
1

Low-Power Filtering via Minimum Power
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Abstract

In this paper, an energy-efficient estimation and detection problem is formulated for low-power

digital filtering. Building on the soft digital signal processing technique proposed by Hegde et al., that

combines algorithmic noise tolerance (ANT) and voltage scaling to reduce power, the proposed minimum

power soft error cancellation (MP-SEC) technique detects, estimates and corrects transient errors that

arise from voltage over-scaling. These timing violation-induced errors, called soft errors, can be detected

and corrected by exploiting the correlation structure induced by the filtering operation being protected,

together with a reduced-precision replica of the protected operation. By exploiting a spacing property of

soft errors in certain architectures, MP-SEC can achieve up to 30% power savings with no SNR loss and

up to 55% power savings with less1 dB SNR loss, for an example 25-tap frequency-selective filter.

Index Terms

Low power, digital filter, supply voltage scaling, overscaling, soft error, algorithmic noise tolerance

I. I NTRODUCTION

Reliability and power efficiency in digital signal processing (DSP) systems are important yet often

conflicting goals in complex systems. A wide variety of techniques have been developed in the last

decade to reduce power in DSP systems [1]–[14]. In general, dynamic power dissipation in a DSP
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architecture is a quadratic function of the supply voltage, denotedVdd, i.e.

P = CLV 2
ddfs (1)

whereCL is the effective switching capacitance andfs is the clock frequency [1]. Due to the quadratic

effect on power, a supply voltage reduction scheme, calleddynamic voltage scaling, is often used to

achieve significant power savings. Techniques to minimizeVdd include variable voltage scaling [5], [6],

multiple supply voltages [7], and retiming techniques [8].

In practice, due to increased execution delay at reduced voltage, the extent of supply voltage reduction

is limited by the worst case path delay in a given architecture. Specifically, a system is designed such

that the critical path delay at the given supply voltage be less than the clock period to void timing errors.

Therefore, existing current voltage scaling methods [4]–[8] have performed supply voltage reduction up

to the point that the critical path delay in the architecture and the sampling period are nearly equal. We

refer to this as a critically scaled system, and the supply voltage as the critical supply voltage.

However, in [9], the authors suggested that the supply voltage might be scaled further, below the

critical supply voltage for additional power savings, i.e.

Vdd = kvosVdd−crit, 0 < kvos < 1, (2)

whereVdd−crit is the critical supply voltage. This technique, referred to asvoltage overscaling(VOS),

is motivated by the possibility of controlling the transient errors caused by timing violations, within a

tolerable margin, viaalgorithmic noise tolerance(ANT) [9]. These algorithmic errors are calledsoft

errors and the mitigation of them is a key factor for enabling VOS-based DSP architecture.

Previous work to mitigate soft errors include :prediction-based error-correction(PEC) methods [9],

which estimate the current output sample of the system from previous samples by using a reduced-length

forward linear predictor such that a corrupted sample can be replaced whenever an error is detected;

reduced precision replica(RPR) methods [10], which approximately calculate the current output to detect

and correct errors, andadaptive error correction(AEC) methods [11], which attempt to estimate soft

errors directly in aminimum mean square error(MMSE) sense.

In this paper, we propose a new soft error cancellation technique, calledminimum power soft error

cancellation(MP-SEC), which can detect, estimate and correct soft errors. A statistical detection and

estimation problem is formulated for the soft errors. We show that the best, in an MMSE sense, unbiased

linear estimator, followed by a local maximum likelihood (ML) detector, provides accurate estimates of

soft errors, under some mild assumptions. This formulation enables power dissipation of the soft error
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Fig. 1. Proposed MP-SEC soft error estimator applied to an FIR filter. The vectorxn contains past and present

samples ofxn and the vector̂yn−1 contains past values of the sequence ofŷn

canceller to be traded off against error resilience. For this setup, observable signals at the input and output

of the main filter to be protected, are collected as shown in Fig 1. While the main filter is operating in

a VOS regime to reduce power, an error cancellation unit will not suffer soft errors for much of this

regime, due to the reduced complexity of the MP-SEC units used to detect and correct any soft errors

induced by VOS. Necessarily, the power consumed by the SEC unit must be small as compared to the

savings achieved through VOS. We explore the minimum power configuration for such an SEC unit and

develop an adaptive power control algorithm, which optimizes the power dissipation of the SEC unit

with respect to the selection of which observations to use and their numerical precision in the SEC unit.

An important observation that makes this approach possible is that soft errors can be characterized

as discrete, i.e. finite alphabet, signals. As most arithmetic units performleast significant bit(LSB)-first

computation, erroneous bits due to VOS will occur largely for bits near themost significant bit(MSB).

While this may seem problematic, any resulting soft errors will take on a small set of large-amplitudes as

their possible outcomes and these possible amplitudes will be spaced apart, such that soft error estimation

can be treated as anM-ary pulse amplitude modulation(PAM) signal detection problem [22].

The remainder of this paper is organized as follows. In Section II, we derive the soft error estimation

and detection algorithm and provide performance analysis. In Section III, we present a power-optimized

algorithm for the soft error canceller. In Section IV, we describe a hardware design and some simulation

results, and in Section V, some conclusions are given.
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II. SOFT ERROR CANCELLATION APPROACH

In this section, we investigate statistical estimation and detection of soft errors. We first describe the

framework where soft errors arise and their statistical description, and then derive the soft error estimator

and detector.

A. SOFT ERROR MODEL
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Fig. 2. A 4× 4 carry-save multiplier for inputs (in two’s compliment)01112× 00112 For thisB = 8-bit example,

the clock period,Ts is shown to be less than the critical pathT6 if the 6-th output bit. Three of the resulting

bits become error-prone, while five of the bits are “safe.” (B = 8 andM = 5).

By appropriate design, soft errors can be constrained to appear near the MSB in the binary represen-

tation of the signal samples for LSB-first arithmetic units used in many structures for computation. For

example, we will assume a two’s complement number representation such thatx = −b0 +
∑B−1

i=1 bi2−i

in B-bit precision. As a simple illustration, consider the4× 4 carry-save multiplier shown in Fig. 2. Let

Ts andTi be the sampling period and the worst path delay toith output bit, respectively. Whenkvos = 1

(no VOS), it is evident from the figure thatT8 ≥ · · · ≥ T1, due to the use of LSB-first computation.

However, as we scale the supply voltage belowVdd−crit, the worst-case delaysTi increase for alli, so
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that output bits become divided into two sets : error prone bits (EB) where the timing conditions may be

violated (Ti > Ts) and safe bits (SB) where the timing relation is guaranteed. If we letB andM be the

number of output bits and safe bits in the multiplier, then the soft errors are expressed as a combination

of bits from the EB region, and their magnitudes become a multiple of2M/2B. This implies that the

possible magnitudes of soft errors are equally spaced by2M/2B. This property, which we refer to as a

spacing property, plays a key role in estimating soft errors.

To illustrate the impact of soft errors on FIR filters, we consider anN1-tap causal FIR filter whose

direct-form I implementation is shown in Fig. 3 (a). Under VOS, the processing units in the main filter

violating the timing requirement may suffer from soft errors. As shown in Fig. 3 (b), the system can
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Fig. 3. Flow-graph of direct form I FIR filter : (a) ideal model (b) soft error model.

be described by an equivalent linear additive model. In this model, a soft error, denotedαi,n for ith

multiplier andβj,n for jth adder, are injected at the output of each arithmetic unit. If soft errors do not

appear,αi,n = 0 andβj,n = 0. These sources of soft error can be collected together and merged into one

signal source,en at the nodec′, whereen is given by

en =
N1∑

i=1

αi,n +
N1−1∑

j=0

βj,n + γn, (3)
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whereγn represents the errors which might occur due to overflow from the adders. Due to the spacing

property,en takes on values inΩ =
{

k2M−B
∣∣∣k ∈ Z, k ∈ [−2B/2M , 2B/2M )

}
, whereB andM are the

numerical precision of output and the smallest number of SBs of all arithmetic units, respectively. The

noisy outputzn in the presence of a soft error is given by

zn = yn + en =
N1∑

k=1

hkxn−k+1 + en, (4)

wherexn and yn are thenth sample of the input and the error-free output, respectively, andhk is the

kth FIR filter coefficient. In the sequel, we will use the vector notation,xn = [xn, · · · , xn−N1+1]T ,

yn = [yn−1, · · · , yn−N2 ]T andh = [h1, · · · , hN1 ]T , for convenience, where a boldface vector denotes a

vector of random variable and an overbar vector denotes a deterministic vector.

B. SOFT ERROR CANCELLATION

The objective of soft error cancellation is to subtract an estimate of the soft error from the erroneous

output if necessary, i.e.,

ŷn = zn − ên = yn + (en − ên) , (5)

where ŷn is the error-corrected output, and̂en is an estimate of the soft error. Hence, ideal soft error

cancellation provides that(en − ên) is zero such that̂yn = yn.

1) SOFT ERROR ESTIMATION:Assume that the input and therefore the output signals,xn and

yn are zero-mean stationary random processes. As mentioned in the previous section, the soft error

estimator makes decisions based on the observations of a subset of the sets,
{
zn, {xn, · · · , xn−N1+1} ,

{ŷn−1, · · · , ŷn−N2}
}

, where the elements are selected to trade off performance of the estimation for the

added power of the soft error cancellation. To limit the added complexity or power drawn by the estimator,

we restrict to the precision used to describe the sets,{xn, · · · , xn−N1+1} and{ŷn−1, · · · , ŷn−N2} to only

p bits, producing the vectors,xq,n = [xq,n, · · · , xq,n−N1+1]T and ŷq,n = [ŷq,n, · · · , ŷq,n−N2 ]T , wherexn

and ŷn are quantized toxq,n and ŷq,n. Then, we mask the vectors,xq,n and ŷq,n using the switching

vectors,c = [c1, · · · , cN1 ]
T andd = [d1, · · · , dN2 ]

T producingxc,n = [c1xq,n, · · · , cN1xq,n−N1+1]T and

ŷc,n = [d1ŷq,n−1, · · · , dN2 ŷq,n−N2 ]T , whereci anddi take on value0 or 1 value. As a result, the reduced

observation takes the form



zn

xc,n

ŷc,n


 =




yn

xc,n

ŷc,n


 + en




1

0
...

0




. (6)

February 24, 2006 DRAFT



7

Note that the resolution and selection of observations are controlled byp, c andd. For the time being,

we assume thatp, c and d are given. Based on these reduced observations, a linear (affine) unbiased

estimate ofen can be expressed

ẽn = a0zn +
[
wT vT

]

xc,n

ŷc,n


 + A (7)

wherewT = [w1, · · · , wN1 ]T and vT = [v1, · · · , vN2 ]T . To satisfy the unbiased constraint,E[ên] = en

for all en ∈ Ω, a0 = 1, and

A = −
[
wT vT

]
E


xc,n

ŷc,n


 , (8)

whereE [·] denotes a statistical expectation. The vectors,w andv are determined to minimize the variance

of the estimate,

E
[
(ẽn − en)2

]
= E





yn +

[
wT vT

]

xc,n

ŷc,n


 + A




2

 . (9)

The estimator coefficients,w andv are obtained by finding a linear minimum mean square error (LMMSE)

estimate ofyn based onxn and ŷn. Substituting (8) into (9), we write this variance

E
[
(ẽn − en)2

∣∣∣c, d
]

= E





yn +

[
wT

c vT
c

]




xq,n

ŷq,n


− E


xq,n

ŷq,n










2

 , (10)

wherewc = [c1w1, · · · , cN1wN1 ]
T , and vc = [d1v1, · · · , dN2vN2 ]

T . Note that the entrieswc,i and vc,j

of wc and vc are constrained to be zero whenci and dj are zero. The coefficients ofwc and vc, that

minimize (10) subject to the coefficient constraint, are given by



wc,i1

...

wc,iN′1

vc,j1

...

vc,jN′2




= −Cov




xq,n−i1+1

...

xq,n−iN′1
+1

ŷq,n−j1

...

ŷq,n−jN′2




−1

Cov




xn,




xq,n−i1+1

...

xq,n−iN′1
+1

ŷq,n−j1

...

ŷq,n−jN′2







h (11)

where i1 · · · iN ′
1
∈ Λ1 = {i : ci = 1}, j1 · · · jN ′

2
∈ Λ2 = {j : dj = 1}, and Cov(a, b) = E[abT ] −

E[a]E[b]T . Note thatwc,i = 0 for i ∈ Λc
1 and vc,j = 0 for j ∈ Λc

2, where the superscriptc denotes a

set complement. Let the quantization error be∆xn = xn − xq,n and∆ŷn = ŷn − ŷq,n. When a random

variablex has a two’s complement representation with independent and identically distributed (i. i. d.)
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bits and is truncated fromB bits top bits, the mean and variance of the resulting quantization errors can

be shown to be given by

µ∆x = 2−p − 2−B (12)

Var∆x =
1
3

(
2−2p − 2−2B

)
. (13)

When the observations are quantized fromB bits to p bits, and using (12), the parameterA is given by

A =
(
2−p − 2−B

)
(

N1∑

i=1

wc,i +
N2∑

i=1

vc,i

)
, (14)

and using (13), the coefficients,wc,i1 , · · · , wc,iN′1
andvc,j1 , · · · , vc,jN′2

are given by




wc,i1

...

wc,iN′1

vc,j1

...

vc,jN′2




= −




Cov




xn−i1+1

...

xn−iN′1
+1

ŷn−j1

...

ŷn−jN′2




+
1
3

(
2−2p − 2−2B

)
I




−1

Cov




xn,




xn−i1+1

...

xn−iN′1
+1

ŷn−j1

...

ŷn−jN′2







h, (15)

whereI is an(N ′
1 + N ′

2)-by-(N ′
1 + N ′

2) identity matrix, and it has been assumed that∆xn and∆ŷn are

mutually uncorrelated and uncorrelated withxn and ŷn, which is reasonable for moderate values ofp.

The coefficients,wc andvc can be implemented with linear filters, and hence we refer towc andvc as

the main estimation filter (MEF), and specifically towc as the feed-forward MEF (FF-MEF) and tovc

as the feed-back MEF (FB-MEF), respectively. The resulting soft error estimate is given by

ẽn = zn +
[
wT

c vT
c

]

xq,n

ŷq,n


 + A. (16)

Although we have obtained an unbiased estimate ofen, it will not generally satisfy the constraint that

the estimate ofen lie in Ω, while we know that the trueen must lie inΩ. We consider

ẽn = en +


yn +

[
wT

c vT
c

]

xq,n

ŷq,n


 + A


 , (17)

where we refer to the term in (17) in braces as the estimation error of the MMSE estimator, which will

be called the residual error. Given the unbiased estimate,ẽn, we may be able to refine the estimate by

maximizing the log-likelihood function of̃en with respect toen, i.e.,

ên = arg max
en∈Ω

ln p (ẽn; en) . (18)
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When the PDF of the residual error is symmetric about zero and unimodal, then a local maximum

likelihood estimate (MLE) of soft error is given by

ên = T (ẽn) (19)

where

T (x) =
2M

2B
i, where

∣∣∣∣x−
2M

2B
i

∣∣∣∣ ≤
∣∣∣∣x−

2M

2B
j

∣∣∣∣ , for all j (20)

for i andj are integers between−2B/2M and2B/2M − 1. This MLE is based on the statistic̃e, not on

[zn,xn, ŷn]T . We see that̂en would become the MLE obtained based on[zn,xn, ŷn]T , if zn, xn, and

ŷn were jointly Gaussian and not truncated. In the general case, the estimate,ên, would be suboptimal,

but can be practically implemented with low complexity.

Based on (17) and (19), the total estimation errorên − en is given by

ên − en = T


yn +

[
wT

c vT
c

]

xq,n

ŷq,n


 + A


 (21)

Equation (21) implies that when the residual error is smaller than2M/2B, the estimate would be accurate

i.e. ên = en. This means that wider soft error spacing leads to better estimation. We may be able to

reduce the variance of residual error by increasingp i.e., the resolution of the quantizer or the number

of ones inc, d. Accordingly, we can assume that we set the values ofc, d andp such that

E
[
(ên − en)2

]
¿ σ2

y , (22)

whereσ2
y is the variance ofyn. As long as this assumption holds, the impact of soft error correction

errors on the statistics ofyn can be assumed to be negligible. This low-error regime allows the use of

yn−k, instead ofŷn−k, in the estimate formulation, (15).

FF-MEF MLD
neɶ

nx ˆne

nz

FB-MEF1ˆny −

Fig. 4. Soft error estimator
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The soft error estimator derived herein consists of two parts : 1) the feed-forward and feedback linear

filters which enhance the quality of estimation, and 2) the sequent maximum likelihood detector (MLD)

which maps the input to the nearest soft error candidate, as shown in Fig. 4. This estimation mechanism

shows an interesting analogy to that of a PAM receiver which consists of a matched filter correlator that

improves the estimation SNR and the maximum likelihood symbol detector.

2) Soft Error Detection:To determine when an error has occurred and enable error correction, the

following hypothesis test for soft error detection is used :

H1 : zn = h
T
xn + en

H0 : zn = h
T
xn, (23)

whereen takes a value fromΩ. As the parameter,en is unknown, this problem can be interpreted as a

composite hypothesis test for which a generalized likelihood ratio test (GLRT) is often used [21]. Subject

to complexity constraints, we may also base the detection on the test statistic,ên, not on [zn,xn, ŷn]T .

We compare the log-likelihood ratio, maximized overen with a threshold,τ , i.e.,

Λ = max
en∈Ω

ln
p

(
ẽn

∣∣H1; en

)

p
(
ẽn

∣∣H0

)
H1

≷
H0

τ, (24)

whereτ may be chosen using a constant false alarm rate (CFAR) criterion. To simplify the development,

we assume the condition (22), and that the residual error is well approximated by a zero mean Gaussian,

then the maximizer of the log-likelihood ratio becomes the MLE given in (19), and we can substituteen

by ên in (24). The resulting approximated detection rule is given by

ẽ2
n − (ẽn − ên)2

H1

≷
H0

2τσ2
r . (25)

whereσ2
r is the variance of the residual error and is given by

σ2
r = σ2

y −

wc

vc




T
Cov


xn

yn


 +

1
3

(
2−2p − 2−2B

)
I





wc

vc


 . (26)

In practice, this soft error detector may not be necessary when the error spacing is large, because the

quantization function,T (·) in (19) performs the task of detecting the errors if the residual error exceeds

the 2M/2B.
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3) ALGORITHMIC PERFORMANCE MEASURE:In order to analyze the performance of the soft

error canceller, we use the signal power to soft error power ratio (SSR), defined as

SSR =
power of desired signal

power of residual soft error
. (27)

From (5), the SSR at the output of the main filter is given by,

SSR = 10 log10

σ2
y

E
[
(ên − en)2

] . (28)

We may also use other measures such as thesignal to noise ratio(SNR). As an example, consider an

application in which the output signal,yn consists of both a desired signal,dn and an undesired noise

signal,ηn, i.e.,

yn = dn + ηn. (29)

After applying the soft error canceller, the SNR is given by

SNR = 10 log10

σ2
d

σ2
η + E

[
(ên − en)2

] . (30)

Note that both measures in (28) and (30) depend on the power of the estimation error,ên−en, or residual

mean square error(RMSE). Hence, the algorithmic performance of MP-SEC can be thoroughly analyzed

by deriving the RMSE.

4) RMSE ANALYSIS:In this subsection, we provide an analysis of RMSE when employing the soft

error estimator. In deriving the estimate, we neglected the effect of previous decisions assuming the

condition (22) to hold. However, in practice, inaccurate estimates of soft errors may cause subsequent

errors in estimating soft errors, permitting error propagation. Hence, we need to analyze the RMSE

considering the consequences of using tentative decisions.

First, we assume that the soft error detector is not employed. We assume that the residual error has a

Gaussian distribution,N (
0, σ2

r

)
for analysis. If the previous errors are essentially correct, the probability

that the soft error estimate is not correct is

P (ên 6= en) = 1− 2Q

(√
λ2

4σ2
r

)
, (31)

whereQ(x) =
∫∞
x

1√
2π

exp
(−t2/2

)
, andλ = 2M/2B. Note that the probability of error will increase

asλ increases orσ2
r decreases. Hence, the ratio,λ2/σ2

r is a crucial factor that affects the quality of soft

error estimation, even when error propagation happens. The RMSE is expressed as

E
[
(en − ên)2

]
=

∞∑

k=−∞
(λk)2P (ên − en = λk) (32)
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When ignoring the effect of previous decision errors, the RMSE is given by

RMSE = 2
∞∑

k=1

λ2k2

{
Q

(√
λ2

σ2
r

(
k − 1

2

))
−Q

(√
λ2

σ2
r

(
k +

1
2

))}
. (33)

Note that RMSE also increases whenσ2
r increases.
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Fig. 5. Analytically modeled PDF of the estimation error, orên− en whenλ2/σ2
r is (a) 0 dB, (b) 4 dB, (c) 8 dB,

and (d)12 dB. Note that time-axis is scaled by1/λ.

Now, assume that the previous decision errors are no longer negligible. We use a Markov chain model

to describe the sequence of previous errors, and evaluate the RMSE in the steady state. This approach

has been employed in the analysis of decision feedback equalization [12], [13]. Let the estimation error

at timen− k be sn−k, i.e., sn−k = en−k − ên−k. Without loss of generality, we consider the feedback

errors to come from the lengthN2 sequence,̂yn−1, · · · , ŷn−N2 . Then, we define the state,(i1, · · · , iN2)

at timen to be

staten(i1, · · · , iN2) = {sn−1 = i1λ, · · · , sn−N1 = iN2λ} . (34)

wherei1, · · · , iN2 are integers in
[−2 · 2B−M + 1, 2 · 2B−M − 1

]
. The number of possible decision errors

is (4 · 2B−M − 1), and the total number of states should be(4 · 2B−M − 1)N2 . However, for moderate

configurations of the estimator, the possibility that a decision error occurs with large magnitude is small

as shown in Fig. 5, which is derived under modest assumptions in the following analysis. This reduces

the number of states by counting only2m+1(< 2B−M ) error magnitudes near zero, wherem is a small
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integer and hence, the total number of states becomes(2m + 1)N2 . Then, we can present the following

conditional probability :

P (sn = iλ|staten(i1, · · · , iN2)) = Q

(
(2i− 1)λ− 2

∑N2
k=1 vc,kikλ

2σr

)

−Q

(
(2i + 1)λ− 2

∑N2
k=1 vc,kikλ

2σr

)
, (35)

(i = −m + 1, · · · ,m− 1)

P (sn = ±mλ|staten(i1, · · · , iN2)) = Q

(
(±2m− 1)λ∓ 2

∑N2
k=1 vc,kikλ

2σr

)
. (36)

We list fromstaten(−m, · · · ,−m) to staten(m, · · · ,m) in an appropriate but arbitrary order and number

them from state1 to state(2m + 1)N2 . The (2m + 1)N2-by-(2m + 1)N2 state-transition matrix,T from

time n to time n + 1 is given by

T (staten (i1, · · · , iN2) , staten+1 (j1, · · · , jN2)) = P
(
sn = j1λ

∣∣staten (i1, · · · , iN2)
)
, (37)

if i1 = j2, i2 = j3, · · · , iN2−1 = jN2

= 0, otherwise. (38)

Let the probability of staying in theith state in the steady state to beπi. The vector,
[
π1, · · · , π(2m+1)N2

]

can be found by solving the following simultaneous equations,
[
π1 · · · π(2m+1)N2

]
T =

[
π1 · · · π(2m+1)N2

]
, (39)

(2m+1)N2∑

k=1

πk = 1. (40)

The solution to these equations is obtained by finding the null vector of the matrix
(
T T − I

)
and

normalizing the null vector to satisfy (40). The probability that the decision error equalsλk in the steady

state is given by

P (ên − en = λk) =
∑

{i: i1 of ith state=k}
πi. (41)

for −m ≤ k ≤ m. Fig. 5 shows the PDFs of̂en − en using this result, in the case that two feedback

observations are employed i.e.,N2 = 2, B = 16 andM = 12. Note that the PDF is defined on the discrete

event space due to the soft error spacing property and more concentrated around zero with increasing

λ2/σ2
r . Finally, the RMSE can be obtained by substituting (41) to (32). In Fig. 6, we plot the RMSE

versusλ2/σ2
r for several values ofN2. The RMSE decreases asλ2/σ2

r increases and asN2 decreases.
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Fig. 6. Analytically derived residual mean square error (RMSE) is shown versusλ2/σ2
r .

It should be noted that the performance of the soft error canceller depends onσ2
r , or equivalently how

well the MMSE estimator estimates the desired output,yn using the given information inferred in the

observations.

III. ENERGY MINIMUM SOFT ERROR CANCELLATION

In this section, we introduce two approaches to optimize the power dissipation in the soft error canceller.

First, an energy-minimum design of SEC is provided, which assumes stationary statistics of the signals

of interest. The key feature of this strategy is enabling “one shot” design which can be fixed in VLSI

design. Secondly, we introduce a dynamic power optimization technique, which controls the configuration

of the SEC unit in real time to cope with time-varying environments.

A. POWER OPTIMIZATION CRITERION

In general, the power dissipation,Pv of a system may follow

Pv ∝ (C0 + Cs) (kvosVdd−crit)
2 (42)
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where C0 and Cs is the switched capacitances in the main filter block and SEC block, respectively.

This relationship implies that for maximum power savings, we have to reduce the complexity of the

SEC block as much as possible. A rather general approach to optimizing power consumption has been

addressed in [14], [15] in the form of a constrained optimization that minimizes an estimate of the power

dissipation subject to particular performance constraints. We express this formulation in a form relevant

to our framework,

Minimize : PSEC(c, d, p)

Subject to : E
[
(en − ẽn)2

∣∣∣c, d, p
]
≤ D, (43)

whereD is the desired RMSE given as a system requirement, andPSEC(c, d, p) is the power consumed

in the SEC unit. In the following, we search for a feasible solution to this problem with respect toc, d,

andp.

B. STATIC POWER-OPTIMUM DESIGN

In this subsection, we find the selection of observations and their precisions to optimize the constrained

objective function in (43).

1) OBSERVATION SELECTION:An important result from the previous section is in that the algo-

rithmic performance of the system depends on the MSE of the MMSE estimator, orσ2
r . Taking more

observations leads to smallerσ2
r , or a better quality of soft error estimate, but however it will require

higher complexity, and thus higher power. Therefore, we need to limit the number of observations, and

more systematically, we should select the best combination of observations on the basis of (43). In the

following, we will describe an efficient observation selection method which uses a tree search procedure

based on the branch and bound principle [17], [18]. Letξm be the set ofm samples of observations that

are masked by the vectorc andd. The variance,σ2
r , based on the observation set,ξm is given by

σ2
r (ξm) = σ2

y − Cov
(
yn,

[
ξm

])T
Cov

([
ξm

])−1
Cov

(
yn,

[
ξm

])
, (44)

where
[
ξm

]
is a column vector associated withξm. If the signal subsets,ξ1, · · · , ξm are nested such that

ξ1 ⊂ ξ2 ⊂ · · · ⊂ ξm, (45)

then,

σ2
r (ξ1) ≥ σ2

r (ξ2) ≥ · · · ≥ σ2
r (ξm). (46)
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Since(yn − E[yn|ξm+1]) and (E[yn|ξm+1]−E[yn|ξm]) are orthogonal so that

σ2
r (ξm) = σ2

r (ξm+1) + E

[(
E

[
yn

∣∣ξm

]− E
[
yn

∣∣ξm+1

] )2
]
. (47)

On the other hand, the power dissipation,PSEC, given c and d, may be estimated via the multiplier

energy model [14] or any available power modelling technique [19]. For the nested sets in (45), it is

reasonable to assume that

PSEC (ξ1) ≤ PSEC (ξ2) ≤ · · · ≤ PSEC (ξm) , (48)

wherePSEC(ξi) is the power dissipation associated withξi. The two monotonicity properties in (46) and

(48) enable the use of the branch and bound technique to solve for the optimal observation selection.
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Fig. 7. Observation selection based on the branch and bound technique.

As a simple example, assume that we select a combination from five candidates, denoted{a1 =

xq,n, a2 = xq,n−1, a3 = xq,n−2, a4 = ŷq,n−1, a5 = ŷq,n−2}, which constitutes the full set of observations.

We can construct a tree as shown in Fig. 7. The search begins from the root with “no observation”, or

[cT , d
T ] = [0, · · · , 0]T and traverses down when adding each “new observation”. Beginning from the

rightmost branch, we calculatePSEC and the resulting RMSE and save them at each branch (see “A” in

Fig 7). We continue traversing the tree while decreasing RMSE, and stop when the RMSE begins to be

less thanD. We call the first node at which the traversal stops theinitial best subsetand the corresponding
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PSEC a bound. Next, we search the left-side branches and cut off any branches and subbranches whose

PSEC’s are larger than the current bound. However, if a leaf of the tree is reached with no pruning, we

replace the bound by the currentPSEC and update performance of the branch and bound with the current

subset. In this example, the final best subset is{xq,n, xq,n−2, ŷq,n−2}.
In order to improve the algorithm, it is common to position the “good” signals, i.e., those that cause

significant RMSE decrease, to the right hand side of the tree (note the signals at the first level ordered

“a4, a3, a2, a5, a1”). This ordering reduces the average search path. The initial best subset under this

ordering provides a good, but not optimal, solution. Since the initial subset improves successively as the

update proceeds, we can terminate the procedure early to obtain a good solution if the search time is too

excessive.

2) PRECISION SELECTION:The precision parameterp has a the significant impact on the power

dissipation of the SEC block. To obtain the jointly optimal values ofc, d, andp, we can construct the

search tree for each value ofp over a nominal range. After finding the optimalc andd for eachp, we

select thep, which results in the minimumPSEC, as optimalp, and the correspondingc andd as optimal

switching vectors.

C. DYNAMIC POWER-OPTIMUM CONFIGURATION

In this subsection, we introduce an automatic power control algorithm that adapts the control vectors,

c andd to the variation of input statistics or a given target performance.

1) ADAPTIVE SOFT ERROR CANCELLATION:To develop a procedure to control the vectors,c and

d, we need to update the estimator weights,wc, vc andA automatically, for eachc andd. We can employ

the least mean square(LMS) algorithm, which adapts to minimize the MSE, (10) over the weights :

w
(n+1)
c,i = ci

(
w

(n)
c,i + µεnxq,n−i+1

)
, for i = 1, · · · , N1 (49)

v
(n+1)
c,i = di

(
v

(n)
c,i + µεnŷq,n−i

)
, for i = 1, · · · , N2 (50)

A(n+1) = A(n) + µεn (51)

wherew
(n)
c,i , v

(n)
c,i , andA(n) are the values ofwc,i, vc,i and A at time n, respectively, andµ is the step

size. We denoteεn as the result of subtracting the MEF output fromyn. Since the value ofyn is not

available, we use the current restored output instead ofyn as a training symbol, and henceεn is given

by

εn = ŷn +
N1∑

i=1

w
(n)
c,i xq,n−i+1 +

N2∑

i=1

v
(n)
c,i ŷq,n−i + A(n). (52)
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Whenever there is a change inc or d, the adaptive algorithm begins operation until it converges to the

correspondingly optimal weight vector. Sincec and d can power down the update algorithm for each

weight, the power consumption of weight update block (WUB) can be reduced depending onc and d.

We can now address the control ofc andd.

2) AUTOMATIC POWER CONTROL ALGORITHM:We assume that the computation of each tap,

wc,i or vc,i and its weight update algorithm consumes the same power,Es. Then, the power dissipation

in the SEC block is given by

PSEC =

(
N1∑

i=1

ci +
N2∑

i=1

di

)
Es +H, (53)

whereH includes the power dissipation in the MLD block. This means that as we power down more taps,

the power dissipation in SEC will proportionally decrease. Hence, we can rewrite the energy optimization

TABLE I

POWER OPTIMIZATION ALGORITHM

step 1 Start withc0, andd0 preset to yield P-estimate smaller thanτ2.

step 2 Wait until the estimator coefficients converge.

step 3 Monitor P-estimate : ifPn − τ2 ≤ 0 go to step 4, and ifPn − τ1 ≥ 0 go to step 5.

step 4 For |wc,i| < |wc,j | ∀i 6= j and |vc,k| < |vc,l| ∀k 6= l, set ci = 0 if |wc,i| < |vc,k|, else set

dk = 0. Go to step2.

step 5 For the coefficient vector in use prior to the last change, setci = 1 or di = 1 for the mask

coefficient corresponding to the largest magnitude in{|wc,i|}N1
i=1 and{|vc,i|}N2

i=1.

problem, (43) by

Minimize :
N1∑

i=1

ci +
N2∑

i=1

di

Subject to : σ2
r ≤ J (54)

where the RMSE constraint can be replaced by a new constraint,σ2
r ≤ J , since RMSE is an increasing

function in σ2
r . In [14], the authors presented a solution to a similar problem for an adaptive equalizer,

using a Lagrange multiplier method under the assumption that the input signals to the adaptive equalizer

are white. The solution suggested that the best strategy involves powering down the taps of the equalizer

with less contribution to the performance metric if each tap consumes the same energy. Unfortunately,

it is considerably more difficult to find the associated control vectors for the case with correlated input.
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Hence, we relax the constraint of correlation between observations and adopt the strategy of switching

off the taps with the smallest coefficients.

The performance estimate(P-estimate),Pn is monitored in real time and compared with two preset

thresholds,τ1 and τ2 whereτ1 > τ2. The P-estimate is computed by averaging the square of the LMS

update error,ε2n, i.e.,

Pn = (1− ρ)Pn−1 + ρε2
n (55)

where0 < ρ < 1 is a constant for experimental averaging. The automatic power control algorithm (PCA)

changesc andd only when the P-estimate is larger thanτ1 or smaller thanτ2. Starting from the initial

setup,c0 andd0 which are preset to provide a small P-estimate, we setci = 0 or di = 0 if the P-estimate

is smaller thanτ2, wherei corresponds to smallest coefficients. On the contrary, we setci = 1 or di = 1,

if Pn exceedsτ1 in the reverse order. Once the control vector,c or d has been changed, the PCA waits

until the adaptive algorithm converges. When the P-estimate lies within[τ2, τ1], we power down the PCA

and keep monitoring the P-estimate to detect any changes. This procedure is summarized in Table I.

IV. D ISCUSSIONS

In this section, we discuss a hardware design of an MP-SEC system, and present a simulation framework

and some results.

A. Hardware Design
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Fig. 8. Hardware flow-graph for an MP-SEC system.
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In Fig. 8, we depict the implementation of the MP-SEC system, which we protects a26-tap FIR

frequency selective filter. The system is designed via the static design methodology described in Sec.

III.B.1. It should be noted that the critical path delay of the MEF is shorter than the main filter due to

its reduced complexity, and therefore soft errors cannot occur in the MEF by scaling up values of up to

kvos = 0.6.
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Fig. 9. Implementation of MLD block.

Since the detection rule, (25) requires the use of a multiplier, it is desirable to further simplify the

detector structure complexity. UnderH1, it follows that ẽ2
n À (ẽ− ên)2, and underH0, (ẽ− ên)2 is

close to zero. As such, the detection rule can be simplified to

|ẽn| <
√

2γσ2
r . (56)

This rule is called a double-sided test (DST) which comparesẽn to both positive and negative thresholds.
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This rule can be expressed as

Ib(ẽn)ẽn −
√

2γσ2
r

H1

≷
H2

0, (57)

where Ib(·) outputs1 for a positive input and−1, otherwise. As a result, the hardware design of the

detector in (57) requires only one inverter for computingIb(·) and one subtractor. Next, consider the

MLD
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Fig. 10. Adaptive SEC block.

hardware design of the MLD block. We can write (18) as

ên =
round

(
2B−M−1 · ẽn

)

2B−M−1
(58)

Figure 9 (a) illustrates the computation ofên based oñen, whenB = 9 andM = 5. Figure 9 (b) describes

its implementation. The MLD block can be implemented with only one MUX and one full adder. Next, we

depict an SEC system that employs dynamic PCA in Fig. 10. Though the hardware implementation appears

complicated, the algorithm powering down the SEC subblocks dramatically reduce power consumption.

Table II summarizes the number of basic arithmetic units required for the SEC block depicted in Fig. 8,

compared with that of main filter. Note that the hardware complexity of SEC block is simple, compared

to that of main filter.
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TABLE II

HARDWARE UNITS FORMP-SECSYSTEM.

Block Sub-blocks Necessary units Number of full adders

Main filter 26 multipliers (16 bit), 27 adders (21 bit) 8055

EC Block MEF 9 multipliers (7 bit), 8 adders (12 bit) 663

DST 1 adder (5 bit), 1 inverter 5

MLD 1 MUX, 1 adder (4 bit) 4

ect 2 adder (21 bit) 42

B. Energy Saving Measure

The energy savingsEsav(%) of the ML-EC system is defined by

Esav =
Porg − Pvos

Porg
× 100, (59)

wherePorg andPvos are the power dissipation before and after applying MP-SEC technique, respectively

C. Simulation Setup

8kHz speech 
sample

AWGN

Main
LPF

SEC
Block

nz ˆny

vos critddk V −

Fig. 11. Simulation setup.

The simulation setup used in our simulations is illustrated in Fig 11. The context that we chose for

experiments is a low-pass FIR filter (LPF) that removes the out-of-band noise in front of a speech

recognizer. A sequence of10000 speech samples of bandwidth 8kHz are filtered to remove the out of

band corruption from additive white Gaussian noise (AWGN). A 25-tap linear-phase FIR LPF with cut-off

frequencyπ/4 is used as the main filter to be protected.

We assume a0.25µm, 2.5V CMOS process technology and that16×16 bit Baugh-Wooley multipliers

[16] are used in the main filter. We also assume that the supply voltage, set to 2.5V, is scaled down
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by kvos = 0.9, 0.8, 0.7 and 0.6. First, we compute the logic gate delay for eachkvos via a circuit-level

simulator, HSPICE, and obtain the worst path delays reaching the intermediate bits of each processing

unit via a logic-level simulator. The intermediate bits with larger path delay than the sampling period

exhibit a timing violation, thereby causing a soft error. The power dissipation of the system is obtained

via a gate-level power simulation tool, MED [20].

D. Simulation Results

TABLE III

SOFT ERROR RATE, SPACING AND SNR DEGRADATION VS. VOS FACTOR.

kvos 1.0 0.9 0.8 0.7 0.6

Soft error rateP (H1) (%) 0% 2.69% 8.13% 29.88% 54.55%

Number of SBs,M 0 13 12 8 7

Output SNR (dB) 22.91 dB −0.16 dB −4.34 dB −8.24 dB −10.92 dB

Table III tabulates the soft error rate, number of SB,M , and output SNR as variouskvos, when the

speech samples are used as the input. Askvos decreases, the error rate increases, and the number of SB

gets smaller or equivalentlyλ decreases. The original output SNR before applying VOS was22.91 dB,

but the system experiences a catastrophic SNR drop withkvos.

Figure 12 (a) shows the original400 samples of the desired speech signal,yn. The output signal which

is corrupted by soft errors whenkvos = 0.7 is shown in Figure 12 (b). We employ the MP-SEC unit

to restore the degraded signal. The predesigned 13-tap FF-MEF and 1-tap FB-MEF are employed to

meet the target SNR, or22 dB. The signal̃en and restored̂yn are shown in Fig. 12 (c) and Fig. 12 (d).

Note that the MEF modifies the noisy signal toẽn to readily estimateen. The resulting estimation error,

ŷn − yn after error correction is shown in Fig. 12 (e).

Table IV summarizes the design specifications of the MP-SEC system for eachkvos when the power-

optimum design strategy described in Sec. III.B.1, is employed. The table also includes the resulting SNR

and achieved power savings. Whenkvos is 0.9 and 0.8, the degraded SNR is completely restored with

at most6 coefficients, and6 bit precision, since wide soft error spacing allows for relatively loose MSE

requirements for error correction. Askvos is scaled to0.7 and then to0.6, we can achieve power savings

by 57%, with at most0.83 dB SNR loss. This is why the quadratic effect ofkvos on power dissipation

becomes dominant even if the complexity overhead in the SEC block is considerably increased.
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Fig. 12. Shown are400 samples of (a) the clean output,yn, (b) the noisy output,zn, (c) ẽn, (d) the corrected

output, ŷn and (e) the estimation error error,ŷn − yn, whenkvos is set to0.7.

Table V tabulates the design specifications and the resulting energy savings depending on various input

signal and filter bandwidths. To generate the input with a particular bandwidth, a random white noise is

shaped by a linear filter with the given cut-off frequency. The SEC block is designed to allow at most

1 dB SNR loss. For brevity, we present the result only forkvos = 0.7, since the similar behavior trends

were observed whenkvos was set to0.6, 0.8, and0.9. The higher the input bandwidth, the less power

savings. However, the decrease is slight, and we gain relatively consistent power savings for all input

bandwidths. Furthermore, the filter bandwidths hardly appear to influence the power saving, which may

be a desirable feature compared with the PEC technique [9].

Fig. 13 shows the nature of the adaptation performed by the automatic PCA described in Sec. 3.C.2

to changes in the input signal characteristics. Figure 13 (a) contains a plot of the impact signalxn. The

input, xn exhibits a dramatic change in signal statistics at time10000 and20000. Specifically, over the

intervals, [0, 10000], [10000, 20000], and [20000, 30000], the signal has bandwidth of0.2π, 0.5π, and

0.9π and variance of0.04, 0.0025, and0.06, respectively. Figure 13 (b) shows the P-estimate in Eq. (55)
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TABLE IV

DESIGN SPECIFICATION AND ENERGY SAVINGS OF ENERGY-MINIMUM MP-SECSYSTEM

kvos FF-MEF Length (N ′
1) BB-MEF Length (N ′

2) p SNR Achievement (dB) Energy Savings (%)

0.9 2 tap 2 tap 4 bit 22.91 dB 17.76%

0.8 4 tap 2 tap 6 bit 22.91 dB 33.40%

0.7 13 tap 1 tap 7 bit 22.46 dB 42.23%

0.6 15 tap 1 tap 9 bit 22.08 dB 57.57%

TABLE V

DESIGN SPECIFICATION AND ENERGY SAVINGS DEPENDING ON INPUT AND FILTER BANDWIDTH(kvos = 0.7)

Filter bandwidth Input bandwidth FF-MEF length FB-MEF length p SNR loss (dB) Energy savings (%)

0.2π 0.2π 14 2 5 bit 0.99 47.13

0.4π 18 1 5 bit 0.79 46.18

0.6π 20 1 5 bit 1.00 45.94

0.8π 21 1 5 bit 0.86 45.71

0.4π 0.2π 6 3 6 bit 0.76 48.00

0.4π 12 1 5 bit 0.97 47.84

0.6π 10 3 6 bit 0.82 46.70

0.8π 21 1 5 bit 0.94 45.71

0.6π 0.2π 6 1 6 bit 0.86 48.66

0.4π 7 1 5 bit 0.97 49.04

0.6π 7 3 6 bit 0.98 47.68

0.8π 12 3 5 bit 0.95 45.37

0.8π 0.2π 5 1 6 bit 0.94 48.99

0.4π 5 3 6 bit 0.68 48.33

0.6π 12 2 5 bit 0.90 47.61

0.8π 13 1 5 bit 0.93 47.61

when ρ is set to0.999. The evolution of the number of powered-up coefficients is plotted in Fig. 13

(c). The largest power savings is achieved during the interval, between the samples of10000 and20000,

where only7 coefficients are used for soft error cancellation. Note that the coefficient adaptation and

power control operate only when the P-estimate remains outside of the range[τ2, τ1]. Hence, when the

P-estimate lies within[τ2, τ1], the power overhead of automatic PCA comes from the task of computing

P-estimate and comparing it with the thresholds.

Figure 14 compares the performance and power trade-off of MP-SEC with those of the PEC [9] and
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Fig. 13. Shown are (a) the signalxn, (b) the P-estimate, and (c)N ′
1 + N ′

2.

RPR [10] techniques, when the speech samples are used as the system input. The MP-SEC technique

yields better SNR performance over the range of0% to 50% power savings, and is9 dB better than the

PEC method and 1 dB better from the RPR method at 40% power savings.

V. CONCLUSIONS

In this paper, we have addressed two problems: 1) estimation and detection of soft errors induced by

VOS in low-power digital filtering, and 2) an approach to energy minimum design and adaptive power

control for re-configuration. Our derivation of the soft error estimator and detection algorithm is based

on the observation that soft errors are created by higher order bits in the representation of the signals
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Fig. 14. Performance and power trade-off of MP-SEC, PEC [9] and RPR [10].

being processed. As such, through tracking the signal correlation over time, and using a reduced-precision

replica of the filtering operation to be protected, such high-order bit errors can be readily detected and

ultimately corrected. Through a low-power imeplementation of the error detection and correction unit,

the MP-SEC approach shows promise for achieving significant power savings for digital filteirng as well

as a variety of dsp architectures.
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