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Abstract—In this paper, the stochastic networked computation
(SNC) paradigm for designing robust and energy-efficient sys-
tems-on-a-chip in nanoscale process technologies, where robust
computation is treated as a statistical estimation problem is
presented. The benefits of SNC are demonstrated by employing
it to design an energy-efficient and robust pseudonoise-code
acquisition system for the wireless CDMA2000 standard
(http://www.3gpp2.org). Simulations in IBM’s 130-nm CMOS
process show that the SNC-based architecture enhances the av-
erage probability of detection � ���� in the presence of process
variations by two to three orders of magnitude, reduces power
by 31%–39%, and reduces the variation in ��� by one to two
orders of magnitude at a typical false-alarm rate of 5% over a
conventional architecture. SNC performance in the presence of
voltage overscaling and across technology nodes (90, 65, 45, and
32 nm) is also studied.

Index Terms—Code division multiple access (CDMA), low
power, nanoscale, process variations, reliability, robust, soft er-
rors, stochastic.

I. INTRODUCTION

M OORE’S LAW, the driving force behind the global
semiconductor industry for the past 50 years, is under

threat today from artifacts of nanoscale dimensions. Process
variations, leakage, and noise in sub-45 nm process technolo-
gies [1] are conspiring to make it difficult to reap the benefits of
feature size scaling due to reliability concerns. A parallel trend
is the growing functional complexity and power of next-gener-
ation applications. The result is a power and reliability problem
in nanoscale systems-on-a-chip (SOCs). Reliability and power
are interlinked problems viewed by the semiconductor industry
as the key inhibiters of Moore’s law. Not surprisingly, since
2001, the International Technology Roadmap for Semiconduc-
tors (ITRS) [2] has stated the achievement of reliability and
energy efficiency as important challenges facing the semicon-
ductor industry.

Scaling of feature sizes and voltages in modern semicon-
ductor process technologies have made current and future sys-
tems vulnerable to noise [3], process variations [4], leakage, and
soft errors due to particle hits [5]. For example, process varia-
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tions arise from the random dopant fluctuations in a MOS tran-
sistor channel [6], which affects the device threshold voltage

, and the variations in the width and gate length from the
usage of subwavelength lithography. Process variations cause
as much as 30% variability in operating frequency in current
process technology [1], and this variability is expected to in-
crease to as much as 60% within the next ten years [2]. These
variations generate secondary variations in the transistor drive
current and gate capacitance, which, in turn, create delay vari-
ations in circuits, causing incorrect data to be latched. The re-
sulting logic errors can potentially lead to system failure, espe-
cially if these occur in sensitive control-intensive subsystems.
In the presence of such increased variations, designing for the
worst-case process corner leads to systems consuming substan-
tially higher power than necessary, while designing for the nom-
inal process corner leads to systems that consume less power,
but may introduce intermittent errors.

Low-power design [7]–[10] and fault-tolerant computing
[11]–[13] are mature areas, but they address the power and
reliability problems independently. The idea of jointly opti-
mizing energy and reliability is relatively new. In this latter
front, we have proposed a general class of communications-in-
spired techniques such as algorithmic noise tolerance (ANT)
[14]. ANT falls into a general class of robust computation
techniques referred to as stochastic computation, where signal
and error statistics are consciously exploited to detect and cor-
rect intermittent errors in a nominal-case design, and thereby
simultaneously achieve energy efficiency and robustness in
nanometer SOCs. These techniques are particularly well-suited
for applications where the system-level quality metrics are
statistical in nature, such as those in media processing. In fact,
a majority of emerging applications are expected to be of this
sort. Such applications admit a relaxed definition of correctness
of computation by accounting for application-level contextual
information. Our past study on ANT and the proposed study
exploits this additional degree of freedom afforded by such
applications.

Related work includes a statistical analysis of neural compu-
tation [15], where the classification property of a feedforward
neural network is analyzed in an information-theoretic sense.
The work in [15] does not embody any notion of computational
errors, or the use of error statistics of the computational fabric
to enhance robustness, and is thus very different from the study
presented here. The works in [16] and [17] focus on techniques
at the logic level. Logic-level techniques tend to have very high
overheads [16], which is to be expected as there are very lim-
ited degrees of freedom at the logic level. Instead, ANT [14]
and the proposed study in this paper takes a system-level view
of the problem, and is thus able to exploit additional informa-
tion (signal and error statistics) and amortize the cost of the
overhead.

1063-8210/$26.00 © 2009 IEEE
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In this paper, we substantially extend the ANT concept into
the networked domain via the use of distributed computational
units that compute in a stochastic and distributed manner in
order to provide robustness and energy efficiency, i.e., the
stochastic networked computation (SNC) approach [18]. The
inspiration for SNC comes from the observation that dense
networks [19] are intrinsically robust to the failure/loss of a
few constituent nodes because of information exchange and
sharing in the network. Thus, it may be possible to design a
distributed network of highly energy efficient, but unreliable
computational nodes that share/exchange enough information
to provide a system-level robustness.

This paper presents the key elements of such a computational
paradigm and demonstrates its application in designing an
energy-efficient and robust pseudonoise (PN) code acquisition
system, which is an important power-hungry computational
kernel [20], [21] in code division multiple access (CDMA)
based wireless systems such as IEEE 802.11 and wideband
CDMA (WCDMA).1 Thus, the SNC design paradigm seeks to
embrace randomness and nondeterminism in circuit fabrics as
opposed to treating the latter as sources of errors that need to
be corrected.

We note that the technique of stochastic communication [22],
[23] focuses on robust communication for networks on chip
[24], and can be viewed as an appropriate communication fabric
for implementing SNCs.

The rest of this paper is organized as follows. In Section II,
we describe the SNC approach, followed by its application to
design a robust and energy-efficient PN-acquisition system in
Section III. Section IV specifies the details of our simulation
setup and describes the results. Finally, Section V presents con-
clusions and future research directions.

II. SNC PARADIGM

In this section, we describe the SNC paradigm for the robust
and energy-efficient computation. Fig. 1 illustrates the concept
of an SNC. Traditionally, the main computation/block generates
a desired output as shown in Fig. 1(a). The centralized na-
ture of this computation makes it vulnerable to localized sources
of nonidealities such as particle hits, hot-spots, and across die
process variations, and hence, results in hardware errors.

In SNC, the main computation/block is decomposed into
[ in Fig. 1(b)] typically lower complexity computational
blocks or sensors with a complexity ratio , where is the
ratio of the complexity of one sensor to that of the main block
in Fig. 1(a). Ideally, we would like , so that the sum of
the sensor complexity equals that of the original computation.
Identifying the class of computations that can be decomposed
in this manner remains a topic of this on-going research, though
we conjecture that most media applications can be decomposed
in this ideal manner. However, an -fold replication
is also permitted, thereby making SNC applicable to general
computations.

A fusion block then combines the sensor outputs to generate
a robust estimate of the original/correct output . We
employ the term sensors to describe the computational units in

1[Online]. Available: http://www.3gpp2.org

Fig. 1. SNC paradigm. (a) Traditional centralized computation. (b) SNC with
the centralized fusion block. (c) General SNC with distributed fusion.

Fig. 1(b) because errors at the outputs of these blocks can be
viewed as a system/architectural-level signature of the varia-
tions and noise in the underlying circuit/device fabric.

The sensors are designed such that their outputs
at time index are statistically similar, i.e., for

(1)

where is the sensor error and the expectation is over the
ensemble of sensors. Note that statistical similarity implies that
the sensor outputs for a fixed value of equals the correct
output corrupted by additive noise . We refer to this
form of decomposition as statistically similar decomposition.

In this paper, we further assume that the noise samples
are independent and zero mean across the ensemble of sen-
sors. This independence assumption can be easily justified by
exploiting

1) data diversity where the sensors process independent input
data.

2) architectural diversity by employing different sensor
architectures.

3) scheduling diversity by scheduling a different sequence of
operations on each sensor.

4) process diversity by relying on the random within-die
process variations.

5) some combination of the aforementioned.
As an example, Fig. 2 shows the product error distributions

and joint error distributions at the output of a 16-bit ripple-carry
adder (RCA) and a 16-bit Kogge–Stone (KS) adder with iden-
tical inputs and no process variations. It is clear that the archi-
tectural diversity is sufficient to obtain independence. Indeed,
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Fig. 2. Error distributions for the 16-bit KS and the 16-bit RCA. (a) Product distribution �� ������ ������	. (b) Joint distribution
�� ����� �����	.

the Kullback–Liebler distance (KL-distance), a metric that mea-
sures the distance between any two distributions, between the
distributions shown in the two plots in Fig. 2 was found to be
0.0086. As this value is close to zero, it implies that the product
and joint distributions are practically equal, and thus, the er-
rors at the output of the two adders are independent. Note that
independent sensor errors though desirable, since it results in
low-complexity fusion algorithms, is not essential. Techniques
to relax the independence assumption are being developed, but
are beyond the scope of this paper.

The gray regions in Fig. 1(b) refer to the fact that instanta-
neous values of the sensor outputs may not equal the cor-
rect output . Thus, an SNC is characterized by two key pa-
rameters: the complexity ratio and the decomposition factor

(or the number of sensors). The most general form of SNC
depicted in Fig. 1(c) employs near-neighbor communication be-
tween the sensors and a distributed form of fusion. This gen-
eral form alleviates the need for communicating with a central-
ized fusion block, as shown in Fig. 1(b), trading off the cost
of communication with computation. In this paper though, we
will study the robustness and energy efficiency of the basic cen-
tralized SNC, as shown in Fig. 1(b). The generalized SNC, as
depicted in Fig. 1(c), is a topic of future work.

A number of observations can be made regarding Fig. 1(b).
1) If and the fusion block is a majority voter, then the

SNC becomes equivalent to -modular redundancy (NMR
with ), i.e., the latter falls out as a special case
of the former. This also implies that any computation can
be formulated as an SNC by replicating the computational
units and using a fusion block instead of a majority voter.

2) If then the only hardware overhead in the SNC
is the fusion block.

3) and can be chosen more or less independently, re-
sulting in a family of SNC architectures.

4) The sensor error is composed of two error sources:
1) estimation errors from the use of low-com-
plexity sensors and 2) hardware errors due to

the nonidealities in the circuit and process, i.e,
.

5) As reduces, increases and generally
reduces.

6) The complexity of the SNC ,
where and are the complexities of the orig-
inal/main computation and the fusion block, respectively.
Note that ignoring the fusion block complexity, can
be viewed as the relative complexity of the SNC with re-
spect to the main computation.

7) The class of computations that are amenable to statistically
similar decomposition is yet to be determined. Most media
and digital signal processing algorithms are expected to fall
into this class.

Irrespective of and agnostic to the error source, a robust fu-
sion block combines the sensor outputs to produce an output

, which is statistically close to the correct output . The
algorithmic and architectural aspects of the robust fusion block
are described next.

A. Robust Statistics

Robust statistics is the science of computing an estimate,
which is insensitive to small deviations of the noise statistics
from its assumed probability density function (pdf) [25]. An
estimate is said to be robust if: 1) it exhibits optimal or near
optimal performance when the assumed noise pdf is correct,
2) the performance worsens only slightly when the deviation
from the assumption is mild, and 3) large deviations from the
assumed model do not cause drastic performance losses.

In the following, for the sake of simplicity, we drop the time
index . Thus,

for (2)

where is the number of sensors, is the sensor output,
is the actual output [see Fig. 1(a)], and is the additive

noise.
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Fig. 3. Examples of: (a) the �-contaminated Gaussian pdf of additive sensor noise � , (b) the � function resulting in maximum-likelihood estimate for � � �, and
(c) the � function resulting in maximum-likelihood estimate for � �� �.

While traditional techniques perform poorly if the assumed
distribution of noise is incorrect, a robust estimator is designed
with a nominal distribution in mind and made insensitive to any
deviation from the nominal. The idea is to start with an esti-
mator for an assumed distribution, and modify it, so that if our
assumed model is violated the quality of the estimate is not ex-
cessively sacrificed. Here, sensor output errors are modeled as
random variables drawn from a nominal distribution with prob-
ability and some unknown harsh contaminant distribu-
tion with probability for some . Such a distribution
is referred to as an -contaminated distribution, an example of
which is shown in Fig. 3(a). Here, note that corresponds to the
frequency of hardware errors and is assumed to be known.

In SNC, the nominal distribution is chosen to be Gaussian
because the estimation error is, in fact, Gaussian. The
contaminant is due to the hardware errors , whose dis-
tribution is unknown and, in fact, whose exact form is unim-
portant. The additive model for in (2) can be approximated
with an -contaminated model when nonzero values of have
much larger magnitude than . In this paper, we assume that
timing violations are the main error source and the arithmetic
unit architectures are array based, resulting to most significant
bit (MSB) errors, which are large in magnitude. This assump-
tion is justified in digital systems because the architectural level
impact of process variations and noise manifests itself in terms
of increased delay. Thus, the use of the -contaminated model
is justified. Simulation results in Section IV further justify this
choice.

Huber [25] proposed the robust estimate given by the solu-
tion of the equation

(3)

where is an odd-symmetric function known as the influence
function and is the standard deviation of . For the case of
-contaminated distributions, is given by

if
else

(4)

where is a constant that depends only on and the stan-
dard normal distribution [25]. Note that as shown in
Fig. 3(b), when , i.e., there are no hardware errors, then

Fig. 4. One-step Huber fusion block architecture.

and , which implies that is the mean of the
sensor outputs. For nonzero values of , is as shown in
Fig. 3(c), where . The plot in Fig. 3(c) can be interpreted
as stating that the robust estimator limits the influence of
outliers. Note further that the distribution of the contaminant is
unknown as would be the case in practice as timing violations
are the contaminants. The theory of robust statistics provides a
solid theoretical foundation for determining the parameters of
such a robust estimator.

B. One-Step Huber Algorithm

The solution to (3) requires that both and be estimated.
The one-step Huber algorithm [25] can be employed to compute
the parameters of the estimator, as shown later.

1) SNC(median): Compute scale estimate

2) SNC(1-step): Compute location estimate

A one-step Huber architecture is shown in Fig. 4. The me-
dian filter for the robust fusion algorithm is implemented using
the architecture described in [26] by replacing the analog ma-
jority gate with a digital version. The value of used in the
one-step Huber algorithm depends only on , and hence, is pre-
determined for a few expected values of and stored in a ROM.
The gate complexity of the median filter and the one-step Huber
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Fig. 5. Matched filter for PN-acquisition: (a) traditional and (b) an SNC-based architectures.

TABLE I
GATE-LEVEL COMPLEXITY OF VARIOUS SNC COMPONENTS

FOR� � � AND 13-bit SENSOR OUTPUTS

architecture is tabulated in Table I in terms of its var-
ious components.

The sensors in SNC in Fig. 1(b) can be viewed as statistical
estimators of the main block in Fig. 1(a). Thus, statistical signal
processing techniques can be employed to construct such sen-
sors. Examples of estimators include reduced precision replica
(RPR) [27], where the estimator is a reduced precision version
of the main block. The prediction-based technique [28] em-
ploys a linear predictor to estimate in the main block output

. The input subsampled replica (ISR) technique [29] em-
ploys polyphase decomposition to obtain an estimator for uncor-
related input signals. Other estimators can be designed similarly.

Next, we illustrate the use of the proposed SNC approach
for designing a robust low-power PN-code acquisition system
and study its power versus performance tradeoffs. In the fol-
lowing, we employ the notation SNC(median) and SNC(1-step)
to denote SNC-based architectures employing the median and
one-step Huber algorithms, respectively.

III. SNC-BASED PN-CODE ACQUISITION SYSTEM

Wireless communication standards such as the IEEE 802.11
and WCDMA employ PN-codes for coarse timing acquisition.
PN codes are characterized by the property that the cross-cor-
relation of two different PN codes is zero for all lags, the auto-
correlation function has an impulse at lag zero, and it is nearly
zero for all other values of lag. Code acquisition is performed
by correlating the noisy received signal with a local PN code
using a matched filter. The peaks in the output of the matched fil-
ters are used for detection and synchronization. Reducing power
consumption of these matched filters is essential [20], [21] in
portable wireless applications.

A. Conventional Architecture

Fig. 5(a) shows the traditional direct-form implementation
of the matched filter with taps. Multiply-accumulate (MAC)
units are commonly employed to compute the correlation of the

received signal with the PN-code [21]. In the conventional archi-
tecture, the MACs are designed and operated at a critical supply
voltage , such that the worst-case critical path (with re-
spect to process/voltage/temperature corner and input combina-
tion) satisfies the timing constraint determined by the clock pe-
riod. This worst-case design, although free of timing violations,
consumes high power compared to an average-case design. We
push the limits of conventional power savings by employing an
SNC-based average-case implementation.

B. SNC-Based Robust Low-Power Architecture

In the SNC-based design, statistically similar decom-
position with is achieved via polyphase
decomposition, as shown in Fig. 5(b), where

.
We choose this form of decomposition as it has the lowest
hardware overhead, i.e., the overhead is due to the fusion
block only. The sensor outputs exhibit an estimation error

due to input subsampling under
error-free hardware operation. Additionally, we expect the
sensors to generate computational errors due to nominal case
design, or by operating them at subcritical supply voltage also
known as voltage overscaling (VOS) [30], where the supply
voltage is given by

(5)

where and is the minimum supply
voltage needed to avoid timing violations.

Process variations are classified as die-to-die (D2D) and
within-die (WID) variations. The standard deviation of the gate
delay due to D2D process variations is denoted as . Process
variations and VOS result in input-dependent timing violations
when specific input patterns excite circuit paths with a delay
greater than the clock period. The probability of timing errors
depends on the path-delay distribution of the architecture and
the probability distribution of the inputs. The probability of
VOS errors , for a 16-bit RCA implemented in an IBM
130-nm process technology, is shown in Fig. 6(a), assuming
uniformly distributed inputs. The simulation methodology for
obtaining the plots in Fig. 6 is described in Section IV-A. We
observe that the RCA exhibits at .
Similarly, the probability of error due to D2D process varia-
tions for the RCA is shown in Fig. 6(b) in terms of

, where the supply voltage is chosen to avoid errors at the



1426 IEEE TRANSACTIONS ON VERY LARGE SCALE INTEGRATION (VLSI) SYSTEMS, VOL. 18, NO. 10, OCTOBER 2010

Fig. 6. Error probability of a 16-bit RCA due to: (a) VOS and (b) process variations.

Fig. 7. Simulation setup showing: (a) various process and voltage conditions for process variations scenario, VOS scenario, and (b) normalized delay distributions
of various gates for a �� slow die with WID variations at � � ��� �.

nominal process corner. We observe that the RCA exhibits an
at the slow process corner. This is

because the path-delay distribution of an RCA has a long tail.
Timing errors due to process variations or VOS deteriorates

the algorithmic performance of the PN acquisition system if
left uncorrected/uncompensated for. In this paper, we employ
the SNC to restore system performance. The fusion block in
SNC is implemented using in the one-step Huber and the
median in the Huber algorithm. Note that, from Fig. 5(b),
the sensors (MAC units) operate at a fast clock frequency of

while the fusion block operates at a slow clock frequency
. This helps in reducing the power over-

head due to the fusion block. In fact, in a 130-nm IBM CMOS
process, we find that an -operand adder and the median fu-
sion block consume 1.1% of the total power, while the one-step
Huber fusion block consumes 14% of the total power.

IV. SIMULATION RESULTS

In this section, we compare the power, performance, and
complexity tradeoffs between the conventional architecture and
SNC-based architectures (see Fig. 5) using: 1) the one-step
Huber algorithm and b) a median filter as the fusion block. For
simplicity, we consider the scenario where , i.e., the
only overhead in the SNC architecture is the fusion block.

A. Simulation Setup

1) Algorithmic Setup: The system-level throughput re-
quirements for PN-code acquisition system was fixed at 12.5
Mchips/s. We chose a PN code of length from a subset
of the length PN sequence specified in the CDMA2000
standard. The received signal was assumed to be an 8-bit
length-1000 subsequence of the same PN sequence corrupted
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by additive white Gaussian noise (AWGN) channel noise to
yield an . The fusion algorithms were imple-
mented in MATLAB. We assume error-free operation by the
fusion blocks and the threshold-based detector, and compute
the receiver operating characteristic (ROC), the probability of
detection versus probability of false alarm . A
false-alarm event occurs when the threshold detector declares
the presence of a PN code in the input incorrectly due to the
AWGN channel noise or due to the computation errors origi-
nating from slow process/VOS. For power versus performance
comparisons at different supply voltages, we calculated
from the ROC for a typical fixed value of [31].
For process variations scenario, we simulate 30 architectural
instances with 100 independent data streams containing the PN
code to compute 30 ROCs. Thus, is a random variable,
and hence, it has a distribution, which is characterized in
the simulation results. For VOS scenario, we simulated 1000
independent data streams to compute the ROC and .

2) Architectural Setup: For a fair comparison, the conven-
tional matched filter in Fig. 5(a) is also polyphase decomposed
[20], as in Fig. 5(b), but with an -operand adder in place of
the fusion block. Thus, the MAC units in the conventional and
the SNC implementations have the same critical path delay.

Fig. 7(a) tabulates the process variation and VOS scenarios
being considered for a 1.2-V, 130-nm CMOS process from IBM.
For simulating process variations, we sample the gate-delay dis-
tributions, such as the one in Fig. 7(b), which are obtained from
circuit simulations at: 1) the slow process corner operating
at critical supply voltage corresponding to
nominal process corner and 2) the slow process corner op-
erating under adaptive supply voltage (ASV) boost and adaptive
body bias voltage (ABB). This process is repeated 30 times in
order to obtain 30 instances of the conventional and SNC archi-
tectures. Each of the 30 instances of the conventional and the
SNC architectures were simulated using a hardware description
language (HDL) simulator, which operates at the gate level. The
results are shown in Section IV-B. VOS simulations are per-
formed at the nominal process corner, as shown in the second
row of Fig. 7(a), at various subcritical supply voltages, and the
results are shown in Section IV-C.

3) Circuit Setup: Monte Carlo simulations using statistical
model files were employed to characterize the gate delays for
basic gates such as the full adder, XOR, and others with respect
to supply voltage and process corner using HSPICE for an IBM
130-nm CMOS process. Fig. 7(b) shows the typical example of
the normalized delay distributions resulting from the presence of
WID variations at . We simulate the transistor-level
netlists of sensors (MACs) in the conventional and SNC archi-
tectures using HSPICE with a few random input vectors to ob-
tain the power consumption of the sensors at different ,
supply voltage, and body-bias voltage levels. The power con-
sumption of the fusion blocks (conventional -operand adder
and median) are obtained using Synopsys design analyzer for a

.

B. SNC Performance With Process Variations

The ROCs and the distributions of SNC with ,
due to WID variations at the slow process corner, supply,

and body-bias voltages of (1.2, 0 V) are shown in Fig. 8(a).
Similar ROCs and the distributions were obtained for the
ABB/ASV cases enumerated in Fig. 7(a). We note from Fig. 8(a)
that the mean drops by approximately three orders of mag-
nitude at for the conventional architecture at the

slow process corner operating at supply voltage
. The SNC architecture improves by close to three or-

ders of magnitude over the conventional architecture under iden-
tical process and voltage conditions. In addition, the SNC im-
proves the variation in by two orders of magnitude.

As we increase the number of sensors from to
at a fixed throughput of 12.5 Mchips/s, the perfor-

mance degradation due to process variations is reduced for all
architectures. Since the performance of the SNC(median) is
comparable to that of SNC(1-step), we choose SNC(median) in
the following discussion of power-performance tradeoff.

Next, we show a plot of power consumption of the two archi-
tectures with along with the mean in Fig. 9(a). The

are adjusted in order to minimize power. At the
slow process corner (second bar), the power consumption of the
conventional architecture drops by 8%, but is accompanied by
a three orders of reduction in , as indicated earlier. The ap-
plication of ABB and ASV (third bar) to reduce the gate delays
and correct the timing errors increases the power consumption
of the conventional architecture by 33% at (1.35 V, 0.2 V) while
achieving a mean . The SNC architecture (fourth
bar) at (1.15 V, 0.2 V) achieves a comparable , but
consumes 31% lower power than the conventional architecture
does. Similar performance-power tradeoffs can be observed for
the case when in Fig. 9(b).

C. SNC Performance With VOS

In this section, we study the power saving and performance
SNC via VOS only. The process corner is at nominal. The pur-
pose of this study is to understand the impact of low-voltage
operation on SNC architectures. We perform HDL simulations
for , 0.87, 0.83, 0.75, 0.7, and 0.6 to obtain a set of
ROCs. Representative ROC plots corresponding to
for , and are shown in Fig. 10(a) and (b), re-
spectively. With [see Fig. 10(a)], the conventional ar-
chitecture suffers about a two orders of magnitude loss in
at . This is bit better than its performance in the
presence of process variations. The SNC architecture recovers
this loss completely. Similar results are observed for the case

[see Fig. 10(b)], with the only difference being that the
loss in is not as severe for all the architectures.

Fig. 11 shows the power consumption versus performance
tradeoff at . From Fig. 11(a), for , we note
that for SNC(median) is three orders of magnitude better
than that of the conventional architecture and saves 36% power.
The power savings remain practically unchanged with
as shown in Fig. 11(b).

D. Soft Errors Results

We introduce random errors in SNC-based gate-
level MAC implementations by flipping the gate outputs ran-
domly for sample error probabilities of [see Fig. 12(a)] and

[see Fig. 12(b)], which the performance of the SNC-based
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Fig. 8. ROCs and pdfs of � (at � � ��) of the conventional and SNC-based architectures due to WID variations at the �� slow process corner, supply,
and body-bias voltages of (1.2, 0 V) for: (a) � � � and (b) � � ��.

Fig. 9. Power performance tradeoff (at � � ��) for: (a) � � � and (b) � � ��.
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Fig. 10. ROC of the PN-code detector at � � ���� for: (a) � � � and (b) � � ��.

Fig. 11. Total power savings are plotted against probability of detection (at � � ��) for the conventional and the SNC-based detectors for: (a) � � � and
(b) � � ��.

design is robust to random errors. Again, we find that SNC pro-
vides close to three orders-of-magnitude improvement over the
conventional system. Similar results were obtained for .

E. Synthesis and Layout Results

We synthesized the layouts of the SNC and the conventional
architectures in the 130-nm process technology. We designed the
MACs and both the fusion block data paths in Verilog, and syn-
thesized the layouts via Synopsys design analyzer and Cadence
silicon ensemble. Fig. 13 shows the layouts for the conventional
and the proposed SNC-based systems. The SNC(median) and
SNC(one-step Huber) result in area overheads of 11% and 715%,
respectively. Clearly, the SNC(median) provide extremely fa-
vorable tradeoffs between power, performance, and area.

F. SNC Performance Across Technology Nodes

We study the impact of technology scaling from the 90 nm
node to 32 nm using predictive technology models (PTMs) [32]

on the performance of the SNC architecture.2 The results for the
130-nm IBM CMOS process are reproduced in Table II for the
sake of continuity. We note that the mean drops severely
by approximately three orders of magnitude for the conventional
architecture in all technologies. The SNC architecture improves

and the variation in by close to three orders of magni-
tude and two orders of magnitude, respectively, for the 130 and
90 nm processes.

However, at the 65 and 45 nm nodes, the SNC performance
degrades to the level of the conventional architecture. This
is because the frequency of timing violations exceeds the
error-compensation capability of SNC. The SNC (median) ar-
chitecture needs to be augmented with circuit-level techniques
of ABB/ASV in order to improve by two orders of magni-
tude and reduce its variation by one order of magnitude.
The SNC with ABB/ASV cannot recover the performance loss

2[Online]. Available: http://www.eas.asu.edu/~ptm
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Fig. 12. ROC in the presence of soft errors with: (a) probability of output sample error � � �� and (b) � � �� .

Fig. 13. Synthesized layouts of: (a) conventional, (b) SNC(median), and (c) SNC(one-step) architectures.

at the 32 nm node. This trend clearly indicates that increasingly
powerful fusion techniques such as the one outlined in Fig. 1(c)
and/or a higher value of would be required as process tech-
nology scales, and that system-level reliability enhancement
techniques such as SNC need to be combined with circuit-level
techniques.

Table III shows that the achievable power savings using SNC
reduces from 31% to 22% for the same detection probability

. Note that the power optimum combination
shows the trend of changing from forward body bias (increased
leakage) to zero body bias (decreased leakage) in smaller
process technologies. The power for the 32 nm process node
is not shown as SNC with ABB/ASV is unable to provide the
requisite detection performance, as mentioned earlier.

V. CONCLUSION AND FUTURE WORK

This paper has introduced a networked computational par-
adigm referred to as the SNC. SNC was shown to provide
orders-of-magnitude improvement in key reliability metrics
such as probability of detection in a PN-code acquisition system
while achieving 30%–40% energy savings.

Natural extensions of this study include exploring the entire
architectural space spanned by various choices of complexity
ratio and the decomposition factor , investigating decen-
tralized and iterative fusion algorithms, studying the tradeoff be-
tween communication and computational cost involved in SNC,
outlining the class of algorithms that can be statistically decom-
posed into an SNC, developing fundamental theoretical under-
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TABLE II
CHARACTERISTICS OF � (AT � � ��) DISTRIBUTIONS OF THE THREE ARCHITECTURES DUE TO PROCESS VARIATIONS

TABLE III
POWER SAVINGS USING SNC WITH ABB/ASV UNDER

PROCESS ERRORS FOR EQUAL � (AT � � ��)

pinnings for networked computation in general, and SNC in par-
ticular, and seeking new applications including high data-rate
ones in advanced process technologies. It is clear that the pro-
posed SNC concept represents a fertile area of research for years
to come.
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