltage of the i th non-inverted (inverted)
input, σ j i p

(σ j in
) is the conductance of the memristor located

in the non-inverted (inverted) row i and column j , N is the
number of inputs of this layer, and Vnet j is the voltage of the
node net j (the input of the inverter of column j). This voltage
may be considered as the weighted sum of the inputs. The
inverter voltage transfer characteristics (VTC) has the form of
a scaled sigmoid function, which acts as the neuron activation
function. To provide differential inputs for the next layer, two
inverters are used at the output of each layer (except the last
layer). It should be noted that for the classifier ANNs, each
output of the memristive ANN circuit (e.g. O1, O2, and O3
in Fig. 1) corresponds to one of the output classes and has a
digital value of either logical “0” or logical “1”. In the case of
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Fig. 1. A sample two-layer inverter-based memristive ANN with two inputs,
three hidden neurons, and three outputs (2 → 3 → 3 network implemented
using 6 × 3 and 8 × 3 memristive crossbars).

Fig. 2. Pseudo code of the propsoed training algorithm.

function approximation applications, however, the outputs of
ANNs are analog and an analog-to-digital converter is needed
to digitalize their outputs [26].

B. Proposed Training Algorithm

The proposed training algorithm is based on altering the
memristor conductance by applying write pulses to the mem-
ristors, and subsequently, measuring the output error for each
training sample. In OCTAN, the focus has been on sim-
plifying the algorithm to reduce the hardware required for
implementing the training algorithm whose pseudo code is
shown in Fig. 2. Also, Table I compares the characteristics
of OCTAN algorithm with those of BP, RWC, and SLMS
algorithms. Among these algorithms, BP can find the exact
local minimum and has the highest hardware complexity since

TABLE I

CHARACTERISTICS OF OCTAN, BP, RWC,
AND SLMS TRAINING ALGORITHMS

it needs building blocks for derivation and multiplication.
On the other hand, SLMS, which only updates the weights
of the output layer, has the lowest hardware complexity.
Both of OCTAN and RWC, update all of the weights of the
ANN, however, do not need hardware for multiplication and
derivation, therefore, they have relatively medium hardware
complexity. In OCTAN, first, to reduce the loading effect of
the memristors [24] and power consumption of the circuit, all
of the memristors are reset to a random high resistance (small
conductance) state by applying a long negative pulse to the
memristors (∼10ns). This implies that the initial direction of
weight updating is increasing the conductance values which
is performed by applying a short positive pulse to the target
memristor.

Before changing weights of the circuit, the error of the
circuit is measured. The error for the kth training sample is
defined by:

Errk =
M∑

i=1

|t ik − oik | (2)

where M is the number of outputs, tik is the i th element
of the target set for the applied input set and oik is the i th

output of the circuit for this input set. Since we do not use
the derivative of the error in the training algorithm, there is
no need to calculate the mean square error.

In the next step, if the calculated error is not satisfying the
accuracy requirements, for each memristor, a positive (nega-
tive) pulse is applied to increase (decrease) its conductance
based on the weight updating rule. The current error of the
circuit is then recalculated and compared with the previous
error of the circuit to make the proper decision. By iterating the
procedure for a specific dataset, the circuit is trained and the
overall error of the circuit is lowered. The iterative procedure
is continued until the error becomes equal or less that the
target value or the number of iterations exceeds the limit.

C. Proof of the Efficacy of the OCTAN Approach

To train the ANN, the cost function (or the total energy of
network, E) must be minimized using the gradient with respect
to each weight. This can be evaluated using the gradient
approximation method of forward finite difference defined
as [27]

∂ E

∂wl
i j

= �E

�pertw
l
i j

+ O(�pert w
l
i j ) (3)

where wl
i j is the weight between the j th neuron of previous

layer (l − 1) and the i th neuron of the current layer (l),
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�pertw
l
i j is the perturbation, and O

(
�pertw

l
i j

)
is the rep-

resentation of the higher order terms of the approximation.
By expanding �E in (2), and assuming that O(�pertw

l
i j ) is

small, the gradient is written as,

∂ E

∂wl
i j

=
E

(
wl

i j + �pertw
l
i j

)
− E(wl

i j )

�pertw
l
i j

(4)

Now, the weight updating rule could be defined by

wl
i j new = wl

i j old − η
∂ E

∂wl
i j

(5)

η
∂ E

∂wl
i j

= η

�pertw
l
i j

(
E

(
wl

i j + �pertw
l
i j

)
− E

(
wl

i j

))
(6)

where wl
i j new is the weight after updating, wl

i j old is the weight

before updating, and η is the learning rate. The term η ∂E
∂wl

i j
is

considered as a weight updating value, which is represented
by �wl

i j . Note that η and �pertw
l
i j are constants.

In our memristive array, weights (synapses) are the conduc-
tances of the memristors, and the amount of the perturbation
is assumed to be δ. In (5), when E

(
wl

i j + �pertw
l
i j

)
is

less (more) thanE
(
wl

i j

)
, �wl

i j is positive (negative). By keep-
ing this direction in mind and for simplicity in the hardware
implementation, we propose to use the following equations for
determining weight updating value based on (5):

�wl
i j =

⎧⎨
⎩

�wl
i j prev , Err

(
wl

i j+�wl
i j prev

)
< Err(wl

i j )

−�wl
i j prev , Err

(
wl

i j+�wl
i j prev

)
> Err(wl

i j )
(7)

where �wl
i j prev is �wl

i j in the previous iteration. Obviously,
in the initial iteration, (6) is not employed while the �wl

i j for
each memristor could be considered as either +δ or −δ. Also,
the maximum/minimum limits of conductance values of the
memristors should not be violated. In this case, the wl

i j is not
changed.

Considering the fact that each output of the ANN (e.g., oik)
is a function of the ANN weights, one can express the energy
of network as

E = f
(
w1, w2,. . .w j ,. . ., wh

) =
∑K

k=1

M∑
i=1

(t ik −oik)
2 (8)

where h is the number of weights, w j is the j th weight, M is
the number of outputs, K is the number of training samples,
tik is the target value for the i th output in the kth training
sample, and E is the total cost function. We can approximate
E around an operating point ϑ(w1θ , w2θ , . . . , whθ ) by

E = f (w1θ , w2θ , . . . ,whθ ) + ∂ f

∂w1
(w1 − w1θ )

+ . . .+ ∂ f

∂wh
(wh − whθ ) (9)

Since the energy of the operating point ϑ is Eθ =
f (w1θ , w2θ , . . . ,whθ ), one may rewrite (8) as

E = Eθ +
∑h

r=1

∂ f

∂wr
(wr − wrθ ) (10)

Fig. 3. Overall view of the hardware of OCTAN.

Therefore, the energy change with respect to the operating
point may be expressed as

�E = E − Eθ=
∑h

r=1

∂ f

∂wr
(wr − wrθ )

=
∑h

r=1
ar�wr =aT �w (11)

where a is a matrix whose elements are ar = ∂ f
∂wr

,
r = 1, . . . , h. Therefore, if �wr is randomly set to ±δ, the
probability of energy reduction (P(�E ≤ 0)) is equal to
1/2. Since for every set of �w = (�w1θ ,�w2θ , . . . ,�whθ )
yielding a negative �E , there is another set of �wc =
(−�w1θ ,−�w2θ , . . . ,−�whθ ) that gives rise to a positive
�E . Hence, the mean change of the operating point ϑ should
be zero. As will be explained next, invoking the proposed
algorithm, the change of the operating point ϑ moves toward
lowering the energy function.

In the proposed algorithm, in cases where �E ≤ 0, the
previous update �wr is used again in the next iteration. Since
�wr (i.e., δ) is small enough, the rate of energy decrease is
almost constant near the operating point ϑ . In these cases,
the total energy of the next iteration should decrease again
implying that P(�E ≤ 0) (i.e., the probability of energy
reduction) is 1. When �E > 0, first, the previously applied
δ is eliminated by applying a perturbation of δ. Also, since
�wr of the next iteration is set as opposite of �wr of the
current iteration, the �E will be negative. After these two
updates, we have P(�E ≤ 0) = 1 and P(�E > 0) = 0. These
probabilities in RWC algorithm are P(�E ≤ 0) = 3/4 and
P(�E > 0) = 1/4, and hence, the operating point may go up
and down on the energy curve. This fluctuation makes RWC
slower than OCTAN. More clearly, in the proposed algorithm,
the error is decreased in every operating point except for the
operating point that the approach has been reached a local
minimum point.

D. Hardware of OCTAN

Hardware of OCTAN is shown in Fig. 3 which contains
the overall view of the system including the memristive
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Fig. 4. Training logic of OCTAN including the controller, change direction
history memory (CDHM), and error register.

crossbar-based ANN and the training circuit. The training
circuit consists of an error calculator unit, training logic, a
write circuit, and two optional buffers. The training samples
(inputs and their corresponding expected outputs) are loaded
in the two buffers. Both buffers have a “Next Input” signal
which is asserted by the controller unit of the training logic
(see Fig. 4) when the training for the current sample is finished
and a new training sample may be applied.

The “Input Tri-state Buffer” also has an output enable
(“OE”) signal used for making the outputs of the buffer in the
floating state. To prevent a conflict between the write circuit
voltages and the buffer output voltages, the “OE” signal of the
buffer is connected to “isUpdating”output of the controller.
The “isUpdating” signal is asserted by the controller when
the weights are being updated.

The value of perturbation δ depends on the width and
the amplitude of the pulse that is applied across the target
memristor. The amplitude of the applied voltage is constant
in our proposed hardware. Therefore, a pulse width modula-
tion (PWM) unit is included in the controller to control the
value of δ by applying a pulse with a proper width on the
“isUpdating” output signal of the controller. As an example,
effects of two different write pulses with pulse widths of 4ns
and 8ns on the conductance of the memristor are depicted in
Fig. 5. This results were obtained by HSPICE simulation using
memristor model of [28] for the memristor device presented
in [7]. The figure reveals that the value of δ (the change in
the conductance) is approximately doubled by doubling the
duration of the pulse.

The error of the ANN is calculated in the Error Calculator
unit (cf. Fig. 6), which includes low triangular neural network
analog to digital converters (LTNN-ADC) [26] and absolute
difference (Abs. Diff.) units to compare the outputs of the
circuit with the expected outputs (targets). When the number
of the ANN outputs is M , and K -bit ADCs are used, a
(log2 K M + 1)-bit adder is needed to aggregate the partial
errors. The calculated error is passed to the training logic for
a proper decision.

The training logic includes a register to store the error of the
previous step, a comparator which compares the previous and
current step error, a controller that controls the sequence of the
training, and a Change Direction History Memory (CDHM) to
store the last direction of the weight change. In our design,

Fig. 5. The effect of the write pulse duration on the conductance change
(a) pulse duration = 4ns, (b) pulse duration = 8ns. The memristor model
of [28] for the memristor device of [7] with parameters of A1 = 1.6 × 10−4,
A2 = 1.6 × 10−4, b = 0.05, Vtp = 4, Vtn = 4, Ap = 816, 000, An =
816, 000 is used for HSPICE simulation.

Fig. 6. Error calculator unit.

D-Flip-flops are used to implement CDHM. However, SRAM
cells could also be used to improve the efficiency. The number
of CDHM bits are equal to the number of memristors of the
ANN. At the beginning of the training, all bits of CDHM are
initialized to “1”, which signifies that +δ is considered as the
initial change value for memristors (line 2 of the pseudo code).
After each weight update, the current step error is compared
with the previous step error in the comparator. If the error
has been increased, the output of the comparator becomes “1”
and the “Abort Change” signal of the controller is activated to
indicate that the current change direction is wrong and should
be reversed (lines 13 and 14 of the pseudo code). Therefore,
the controller flips the corresponding bit of the CDHM by
applying the “Invert Direction” signal (which is indeed the
write enable (“WE”) signal of the CDHM) for reversing the
change direction of the current memristor and repeats the
weight update operation in the reverse direction.

The task of the weight updating is performed by the Write
Circuit unit (Fig. 7(a)). This unit consists of a pulse generator
and two tri-state decoders for selecting rows and columns
of the memristive crossbar. The pulse generator circuit is
depicted in Fig. 7(b). Depending on the controller unit deci-
sion to increase or decrease the conductance (based on the
“Dir”signal), this circuit puts a write voltage of either Vddw or
–Vddwacross its output nodes, which are “VRow”and “VCol”.
The write voltage should be larger than the write threshold
voltage of the memristors so that it can change the conductance
of the memristor. In this work, the write threshold voltage of
memristors was considered to be 4V and we used ±3.3V as
the write voltage. This voltage is applied to the corresponding
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Fig. 7. The structure of the (a) write circuit, (b) pulse generator, and
(c) tri-state decoder.

memristor through the row and column tri-state decoders.
The circuit of a log2 (S) to S tri-state decoder is shown in
Fig. 7(c). In this circuit, each output of a digital decoder is
applied to the gate of a pass transistor. The source terminals
of these transistors are connected to the Vin pin of the tri-state
decoder which is provided by the pulse generator unit and
approximately has a voltage of either V ddw/2 or V ddw/2.
Also, the drain of each transistor is connected to a row/column
of the memristive crossbar. The size ((W/L) ratio) of the access
transistors and NMOS transistors of the pulse generator is 12,
the size of the PMOS transistors of the pulse generator is 15,
and L = 100nm was considered for all of these transistors.
To control the amount of the shift in the conductance (δ), the
controller unit applies a single pulse with a desired duration
to the input “En” of the tri-state decoder (“isUpdating” output
signal of the controller). When “En” is “0”, all of the outputs
of the digital decoder are “0”. This makes the write voltage
disconnected from the target memristor. When En is “1”,
only one of the outputs of the encoder is activated while
other outputs are deactivated. This makes other rows and
columns in the floating state protecting other memristors from
experiencing unwanted writes. During the memristor write
operation, the controller activates the “isUpdating” signal.
Thus, inputs of the memristive crossbar-based ANN float, and
the ANN is powered off to prevent voltage conflict between
the write circuit applied voltages and the memristive ANN
internal voltages. Although the voltage drop on pass transistors
could be compensated by increasing the duration of the pulse,
one may replace pass transistors of the tri-state decoder with
transmission gates to reduce the write voltage drop. After
applying the write pulses to the all memristors, the controller
unit fetches a new training sample from the buffer by applying
the “Next Input” signal or terminates the training if the
termination conditions (line 22 and 23 of Fig. 2) are satisfied.

The flowchart of Fig. 8 illustrates the utilization of the
building blocks of the proposed hardware of OCTAN in each
stage of the training process. It should be noted that the

Fig. 8. Flowchart of OCTAN representing the involving building block in
each training stage.

Fig. 9. Hybrid gate-level/circuit-level simulation framework for simulating
the circuit behavior.

controller unit which has the role of managing the whole
procedure and checking the conditions, is not depicted in this
flowchart.

III. RESULTS AND DISCUSSION

A. Hardware Characteristics

In this section, we assess the functionality and specifications
of the hardware of OCTAN using post-synthesis (gate-level)
simulations in Modelsim and accurate circuit-level simulations
in HSPICE tool. The main test bench was developed in
Verilog. In this test bench, to accurately simulate the write
operation and inference of the memristive ANN and measure
corresponding parameters (e.g. power), HSPICE tool is called
from inside Modelsim. The details of this simulation setup are
shown in Fig. 9 where:

1. At the beginning of the simulation, the test bench writes
the “Memristor States file” which is included in the spice
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Fig. 10. Post-synthesis simulation output waveform from 1090ns to 1170ns for a 2 layer, 2 input ANN with 2 hidden neurons (a 2→ 2→1 network).

netlist and contains.param statements which define the
initial condition of the memristors states in the HSPICE
simulation.

2. On the negative edge of “isUpdating”, the test bench
writes “Inputs File” based on the outputs of the dig-
ital Row/Column decoders. Each digital output of the
decoders (D0 to Ds−1 in Fig. 7(c)) is written to this
file as a trapezoidal voltage pulse source. The duration
of these pulses is measured using a counter that counts
the clock cycles when “isUpdating” is HIGH. This file
also contains the access transistors of the Row/Column
tri-state decoders and the pulse generator circuit.

3. The test bench calls HSPICE to simulate the memristors
write operation and measure the final states of the
memristors after the write operation. After the simula-
tion is finished, HSPICE generates an output file (e.g.
“Write_results.mt0”) which contains the measurements
results.

4. The test bench reads the HSPICE output file.
5. The test bench updates “Memristor States file” to save

the new states for the next simulations.
6. After the write is done (or a new input vector is fetched),

the inference (forward propagation) should be simulated
by calling HSPICE again. Therefore, in this step, the
test bench rewrites the “Inputs File” so that it includes
zero voltage sources for digital outputs of the decoders
(D0 to Ds−1 in Fig. 7(c)) which disables the write
access transistors. It also generates voltage sources based
on the current input vector and applies them to the

primary inputs of the memristive ANN. In addition,
the LTNN_ADC circuit is also included in this file to
simulate all analog parts of the circuit at once.

7. HSPICE is called to simulate the inference, measure the
memristive ANN outputs, and generate the correspond-
ing output file (e.g. “Inference_results.mt0”).

8. The test bench reads the HSPICE output file and applies
outputs to the digital hardware for the next steps of the
simulation.

The HSPICE simulations were performed using TSMC
90nm technology model for transistors and the memristor
model proposed in [28] for the memristors devices of [7]
with parameters of A1 = 1.6 × 10−4, A2 = 1.6 × 10−4,
b = 0.05, Vtp = 4, Vtn = 4, A p = 816000, An = 816000.
The memristor model used in this work has been based on
three main physical mechanisms which are electron tunneling,
nonlinear drift, and a voltage threshold [28]. In the considered
memristor technology, the minimum (maximum) resistance of
the memristors was about 125K	 (8.3M	). Also, gate-level
synthesis and design parameters of the digital parts of OCTAN
hardware were extracted using Synopsys Design Compiler
tool with TSMC 90nm standard cell library files. Without
loss of generality, we have applied the described hardware
simulation setup for simulating OCTAN on a two-layer ANN
with 18 memristors and 2 hidden neurons to train a 2-input
parity function. Fig. 10 shows the post-synthesis simulation
waveform of this experiment from 1090ns to 1170ns. In this
experiment, the clock cycle was 2ns and the circuit was
completely trained in 1187ns. The area, power consumption,
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TABLE II

AREA, POWER, AND DELAY FOR DIFFERENT COMPONENTS OF
OCTAN HARDWARE IN TYPICAL 90NM TECHNOLOGY

WITH Vdd = 1V AT 25 ◦C

and delay of the synthesized components are shown in Table II.
In the power analysis, the IR loss of the memristors was
considered while the IR loss of the crossbar interconnects
(which is in series with the memristors) was neglected. The
reason is that the latter resistance is much smaller (∼10−5×)
than that of the memristors [8]. Also, we have used the power
reports of the employed synthesis tool (i.e., Synopsys Design
Compiler) which reports the average power consumption of
the digital components. This average power consumption is
calculated based on the switching activities of the nodes in
the design which are obtained by transient simulations (where
we have used Modelsim tool to extract the transitions as
VCD (value change dump) file format). The main portion
of the power was due to the Write Circuit because of the
high operating voltage (±3.3V). This component, however,
was only active in the weight update stage of the training.
After the training phase is finished, the whole training circuit
could be turned off to save power. For instance, using the
measurement methods of [24], when the training circuit was
turned off, the power consumption of the memristive crossbar-
based ANN circuit was 3.5μW, 6.6μW, and 275μW for BCW,
IRIS, and MHEALTH benchmarks, respectively. Also, the
delay of the ANNs was 2.6ns, 7.3ns, and 2.3ns for BCW, IRIS,
and MHEALTH benchmarks, respectively. The low power
consumption of the ANN was due to using inverter as neurons,
memristors as synapses, and operating circuit at 0.5V supply
voltage. Also, the power consumptions and the areas of the
proposed design are compared with those of RWC and SLMS
implementations in Table IV. The results reveal that the area
of the proposed hardware is about 7.5% (16%) larger than that
of RWC (SLMS) implementation while its power consumption
is about 0.03% (0.14%) lower than that of the RWC (SLMS)
implementation.

B. Training Accuracy and Convergence Speed

In this section, we experimentally assess the efficacy of
OCTAN on different datasets including IRIS [29], Breast Can-
cer Wisconsin (BCW) [30], Mobile Health (MHEALTH) [31],
MNIST [13], and E. coli [32]. Table III shows the details
of each benchmark application, their dataset specifications,
and the configurations for the corresponding neural networks.
In the neural network configurations, the order of the numbers
is as the numbers of the inputs, hidden layer neurons, and
outputs of the neural network which is a fully connected mul-
tilayer perceptron (MLP). Network configurations are mainly
chosen based on [24] and [13]. Also, 80% of the dataset was

Fig. 11. Training curves for (a) MHEALTH, (b) IRIS, and (c) BCW
benchmarks trained with RWC, SLMS, and OCTAN algorithms.

used for training while 20% was utilized for testing the final
accuracy of the network. The training of the neuromorphic
circuit discussed in Subsection II.A was performed with
OCTAN, RWC, and SLMS algorithms in the online mode with
a target accuracy of 90% (classification error of 10%), epoch
limit of 50,000, and δ of 0.01 (which was proportional to the
minimum conductance of the employed memristor). Note that
in our settings, one epoch is when an entire dataset is passed
forward and backward through the neural network only once.
Also, the reported results are the best achieved results for each
algorithm which are obtained by running each algorithm on
each benchmark 10 times.

The hardware simulation setup discussed in the previous
subsection is very time consuming for these datasets. Thus,
we used the approach of [24] for extracting an accurate
mathematical model of the ANN circuit and employed in it
the training process in MATLAB. In this modeling scheme,
after the HSPICE simulation of a single neuron, a hyperbolic
tangent function is fitted to the neuron characteristics. The
whole circuit is then modeled based on this fitted function
and the KCL equations of the memristive netlist [24]. The
training curves of these algorithms for MHEALTH, IRIS, and
BCW benchmarks are shown in Fig. 11. Table III shows the
minimum training error of each benchmark (the minimum
value of the error obtained using the training algorithms) and
the number of epochs processed to find the minimum error in
each algorithm. The results revealed that the training accuracy
of OCTAN was, on average, 46% better than those of the
two other algorithms. Also, the training epochs that OCTAN
needed to find the minimum error point was, on average,
329X smaller than those of the RWC and SLMS algorithms.
Also, the test rates of the trained networks were 80.8%,
97.9%, 78.9%, 91.0%, and 96.7% for IRIS, BCW, MHEALTH,
MNIST, and ECOLI benchmarks, respectively.

To evaluate the hardware training time of OCTAN and
compare it with those of RWC and SLMS algorithms, here,
we derive a model to estimate the needed time for training in
the OCTAN algorithm. The proposed training algorithm has
two phases for each memristor. In the first phase, the error
of the circuit is calculated through the Error Calculator unit
and compared with the previous step error in the controller.
The delay of this phase is

(
D f w + Dec

)
, where D f w is the

forward propagation delay of the ANN and Dec is the delay of
the Error Calculator unit. It should be noted that the training
flow is controlled by the controller with the clock period of
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TABLE III

BENCHMARKS SPECIFICATIONS AND TRAINING RESULTS

TABLE IV

COMPARISON OF AREA AND POWER CONSUMPTION OF OCTAN
WITH THOSE OF RWC AND SLMS

Dctrl . Therefore, other delays should be expressed in terms
of clock cycles. The delay of the second phase which is
weight updating, corresponds to the time for updating the
memristors given by Dwr . Here, Dwr includes the delay of
the decoders and pulse generator and the duration of the write
pulse. Additionally, there is a probability, denoted by Pac,
that the change should be aborted and a reverse write pulse
should be applied to the same memristor. Therefore, the time
needed to train a memristive circuit with Nm memristors using
OCTAN (TOCT AN ) could be expressed by

TOCT AN = NeOCT AN Nm Ns (1+ Pac)
(
D f w+Dec+Dwr

)
(12)

where Ne is the number of epochs, Nm is the total number of
memristors in the network, and Ns is the number of training
dataset samples.

Similarly, the training times of RWC [23] and the SLMS
algorithms were estimated by, respectively, as

TRW C = NeRWC Ns
(
D f w + Dec + Nm Dwr

)
(13)

TS L M S = NeSLM S Ns
(
D f w + Dec + NmO L Dwr

)
(14)

where NmO L is the number of the memristors of the output
layer. Note that we assumed that the delay of the random
number generator (which is used in RWC and SLMS algo-
rithms) and comparator was included in Dctrl . To evaluate the
above expressions, delay components derived from hardware
simulation are reported in Table V (the average values from
the benchmarks are given). Although, the delay component of

TABLE V

THE COMPONENT DELAYS OF THE HARDWARE
IN THE 90NM TECHNOLOGY

Fig. 12. Training time of different benchmarks using RWC, SLMS, and
OCTAN algorithms.

the controller may slightly vary for different algorithm imple-
mentations, we considered the same value for all algorithms.
Also, to obtain Pac, the number of aborted changes during the
training were logged which showed an average Pac of 0.32
for the assessed benchmarks.

Based on above calculations, training times of OCTAN,
RWC, and SLMS algorithms are compared in Fig. 12. The
results indicate an average speed-up of 172× (61×), for
OCTAN compared to RWC (SLMS). Even if it is assumed
that the hardware of the RWC and SLMS algorithms can
update the memristors in parallel, the average speed-up of
OCTAN compared to that of RWC (SLMS) will be 36× (8×).
In addition, a comparison between the training time of the
RWC and the BP algorithm performed in [23] showed a faster
training for RWC hardware. Therefore, it could be concluded
that the training time of OCTAN is even less than that of the
BP algorithm.
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C. Impacts of Process Variation and Other Non-Ideal
Characteristics

One of the main challenges in the designs based on
nanoscale devices, especially memristors, is the uncertainty of
the device parameters. The process variation in both mem-
ristor devices and MOS transistors may reduce the accu-
racy of the trained neuromorphic circuits [9]. In memristive
crossbar-based ANN, the process variation of the memristor
devices shifts the weights of the network and the process
variation of the MOS transistors changes the characteristics
of the activation function.

The impact of the process variation on the accuracy of the
network is much more in the case of the activation function
when compared to that of the memristors [9]. In addition to
the process variation, other variation types such as the envi-
ronmental variations and interconnect IR drops [8] may lead to
the efficacy reduction of the memristive crossbar-based ANN.
All of these conditions may cause deviations in the training
procedure (e.g., changing in the amount of conductance change
(δ) and altering the VTC of the inverters) which may affect
the convergence speed and accuracy of the training. In the
following paragraphs, the impacts of the activation function
variation, variation in the amount of conductance change (δ),
and instability of the memristor in its intermediate states
on the OCTAN efficacy will be discussed. For the sake of
brevity, only the results for the IRIS and BCW datasets will
be presented.

1) CMOS Inverters Variation: The effect of the process
variation on the activation function has been studied by
applying a Gaussian distribution for the threshold voltage,
length, and width of the transistors of the activation function
inverters. The nominal value of each parameter was considered
as the mean (μ) value of its Gaussian distribution. Also, the
variability (σ /μ) of 20%, 10%, and 20% were considered for
the distributions of the threshold voltage, width, and length
of the transistors, respectively. Fig. 13(a) and (b) show the
histograms of the number of epochs needed to train the
circuits with variation in the activation function for IRIS and
BCW benchmarks, respectively. For these simulations, 1,000
Monte-Carlo samples were used.

2) Variation of the Amount of Conductance Change (δ): The
nonlinear behavior of memristor, impact of process variation
on the memristor, IR drop (and other voltage variations) [8],
variation of the write circuit, and other environmental con-
ditions such as temperature may also cause variations in
the value of the amount of conductance change (δ). Thus,
we studied the effect of the δ variation on the quality of
the training. In this assessment, we have considered two
types of variations which impact the value of δ during the
training process. The first type of variations which are due to
the process variations were assumed to be fixed during the
training process. The second type of variations which are due
to environmental variations like temperature variation were
assumed to vary during the training process. More explicitly,
the value of δ was modeled by

δvar = δnom + N1 (σPV , 0) + N2 (σEV , 0) (15)

Fig. 13. Distributions of the number of epochs needed to train the circuit
under the variations in the activation function for (a) IRIS and (b) BCW, value
of δ for (c) IRIS and (d) BCW, and both activation function and δ value for
(e) IRIS and (f) BCW (dashed lines indicate the nominal values).

where δvar is the value of δ with variations, δnom is the
nominal value of δ, and N1(σ, μ)(N2(σ, μ)) is a random
number which is constant (variable) in the time domain.
We used normal distribution for the random numbers. Based
on the reported values in [33], σPV (process variation) is about
6%. In addition, to study the effect of the temperature and
voltage variations and measure σEV (environmental variation),
we performed 1,000 Monte-Carlo simulations with random
temperatures (μ = 25◦C, σ = 100%) and random write
voltages with variation range of ±0.1VD DW (i.e. ±0.33V)
on the whole write circuit (including pulse generator, access
transistors, and memristive crossbar of size 256 with random
initial states). The measured conductance change after 2ns for
these 1,000 simulations had a variation of σEV = 16.7%.
By assuming these values for σPV and σEV , we performed
Monte-Carlo simulations on the training procedure. The results
of this experiment are reported in Fig. 13(c) and (d).

3) Variation of Both CMOS Inverters and the Amount of
Conductance Change: The effect of both activation function
and δ variations is depicted in Fig. 13(e) and (f) for the
benchmarks. Also, the mean and variance of the training error
of the benchmarks in the presence of these three kinds of
variation are given in Table VI. Additionally, the difference
between the typical training error (Etyp) and average of the
training error in the presence of variation (μE ) is reported.
The results show that the average training error in the presence
of the PVT variations is increased by only 3.27% compared
to that of the typical condition. Also, it is noteworthy that
the variation in the δ value may even improve the training
accuracy.

4) Memristor Unstable Intermediate States and Limited
Number of Resistive States: In some memristor devices, there
is a probability that the memristor lose its conductive fila-
ments [34]. To simulate this instability during the training
process, after each epoch, we randomly selected 5% of the
memristors and reset them to a random high resistance state.
The results of this simulation which are shown in Fig. 14
(a) reveal that this phenomenon affects the training conver-
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Fig. 14. (a) Training curves considering unstable intermediate states,
(b) limited number of resistive states.

TABLE VI

AVERAGE AND STANDARD DEVIATION OF THE TRAINING ERROR IN THE

PRESENCE OF DIFFERENT KINDS OF VARIATION

gence speed. It, however, does not have a considerable effect
on the training accuracy. Also, to study the effect of limited
number of resistive states, we have quantized the resistance
of the memristors with 32, 16, and 8 states and increased
the amount of weight change value accordingly. The results
which are shown in Fig. 14 (b) reveal that by limiting the
states to 32 and 16, the ANN could be trained without loss
in accuracy. However, if the number of memristor states is
decreased to 8, the best achievable error of the ANN increases
to 13.2% (28.6%) for BCW (IRIS) benchmark. It should be
noted that this is not due to the shortcoming of the training
algorithm but the limitation of the memristor device.

IV. CONCLUSION

In this work, we presented an on-chip training algorithm
for memristive neuromorphic circuits (OCTAN). The proposed
algorithm had the ease of hardware implementation of random
weight change (RWC) algorithm as well as much higher
efficiency in the convergence speed. The results of training
with the proposed algorithm on five different benchmarks
revealed that the training accuracy of the proposed algorithm
was, on average, 46% better than those of the RWC and
SLMS algorithms. Additionally, compared to RWC and SLMS
algorithms, OCTAN required, on average, 329× less number
of epochs to find the minimum error. Also, the hardware
of OCTAN improved the time spent on training by 172×
(61×) compared to that of the RWC (SLMS) algorithm.
Finally, we performed Monte-Carlo simulations to investigate
the robustness of the proposed algorithm in the presence of

the process variation and other non-ideal effects such as IR
drops

The results revealed that the PVT variations decreased the
training accuracy by only about 3.27% on average.

Future works may include altering OCTAN hardware for
batch mode training, finding optimal order for the weight
update procedure, optimizing the CDHM memory, write cir-
cuit, and other components of OCTAN hardware for lower
power/higher performance, and adding new training options
such as momentum to OCTAN.
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