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ABSTRACT
Recent advances in development of memristor devices and crossbar integration allow us to implement a low-power on-chip neuromorphic computing system (NCS) with small footprint. Training methods have been proposed to program the memristors in a
crossbar by following existing training algorithms in neural network models. However, the robustness of these training methods
has not been well investigated by taking into account the limits
imposed by realistic hardware implementations. In this work, we
present a quantitative analysis on the impact of device imperfections and circuit design constraints on the robustness of two popular training methods – “close-loop on-device” (CLD) and “openloop off-device” (OLD). A novel variation-aware training scheme,
namely, Vortex, is then invented to enhance the training robustness of memristor crossbar-based NCS by actively compensating
the impact of device variations and optimizing the mapping
scheme from computations to crossbars. On average, Vortex can
significantly improve the test rate by 29.6% and 26.4%, compared
to the traditional OLD and CLD, respectively.

1. INTRODUCTION
Computer systems have been experiencing great revolutions in
two fundamental areas: semiconductor manufacturing and computing architecture. On the one hand, the scaling of conventional
CMOS devices is approaching the limit [1]. Emerging devices,
such as spintronic [2] and resistive devices (memristor) [3], have
been extensively investigated and studied; On the other hand, the
von Neumann architecture faces well known “memory wall” challenge [4]. The gap between CPU performance and memory bandwidth keeps increasing in many emerging applications, e.g., deep
neural networks that can easily have more than 1 billion training
parameters [5]. These challenges motivated the investment on
new computing architectures, including neuromorphic computing
systems (NCS) inspired from human brains.
The invention of memristor crossbar offers a highly integrated
cost-efficient solution for implementing programmable connections in neural networks [1][2][6][8]. Every input neuron can connect to all output neurons via a crossbar, and a synaptic weight is
represented by the resistance of the memristor at the corresponding cross-point [3][4]. By piggybacking the training algorithms of
neural network models, many training schemes were also developed to program the resistance of the memristors in the crossbar.
One popular NCS training scheme is “Close-Loop on-Device”
(CLD) method, which directly implements a gradient descent
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training algorithm on the memristor crossbar by repeating the loop
of “programming and sensing” [9]. Another popular scheme is
“Open-Loop off-Device” (OLD) method, which pre-calculates the
programming pulse width/magnitude of each memristor based on
the target resistance value and then programs every device according to the calculations [10]. CLD is able to adaptively adjust the
training inputs to tolerate the variability of memristors, though it
requires accurately sensing the memristor (output current from the
crossbar) in the real-time. Instead, OLD does not need to monitor
the obtained output current and eliminates the costly feedback
control and high-resolution analog-digital converter (ADC), etc.
However, the quality of OLD is vulnerable to memristor device
variations because these variations are unknown when precalculating the training pulses.
The computations in a memristor crossbar-based NCS are executed in analog form, which makes the computational accuracy
of the NCS very sensitive to some realistic hardware design factors, e.g., device variability, IR-drop, sneak paths, peripheral circuit constraints, etc. In this work, we perform an insightful analysis on the impacts of hardware design factors on the training
quality of NCS. Based on our analysis, we propose a novel and
robust variation-aware off-device training scheme, namely, Vortex: Vortex first modifies the programming pre-calculation algorithm to compensate the impact of memristor variations. It then
introduces an adaptive mapping process that can selectively map
the synapses having large impacts on network output onto the
memristors with small variations. Experimental results show
combining these two techniques can significantly improve the
training quality of NCS.

2. PRELIMINARY
2.1 Memristor Basics
Predicted by Prof. Leon Chua, the memristor is the fourth fundamental circuit element uniquely defining the relationship between magnetic flux and electrical charge [3]. In 2008, HP Labs
reported that the memristive effect was realized by moving the
doping front along a TiO2 thin-film device [11]. The resistance of a
memristor can be controlled by adjusting the magnitude and pulse
width of programmed current/voltage, as shown in Fig. 1 (a) [12].
A nanoscale memristor device suffers from two types of variabilities: parametric variation and switching variation. The parametric variation is a device-to-device variation caused by fabrication
imperfection. In Fig. 1 (c), for example, if we program multiple
memristors to low resistance state (LRS), the programmed resistances of different memristors follow a lognormal distribution [14].
The switching variation, on the other hand, denotes the cycle-to-
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Fig. 1: (a) Analogue resistance switching of memristor [12]. (b) Memristor crossbar for [4]. (c) Parametric variation.

cycle variation of a single device. Programming a memristor from
the same initial state to the same target state may end up with different resistances. The switching variations are mainly caused by
driving circuit design. The small fluctuation in programming
pulses usually makes the switching variations negligible compared
with the parametric variations [14]. In this paper, our design only
considers, but is not restricted to the parametric variations.
Fig. 1(b) depicts a memristor crossbar where a memristor with
conductivity wij is sandwiched between two metal wires, i.e., the ith horizontal and the j-th vertical wires [2]. Input of the memristor
crossbar is the digital or analog voltage applied on every horizontal
wire while its output is the current flowing on every vertical wire.
According to different targeted functions, the output current of the
crossbar will be processed by different sensing devices, such as a
comparator [7][2], “sign function” circuit [2], and an ADC [9].
Without loss of generality, in this work, we adopt the setup of digital input voltage and ADC sensing device. Note that the sensing
device may be shared by multiple memristor columns, as the operations of each column are independent.

2.2.3 CLD training and OLD training
In this work, the memristor crossbar-based NCS is trained to
implement a neural network for classification tasks. Similar to a
network model in machine learning theory, NCS is trained and
tested by two separate groups of data samples. Training process
tunes the connection weights (memristor resistances) of a neural
network so that certain percentage (training rate) of training samples can be successfully classified (“fitted”). In CLD [9], the gradient descent training (GDT) algorithm can be directly applied on
the crossbar hardware by iteratively comparing the difference
between the actual output and the target output, and adjusting the
training inputs accordingly until the output converges to the target. In OLD [10], programming pulse width and magnitude are
pre-calculated and applied to each memristor based on the characterized memristor switching model. The trained NCS will be then
tested by the test samples. The probability of successfully classifying the test samples is denoted as “test rate”.

3. UNDERSTANDING NCS TRAINING
Hardware training of a memristor crossbar based NCS is subject to many realistic factors and constraints. In this section, we
will investigate the impacts of these limitations on the robustness
of different hardware training methods. Here, the “robustness” is
quantitatively measured as the test rate of a memristor crossbarbased NCS trained by a specific method.

2.2 Memristor Crossbar Based NCS
2.2.1 Computing process
In the ideal case, when setting input voltages to certain values
representing a vector x, the output current y shows the product of a
vector-matrix multiplication
· , which is widely used in
the operations of the weighted connections in neural networks.
Here W is the conductance matrix of the memristor crossbar. Since
the elements of W could be either positive or negative, W can be
represented by two crossbars, which correspond to the absolute
values of the positive and negative weights, respectively [9].

3.1 Impact of Device Variation
The main difference between CLD and OLD is that CLD adaptively adjusts the programming signal during the iterations based
on the sensed output current of the memristor crossbar. Memristor
device variations can be naturally tolerated in this process. On the
contrary, OLD determines the programming pulse magnitude and
width before accessing the devices. Hence, device variations inevitably incur the discrepancy between the targeted memristor
resistance and the actual programmed value.
To illustrate the impact of device variations on the training of
memristor crossbars, we performed CLD and OLD on a column
of 100 memristors. The nominal on- and off-state resistances of
the memristor are set to 10kΩ and 1MΩ, respectively. Here we
assume the memristor device variation follows a lognormal distribution [14]. It means that for an on-state memristor, its resistance
· 10kΩ, where ~ 0,
. The training goal is to ensure
r
when the input wires are all connected to 1V, the memristor column shall generate an output current of 1mA. Fig. 2 shows 1000
runs Monte-Carlo simulation results when the standard deviation
changes. Following the increase of , CLD constantly maintains
a small discrepancy between the trained output and the target
output while this output discrepancy keeps growing in OLD.

2.2.2 Program mechanism

3.2 Impact of IR-drop
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Fig. 2: Impact of process variations.
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The memristors of a crossbar can be programmed by applying
proper voltage pulses on the metal wires. For example, when programing the memristor wij, we may apply a positive voltage V on
the i-th horizontal wire and ground the j-th vertical wire. To avoid
interference to other memristors, all the unselected wires are connected to V/2 so that only the memristor wij has a full voltage bias
V while all the other memristors in the crossbar are half selected
with a voltage of V/2 [13]. Because of the nonlinearity of the voltage dependency in memristor programming, the resistances of the
half-selected memristors remain almost unchanged during the programming. As shown in Fig. 1(a) [12], when the programming
voltage reduces merely from 2.9V (point ‘A’) to 2.8V (point ‘B’)
at a pulse width of 0.5μs, the programmed memristor resistance
changes from 900KΩ to 400KΩ; if the programming voltage reduces down to the half selected one, i.e., 1.45V, the incurred memristor resistance change becomes negligible. Once the targeted
memristor resistance value and the programming voltage magnitude are decided, the required programming pulse width can be
obtained by referring to the switching model like Fig. 1(a).
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Fig. 3: IR-drop impact on CLD training: (a) Horizontal degradation. (b) Original
degradation. (c) Vertical degradation.

gramming voltage reaching the memristors [10]. Fig. 3(b) conceptually shows the degradation trend of the programming voltage in
a memristor crossbar by assuming all memristors are set to LRS.
This trend is symmetric to the diagonal line (from left-bottom to
right-top) because the crossbar is driven symmetrically from the
left to the bottom, as shown in Fig.1 (b).
IR-drop shows different impacts on CLD and OLD. For OLD,
IR-drop induced insufficient programming can be partially compensated with the technique proposed in [10]. Although CLD can
intrinsically tolerate small irregular voltage degradation, the impact of large skewed IR-drop can still cause systematic error. We
propose to mathematically decompose this trend into a combination of vertical and horizontal degradations and study their individual impact on GDT algorithm, which can be described by:
·

·

.

(1)

Here the output y is the sensed current from the vertical wires and
is the target output pattern. α is the learning step. When taking
into account the impact of IR-drop, the GDT algorithm for the j-th
column of the crossbar can be expressed as:
·

·

·

·

.

(2)

Here
1 is a coefficient representing the impact of horizontal IR-drop on the learning step α in the GDT algorithm, as
virtualized in Fig. 3(a). Since each column is trained separately,
the reduction in effective learning step only changes every column’s own convergence speed. Different from horizontal degradation, vertical degradation results in a gradually increased programming voltage reduction from bottom to top on the same column, as shown in Fig. 3(c). This impact can be represented by a
diagonal matrix , which changes the converging direction of the
(the i-th diagonal element
GDT algorithm in Eq. (2). Here the
of , i=1…n) keeps decreasing when i raises. The skewness of ,
i.e.,
/ , increases when the scale of the crossbar n rises. For
example, in the worst case that all memristors are at LRS,
/
2 when n>128. A high
/ indicates a large difference between the voltage drops along the crossbar column. As
discussed in Section 2.2.2, such an IR-drop induced programming
voltage difference will cause significant difference in the achieved
memristor resistance change during the training due to the nonlinearity of the memristor switching. Our simulation shows that in
some extreme cases, the resistance change of the first memristor
(∆w1j) on one column can be less than 1/1000 of that of the last
memristor (∆wnj) on the same column during a training iteration.
Note that here the value of is determined by not only the interconnect resistance but also the memristor resistance.

3.3 Impact of Sensing Resolution
The nature of analog computation makes memristor crossbarbased NCS susceptible to the resolution of sensing circuitry. Sensing resolution affects not only the computational accuracy (reflected as the precision of the sensed currents) but also the training quality of the close-loop schemes. In GDT algorithm based
CLD, for example, connection weights keep being updated until
the sensed output equals (or becomes close enough) to the target
output of the crossbar. In such a case, sensing resolution directly
affects the convergence criterion and consequently, the training
quality. In OLD, the training quality is irrelevant to sensing resolution, as the programming signals are pre-calculated.

4. VORTEX
The low hardware cost and the capability to compensate the IRdrop in the pre-calculation stage makes OLD an attractive solution
in memristor crossbar-based NCS designs. However, compared

with CLD, the disadvantage of OLD is also obvious: the openloop scheme intrinsically lacks the mechanism to tolerate memristor device variations. In this work, we propose Vortex – a variation-aware robust training scheme that can tolerate the memristor
device variations using the following two techniques:
•

•

Variation-aware training (VAT) – an off-device training method that models the device variations and adjusts the training
goal to tolerate the impact of the variations in the precalculation stage;
Adaptive mapping (AMP) – a method to pre-test all devices
and then adaptively map the synaptic connections to physical
devices based on the actual memristors’ variations.

4.1 Variation-aware Training (VAT)
4.1.1 Algorithm
For a neural network, the goal of the conventional GDT algorithm is to find the connection weights W that can successfully
classify the training samples as many as possible. The computation of the network can be expressed as
· . Here x is a
1×n input feature vector, W is a n×m weight connection matrix
and y is a 1×m output vector that corresponds to m classes. Since
each column of W is trained separately, the training procedure of
the r-th column (Wr) can be summarized as the following optimization process:
∑

. .

·

1

·

;

0.

(3)

Here the i-th training sample contains input feature vector
and
target output
1,1 . s is the total number of the
training samples. The optimization process minimizes the differ·
) and the target
ence between the actual output (
. Here we use “1 vs. all” method in the output neuron
put
design:
1 only when a training sample is labeled as class r.
In a memristor crossbar-based NCS, weight matrix W is
represented by the crossbar. When memristor variations are taken
into account, the actual programmed weight matrix
may be
different from the target W even we can perfectly control the programming voltage pulse width and magnitude. Similar to Section
3.1, here we assume the memristor device variation follows log·
, and
normal distribution [14] as
,
1 … . The optimization constraint of Eq. (3)
~ 0,
then becomes:
·∑

·

·

1

.

(4)

As is a small variation with a mean of zero, we can simplify
the Eq. (4) using a linear approximation as:
·∑

·

·

·

1

.

(5)

Eq. (5) can be further reorganized as:
·

·∑

·

·

·∑

·

·

1

.
(6)

The second term of Eq. (6) is also used as the constraint in the
conventional GDT algorithm. We call the first term as “penalty of
variations” because it represents the sum of the crossbar output
deviation induced by device variations. However, the optimization
process cannot be performed with random variable . Therefore,
we estimate the upper bound of the penalty of variations by:
∑
Here,

·
·

·

·
·

,

(7)
.

is the 2-norm of a vector of random variables that follow
normal distributions. At a certain confidence level, we can restrict
based on Chi-square distribution with degree of free-

dom n. Then the modified training process under the consideration
of weight variations can be expressed as:
∑

S.T.

(8)

·

·

·

·

·

·

,

,
·∑

·

0
1

0

(9)

We refer to this technique as VAT (variation-aware training).

No

4.1.2 Variation tolerance vs. Training rate

Yes

The introduction of the estimated penalty of variations makes
the training procedure be aware of device variations at a predetermined degree and include them in the training constraints. The
trained memristor crossbar, hence, becomes more robust in tolerating device variations during computations, allowing us to obtain the desired output even there are variations in the programmed weights. However, such a method applies a tighter constraint to the training process and results in potentially lower training rate.
To evaluate the tradeoff between the training rate and the variation tolerance of the NCS under VAT, we vary the estimated penalty of variation in Eq. (9) by multiplying a scalar γ (0<γ<1):
·

·

·

·

·

·∑

·

1

0, (10)

and simulate the corresponding training rate and test rate. When
γ changes from 0% to 100% (none to the maximum estimated
penalty of variations), the training rate keeps reducing, as depicted
in Fig. 4.
The left side of Fig. 4 shows test rate (w/ variation) is significantly lower than test rate (w/o variation), indicating significant
impact of device variations on the training quality in this range.
When γ rises, test rate (w/o variation) continues to decreases due
to the disturbance of the introduced estimated penalty of variations to the optimization process. Test rate (w/ variation), however, raises to a peak first when γ increases to 0.2. It clearly shows
the efficacy of VAT to tolerate device variations in the training.
Continue increasing γ, however, may not further improve the variation tolerance. The disturbance to the training process starts to
dominate and results in a decrease of the test rate.

4.1.3 Self-tuning and validation
Fig. 4 shows that for a specific memristor crossbar based NCS,
there exists an optimal γ that ensures the maximum test rate (but
not corresponding to the highest training rate). Hence, we propose
a self-tuning process that is very similar to the regularization used
in regressions to prevent over-fitting and maximize the test rate
[15]. The details of the proposed process are illustrated in Fig. 5.
Instead of training the neural network only once with all training
samples, we separate the training samples into two groups (one is
large and one is small). The large group is used as the actual
“training samples” while the small group is used for “validation”.
After training, a validation step will be launched: we first model
the memristor variations and inject them into the weight matrix W
95
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Fig. 4: Tradeoff between variation tolerance and training rate.

Fig. 5: Self-tuning process in training.
trained by the training samples. Then the training quality of the
NCS is tested by the validation samples under a fixed γ. We repeat
such training-validation loops by scanning the value of γ until
achieving the maximum test rate over all the validation samples
and the corresponding γ will be selected in the final training
process. Note that the efficacy of such a self-tuning loop varies
when the memristor device variation model changes. In this paper,
we use the lognormal distribution as our memristor device variation model [14]. However, our proposed techniques are not restricted to any particular variation models.

4.2 Adaptive Mapping (AMP)
VAT aims to optimize the training algorithm to tolerate the impact of device variations. In this section, we propose adaptive
mapping (AMP) – a hardware solution to mitigate the impact of
device variations by optimizing the mapping scheme of the computation to the crossbar and leveraging the design redundancy.

4.2.1 Basic steps of AMP
Pre-testing – After a memristor crossbar is manufactured, we
program every memristor targeting a certain resistance state and
then sense the device resistance to get the distributions of memristor resistance in a crossbar (we may need to sense multiple times
to eliminate the impacts of switching variations). To minimize the
impact of IR-drop and sneak paths, we perform pre-testing on
each individual memristor and keep all other memristors at highresistance state (HRS). The obtained distribution should follow
lognormal distribution [14].
Sensitivity analysis – Because of device variations, different
memristors may affect the computation accuracy of a NCS differently. To identify the memristors that have large impacts on the
NCS computation accuracy and need better control of device variations, a sensitivity analysis can be performed. In an m×n crossbar, the sensitivity of the j-th output to the device variation of a
specific memristor (
) is:
⁄

∑

·

·

·

.

(11)

Eq. (11) shows that the impact of a memristor’s variations on
the NCS computation accuracy is proportional to the product of
the input and the weight that the memristor represents. Since the
weight matrix W of a neural network is often highly skewed (e.g.,
max(wij) is easily >1000× min(wij)), the memristors with a low
resistance and a high input demand for a better variation control.
Mapping – To reduce the impact of device variations on the
NCS computation accuracy, we may replace a memristor that has
a resistance significantly deviating from the nominal value and
high impact on NCS computation accuracy with a memristor that
has smaller variation. It is hard to physically replace a memristor
with another after a crossbar is fabricated. However, changing the
mapping relation between elements in the weight matrix and me-
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Large variation
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row1

Small variation
memristor

row2

row2
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Input 1
Input 2

Input 2
Input 1

(a)
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b)

Fig. 6: Illustration of active remapping (AMP).
mristors in the crossbar can be possibly done. In observation of
the multiplication of permutations of vector-mattrix multiplication,
switching two rows in weight matrix together with their inputs
does not change the output of the multiplicatioon. Hence, if one
row (e.g., row1 in Fig. 6) in the crossbar has onne memristor with
large variation that matches a high weight coonnection, we can
assign the input signals originally on row1 to thhe input of another
row (e.g., row2 in Fig. 6) and program row2 to thhe original weight
of row1. In this case, high weight connections aand large variation
memristors are intentionally mismatched.

4.2.2 Greedy mapping algorithm
To further reduce the impact of memristor device variations
across the whole crossbar, we could adopt a greeedy mapping algorithm in AMP to determine the mapping relattions between the
weight matrix and the crossbar, as depicted in Algorithm 1. The
whole mapping process can be summarized as foollows:
We first calculate the impact of device variaations by mapping
the p-th row of weights matrix onto the q-th row
w of the memristor
crossbar. As discussed in sensitivity analysis, suuch an impact can
be measured by “summed weighted variations (S
SWV)” as:
∑

∑

·

· 1

.

(12)

Here we assume both the crossbar and weight m
matrix W have total
n columns.
is a connection weight at the loocation (p,j) in W
and
represents the device variation of the memristor at the
location (q,j) in the crossbar.
·
shows the difference between the ideal weight (
· ) and the actual weight
). Here ~ 0,
.
represented by the memristor ( 1
The mapping starts with the row of W with the largest device
maps it to the row
variation sensitivity calculated in Eq. (11) and m
of the crossbar with the smallest SWV. After a rrow is mapped, its
original row from W and the mapped row in thhe crossbar will be
removed from the queue of the to-be-mapped rows. AMP will
repeat this process until all the rows are properrly mapped. If redundant design is allowed, we may also leveraage additional memristor columns/rows to further improve the effficacy of the mapping. The mapping algorithm remains almost thee same expect that
there are more memristor rows are available.
Defective cell is another reliability issue in the fabrication of
W/ AMP
Training rate
0.95

W/o AMP
0.9

ssigma=0.7
s
sigma=0.6

memristor crossbars, causing the deviice resistance stuck at HRS
or LRS. Such defective cells can be detected
d
as memristors with
large variations and replaced by fo
ollowing the similar AMP
process. Note that here greedy mappin
ng algorithm is just one example of the possible AMP schemess. Other optimization algorithms can also be applied to the mappiing process.

4.3 Integration of VAT and
d AMP
VAT and AMP are two complemen
ntary techniques that can be
seamlessly integrated while the efficaccies of them are also stackable: For example, if effective device variations
v
of the memristor
crossbar have been reduced by AMP, this reduction shall be capon model that being used in
tured by the memristor device variatio
the self-tuning process of VAT. As a result, a smaller penalty of
variation will be introduced in VAT, leading to potentially higher
training rate and test rate.

5. EXPERIMENTS
To evaluate our proposed Vortex sch
heme, we implement a twolayer neural network on a memristor crossbar-based
c
NCS for the
famous MNIST digits classification tassk [11]. The input signals of
the crossbars are digital voltages corrresponding to the pixels of
the original benchmark images. The ou
utput signals are the currents
sensed from the ten vertical wires of the crossbar; each of them
represents one class from ‘0’ to ‘9’. “1 vs. all” method is still used
mark image has 28×28 pixin output neuron designs. Each benchm
els, requiring a 784×10 crossbar for thee computation. The nominal
on-state and off-state resistances of memristors used in our experiment are 10kΩ and 1MΩ, respectively. Benchmark may need to
be under-sampled to fit into the memrristor crossbars with difference sizes in the relevant evaluations.

5.1 Effectiveness of AMP
Fig. 7 illustrates the training rate off VAT and test rates of the
crossbar before and after applying AM
MP. As expected, after AMP
is applied, the impact of device variations of the crossbar decreases, resulting in the improvement of tesst rate w.r.t. the case before
AMP is applied. Besides, the optimaal γ also reduces from 0.4
(before AMP) to 0.2 (after AMP).

5.2 ADC Resolution
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The resolution of analog-digital converters (ADC) is an important factor that affects the efficacy of AMP by influencing the
memristor resistance pre-testing accuracy. We analyze the impact
of different resolutions on NCS computation robustness (test rate).
No redundancy is added in this analysis. Fig. 8 shows the test
rates of the NCS with different ADC resolutions under different
device variations. Low resolution (4-bit/5-bit) significantly limits
the computation robustness. The test rates of the NCS with different variations start to saturate when a 6-bit ADC is applied. Further improving the ADC resolution gives us very marginal computation robustness enhancement. Hence, we fix the ADC resolution at 6-bit in the following experiments.

5.3 Design Redundancy
We analyze the tradeoff between design redundancy and NCS
computation robustness using the same experiment setup in Section 5.1. When memristors have a large variation (σ=0.8) and
there are no redundant rows, the test rate is generally low, i.e.,
71.8%. To improve the computation robustness, we may add extra
p rows. Fig. 9 shows the test rates of the crossbar with different
extra rows under different training schemes.
In general, increasing the redundancy (p) helps to improve the
test rates. However, the test rates are primarily determined by the
device variations rather than the redundancy, and the help of redundancy is more prominent when the device variations are large.
For comparison purpose, Fig. 9 also depicts the test rates under
conventional OLD and CLD without design redundancy. On average, Vortex achieves 29.6% and 26.4% higher test rates compared
to OLD and CLD, respectively, even without redundant rows.
Here, the theoretical maximum test rate in this configuration is
~85%, which is determined by the nature of the adopted neural
network model. In the following experiments, we choose 100
redundant rows and σ=0.6 as our default setup.

crossbar will improve the test rate of CLD with IR-drop, however,
requiring the degradation of the image resolution.
In contrast, Vortex has relatively low test and training rates
when the size of the crossbar is small (49×10), i.e., 56.53% compared to 68.5% in CLD, respectively. When the crossbar size
increases to 784×10, both test rate and training rate improve substantially to 84.9%, showing very minimum impact of IR-drop.

6. CONCLUSION
In this paper, we try to understand the training robustness of
memristor crossbars by quantitatively analyzing the influences of
some hardware limitations, e.g., IR-drop, device variation, and
sensing resolution. Based on our analysis, “Vortex” – a variationaware off-device training scheme is then developed to better tolerate device imperfections and design constraints. Experimental
results show that Vortex achieves significantly improved training
quality, i.e., 29.6% higher test rate, w.r.t. conventional open-loop
off-device training. Vortex also shows better training quality than
close-loop on-device training for large-size crossbars. Finally, as
an open-loop training method, Vortex is not affected by the sensing resolution.
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