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Abstract- The crossbar array architecture with resistive

today include a finite weight precision, a nonlinearity in weight

synaptic devices is attractive for on-chip implementation of

update (conductance vs. #pulse), limited on/off ratio and device

weighted sum and weight update in the neuro-inspired learning

variations, see device examples (Fig. 3-5). We build a device

algorithms. This paper discusses the design challenges on

behavioral model of the weight update considering the extent of

scaling up the array size due to non-ideal device properties and

nonlinearity (Fig. 6) and device variations including both

array parasitics. Circuit-level mitigation strategies have been

spatial (device-to-device) variations and temporal (cycle-to-

proposed to minimize the learning accuracy loss in a large array. cycle) variations (Fig. 7). We also build a SPICE simulator to
This paper also discusses the peripheral circuits design

study the IR drop problem and RC latency due to the

considerations for the neuro-inspired architecture. Finally, a

interconnect resistance and parasitic capacitance in the array

circuit-level macro simulator is developed to explore the design

(Fig. 8). In order to quantify the impact on learning accuracy,

trade-offs and evaluate the overhead of the proposed mitigation

we use the sparse coding [9] algorithm as a case study. Sparse

strategies as well as project the scaling trend of the neuro-

coding is an unsupervised learning algorithm to extract the

inspired architecture.

inherent feature vector (Z) from the dataset (X) through a

Index Terms- Resistive memory, synaptic device, crossbar

dictionary matrix (D). We incorporate the device behavioral

array, machine learning, neuromorphic computing

model into the weight update (ǻD~rZ) and incorporate the

1. Introduction

array-level SPICE results into the matrix-vector multiplication

Recent advances in neuro-inspired machine learning algorithms

(DZ) in the algorithm (Fig. 9). We use MNIST handwritten

have shown tremendous success in the tasks such as image

digits dataset [10] for the training, and the recognition accuracy

recognition when they are run on supercomputers [1]. However,

is the metric for the following discussions: 1) to avoid a

sequential von Neumann architecture is inadequate for

significant accuracy loss, a 6-bit D (64 multi-levels for resistive

achieving real-time learning with a large dataset and under a

synaptic devices) is needed (Fig. 10), which is achievable in

low-power constraint. Although custom designed ASIC (e.g.

today’s devices [4-6]. 2) the nonlinear weight update slightly

IBM’s TrueNorth [2]) with distributed memories has shown

decreases the accuracy by a few percentages (Fig. 11). 3) a

significant advantages over CPU/GPU, the SRAM based

small on/off ratio greatly degrades the learning accuracy (Fig.

synaptic arrays still require sequential row-by-row read

12), thus some of today’s devices [4-6] become problematic. 4)

operation. To further parallelize the key operations in the

the algorithm can tolerate the spatial variations but has poor

learning algorithms such as weighted sum (or matrix-vector

resilience against the temporal variations (Fig. 13). The

multiplication)

array

nanoscale interconnect in the large array causes significant IR

architecture with resistive synaptic devices has been proposed

drop that distorts the matrix-vector multiplication thereby

[3] (Fig. 1). Although the synaptic multilevel behavior has been

degrading the accuracy (Fig. 14). Potential circuit-level

reported in various resistive memories (one example shown in

solutions to address the above issues include using a dummy

Fig. 2) at device level [4-6] and a simple learning algorithm has

column to eliminate the off-state current by differential read-out

been experimentally demonstrated at small network level [7],

(Fig. 15), using multiple-cell (e.g. 3×3 cells) as one bit to

extending the array size to a large-scale is a nontrivial task. In

average out the device variations (Fig. 16), and relaxing the

this paper, we discuss the design challenges of scaling up of the

wire width for reducing the IR drop along interconnect. With

array size and present the potential solutions for overcoming

these strategies, the recognition accuracy can be brought back

these challenges.

to 95% as compared to 65% in a naïve implementation (Fig.

and

weight

update,

the

crossbar

17). The hardware overhead due to these strategies is evaluated

2. Non-ideal Device Properties and Array Parasitics
When scaling up the array size, the non-ideal device properties

in Section 4.

and array parasitics may potentially degrade the learning

3. Peripheral Circuits Design Considerations

accuracy [8]. The non-ideal properties of the realistic devices

Different from the 1-transistor-1-resistor (1T1R) conventional
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memory array (Fig. 18), we propose rotating BL to make it

rapidly with the scaling up of the array size (Fig. 29) as a row-

perpendicular to SL (Fig. 19). When all WLs are turned on, the

by-row write operation is assumed and the half-selected cells

transistors enter the deep triode region and become transparent,

during the programming are contributing to the write energy.

thus the rotated 1T1R array becomes a pseudo-crossbar. More

Finally, we project a scaling trend of the peripheral circuit

aggressively, we can get rid of the transistors and have a true

technology node from 65 nm down to 14 nm (Fig. 30). The

crossbar in the core (Fig. 20), however the cells may face the

large array actually could not scale well because the area is

half-select problem during the programming. It is worth

dominated by the crossbar core, and the wire width of the core

pointing out that the sneak path problem does not exists here

has to be relaxed for a large array due to the IR drop problem.

because all the cells participate in the matrix-vector

5. Conclusion

multiplication. Nevertheless the IR drop problem still exists.

The design challenges on scaling up the crossbar array size for

Another difference in the peripheral circuits design is that the

neuro-inspired architecture are caused by the non-ideal device

decoder needs to enable multiple rows or columns, thus a

characteristics and array parasitics (e.g. the IR drop problem).

switch matrix is used instead. One key component of the

Circuit-level mitigation strategies have been proposed with

crossbar architecture is the read circuit that converts the analog

affordable overhead of area, latency, and power. In the future

column current to the digital output. We propose a read circuit

work, an architecture-level mapping tool is to be developed to

[11] that employs the principle of the integrate-and-fire neuron

efficiently partition the array size given learning algorithms and

model (Fig. 21-22). We have sent out the pseudo-crossbar

dataset under the constraint of hardware resources.

design (64×64) with read circuits for tape-out (Fig. 23). It is
designed in 130 nm CMOS with post-processing of resistive
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Fig. 2 Example of a small scale of
crossbar array with TaOx/TiO2
resistive synaptic devices [4]. The
oxygen vacancies migrate between
the TaOx and TiO2 interface under
voltage programming pulse thereby
modulating the device conductance.
Normalized Conductance

Fig. 1 The resistive crossbar array
architecture for matrix-vector
multiplication. Column output
current sums up row input voltage
weighted
by
the
device
conductance at each cross-point.

1

0

Fig. 3 The weight update curve
for TaOx/TiO2 resistive synaptic
devices [4]. Non-ideal properties
include nonlinear weight update,
limited on/off ratio, and
variations.
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Fig. 5 The weight update curve
for Ag:a-Si resistive synaptic
devices [6]. Non-ideal properties
include nonlinear weight update,
limited
on/off
ratio,
and
variations.

Fig. 4 The weight update curve
for PCMO resistive synaptic
devices [5]. Non-ideal properties
include nonlinear weight update,
limited
on/off
ratio,
and
variations.
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Fig. 8 The SPICE sub-circuit
0 10 20 30 40 50 60
Pulse #
module for one resistive synaptic
Fig. 7 The spatial (device-to- device at a cross-point in the
Fig. 6 The device behavioral
device) variation is modeled as a array. The wire resistance and
model of the nonlinear weight
variation of the weight update parasitic capacitance are included.
update. The extent of nonlinearity
baselines. The temporal (cycle-to- The module is duplicated in 2D
is labeled from 1 to 6.
cycle) variation is modeled as a space for simulating the entire
random noise.
array.

Hardware Implementation
Input X

Sparse Coding:
Trained Z
• Z update (D×Z)
• D update (Synaptic
device model)
SVM training &
classification

Trained D
Input X

Sparse Coding:
• Z update (D×Z)
• Fixed D

Tested Z

Recognition
Accuracy

Fig. 9 The flow of training and testing using MNIST handwritten
digits dataset [10]. The unsupervised sparse coding algorithm is used
to extract the inherent features for the next-stage classification using
support-vector-machine (SVM). The non-ideal device properties are
included in the D update. The array parasitics calculated by SPICE are
included in the DZ step in the Z update.

Fig. 10 The recognition accuracy
as a function of the data precision
of the D, Z values in the code. 6bit D is required indicating 64level is needed in the resistive
devices.

Fig. 11 The recognition accuracy
loss due to the weight update
nonlinearity. The realistic device
data [4-6] is labeled, leading to a
few percent drop of the accuracy.
Dummy
Column

-

Di-1Z

Fig. 12 The recognition accuracy
loss due to the limited on/off ratio.
A small on/off ratio introduces
significant
degradation.
The
realistic devices [4-6] may become
problematic.

Fig. 13 The recognition accuracy
loss due to the device variation.
The algorithm can tolerate the
spatial variation while it has poor
resilience against the temporal
variation.

Fig. 14 The recognition accuracy
loss due to the IR drop along the
interconnect of the array. A
relaxation of wire width is
proposed to minimize the
degradation.
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Fig. 15 The dummy column with
minimum conductance cells is
proposed to eliminate the off-state
current and improve on/off ratio
by a differential read-out.
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Fig. 18 The circuit block Fig. 19 The circuit block diagram for
Fig. 17 The recognition accuracy
Fig. 16 Multiple-cell as one bit is improvement with the proposed diagram for the conventional the pseudo-crossbar by rotating the
proposed to statistically average strategies (relaxing wire, dummy 1T1R memory array. BL and BL in the 1T1R memory array.
SL are in parallel. S/A is used.
out the device variations.
Switch matrix is used to enable
column, multiple-cell as a bit).
multiple rows.
BL Switch Matrix
WL

True
Crossbar
Array

BL

Fig. 21 Design of a read circuit [11] that employs the principle of
the integrate-and-fire neuron model. Starting from a reset voltage,
Read Circuit
the column current is integrated on the finite capacitance of each
Fig. 20 The circuit block diagram for column, when the voltage charges up above a certain threshold
the true crossbar by removing the voltage, the output switches and the capacitance is discharged
transistors in the array core. Special back to the reset voltage. The output of the Schmitt trigger is
read circuit is needed to convert buffered and drives the clock input of a shift register to store the
digital output data.
analog current to digital output.

1T1R Array

Array

Fig. 22 The simulated waveform of
the integrated input voltage and the
digital output spike of the read
circuit in 65 nm CMOS.

Switch Matrix

Row Decoder

BL Mux

Mux
Fig. 24 The area breakdown of
Fig. 23 The layout of the designed 64×64 the crossbar array. In a small
(32×32),
peripheral
pseudo-crossbar array with read circuits. array
circuits
occupy
noticeable
area.
The CMOS is in 130 nm and the resistive
devices are fabricated between M4 and In a large array (1024×1024),
the crossbar core dominates.
M5 by post-processing.

Read Circuit

Fig. 27 The area overhead of
column sharing for different
array sizes. A large array does
not need column sharing and can
have one read circuit for one
column, thus a fully parallel read
is possible.
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Fig. 28 The array RC delay due to
the wire resistance and parasitic
capacitance for different array
sizes. A large array even with a
relaxed wire width can have ~500
ps RC delay.

Fig. 25 The requirement of the
minimum wire width for
different array sizes. The
minimum wire width is
determined by the IR drop
along the interconnect.

Fig. 29 The read/write energy
consumption for different array
sizes. A large array consumes
much more write energy due to
multiple row-by-row accesses in
the write operation.
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Fig. 26 The area overhead of
the multiple-cell as one bit for
different array sizes. The large
array has proportional area
overhead because the crossbar
core dominates.

Fig. 30 The scaling trend of the
crossbar array from peripheral
circuit technology node 65 nm to
14 nm. The large array does not
scale well because a relaxed wire
width limits the array area despite
of the peripheral circuits scaling.

