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Abstract: As Moore’s law based device scaling and accompanying performance scaling trends are slowing down, there
is increasing interest in new technologies and computational models for fast and more energy-efficient information
processing. Meanwhile, there is growing evidence that, with respect to traditional Boolean circuits and von Neumann
processors, it will be challenging for beyond-CMOS devices to compete with the CMOS technology. Exploiting unique
characteristics of emerging devices, especially in the context of alternative circuit and architectural paradigms, has
the potential to offer orders of magnitude improvement in terms of power, performance, and capability. To take full
advantage of beyond-CMOS devices, cross-layer efforts spanning from devices to circuits to architectures to algorithms
are indispensable. This study examines energy-efficient neural network accelerators for embedded applications in this
context. Several deep neural network accelerator designs based on cross-layer efforts spanning from alternative device
technologies, circuit styles, to architectures are highlighted. Application-level benchmarking studies are presented.
The discussions demonstrate that cross-layer efforts indeed can lead to orders of magnitude gain towards achieving

extreme-scale energy-efficient processing.
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1 Introduction

It is widely accepted that we are approaching
the limit of CMOS technology scaling. This not
only applies to the feature size scaling of the transis-
tors but more importantly to performance and power
scaling. The golden days of exponential growth in
transistor density are over! This trend has long
been recognized by the research community as well
as funding agencies. Significant research efforts have
been devoted to exploring new technologies that may
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be able to replace CMOS. A number of new de-
vice concepts and associated material advances have
been introduced. However, according to the bench-
marking efforts led by the Semiconductor Research
Corporation (SRC) (Nikonov and Young, 2015; Pan
and Naeemi, 2017a), the results are not encourag-
ing. While the jury is still out as to whether we
will eventually find a device that can put us back to
the exponential growth path that we have enjoyed
for the past 50 years, none of the beyond-CMOS de-
vices investigated by SRC sponsored research efforts
(and others) seem to be able to offer sufficient per-
formance and energy efficiency advantages to serve
as drop-in replacements for CMOS.

In contrast to the slow-down of CMOS technol-
ogy scaling, the demands on information processing
capabilities are growing ever faster as we enter the
Internet of Things (IoT) and artificial intelligence
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(AI) age. For example, by 2020, the installed base
of the IoT devices is forecast to grow to almost
31 billion worldwide, doubling the IoT device
(https://www.statista.com /statistics /471264 /iot-

number-of-connected-devices-worldwide /). Applica-
tion domains for such IoT devices span from smart
cities and homes, connected cars, to connected
health and wearables. A direct consequence of
this rapid increase in IoT devices is the enormous
amount of data generated by these devices and the
tremendous computation power required. Advances
in other technology sectors such as sensing, imaging,
and communication similarly lead to accelerated
growth in data and their processing demands. For all
these and many other applications, energy-efficient,
cost-effective, and performance-attentive electronics
are the foundation for their growth. Clearly, the
slow-down of CMOS scaling can be a big road block.

Note that many new application areas must deal
with exponentially growing unstructured data but
differ in terms of the specific types of information
processing needed. Some applications such as search-
ing and string/text matching can be more memory-
intensive, others (such as solving constrained opti-
mization problems) are more computation-intensive,
still others such as multi-layer neural networks
have regular processing patterns, and others may
not have any distinctive features. Such varia-
tions can be a double-edged sword. On one hand,
homogeneous, many-core processors with a “one-
size-fits-all” approach cannot achieve desired en-
ergy/cost/performance goals. On the other hand,
it opens the possibility of including domain-specific
accelerators in processor architectures. Therefore,
besides the basic device technology, architectures
and algorithms are facing tremendous challenges and
opportunities.

Recognizing the above trends, the research
community and funding agencies have started con-
certed efforts to promote vertically integrated re-
search agendas. For example, U.S. Defense Ad-
vanced Research Projects Agency (DARPA), in col-
laboration with SRC, has initiated the Joint Univer-
sity Microelectronics Program (JUMP), which pro-
motes application-domain driven research spanning
from materials/devices all the way to applications.
The goal of JUMP is “to catalyze innovations for
increasing the performance, efficiency, and overall
capabilities of broad classes of electronics systems
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for both commercial and military applications”. A
high bar has been set by DARPA, i.e., achieving
3200 tera operations per second per watt (TOPS/W)
(Salmon, 2017). As another example, the U.S. Na-
tional Science Foundation (NSF) and SRC are ac-
tively supporting new research that brings program-
mers, system architects, circuit designers, chip pro-
cessing engineers, material scientists, and computa-
tional chemists together to explore new co-design
paths towards minimizing the energy impacts of pro-
cessing, storing, and moving data within future com-
puting systems. These new programs have sparked
great interest in the research community to collab-
oratively tackle the technical challenges due to the
slow-down of CMOS technology scaling.

Two frequently asked questions about vertically
integrated, cross-layer efforts are (1) how much bene-
fit such approaches can actually offer and (2) whether
they can really achieve the energy efficiency goals set
by, say DARPA. In this study, we use a representa-
tive case study to demonstrate the potential for such
vertically integrated, cross-layer efforts in achieving
orders of magnitude improvements in energy, per-
formance, and/or cost. The case study focuses on
various approaches for designing neural network ac-
celerators for solving the handwritten recognition
problem based on the MNIST dataset (LeCun et al.,
1998). The case study demonstrates how a co-design
effort that spans from algorithms and architectures
to circuits and devices can move us closer to the 3200
TOPS/W goal.

The rest of the paper is organized as follows.
We first articulate the needs for cross-layer design by
examining the state of the art benchmarking data of
beyond-CMOS devices, and discuss why such design
approaches can be beneficial. We then present a case
study on using the cellular neural network (CeNN)
computing model to implement convolutional neural
networks (CoNNs). The case study demonstrates
how device, circuit, architecture, and algorithm level
efforts can be judiciously combined to achieve orders
of magnitude improvements in energy and energy
efficiency. Last, we comment on the path forward
and key research.

2 Need for cross-layer efforts

There have been significant research efforts
targeting beyond-CMOS technologies to build
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devices to address the challenges brought upon by
the CMOS scaling limit (Tonescu and Riel, 2011)
(http://least.nd.edu). These devices vary in terms
of state variable representation (e.g., spin or charge),
physical operating principles (e.g., magnetic cou-
pling or tunneling), materials used, etc. To quantify
how these new devices might perform in the con-
text of basic functions such as an inverter with fan-
out-of-4 and 32-bit adder, Nikonov and Young at
Intel organized comprehensive, device-level bench-
marking efforts (Nikonov and Young, 2013, 2015).
The benchmarking work (referred to as BCBv3 for
beyond-CMOS benchmarking version 3) introduces
an analytical methodology by which all device pa-
rameters would be derived from the same uniform as-
sumptions (e.g., lithography-enabled feature sizes).
Fig. 1 extracted from Aziz et al. (2018) is a sample
output of BCBv3, showing the 32-bit ripple carry
adder (RCA)’s dynamic switching energy vs. delay
of CMOS and various beyond-CMOS device tech-
nologies including tunnel and ferroelectric transis-
tors, magnetoelectric and spin torque devices. The
benchmarking data suggests that only a few de-
vices (i.e., a subset of tunnel transistors) could out-
perform (by less than one order of magnitude) a
high-performance CMOS (CMOS HP) or low-power
CMOS (CMOS LV) slated for 2018.
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Fig. 1 Energy vs. delay of a 32-bit adder for repre-
sentative beyond-CMOS spin- and charge-based de-
vices (Reprinted from Aziz et al. (2018), Copyright
2018, with permission from IEEE). The two green
dots correspond to 15-nm CMOS high-performance
and low-voltage devices (References to color refer to
the online version of this figure)

One question one may raise is how these de-

vices would fare in multi-core processors that are
widely used today. To project the performance
of multi-core processors based on beyond-CMOS
devices, we introduced an analytical architectural-
level benchmarking model for beyond-CMOS de-
vices (Perricone et al., 2016).
fies architectural-level benchmarking (Esmaeilzadeh
et al., 2011, 2013) with device-level benchmarking
(Nikonov and Young, 2013, 2015) to provide in-
sight as to how these devices could sustain Moore’s
law performance scaling trends. Fig. 2 shows
the speedup results of four tunnel transistors and
two CMOS (15-nm CMOS HP and CMOS LV)
transistors relative to 45-nm CMOS HP transis-
The data are for the Mediabench and PAR-
SEC benchmark suites, and all processors are sub-
ject to 5 W thermal design power (TDP). The re-
sults indicate that for highly parallel programs such
as swaptions and JPEG, speedups of 13X and 7.5X
can be expected. Though these speedups are more

Our model uni-

tors.

encouraging, they are still not enough for justifying
a technology as a CMOS replacement. Furthermore,
for less parallel programs, speedups are significantly
lower (all less than 4X).
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Fig. 2 Speedups relative to 45-nm CMOS for 15-
nm CMOS and steep slope devices with a low (5 W)
TDP. Results include two Mediabench benchmarks:
MPEG2 and JPEG encoding (Reprinted from Perri-
cone et al. (2016), Copyright 2016, with permission
from the Association for Computing Machinery)

Even though CMOS scaling is slowing down
and beyond-CMOS devices seem to be ready
to replace CMOS, the demand for lower power,
higher performance, and more cost-effective in-
formation processing has not diminished but
rather is accelerating. This is fueled mostly by
many emerging applications, such as IoT, AI,
and autonomous driving. In a recent program
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call from DARPA (https://www.darpa.mil/about-
us/timeline/jump), Linton Salmon outlined the up-
side goal that DARPA has set for its performers
(Fig. 3), i.e., 3200 TOPS/W or 0.3 fJ/op.
consider 32-bit add as the operation, according to
the benchmarking results from BCBv3, the lowest
energy emerging device, BISFET, achieves about 0.6
£J /op but its delay is much larger than that of CMOS
devices. Note that the energy per operation is typi-

If we

cally much higher when executing real programs due
to overhead in memory, etc.

It is clear that none of the beyond-CMOS
devices being investigated can offer compelling
improvements over CMOS devices if used as a
pure drop-in replacement. However, one key
observation on beyond-CMOS devices sheds light
on possible directions in reaching the goals set by
DARPA and many applications. Specifically, many
beyond-CMOS devices exhibit fundamentally differ-
ent and unique characteristics that if exploited prop-
erly could offer significant performance and/or en-
ergy benefits. This direction is particularly powerful
with the rise of domain-specific accelerators being
deployed in many applications.
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Fig. 3 DARPA’s needs for future generations of sys-
tems on chip (Salmon, 2017)

As one example, a cellular neural network
(CeNN) kernel has been benchmarked to implement
in both CMOS and a number of beyond-CMOS de-
vices (Pan and Naeemi, 2017b). CeNNs can be ef-
fectively exploited in applications such as associative
memory and image processing (Szolgay et al., 1997;
Scheutz et al., 2004; Horvath et al., 2017; Xu et al.,
2017). Both digital and analog CeNN circuits can be
realized with transistors, while spin-based beyond-
CMOS devices such as magnetic tunneling junction
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(MTJs) can also be used to implement the CeNN
function. Fig. 4 summarizes the benchmarking re-
sults considering all three types of designs: digital,
analog, and spintronic. It can be readily seen that
devices that do not fare as well for Boolean logic
and simple arithmetic operations can be orders of
magnitude better than CMOS equivalents in terms
of energy delay product (EDP). Most TFET-based
CeNNs consume less energy due to their steep thresh-
old slope, low supply voltage, and superior analog fig-
ures of merits (FoMs) (Sedighi et al., 2015). CeNNs
implemented by digital CMOS perform worse com-
pared to their analog counterpart due to the large en-
ergy and delay from multiplying and adding synapse
weights. Spintronic devices seem to offer significant
advantages in implementing CeNN.
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Fig. 4 Energy vs. delay for various beyond-CMOS
technologies. Triangle and circular points of charge-
based devices represent the digital and analog CeNN
For the text labels
of spintronic CeNN implementation, SD, SHE, and
DW stand for spin diffusion, spin Hall effect, and
domain wall motion, respectively, and CC represents
the copper collector (Reprinted from Pan and Naeemi
(2017b), Copyright 2017, with permission from IEEE)
(References to color refer to the online version of this
figure)

implementations, respectively.

As another example, ferroelectric FETs (Fe-
FET) (beyond-CMOS devices being studied actively
by both industry and academia) exhibit hysteresis
in their drain current vs. gate voltage (Salahuddin
and Datta, 2008; George et al., 2016b) as shown in
Fig. 5. The property that a single transistor can be
used as both a switch and a storage element opens the
door for energy-efficient realization of many interest-
ing fine-grained logic-in-memory concepts (George
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et al., 2016a; Yin et al., 2016a, 2017; Chen et al.,
2018). Different architectures and applications (e.g.,
in-memory computing for big-data applications) can
benefit greatly from such logic-in-memory modules.
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Fig. 5 FeFET structure and its equivalent cir-

cuit representation showing ferroelectric capacitance
and the capacitance of the underlying MOSFET (a)
and FeFET I-V curves with tunable hysteresis (b)
(Reprinted from Yin et al. (2016a), Copyright 2016,
with permission from IEEE) (References to color re-
fer to the online version of this figure)

The above examples show that beyond-CMOS
devices may be much more competitive than CMOS
devices if their unique characteristics are effectively
exploited in circuit and/or architectural designs.
Such cross-layer efforts spanning from devices and
circuits to architectures and applications are particu-
larly valuable for developing domain-specific acceler-
ators which are effective in tackling energy concerns.

Conducting cross-layer research from devices all
the way up to applications, though straightforward
conceptually, is challenging in practice. Some of
the critical questions to be addressed include how
to evaluate and compare different designs (e.g., is an
analog convolutional neural network (CoNN) accel-
erator better than a digital one and over what figures
of merit?), what benchmark suites should be used to
evaluate designs, and how to assess the contribution
from each layer. In the remainder of this study, we
use a case study to show our initial attempts to an-
swer the above questions.

3 CeNN for CoNN: a case study on
device-circuit-architecture-algorithm
co-design

In this section, we discuss the development and
evaluation of a CeNN-friendly CoNN for solving the
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MNIST digit recognition problem. This study uses
features of beyond-CMOS devices to construct low-
power analog CeNN cells (device-to-circuit effort). A
CeNN-friendly CoNN algorithm and a correspond-
ing CeNN array based architecture are developed
to leverage the low-power CeNN cells (algorithm to
architecture to circuit effort).
ous design alternatives and comparison with exist-
ing work on solving the MNIST digital recognition
problem are discussed to analyze the benefits of such
cross-layer efforts. Below, we start with a brief in-
troduction of the CeNN and tunnel FETs, a class of
beyond-CMOS transistors. We then elaborate our
cross-layer design effort on designing CeNN-friendly
CoNNs. Last, we compare our designs with other
accelerators for solving the MNIST problem. The
key rationale of picking the MNIST problem as the
target is the availability of a large number of existing
implementations.

Evaluation of vari-

3.1 Cellular neural network and tunnel FET
basics

A spatially invariant CeNN array (Chua and
Roska, 2002) consists of an M x N array of identical
cells (Fig. 6a). Each cell Cy;, (¢,7) € {1,2,..., M} x
{1,2,..., N}, has identical connections with adja-
cent cells in a predefined neighborhood of radius
r > 0. The size of the neighborhood is m = (2r+1)2.
A conventional analog CeNN cell consists of one re-
sistor, one capacitor, 2m linear voltage controlled
current sources (VCCSs), one fixed current source,
and one specific type of non-linear voltage controlled
voltage source (Fig. 6b). The input, state, and out-
put of a given cell C;; correspond to the nodal volt-
ages U;j, Ti5, and y;;, respectively. VCCSs controlled
by the input and output voltages of each neighbor
deliver feedforward and feedback currents to a given
cell, respectively. The dynamics of a CeNN are cap-
tured by a system of M x N ordinary differential
equations, each of which simply follows the Kirch-
hoff current law (KCL) at the state nodes of the
corresponding cells per Eq. (1):

odzis(t) _  ii(t)

i Rt
k1 €N (4,5)
o

bijkiur + Z. (1)
Cri€Ny(3,5)

aij, k1Y (t)

CeNN cells typically employ a non-linear
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sigmoid-like transfer function at the output to ensure
fixed binary output levels (Chua and Yang, 1988).
The parameters a;; ; and b;; 1, serve as weights for
the feedback and feedforward currents from cell Cy;
to cell Cyj, respectively. a;j; and b;j . are space-
invariant and are denoted by two (2r +1) x (2r +1)
matrices (If » = 1, they are captured by 3 x 3 ma-
trices). The matrices of a and b parameters are typ-
ically referred to as feedback template A and feed-
forward template B, respectively. Design flexibility
is further enhanced by the fixed bias current Z that
provides a means to adjust the total current flowing
into a cell. A CeNN can solve a wide range of image
processing problems by carefully selecting the values
of the A and B templates (as well as Z).

The most costly part of CeNN hardware is the
VCCSs. Various circuits including inverters, Gilbert
multipliers, and operational transconductance am-
plifiers (OTAs) (Wang et al., 1998; Molinar-Solis
et al., 2007) can be used to realize VCCSs. For work
to be discussed in this study, we use the OTA design
from Lou et al. (2015) for both CMOS and beyond-
CMOS implementations. OTAs provide a large lin-
ear range for voltage to current conversion, and can
implement a wide range of transconductances allow-
ing for different CeNN templates.

The specific example of beyond-CMOS de-
vices that we will consider is tunnel FET (TFET).
TFET promises to offer sub-threshold swing below
60 mV/dec and can operate at very low voltages
(Seabaugh and Zhang, 2010; Kam et al., 2012). For
example, TFETs have shown to be extremely power-
efficient for logic circuits (Khatami and Banerjee,
2009). Previous research also demonstrated the use
of TFETs in efficiently designing analog circuits such
as DRAM, amplifier, and ADC (Liu et al., 2014;
Sedighi et al., 2015). Furthermore, TFETs con-
duct current through band-to-band tunneling which
has very weak sensitivity to temperature variation
(Seabaugh and Zhang, 2010). As a result, their op-
erations are robust in the presence of thermal noise
(an important design consideration for analog cir-
cuits). Fig. 7 shows the I-V characteristics of two
example III-V TFET devices: InAs homojunction
TFET (HomTFET) and GaSb-InAs heterojunction
TFET (HetTFET) (Avci et al., 2011; Zhou et al.,
2012).

In Lou et al. (2015), we introduced TFET-based
CeNN cell designs to reduce VCCS overhead in gen-

eral and to realize nonlinear template operations in
A nonlinear template uses a
function instead of a constant to define template
values (i.e., the values of a;jx and b;; ). Nonlin-
ear CeNN templates allow some important functions
to be fullfilled much more economically compared
with linear templates. For example, with a nonlin-
ear template, finding the maximum (or minimum)
value among all the CeNN cells, i.e., GLOBMAX
(or GLOBMIN), takes only one single CeNN step,
while it would take 15 steps if linear templates are
used! TFETSs demonstrate small drain currents when

an efficient manner.

Vis < 0, which is helpful for realizing non-linear
functionality. By combining the use of a nonlinear
template and TFET devices, improvements of up to
2.5X and 6X in energy dissipation are observed for
a TFET-based nonlinear solution when compared to
a CMOS-based equivalent or TFET-based linear so-
lution, respectively. Besides energy and delay im-
provements, TFET-based designs lead to smaller er-
rors (Lou et al., 2015). Fig. 8 shows a TFET-based
linear and nonlinear OTA design for realizing linear
and nonlinear templates, respectively. The actual
template value is simply G,, R, where R is the in-cell
resistor and is fixed, and thus the G, of the OTA is
used to specify /realize a convolution template value
per the discussion in the next subsection. By tuning
the G, of the OTA, we can realize different template
values.

3.2 Realizing CoNN operations with CeNNs

The previous subsection briefly reviews how
beyond-CMOS devices, specifically TFETs, can ben-
efit analog CeNN cell designs (i.e., through device
and circuit efforts). This subsection focuses on how
CeNNs can be exploited to implement key operations
found in CoNNs (i.e., circuit and architecture ef-
forts). At a very high level, both CoNNs and CeNNs
are capable of replicating certain aspects of human
vision such as alternating simple/complex cells of
the V1 area of the primary visual cortex and the
spatial response of these cells (similar to alternating
layers of pooling and convolution operations). Given
that CeNNs (1) operate in the analog domain, which
could result in lower power consumption/improved
energy efficiency (Kim et al., 2008), (2) are Turing
complete (Chua and Roska, 2002), and (3) can pro-
vide a richer library of functionality than typically
associated with CoNNs, the topographic, highly
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Fig. 6 CeNN architecture (a) and circuitry in a CeNN cell (b)
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Fig. 8 TFET-based linear circuit (a) and TFET-based nonlinear circuit (b) (Reprinted from Lou et al. (2015),
Copyright 2015, with permission from the Association for Computing Machinery)

parallel CeNN architecture has great potential in
efficiently implementing operations in deep neural
networks/CoNNs.

CeNNs are typically composed of a single layer
of processing elements (PEs). While most CeNN
hardware implementations lack the layered struc-
ture of CoNNs, by using local memory (commonly
available on every realized CeNN chip), a cascade
of said operations can be realized by re-using the

result of each previous processing layer (Chua and
Roska, 2002). Alternatively, one could simply build
a cascade of CeNNs to realize the layered structure
of a CoNN. This lends itself well to deep learning
algorithms, which are built as cascades of different
layers of non-linear processing elements, where ev-
ery layer implements a simple operation that might
include: (1) convolution, (2) non-linear operations
(usually a rectifier), (3) pooling operations, and (4)
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fully connected layers (although sometimes support
vector machines (SVMs) are used instead). Below we
sketch how the key operations in CoNN can be real-
ized by CeNN operations. For more details, readers
are referred to Horvath et al. (2017).

Convolution layers in CoNN are used to detect
and extract different feature maps on input data as
the summation of the point-wise multiplication of
two feature maps. One map is the input image f, and
the other map, often referred to as kernel, encodes a
desired feature (g) to be detected by some operation.
The convolution operation (the key element in deep
learning architectures) is defined as

[fxgli,g)= Y fli—kj—Dglkl). (2

k,l=—o00
In deep learning architectures, convolution
serves as a simple change detector. These are

the only layers with parameters that are changed
online,
optimized during training.
Eq. (1), by applying the feedforward template (de-
noted as b;; xi), CeNNs can implement convolutional
kernels in a straightforward manner.

As CoNNs are built for recognition and classifi-

and the exact convolutional kernels are
As can be seen from

cation tasks, non-linear operations are required. One
of the most commonly used non-linearity in deep
learning architectures (Dahl et al., 2013) is the rec-
tified linear unit (ReLU) as shown in Eq. (3), which
thresholds every value below zero:

0, =<0,
z, x>0.

rio) = { ®

In a CeNN, the ReLU operation can be im-
plemented using a nonlinear template. The tem-
plate implementing the nonlinear function of the
ReLU operation can be written as D(z;,;) =
max{0, z; ;}, which sets all negative values to zero
and leaves the positive values unchanged; thus,
it directly implements Eq. (3).
ing actual hardware implementations, to date, real
hardware such as the ACE16k chip (Rodriguez-
Vazquez et al., 2004) or the SPS 02 Smart
Photosensor from Toshiba (http://www.toshiba-
teli.co.jp/en/products/industrial /sps/sps.htm) ap-
plies standard CeNN nonlinearity on the cells:

When consider-

1 1
Yk, = 2|«Tk,l +1] - 2|$k,l —1]. (4)
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The ReLU operation can also be rewritten as
two linear operations by applying the templates
given below:

0 0
0 1
0 0

We will compare these two designs later.

Pooling operations are employed to decrease the
amount of information between consecutive layers in
a deep neural network to compensate for the effects
of small translations. Max pooling operation selects
the maximum element in a region around every value,
ie.,

This max pooling operation can be imple-
mented by the nonlinear, GLOBMAX template,
which can be found in the standard CeNN
template library (http://cnn-technology.itk.ppke.
hu/Template library v3.1.pdf). The GLOBMAX
operation selects the maximum value in the neigh-
borhood of a cell in a CeNN array and propagates
it through the array. By setting the execution time
of the template accordingly, one can easily set how
far the maximum values can propagate and which
regions the maximum values can fill. This nonlin-
ear template can also be implemented by using the
non-linear function as given in Eq. (8):

D(zi;) = { _3{8’

As before, the max pooling operation can be

xz <0,
x> 0.

(8)

realized with a sequence of linear operations. How-
ever, in this case, a total of 16 CeNN steps are needed
(Horvath et al., 2017), which can be quite expensive.
An alternative to max pooling is average pooling,
which can be easily realized with CeNNs. Specifi-
cally, to perform an average pooling operation in a
2 x 2 grid, one can simply employ the following B
templates (Z = 0):

1/4 1/4 0
By.o = [1/4 1/4 0. (9)
0 0 0



Hu and Niemier / Front Inform Technol Electron Eng 2018 19(10):1209-1223 1217

To accomplish classification in a CoNN, one
needs to convert the feature maps extracted from
previous layers into a scalar, index value associated
with the selected class. A common approach for clas-
sification is to employ a fully connected (FC) layer
and associated neurons. An FC layer can be achieved
by a dot product between a weight map and the in-
put data, or as a large convolution between the two
maps. This product represents how strongly the data
belongs to a class and is calculated for every class in-
dependently. The index of the largest weight can be
selected and associated with the input data. Unfor-
tunately, the multiplication of the feature map and
a large weight map, i.e., point-wise calculation, can-
not be efficiently implemented with CeNN template
operations due to the large r (neighborhood size).
In our study, we perform the FC layer operations
on a digital processing element (conducting multiply
and add functions) when the size of the matrices is
greater than 3 x 3.

3.3 Design of CeNN-based CoNNs for

MNIST

We now elaborate how CeNN arrays can be ex-
ploited to realize popular CoNNs (i.e., through ar-
chitecture and algorithm efforts) based on the CeNN
implementations of key CoNN operations discussed
above. In particular, we consider using CeNN cir-
cuits and architecture to realize a CoNN algorithm
for solving the MNIST problem (Horvath et al.,
2017). In the MNIST handwritten digit classifica-
tion task (LeCun et al., 1998), images of handwrit-
ten digits (0-9) represented by a 28x28-pixel black
and white image must be classified. There are 60 000
images in the training set, and 10 000 images in the
test set. According to the discussion in Section 3.2,
all template operations for the convolution, ReLU,
and pooling steps are feed-forward templates (B).
The feedback template (A) is not used in any of the
feature extracting operations (i.e., per Eq. (1), all
values in A would simply be 0). As such, the train-
ing of the network can also be done with a CeNN with
backpropagation methods such as stochastic gradi-
ent descent (Bottou, 2010).

In developing the CeNN-based CoNN, we re-
strict all computational kernels to a CeNN-friendly
size of 3 x 3. Though larger kernels (e.g., 5 x5, 7x 7,
or larger that may be used in CoNNs) are supported
by the CeNN theory (i.e., per Section 3.2, a neighbor-

hood’s radius r could easily be larger than 1), due to
increased connectivity requirements, such larger ker-
nels are infrequently realized in hardware. That said,
this is not necessarily a restriction. Larger kernels
can be estimated using a series of 3 x 3 kernels, and it
is a common practice to substitute larger kernels with
3 x 3 operations. Furthermore, Szegedy et al. (2016)
suggested that smaller kernels can lead to fewer pa-
rameters and higher accuracy during training, which
supports the use of implementation-friendly CeNN
hardware.

Given the above, we devised a 5-layer, CeNN-
friendly network, referred to as Design 1, which is de-
picted in Fig. 9 (Horvath et al., 2017). The first and
third layers each consists of four convolution and four
ReLU operations, the second and fourth layers each
consists of four pooling layers, as indicated by the
four stacked large squares. The last layer is a 20 x 20
FC layer for classification. Each layer (except the FC
layer) employs four sets of different CeNN templates
for extracting four different features. If only linear
templates are allowed, a total of 68 CeNN template
operations are required. If non-linear template op-
erations are adopted, this number reduces to 38. As
we have pointed out earlier, the FC layer operating
on large matrix sizes can be costly for CeNN-based
hardware implementation due to rapidly increasing
interconnects. Based on the discussion in Section 3.2,
we leverage a digital processing unit to realize this
FC layer operation, which also requires an analog-
to-digital conversion (ADC) unit.

Another method to overcome the FC layer chal-
lenge is to eliminate the need for such an FC layer by
gradually reducing the feature map sizes to smaller
sizes such as 3 x 3. Then the final FC layer needs only
to deal with this small feature map. Based on this
principle, we introduce an alternative network, re-
ferred to as Design 2, in which the original FC layer
in Fig. 9 is replaced with an FC layer that needs
only to deal with 3 x 3 feature maps, which is readily
implementable with CeNN hardware (Fig. 10). This
new network, however, has two additional layers, one
convolution+RelU layer and one pooling layer. One
question to answer is how this new network compares
with the original network.

We omit the discussions on the actual architec-
tural design. Interested readers can refer to Lou et al.
(2018) for details.
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Fig. 10 CeNN-friendly CoNN without the fully connected layer layer

3.4 Evaluation of CeNN-based CoNNs for
MNIST

To evaluate our CeNN-friendly CoNN designs
obtained from our cross-layer efforts, we examine en-
ergy efficiency and accuracy. For our CeNN-based
CoNNs in solving the MNIST problem, we used the
60 000 images in the training set to train the net-
works, and 10 000 images for inferencing to obtain
inference accuracy. We consider six different CeNN-
based CoNN designs below:

1. Design 1 (Fig. 9): (1) baseline (max pooling);
(2) average pooling; (3) nonlinear templates.

2. Design 2 (Fig. 10): (1) baseline (max pool-
ing); (2) average pooling; (3) nonlinear templates.

Inference accuracy depends on the actual net-
work designs. Furthermore, precision in representa-
tion also impacts accuracy. We have developed both
4- and 8-bit precision CeNN-based designs. For de-
tailed accuracy comparison, readers are referred to
Horvath et al. (2017). The various components in
CeNN-based designs are evaluated via SPICE simu-
lation using the Arizona State University Predictive
Technology Model for high-performance MOSFET
devices at the 32-nm and 14-nm technology nodes
(Zhao and Cao, 2006).

We first compare the six CeNN-based designs
employing different technologies in terms of energy
consumption and accuracy (equivalently misclassifi-
cation rate) (Fig. 11). The beyond-CMOS devices
considered include HomJTFET, HetJTFET, GaNT-
FET, ThinTFET, TMDTFET, NCFET, FEFET,
MITFET, vdWFET-BP, GpnJ-Vg3, and GpnJ-Vg2,
and their associated energy and delay data are from
Pan and Naeemi (2017a). Though interconnect par-
asitics, clocking and control circuits are not included
in our evaluation, they should not change the over-
all trends seen in Fig. 11, since the energy of these
elements would not be orders of magnitude larger
and the major energy consumption is in the data
movement and the computation as discussed in Chen
et al. (2017). A few observations can be made from
the figure. First, the 8-bit designs exhibit the best
overall accuracy but highest energy. For example,
Design 2 with average pooling for 8-bit design has
energy of 23 fJ and accuracy of 97.4%, while De-
sign 2 with average pooling for 4-bit design has 3
fJ energy and 94.3% accuracy. Second, comparing
max pooling, average pooling, and nonlinear tem-
plates, we can see that algorithm- and circuit-level
efforts together can achieve up to 2.5X energy im-
provements, and average pooling is most desirable
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in terms of energy and accuracy tradeoff. Third,
for the same algorithm/architecture/circuit design
(hence the same accuracy), some beyond-CMOS de-
vices are most energy-efficient with up to 10X energy
improvement for similar technology nodes. The best
performing beyond-CMOS device is ThinTFET (the
left most triangle) (Li et al., 2016).

Next we examine the “competitiveness” of our
CeNN-based designs with respect to existing accel-
erators for solving the MNIST problem. We are
particularly interested in the ratio of energy to the
number of operations so as to gauge how far we are
to the goal set by DARPA, i.e., 0.3 fJ/op. Fig. 12
summarizes the misclassification rate vs. energy per
operation (in log scale) for a number of published
accelerator designs together with our CeNN-based
designs. The operation here refers to multiply-add.
The published accelerator designs that we have con-
sidered include the quantized (<8-bit precision) Min-
erva design (Reagen et al., 2016), digital (16-bit pre-
cision) DNN engine (Whatmough et al., 2017), digi-
tal (16-bit precision) KU Leuven ASIC chip (Moons
and Verhelst, 2016), digital (16-bit precision) Eyeriss
chip (Chen et al., 2017), RRAM crossbar based im-
plementations (quantized with binary weights and
inputs, and digital with 8-bit precision) from Ts-
inghua (Tang et al., 2017), and CPU/GPU-based
solution of the DropConnect approach (Wan et al.,
2013). Though there exist other accelerator designs

for MNIST, they do not report the number of op-
erations. Hence, the ratio of energy to the num-
ber of operations cannot be readily extracted. We
have omitted these designs in this plot. Note that
the CPU/GPU-based solution is the most accurate
approach for MNIST to date, and the data are ob-
tained from actual measurement via Intel i7-5820K
with 32 GB DDR3 and Nvidia Titan. To make a fair
comparison, for the existing NN accelerators based
on CMOS technology nodes different from 32 nm,
we scale their energy data to the 32-nm technology
node using the ITRS data according to Perricone
et al. (2016).

We can draw several conclusions from Fig. 12.
The CPU/GPU design achieves the highest accu-
racy but has the highest energy per operation as ex-
pected. Among the considered CMOS-based designs,
the Minerva MLP design offers the best energy per
operation (the diamond point). Interestingly, though
this design point has the lowest energy per opera-
tion, its actual energy consumption is not the lowest
among the existing CMOS designs considered here.
The lowest energy design is a DNN engine design
with the lowest accuracy, i.e., the upper most orange
circle with 40 £J energy and 95.4% accuracy. The rea-
son is that this DNN engine design, although having
the lowest energy consumption compared to other
CMOS designs (including other DNN engine designs
implementing different networks), has a much lower
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operation count and hence higher energy per oper-
ation (Whatmough et al., 2017). This reveals that
lower energy per operation alone may not always
lead to lower energy design due to variations in the
number of operations.

Compared with the lowest energy DNN engine
design, CeNN-based designs, for the same technology
node (32-nm) and a slightly better accuracy, achieve
a close to 19X energy/operation improvement. In
terms of actual energy consumption, the CeNN de-
signs achieve over 5X improvement. Among all the
available energy/operation data, the Minerva MLP
design, having the lowest energy /operation, leads to
about 1 pJ/op, more than 3000X away from the goal
of 0.3 fJ/op. The best one among all the CeNN-
based designs (left most triangle) achieves 5.28 £J /op,
which is about 18X away from the goal of 0.3 £J/op.
However, the most energy-efficient CeNN design does
sacrifice about 2% accuracy. We have pointed out
that lower energy per operation does not necessar-
ily mean lower energy. Nevertheless, the CeNN de-
signs with better energy per operation happen to
have lower energy. Specifically, comparing a 32-
nm CeNN-based design with a 28-nm DNN design
(with the lowest energy) in terms of iso-accuracy, the
CeNN-based design offers 4X energy improvement.

4 Discussion and path forward

The case study presented in Section 3 demon-
strates that through effective exploitation of unique
characteristics of beyond-CMOS devices, significant
energy efficiency improvements can be obtained.
Such exploitation benefits greatly from vertically in-
tegrated cross-layer efforts spanning from devices
and circuits all the way to architectures and algo-
rithms. Specifically, we have observed that through
the combined effort of algorithm, architecture, cir-
cuit, and device, over 220X improvement in en-
ergy can be achieved with about 0.5% accuracy
degradation.

Though the case study focuses on leveraging
TFETs and the CeNN architecture for designing
DNN accelerators, the same observations can be
made with other technologies applied to various ap-
plications. For example, we mentioned in Section 2
that FeFETs, being capable of functioning as both a
switch and a storage element, can be used to build
fine-grained compute-in-memory modules. As some

examples, novel FeFET logic-in-memory elements
such as basic logic gates and adders with storage ca-
pability were proposed by Yin et al. (2016b). Several
FeFET-based ternary content-addressable-memory
(TCAM) designs and a FeFET binary CoNN were in-
troduced in Yin et al. (2017) and Chen et al. (2018).
All of them effectively exploit the unique I-V char-
acteristics of FeFETs, which exhibit (1) hysteresis,
(2) a built-in access transistor, and (3) a high I, to
Iog ratio. In terms of quantitative advantages, for
the TCAM example, besides layout area reduction,
FeFET-based TCAMs can offer a maximum benefit
of 7.5X /149X in energy-delay-product (EDP) versus
a ReRAM/MTJ design (assuming 64 rows).

In our recent work, we also presented a FeFET-
based compute-in-memory (CiM) architecture (Reis
et al., 2018). The CiM design can not only serve as a
general-purpose random access memory (RAM), but
also perform Boolean operations ((N)AND, (N)OR,
X(N)OR, INV) and addition (ADD) between two
words in memory. The unique properties of FeFETs
allow combined voltage- and current-based sense am-
plifiers, leading to more compact designs and lower
power. The device-circuit-architecture efforts for
the FeFET-CiM design achieve speedup (and energy
reduction) of 119X (1.6X) and 1.97X (1.5X) over
ReRAM and STT-RAM CiM designs, respectively,
with respect to in-memory addition of 32-bit words.
Furthermore, our approach offers an average speedup
of 2.5X and energy reduction of 1.7X when compared
to a conventional (not in-memory) approach across
a wide range of application-level benchmarks.

Cross-layer design is most beneficial for domain-
specific accelerators, which play a key role to-
wards achieving peta operations per second per
watt. Through cross-layer design, circuits and ar-
chitectures can be developed by considering specific
patterns (e.g., computation-intensive or memory-
intensive, types of operations) of the algorithms.
More importantly, unique characteristics (such as
storage capability and analog behavior) of devices
can be exploited through judicious design of circuits
and architectures as well as algorithms.

Conducting cross-layer design does face quite
some barriers. As we have shown in our case study,
the algorithm selected impacts the underlying ar-
chitecture and circuit, while circuit and architecture
choices rely heavily on the devices to be used. Find-
ing the best design across all these layers demands
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each type of CeNN-based CMOS design, the six data points correspond to the six variations stated at the
beginning of Section 3.4. The CeNN-based emerging technology designs all implement Design 1 (max pooling)
(References to color refer to the online version of this figure)

the exploration of a huge design space as well as deep
domain- and layer-specific knowledge. To aid such
cross-layer efforts, proper abstraction and modeling
tools are indispensable. Taking the DNN accelerator
design as an example, one high-level top-down frame-
work is shown in Fig. 13. The model spans five layers
including (1) application domain (e.g., medical im-
age segmentation, natural language processing, and
robotics control), (2) benchmarking datasets from
the application domain (e.g., ImageNet for image
applications), (3) neural network description (e.g.,
number of layers, neurons and weights, operation
types, and number of bits), (4) circuit and archi-
tecture description (e.g., composition of basic opera-
tions, memory hierarchy, sizes, and bandwidth), and
(5) device- and technology-related modeling (e.g.,
energy and delay of basic operations). The goal of
such a modeling framework is to predict figures of
merits such as accuracy, performance, and energy.
Proper evaluation tools are needed to support rapid
exploration of the design space so as to narrow down
the choices to a few promising solutions for further
investigation.

In summary, isolated research efforts in any sin-
gle layer seem not possible to take us to the goal of
peta operations per second per watt. Cross-layer en-

1. Target application(s)

2. Benchmarking dataset(s)

3. Neural network parameters

4. Circuit and architecture parameters

5. Device and technology parameters

7

Accuracy, performance,
energy, cost, etc.

Fig. 13 A top-down modeling framework for design-
ing DNN accelerators

deavor will be critical towards reaching the goal. Re-
search advances in design tools to support such cross-
layer endeavor are in great needs and will open new
possibilities for device-circuit-architecture-algorithm
co-optimization.
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