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Abstract— In recent years, inexact computing has been increasingly regarded as one of the most promising approaches for reducing energy consumption in many applications that can tolerate a
degree of inaccuracy. Driven by the principle of trading tolerable
amounts of application accuracy in return for signiﬁcant resource
savings—the energy consumed, the (critical path) delay and the
(silicon) area being the resources— this approach has been limited to certain application domains. In this paper, we propose to
expand the application scope, error tolerance as well as the energy savings of inexact computing systems through neural network architectures. Such neural networks are fast emerging as
popular candidate accelerators for future heterogeneous multicore platforms, and have ﬂexible error tolerance limits owing to
their ability to be trained. Our results based on simulated 65nm
technology designs demonstrate that the proposed inexact neural
network accelerator could achieve 43.91%-62.49% savings in energy consumption (with corresponding delay and area savings being 18.79% and 31.44% respectively) when compared to existing
baseline neural network implementation, at the cost of an accuracy loss (quantiﬁed as the Mean Square Error (MSE) which increases from 0.14 to 0.20 on average).

I. I NTRODUCTION
Due to stringent energy constraints, researchers have started
to accept that holistic approaches for saving energy are required, which span all computing system aspects, from circuits
to applications. One of the most promising approaches for saving energy is to trade application accuracy for energy savings,
popularly referred to as inexact (see [13] for additional references and [22] for early examples)or approximate [8] computing. The driving philosophy behind this approach is that
some if not many applications do not require the degree of accuracy imposed by current circuit or programming methods;
for instance, video decoding can tolerate a fair degree of inaccuracy because the image variations may not be perceived by
the human eye. Some have started to take advantage of that
observation by reducing the amount of logic, i.e., the logic operators’ accuracy, used for the computations. These techniques
advocated the reduction of logic density by either pruning/deletion of components that are not so signiﬁcant [17], or by transformations to lesser power consuming yet similar logic that is
”close” to the original design [6, 18].
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While this concept is attractive, in practice, when applied to
ASICs taking advantage of the speciﬁc interplay between logic
operators within a given circuit datapath for the targeted application error [13], these ASICs (or programs run on them) have
limited error tolerance to inexact computations as currently designed. Furthermore, the concept of approximate computing
has had limited application to general-purpose processors because the control logic is highly susceptible to faults [8].
We seek to overcome these limitations by leveraging two
trends: one in architecture and the other in applications. The
trend in architecture is driven by increasing energy constraints:
it is projected that multi-core architectures (embedded and
high-performance) will increasingly rely on accelerators for
most computationally intensive tasks (heterogeneous multicores) owing to the lack of voltage scaling leading to an effect
known as Dark Silicon [20]. Beyond traditional accelerator solutions such as GPUs, FPGAs and ASICs, researchers are increasingly investigating accelerators or co-processors with an
intermediate scope in terms of generality, covering more applications than ASICs but less than general-purpose processors, in
order to reap signiﬁcantly higher energy beneﬁts than GPUs or
FPGAs [23, 10]. Considering multiple such accelerators can be
implemented within a chip today, the union of the application
scopes of these accelerators can be very broad indeed.
The second trend is related to the nature of emerging
computing-intensive applications. A few years ago, Intel has
called the attention of the architecture community to the fact
that its benchmarks were ill-designed, and encouraged the
consideration of Recognition, Mining and Synthesis (RMS)
applications [7] as more representative of emerging highperformance applications. As we know, this push later led to
the PARSEC benchmarks [4], a collaboration between Intel and
Princeton University.
Recently, it has been highlighted [24] that the combination
of these two trends can lead to an atypical but highly attractive
accelerator option based on a hardware neural network. Chen
et al. [5] have shown that for a signiﬁcant portion of the PARSEC benchmarks, 90% or more of their execution time could
potentially be ofﬂoaded to a hardware neural network accelerator. Therefore, neural networks can be regarded as accelerators
based on which a broad set of applications can be implemented.
While several other accelerator options exist for supporting the
PARSEC benchmarks, from our perspective, neural networks
are particularly attractive because of their ability to inherently
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derived by combining inexact computing with Neural Network
(hardware) accelerators as summarized in Section III.B.
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Fig. 1. Illustrating the beneﬁt of retraining for neural network error tolerance.

tolerate errors. For instance, it was recently shown that a hardware neural network accelerator would be capable of tolerating
transistor-level faults [24].
With this as a backdrop, we start from the following observations: (1) contrary to common wisdom, the application scope
of a hardware neural network accelerator is very broad in light
of emerging computing-intensive applications, (2) in spite of
that broad application scope, a hardware neural network is just
one large datapath circuit, with no complex control as in a core,
and as a result, it can directly beneﬁt from inexact arithmetic
circuit optimizations, and (3) it implements an algorithm which
has an unique capability of tolerating errors due to retraining.
Speciﬁcally, we take advantage of these three observations
to extend the reach of inexact computing. First, by applying
inexact computing to a hardware neural network accelerator,
we demonstrate the energy savings for applications which can
take advantage of that accelerator explicitly. Second, we take
advantage of the error tolerance capability of neural networks
to improve the degree of inaccuracy that can be tolerated and
thus, resulting in greater energy savings. This capability derives from the learning/training algorithm used for neural networks (qualitatively shown in Figure 1). Using a hardware
neural network accelerator with inexact logic operators, and a
set of machine-learning tasks from the UCI Machine-Learning
repository, we show that it is possible to achieve energy savings
of 53.75% on average, and an area reduction of 31%, compared
to a hardware neural network accelerator with standard logic
operators, at a loss of only 0.06 in Mean Squared Error (MSE).
In Section II, we outline the main concepts of inexact computing and hardware neural networks, and we show how both
of them can be combined, which represent the goal and the results of this paper. In Section III, we explore the design space
formed by inexact hardware neural networks accelerators, the
potential energy, delay and area savings, and the concomitant
impact on task accuracy. We describe some of the related work
that is most relevant in Section IV, and conclude in Section V.
II. Inexact H ARDWARE N EURAL N ETWORKS
In this section, we ﬁrst present a brief primer on inexact computing and neural networks before proceeding to demonstrate
how they can be combined to improve the energy efﬁciency
of hardware neural networks without substantially degrading
their accuracy. These techniques and concepts are based on
previously known work and are thus, not claimed to be novel.
The novel contribution of this paper is the characterization of
the beneﬁts and associated costs represented by increased error,

Let us consider a circuit that computes a completelyspeciﬁed boolean function F : B n → B m that maps n-input
boolean vector of the form x = [x1 , x2 , . . . xn ] to a vector
y = [y1 , y2 , . . . ym ] with an associated hardware cost function
CF . The goal of (heuristic) inexact logic minimization (para

phrased from [1] is to ﬁnd a Boolean function F  : B n → B m
where n ≤ n and m ≤ m, such that its cost CF  is heuristically minimized subject to the following constraint:
 |F( i ) − F  ( i )|
≤ Erth
L

(1)

∀ i∈I

where I is a set of L-testbench vectors to this circuit and Erth
represents the average error (see [1] for a formulation).
Such inexact logic minimization (ILM) can be achieved by
logic-level alteration of boolean function using the notion of
intentional bit ﬂips, which implies an intentional forcing of the
output from 0 → 1 or 1 → 0 for certain input vectors. Some
application-speciﬁc contexts where this idea has been explored
can be found in [6, 1, 2], among others. One example of such
a hardware building block synthesized and studied is a 3-input
2-output full adder cell and is shown in Figure 2 (from [2]).
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Fig. 2. Inexact design through inexact logic minimization: few examples
from [2].

In this paper, we will use a portion of the inexact logic minimization approach from [1]. Speciﬁcally, to tackle the combinatorial explosion of the solution space for a given accuracy constraint from Equation (1) above, we use a signiﬁcanceguided greedy heuristic combined with stochastic exploration
to narrow down the search space. Given the richness of the solution space, even this heuristic-based exploration resulted in
good design points. In our approach, as we are targeting datapath circuit design, we use an output-signiﬁcance driven ranking
of the nodes similar to previous works [18], i.e., nodes feeding
outputs with higher (binary) signiﬁcance are assigned higher
rank and correspondingly are allotted lesser inexact conﬁgurations. As in the previous work [1], this signiﬁcance or rank

202

3A-1
There is a frequent and important misconception that on-line
training is necessary for many applications. On the contrary,
for many industrial applications off-line training is sufﬁcient;
for example, trained on handwritten digits, license plate numbers, a number of faces or objects to recognize, etc. The network can be taken ofﬂine periodically and retrained. We advocate this ofﬂine training approach in this paper.
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C. Melding Inexact Computing and Neural Networks
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Fig. 3. Structure and logic operators of a 2-layer MLP, including the sigmoid
interpolation.

is used to guide the decision on determining as to which elements of the circuit can accept more error in a relative sense.
We then use this signiﬁcance array as the template for guiding
the amount of error introduced at each node.
We have performed such a heuristic-based exploration for
the operators found to be most critical in a neural network, and
built a library of these operators. The nature of the operators
and the libary are described in Section II.D and in Section III.A.

In spite of its atypical nature, a hardware neural network
is just one large datapath circuit, predominantly composed of
multipliers (to compute the synaptic weight × neuron output,
and activation function), and adders (sum of neuron inputs and
the approximation to the activation function).
However, a neural network’s desirable feature over other application contexts such as JPEG decompression, is its ability to
lower the effects of faulty logic gates by retraining the circuit.
As noted earlier, even a large number of faults due to the fabrication process can be compensated for by retraining [24]. In
contrast to [24], our approach here is to voluntarily introduce
introduce errors through inexactness in order to save energy,
and to use the retraining capability of the neural network to
lower the effects of the resulting functional errors. Retraining is done automatically re-balancing the synaptic weights so
that the neurons producing the most errors are suppressed, or
at least, their impact is diminished.

B. A Primer on Hardware Neural Networks
Several types of artiﬁcial neural networks are used in
machine-learning. A broadly used type of neural networks
are Multi-Layer Perceptrons (MLPs) [12]. Convolutional Neural Networks (CNNs) [16] are also popular, and recently, a
form of artiﬁcial neural networks, called Deep Belief Networks (DBNs), have been shown to be very powerful techniques again, outperforming Support Vector Machines (SVMs)
and other techniques [15]. DBNs have a structure similar to
MLPs or CNNs with broader and more layers. Here, we focus on MLPs, and the techniques proposed in this paper are
compatible with any width or number of layers.
MLP. A typical MLP is a 2-layer feed-forward network: information ﬂows come from an input layer (which contains no
neurons) through a hidden layer, to an output layer. Following [12], each neuron is fully connected to the neurons of the
previous layer, and each connection carries a synaptic weight.
N
Each evaluation of one neuron j implements i=0 f (wji × yi )
where yi the output of neuron i of previous layer, wji is the
synaptic weight between neurons i and j, and f is an activation
1
function (sigmoid), typically f (x) = 1+exp
−x . Following conventional approaches, in hardware, the activation function can
be efﬁciently implemented using the piecewise linear approximation (f (x) = ai × x + bi ), through a small look-up table
to store coefﬁcients (ai , bi ), an adder and a multiplier (Figure
3). Using a 16-segment approximation, we observed that the
maximum sigmoid accuracy loss was 2.3% and this had no noticeable degradation of the MSE of the neural network.
Feed-Forward hardware. We use back-propagation [12],
the most popular training algorithm for neural networks. However, we do not implement back-propagation in hardware; the
hardware neural network only contains the feed-forward path.

D. Sensitivity and Complexity of Exploration
The total exploration space of inexact neural networks is
huge. An exhaustive consideration of all the parameters would
result in 1.07 × 1068 different network conﬁgurations. Considering we need to train each network conﬁguration in order
to evaluate its quality in our experience, the evaluation of each
design point is about 100 seconds. So, not only is an exhaustive
exploration impossible, but in one year it would only be possible to evaluate a minuscule fraction of about 2.95 × 10−61 % of
all possible conﬁgurations using a single workstation. At the
same time, arbitrarily limiting the exploration to a tiny subset
of the design space risks resulting in far too pessimistic solutions.
We address this issue by taking the speciﬁc nature of neural networks into consideration. We note that the adders accumulate the weight×output products in each neuron (see Figure 3), are potentially more susceptible to errors than each of
the many synaptic weight multipliers which feed these adders.
At the same time, the hardware cost of the adders is usually
much smaller than the cost of multipliers, and as a result, the
area/energy gains that can be expected from making adders inexact is not likely to be large even though their impact on the
neuron output is signiﬁcant. Similarly, the role of the multiplier and the adder used to approximate the activation function
is likely to be signiﬁcant from the standpoint of error, while
providing savings equivalent to one multiplier at most. Based
on this reasoning, we conclude that the most fruitful portions
of the architecture for introducing inexactness are the synaptic
weight multipliers. Restricting our attention to these multipliers reduces the total number of conﬁgurations to be explored as
well.
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Exploration can be further reduced by focusing more on the
hidden layers of the neural network. Since there is no synaptic
weight after the neurons of the output layer, it is more difﬁcult
for the training algorithm to lower the error of these neurons,
though training can reshufﬂe the role of each output and thus,
still provide some form of error tolerance. Fortunately, most
neural networks require large hidden layers, while the number
of neurons in the output layer is usually small since the number
of classes in a classiﬁcation problem being solved for example
is related to it. So, we bias the design space exploration towards
the hidden layer.
To recapitulate and using common knowledge about the error sensitivity of the elements of the neural network architecture and focusing inexactness on the value of information, it
is opportune that the signiﬁcant gains can be realized by restricting the design space exploration to the less error sensitive
elements such as the synaptic weight multipliers of the hidden
layers while not considering the more error vulnerable adders
or synaptic weight multipliers of the output layer.
III. P ERFORMANCE E VALUATION
In this section, we describe the methodology, the design
space which is explored, and the energy/accuracy tradeoffs
achieved using the inexact hardware based neural networks.
The material in Section III.B constitute the original contribution of this paper.
A. Methodology
Tool ﬂow. We have explored a set of 7 inexact multipliers
using the principles described in Section II.A, using a baseline
of standard n-bit truncated multipliers with correction constant
from [14]; an n-bit truncated multiplier has n-bit inputs and nbit outputs, and as a result, it induces an error due to the truncation of output (as well as the corresponding logic generating
these truncated outputs) from the full 2n bits down to n bits.
The characteristics of these 7 inexact multipliers are shown in
Table I and correspond to various tradeoffs in accuracy and efﬁciency.
The functional models of these inexact multipliers has been
implemented as C++ subroutines (with corresponding area savings estimates) and are plugged into a C++ based neural network simulator. Speciﬁcally, we modiﬁed the implementation
of the multi-layer perceptron in order to replace the calls to the
standard multiplication with calls to the inexact multipliers, for
all multiplications between synaptic weights and neuron inputs.
This modiﬁed software neural network model is used to assess
the impact of the inexact multiplier on the neural network accuracy before and after retraining.
The inexact multipliers have also been implemented as conﬁgurable Verilog HDL, along with the full neural network, in
order to assess the energy, delay and area values. We synthesized the neural network using the Synopsys Design Compiler
and the TSMC 65nm standard-Vth library, place and route using Synopsys IC compiler, and simulated using the Synopsys
VCS and estimated the power using PrimeTime PX tool. The
hardware neural network is a 2-stage pipelined architecture
with one stage each for the hidden and output layers respectively.

TABLE I
I NEXACT 16- BIT MULTIPLIERS .
Type
Rel.Err (%) Area (um2 ) Power (uW ) Delay (ns)
#0 (truncated)
0.09
2068.20
931.41
11.47
#1 (inexact)
0.99
1883.52
725.50
10.46
#2 (inexact)
5.23
1642.32
558.70
8.48
#3 (inexact)
10.70
1537.92
494.59
7.99
#4 (inexact)
17.16
1520.64
468.02
8.84
#5 (inexact)
27.51
1384.92
380.86
7.03
#6 (inexact)
41.65
1298.88
370.81
7.03
#7 (inexact)
98.94
1249.92
364.10
7.03

Benchmarks and the neural network dimension. We evaluated the accuracy of the neural networks on tasks obtained
from the UCI Machine-Learning repository [3]. The example
cases in that repository are contributed by researchers and engineers from various domains in order to stimulate machinelearning research and thus, they are both diverse in nature and
correspond to actual applications. In [24], it was shown that
a neural network of 90 inputs, 10 hidden neurons, and 10 outputs could compute 90% of the tasks of the UCI repository
and provide good classiﬁcation results. We implemented a neural network with the same conﬁguration for the 7 benchmarks
mentioned in [24]. The benchmarks we used include: glass,
ionosphere, iris, robot, sonar, vehicle and wine. Note that the
accuracy of a neural network is typically reported as the mean
squared classiﬁcation error (MSE).
B. Design Space Exploration
The conﬁgurations we explored were determined by forcing the exploration on the synaptic multipliers of the hidden
layers (Figure 3), due to the analysis of Section II.D. While
the baseline conﬁguration uses 16-bit operators, we considered
bit widths of 8, 10, 12, 14 and 16; bit widths smaller than 8
generally yielded poor MSE. Any of the multipliers in the network can be replaced by any of the 8 multipliers (7 inexact and
1 exact). Overall, we explored 24500 conﬁgurations selected
randomly out of the total possible conﬁgurations.
For each conﬁguration, we estimate the MSE using the C++
neural network simulator on all 7 benchmarks. We separately
train the neural network on each benchmark using 10-fold
cross-validation, and repeat the experiments 5 times to account
for statistical variations where the initial weights of the neural network are randomly set with an uniform distribution. We
only retain the conﬁgurations for which the MSE is less than
2 times the MSE of the exact neural network, and estimate the
area, delay and power cost of a conﬁguration by simply extrapolating the resource cost of individual hardware objects such as
multipliers, adders, registers, etc.
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TABLE II
H ARDWARE CHARACTERISTICS FOR BASELINE ,
Area (mm2 )
Delay (ns)
Power (W )
Energy (nJ)
Average MSE

Best
1.73
24.97
1.02
25.40
0.20

Bit-Width
2.24
26.99
1.38
37.15
0.15

BEST, BIT- WIDTH .

Baseline
2.61
29.89
1.48
44.34
0.14
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Fig. 4. Solutions of exploration for all 7 benchmarks.

Glass

C. Energy, Area and MSE of Inexact Hardware Neural Networks
In Figure 5, we compare the MSE of the baseline conﬁguration against the MSE of the best conﬁguration before and after
training for that conﬁguration; “before training” means that the
synaptic weights of the baseline conﬁguration are used. The
MSE before training shows that inexact operators introduce a
very signiﬁcant loss of accuracy. This magnitude of accuracy
loss would be unacceptable, but the training algorithm of neural networks can compensate for it. As a result, the MSE after
training (0.20) is closer to the MSE of the baseline (0.14). This
implies that the impact on accuracy of the inexact operators can
be mostly overcome.
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Fig. 5. Impact of inexact logic operators on error.
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In Figure 4, the relationship between the estimated area
(from our C++ framework) and the accuracy across benchmarks is shown. In Table II, we selected a best conﬁguration
as the one on the area/MSE pareto-optimal front closest to the
median between MSE and area (other area/MSE tradeoffs are
naturally possible).
We observe that in this particular best conﬁguration, there
are no 8-bit nor 10-bit synaptic weight or multipliers operands,
44.56%, 44.56% of synaptic weights use 12-bit and 14-bit
operands respectively, while the remaining are 16-bit synaptic weights. Among the multipliers in the hidden layer, 41.30%
use 14-bit operands, 28.70% use 12-bit operands and the rest
30% use 16-bit operands. Also, we observed that all the types
of inexact multipliers expect for the type 0 (standard truncated
multiplier) listed in I are used in this best conﬁguration (multiplier types 2, 4 and 6 are more dominant than other types). Another interesting observation in this best conﬁguration is that
all the multipliers in the output layer use 16-bit operands, suggesting that they were indeed more susceptible to errors, which
was in line with the analysis of Section II.D.
Inexact Logic Minimization vs. Truncation. We also experimentally determined the impact of inexact multipliers over
the more standard bit width truncation approach. In our exploration, the bit width truncation is applied by reducing the size
of the operators, from 16 bits down to 8 bits.
In Table II, we showed the results of the bit-width conﬁguration where the bit width of operators of the exact multipliers
are being varied as freely as in the standard exploration. We
can observe that varying the bit width of the operators provides
only a small improvement over the baseline in terms of energy
and area. On the other hand, introducing inexact multipliers
provides more signiﬁcant improvements, with only a small impact on accuracy.
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Fig. 6. Energy, delay and area beneﬁts of inexact NN vs. exact NN.

At the same time, the energy and area savings results
achieved by using inexact architectures are very signiﬁcant, as
shown in Figure 6. For the 7 benchmarks, the energy savings
is at least 43.91%, and up to 62.49%. Clock and registers correspond to 7%-24% of the total energy cost, while most of the
energy is consumed by the combinational logic.
The area cost also drops from 4.23 mm2 to 2.90 mm2 implying an improvement of 31.44%. Finally, thanks to ILM, the
critical path delay has been reduced from 11.82ns to 9.60ns.
We note that 900 multiplications are performed in the hidden
layer with 90 inputs and 10 neurons within these 9.60ns.
IV. R ELATED W ORK
The early foundations of the principle of trading the hardware accuracy of the circuit for energy gains can be found in
in [22] and since then, its application in many error-tolerant
applications, in particular those whose output quality is judged
by human sensory perception including vision or audition, has
been exploited in a plethora of papers (for a partial summary,
see [13]). Moving beyond datapaths to processors with control, the fact that the control in processors cannot be susceptible to errors proves to be a stringent limitation [8]. Mahdiani et al. study [19] considered the implementation of fuzzy
logic and neural networks using imprecise adders and multipliers, but they sequentially execute all neurons on one single
hardware neuron. Not only does this miss out on many of the
performance and energy beneﬁts of hardware neural networks
in highly parallel implementations, but it creates the same sus-
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ceptibility to control logic as in processors.
In this paper, we limit ourselves to previous work that is
related only to inexact logic minimization that has been used
here. These build on innovations at the logic- and architecturallevel [6, 17, 2], which have emerged as a promising option
providing zero (hardware) overhead. The readers are referred
to earlier references for a discussion of other techniques with
greater than zero overheads relying on voltage overscaling, for
example. Also, we refer to some of the early examples where
the notion of “signiﬁcance” or value driven computation in conjunction with other techniques for energy minimization was
done to realize inexact designs [11, 25].
Architectural approaches based on hardware neural networks are becoming increasingly popular [24] including considering concepts of using approximations at the computational
level (in contrast to the datapath hardware level presented in
this paper) and concerns of energy efﬁciency [9]. In the context of heterogeneous multi-cores, hardware neural networks
are at the crossroad of multiple converging trends: the quest for
both fault-tolerant and energy efﬁcient accelerators, the need
for accelerators with a broad application scope [5], and recent
progress in machine-learning [15]. This convergence of trends
has been acknowledged by companies such as IBM, whose
hardware neural network accelerators [21] are now being developed.

61173006, and 61133004), the National 973 Program of China
(under Grant 20118034), and the National 863 Program of
China (under Grants 2012AA012202).

V. C ONCLUSIONS
In this article, we have proposed an approach for applying
inexact computing to a broad set of applications by taking advantage of the inherent feature of hardware neural networks.
Speciﬁcally, we take advantage of three distinct aspects of these
neural networks: (a) many emerging high-performance applications can be competitively implemented using hardware neural networks, (b) these neural networks have much higher error
tolerance owing to their learning/training ability, and (c) they
can be realized as a circuit datapath using inexact logic operators. Using machine-learning benchmarks, we demonstrate that
the proposed inexact neural network accelerator, implemented
in 65nm technology, could achieve 43.91%-62.49% savings in
energy consumption (with accompanying delay and area savings of 18.79% and 31.44% respectively) when compared to an
existing baseline neural network implementation. These savings were achieved at only a slight cost in accuracy of output
quantiﬁed through the MSE metric. Additionally, we also propose approaches to narrow down the huge search space of the
inexact neural networks through a selective assignment of inexact logic operators and by identifying operators which yield
higher energy savings and introducing relatively low error.
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