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Energy Scalable System Design

Amit Sinha, Alice Wang, and Anantha Chandrakasan

Abstract—We introduce the notion of energy-scalable system-  Energy—quality (E—Q) tradeoffs have been explored in the
design. The principal idea is to maximize computational quality for - context of encryption processors [4]. A large class of systems,
a given energy constraint at all levels of the system hierarchy. The as they stand, do not render themselves to such E-Q scaling.

desirable energy-quality (E-Q) characteristics of systems are dis- |, ,. . . . .
cussed. E—Q behavior of algorithms is considered and transforms With hardware hooks and simple algorithmic modifications, the

that significantly improve scalability are analyzed using three dis- E—Q behavior of the system can be modified such that if the
tinct categories of commonly used signal-processing algorithms on available computational energy is reduced, the proportional hit
the StrongARM SA-1100 processor as examplesig, filtering, fre-  in quality is minimal. However, one must ensure that the energy
quency domain transforms and classification). Scalability hooks o\ erhead attributed to the improved scalability is insignificant

in hardware are analyzed using similar examples on the Pentium d to the total fi It b ibl
Il processor and a scalable programming methodology is pro- compared fo the total energy consumption. it may be possible

posed. Design techniques for true energy scalable hardware are to do a significant amount of preprocessing such that the E-Q
also demonstrated using filtering as an example. behavior is close to perfect but we might end up with a situation

Index Terms—Algorithmic transforms, energy scalable, low where the overall energy consumption is higher compared to the
power, variable precision. unscalable system. This defeats the basic idea behind having a
scalable systemiz. overall energy efficiency.

|. INTRODUCTION IIl. ENERGY QUALITY SCALABILITY

I N EMBEDDED sy_s;ems, energy is a pre_ciogs resource ar‘dWe now formalize the notion of a desirable E-Q behavior of
must be used efficiently. Therefore, it is highly deswablg1 system. The E-Q graph of an algorithm is the functi)

:Eai we Sm{{c?re olur algorithms atr;d fyzte;nsflrn s_,tuhch a fashpg\ resenting some quality metric (e.g., mean-square error, peak
at computational accuracy can be traded ol with energy r§i§:1nal-to—noise ratio, etc.) as a function of the computational en-

quirement. At the heart of such transformations lies Fhe Cogfgy. There may exist situations where the notion of a quality

L . : . . "Sifetric is unclear. However, in this paper we are dealing pri-
an individual is using his laptop for a video telephone appllc?ﬁar"y with signal processing systems where the notion of a

tion. I?_ased og tlhg ctlrjlrrent iaatterr)]/ stlezteban(tlljlovterall %(_)V\t/e_ztr-c uality metric is usually unambiguous. Consider two systems
sumption model [2] the system should be able to predict its u “and Il) that perform the same function. Ideally, from an en-

time. If the battery life is insufficient, the user might choose t 1gy perspective, Il would be a more efficient scalable system
tradeoff some quality/performance and extend the battery Iifeg mpared to | if '
0

his laptop. Consider another scenario where a distributed sensor
network [3] is being used to monitor seismic activity from a re- Qu(E)>Qr(E), VE. )
mote basestation. Sensor nodes are energy constrained and have
afinite lifetime. It would be highly desirable to have energy scal- In most practical cases, (1) will not hold over all energy
able algorithms and protocols running on the sensor netwotklues. There might be a preprocessing overhead as a result of
The remote basestation should have the capability to dynamiich the maximum energy consumptions might be different
cally reduce energy consumption (to prolong mission lifetime fér the two cases (i.€ Emax, 11 > Ewmax, 1)- Nevertheless, as
uninteresting events have occurred) by altering the throughpeitg as the (1) holds over a significant range of computational
and computation accuracy. This type of behavior necessitaggtergies, overall efficiency is assured. Let us assume that there
system redesign so that every computational step leads usegists a quality distributiopg (), i.e., from system statistics
crementally closer to the output. we are able to conclude that the probability that we would want
a qualityx is pg(x). A typical quality distribution is shown in
Fig. 1. The average energy consumption per output sample can
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A energy is reduced by 10%, the quality degradation is less that

10%, the lesser, the better. iii) There is an energy overhead asso-

Wy ciated with the transform that should be insignificant compared
to the total energy.

Qu

A. Filtering Application
Quality
Distribution

commonly used digital signal processing (DSP) operations. FIR
filtering involves the inner product of two vectors, one of which
is fixed and known as the impulse respohe] of the filter [6].

- An N-tap FIR filter is defined by (5)

E Energy (E)  Emax, 1 Emax,nn

l Finite impulse response (FIR) filtering is one of the most

r System 1

|
|
|
!

N-1
Fig. 1. E-Q formal notions. y[n] = Z hlk)z[n — K]. (5)
k=0

The E-Q behavior suggested by (3) is not always attainableyarious low power and energy efficient implementations of
globally, i.e., acros® < E < Eyax as we will see subse- the FIR filter have been proposed and implemented [7]. The
quently. However, on an average case, for a given energy avgiiproximate processing techniques proposed in [8] reduce the
ability, 2, we would like the obtainable quality(£) to be as tqta| switched capacitance by dynamically varying the filter

high as possible. order based on signal statistics.
However, when we analyze the FIR filtering operation from
[Il. ENERGY SCALABLE APPLICATION DESIGN a pure inner product perspective, it simply invohésnultiply

Consider the simple power series shown in (4). Such pow?d accumulate (MAC) cycles. For desired E-Q behavior, the
series are frequently encountered in Taylor expansions usedC cycles that contribute most significantly to the outplst]

evaluate transcendental functions should be done first. Each of the partial suh§;|xz[n — k],
depends on the data sample and therefore it is not apparent
y=fz)=1+kz+ka®+ - +kya". (4) Wwhich ones should be accumulated first. Intuitively, the partial

sums that are larger in magnitude (and can therefore affect the

A standard implementation of the algorithm would have dimal result significantly) should be accumulated first. Most FIR
N-step loop that would multiply the current value of the confilter coefficients have a few coefficients that are large in magni-
puted power ofr with z and accumulate the result in Let tude and progressively reduce in amplitude. Therefore, a simple
us assume we have to compuyte2) for N = 100. If the k;s  but effective most-significant-first transform involves sorting
are similar, even afteV — 1 steps in the loop, the value accuthe impulse response in decreasing order of magnitude and re-
mulated iny would be approximately 50% off from the final ordering the MACs such that the partial sum corresponding to
value since2™ / f(2) ~ 1/2. In terms of E-Q performance, thethe largest coefficient is accumulated first as shown in Fig. 3.
algorithm does not do well. Assuming that the amount of en- Undoubtedly, the data sample multiplied to the coefficient
ergy required to evaluatg(2) on a processor i&,,,x and that might be so small as to mitigate the effect of the partial sum.
each step dissipates the same amount of energy (ignoring Nevertheless, on an average case, the coefficient reordering by
terinstruction effects, etc.), we have about 50% computatiomabgnitude yields a better E-Q performance than the original
accuracy after dissipating — 1/N)E,,.x energy. However, if scheme. Fig. 4 illustrates the scalability results for a low-pass
we had to evaluatg(0.5), the most significant terms would filtering of speech data sampled at 10 kHz using a 128-tap FIR
occur in the first few steps in the loop and the E-Q behavifilter whose impulse response (magnitude) is also outlined. The
would be better. Based on the above analysis, we can conclagerage energy consumption per output sample (measured on
that transforming the algorithm, as shown in Table I, will resuthe StrongARM SA-1100 [5] operating at 1.5 V power supply
in the most significant computations occurring early in the loognd 206 MHz frequency) in the original scheme is 5.12 mJ.
as a result of which, the computational energy could be reduc&iihce the initial coefficients are not the ones with most signif-
without taking a significant hit in accuracy. icant magnitudes the E—Q behavior is poor. Sorting the coeffi-

Fig. 2 shows the E-Q graphs for the original and modifiecients and using a level of indirection (in software that amounts
power-series algorithm. It captures the all the basic ideas. i) E+®@Qhaving an index array of the same size as the coefficient
behavior is, in general, data dependent. It is possible to comearpay), the E-Q behavior can be substantially improved. It can
with pathological cases where the transformed algorithm woubeé seen that fluctuations in data can lead to deviations from the
have a E—Q behavior very close to the original. However, froideal behavior suggested by (3), nonetheless, overall concavity
an energy efficiency perspective, it is the average E-Q perfas-still apparent. The energy overhead associated with using a
mance that matters. ii) It is desirable to have an E-Q graph abdeeel of indirection on the SA-1100 was only 0.21 mJ that is
the baseline® = @ on a normalized scale). This would implyabout 4% of the total energy consumption. Fig. 5 shows the ratio
that the marginal return in accuracy from successive units off the energy consumed in the unsorted system to the sorted
computational energy is diminishing. Therefore, if the availabkystem for a given quality.
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TABLE |
POWER SERIES COMPUTATION

Original Algorithm Transformed Algorithm
xpowi = 1.0; yv = 1.0; if( %x»1.0 ) {
for( i=1; i<N; i++ ) xpowi = pow(x,N);
Xpowi *= x; v = k[N]*xpowi+l;
y += xpowi*k[il]; for( i=N-1; i>0; i-- ) {
} xpowil /= x;
v += xpowi*k([i]; }
}
else { // original algo
}
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Fig. 2. E-Q performance of power series algorithm. Fig. 4. E-Q graph for original and transformed FIR filtering.
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Fig. 3. FIR filtering with coefficient reordering. Quality ® s

In FIR filtering, the input data samples are unkncavpriori.  Fig. 5. Energy inefficiency of unsorted system compared to the sorted case.
The partial sum that is most significant is not completely deter-
ministic until all of them have been computed. More sophistthe next data samplgn + 1] can be inserted into the right posi-
cated schemes could involve sorting both the data samples &od using a binary search type technique which can be done in
the coefficients and using two levels of indirection to perforr®(log V). The scalability gains might not be substantial com-
the correct inner product first by picking up the partial sum copared to the simpler scheme discussed before. However, in ap-
responding to the largest coefficient, then the one correspondpigations such as autocorrelation that involves an inner product
to the largest data sample and so on. The overhead associafetldata stream with a shifted version of itself, sorting both the
with such a scheme involves real time sorting of incoming samectors in the inner product would yield significant improve-
ples. Assuming that we have a presorted data array at/timements in E—-Q behavior.
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B. Image Decoding Application

g0k

The discrete cosine transform (DCT), which involves de . ;
Compos|ng a set of |mage Samples into a scaled set of discr ol ............ LI ......... i
cosine basis functions, and the inverse discrete cosine transfc il .. f ]

(IDCT), which involves reconstructing the samples from th«i;
basis functions, are crucial steps in digital video [9]. Th(g

64-point, 2-D DCT and IDCT (used on 8 8 pixel blocks of § 50
an image) are defined respectively as % woll i U
R o] = . (2 + Dur - B S ]
[U'v U]_ 4 ‘ Zx[Lv J]COS T 20 o ET . R _
=0 j=0 :
- Cos <M> (6) o0 ; 1‘1 6 8 1i0 : 1;4 16
16 Energy consumed (mJ)

7 .
L 1 2t 4+ Dumw : _ N
x[,h j] _ Z 2 : 2 : c[u]c[v]X[u, v] COS<( 16) ) Fig. 6. E—Q graph for FM-IDCT versus normal IDCT.
u=0 v=0
27+1
.cos<—J i W). @)

DCT is able to capture the spatial redundancy present
an image and the coefficients obtained are quantized al 3
compressed. Most existing algorithms attempt to minimiz
the number of arithmetic operations (multiplications anc
additions) usually relying on the symmetry properties of thi
cosine basis functions (similar to the fast Fourier transforr
(FFT) algorithm) and on matrix factorizations [10]. The E-C
behavior of these algorithms is not good as they have be:
designed such that computation takes a minimal yet conste
number of operations. The forward mapping-IDCT (FM-IDCT)
algorithm, proposed in [11], can be shown to have an E— v
performance that is much better than other algorithms. Tt Rows (1-8) 8 0 Golumns (1-8)
algorithm is formulated as follows:

log{DCT magnitude;

Fig. 7. 8x 8 DCT coefficient magnitudes averaged over a sample image.

r 0,0+ ~ 0,14 r 7,79
_]}0 0_ co CO c? -
37071 c(f’o c(f’l e’ In terms of the overhead requirement, the only change that is
3707 ) cg, 0 O C;, 7 required is that we now need to store the IDCT coefficients in a
? 2 H H _ H
=Xoo|  |+Xo1| . |+ +Xer| transposed fashion (i.e., all the low-frequency components first
: and so on).
o : o1 . C. Classification Using Beamforming
LL7, 7 0,0 > 7,7 . . .
L C63 -C63 - L3 Beamforming algorithms can be used to aggregate highly cor-

(8) related data from multiple sensors into one representative signal.
The advantage of beamforming is twofold. First, beamforming
where,z; ; are the reconstructed pel&;; are the input DCT is used to enhance the desired signal while interference or uncor-
coefficients, andc} ’] is the 64 x 64 constant reconstructionrelated sensor noise is reduced. This leads to an improvement in
kernel. detection and classification of the target. Second, beamforming
The improved E-Q behavior of the FM-IDCT algorithm cameduces redundant data through compression of multiple sensor
be attributed to the fact that most of the signal energy is concetata into one signal. Fig. 9 shows a block diagram of a wireless
trated in the DC coefficient{y o) andin general, in the low-fre- network of M sensors utilizing beamforming for local data ag-
guency coefficients as shown in Fig. 7. Instead of reconstructiggegation.
each pixel by summing up all its frequency contributions, the We have studied various beamforming algorithms that
algorithm incrementally accumulates the entire image basedfali under the category of “blind beamforming” [12]. These
spectral contributions from the low to high frequencies. Figs.lieamformers provide suitable weighting functiong[n] to
and 8 illustrate the E-Q behavior of the FM-IDCT algorithmsatisfy a given optimality criterion, without knowledge of the
It is obvious from Fig. 8 that almost 90% image quality can bgensor locations. In this paper, we will show energy scalability
obtained from as little as 25% of the total energy consumptioior one particular blind beamforming algorithm, the least mean
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Fig. 8. lllustrating the incremental refinement property with respect to computational energy of the FM-IDCT algorithm.
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. . ..._Fig. 10. .
squares (LMS) beamforming algorithm. The LMS algorlthmIg 0. Sensor testbed

uses a minimum mean squared error criterion to determine the 1
appropriate array weighting filters. This algorithm is considered k=3 k=4 k=5 k=6
an optimum algorithm, and is highly suitable for power aware o8 k=2
wireless sensor networks [13]. § B
We will now show how algorithmic transformations can be 8o
used to improve the E-Q model for LMS beamforming. Fig. 10 £
shows our testbed of sensors for this example. We have an array o4
of six sensors spaced at approximately 10 meters, a source at a é
distance of 10 meters from the sensor cluster, and interference 2 » A
at a distance of 50 meters. We want to perform beamforming
on the sensor data, measure the energy dissipated on the Stron- = - - - A

gARM SA-1100, calculate the matched filter output (quality), Energe;, (mJ)
and provide a reliable model of the E-Q relationship as we vary
the number of sensors in beamforming. Fig. 11. E-Q snapshot for Scenario 1.

In Scenario 1, we will perform beamforming without any
knowledge of the source location in relation to the sensoxmder for a given set of sensor data. Intuitively, we want to beam-
Beamforming will be done in a pre-set orddr, 2, 3, 4, 5, 6. form the data from sensors that have higher signal energy to
The parameter we will use to scale energy.jthe number of interference energy. Using the most-significant-first transform,
sensors in beamforming. As is increased from 1 to 6, therewhich was proposed earlier, the E—Q scalability of the system
is a proportional increase of energy. As the sensor moves fraan be improved. To find the desired beamforming order, first
location A to B we take snapshots of the E-Q curve, showhe sensor data energy is estimated. Then the sensor energies
in Fig. 11. This curve shows that with a preset beamformiraye sorted using a quicksort method. The quicksort output de-
order, there can be vastly different E-Q curves, which leads ttesimines the desired beamforming order. Fig. 12 shows a block
very poor energy-quality model. When the source is at locatialiagram of the transformed system.
A, the beamforming quality is only at maximum when sensors In Scenario 2, we apply the most-significant-first transform to
5 and 6 are beamformed. Conversely, when the source israprove the E-Q curves for LMS beamforming. Fig. 13 shows
location B, the beamforming quality is close to maximum aftehe E—Q relationship as the source moves from location A to
beamforming two sensors. Therefore, for this setup, since tBeln this scenario, we can ensure that the E-Q graph be mono-
E—Q curve is highly data dependent, an accurate E-Q mottsically increasing, thus improving our E-Q models. However,
for LMS beamforming is not possible. there is a price to pay in computation energy. If the energy

An intelligent alternative is to perform some initial pre-pro€ost required to compute the correlation and quicksort was large
cessing of the sensor data to determine the desired beamforndampared to LMS beamforming, then the extra scalability is not
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20.6f
§0 s Fig. 14. Variable precision microprocessor system.
[o4] -
£0.4 k=2 : : fecion i
T tation might want to extend the mission life at the cost of re-
E 0.3 duced accuracy. Switching to 8-bit mode can result in theoreti-
%o 5 cally 87.5% processor power reduction. In addition, if the A/D
=" circuits are scalable, lower resolution can result in significant
01 overall system power reduction. Fig. 14 shows a variable preci-
sion microprocessor system that delivers fixed performance but

[¢] 2 4 10 12

can vary the power consumption based on precision requirement
on the application. The system has DVS capability and the pro-
Fig. 13. E—Q snapshot for Scenario 2. cessor supports a variable bit-width datapath. When lower preci-
sion is required, the processor lowers the voltage and frequency
worth the effort. However, in this case, the extra computationddsed on a lookup table. It also switches to the appropriate code.
costwas 8.8 mJ of energy and this overhead is only 0.44% of theReconfigurable architectures have been proposed in literature
total energy for LMS beamforming (for the two-sensor case).to tune hardware in accordance with the applications precision
requirement. Bit-serial computation is another effective way to
V. EXPLOITING HARDWARD HOOKS FORSCALABILITY perform variable precision arithmetic. In the following section,
ﬁevariable voltage-adaptive-precision FIR filter implementation
is described. Although, ASICs can perform variable precision

6
Energy (mJ)

In many multimedia and signal processing applications, t

bit precision used for data representation is variable dependlﬁ ! . _
on the amount of accuracy sought. The number of bits use putation at a fine granularity, general-purpose processors

to represent data directly translates to the number of quarﬁ oW rle?;'b'll'tytsnd deg(elopmegt case tat tthﬁ cost O.f gloarser
zation levels that the dynamic range could be divided into aggenuanty. r; t.ls sec |gn, we erFoQSJate ow variable [IJre{
determines the quantization error. The variance of the quanC(E'on computation can be accomplished at a coarse granuiarity

zation noise in uniform quantization, for example, is given b?n the Pentium IIl.
o2 = A?/12, whereA is the step-size [14]. The higher the bi
precision, the greater is the accuracy.

However, when algorithms are implemented on standard DSPVariable precision computation is impossible unless hooks
or general-purpose processors, computational precision is fixatg Provided in the processor. The Intel Pentium MMX
Although compilers support primitive integer datatypes (e.géchnology [16] can be exploited for variable-precision com-
char, int, long) that allow some flexibility to the programmer iPutation. It defines new 64-bit datatypes as shown in Fig. 15.
choosing the container/variable size, computation is essentialije 8 MMX registers do not add to the processor state but are
done on a fixed width datapath (e_g_, 32-bit wide on a 32-bit mauased to the f|Oating pOint I’egisters. MMX instructions move
chine). This is definitely wasteful in terms of power as unne®acked datatypes (bytes, words, doublewords) and the quad-
essary sign extension bits are toggling. Further, meeting a p@erd to and from memory and the general-purpose registers.
ticular performance requirement on a wider datapath requifdg@wever, when performing arithmetic and logical operations
a higher voltage to reduce the individual gate delays on tR8 packed datatypes, the MMX instructions operate in parallel
longer critical path. Ideally, we would like to dynamically alten individual elements. MMX supports signed and unsigned
the datapath width to match the computational requirement. \R@thmetic in saturation and wraparound modes.
would also like to tradeoff computational quality with power
savings for energy scalable applications. The power savings &b- Software Approach
tained from variable precision computation can be substantiaMe would like to have a programming mechanism that
especially if used in conjugation with dynamic voltage scalinigelps us exploit all MMX features without significant change
(DVS). Consider a scenario where a distributed sensor netwankintuitiveness or high-level programming style. This can be
has been deployed to gather acoustic data involving 16-bit pexhieved by using two powerful C++ features called templates
cessing. Based on battery energy availability, the remote basasd operator overloading [15]. A function template enables

t/—\. Variable Precision Computation on the Pentium IlI
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MMX Registers MMX datatypes ;
: yp Vector Classes Function Template
mm0 Packed bytes (8x8) ;
class. ByteVector..{ template <el ooV
mml I_l | I | | I I I /= variables voidsELr(E SCE Akl
/7 operators definitions 7/ PIR "code
mm?2 Packed words (4x16) ¥
class WordVe {
mm3 L l I | I // variables s
/4 operators definitions Instantiation
4 )
mm Packed doublewords (2x32) class DoubleWordVector ¢ /4. Byte computation
mmSs [ I —I £ variables fir<ByteVectorsi{x; hy i)y
/7 operatoridefinitions /7 Word ‘computation
¥ tir<WordVectom> (i, thy wwlig:
mm6 Quadword (1x64) class QuadWordVector {
mm7 [ j 7 wariavies
Llloperatoradefinitions
-— ¥
e > 64 birs >
Fig. 15. Pentium Il MMX registers and data types. Fig. 16. Vector class implementation using SIMD arithmetic.
the programmer to write code with symbolic datatypes/classes, /— 0
providing a mechanism to preserve the semantics of function ] n{0]
definitions and calls, without having to bypass C++'s strong type = h{1]
checking. The programmer parameterizes all or a subset of the Lss sE — B{1) + h[0]
types in the interface and the compiler automatically generates | — h(2]

x[n-3]

particular instances of the function by varying the type. Fig. 16 — hi2} + h(0]
shows the four classes describing byte, word, doubleword and |
quadword vectors, respectively. Our approach to coding is to use
a “MATLAB” style of programming. Essentially, parallel code |
is best captured in vector space. We define the vector classes
with an array of the data type and a size parameter as a datal
structure. All vector operations use overloaded operators. These
overloaded operators enable intuitive vector style programming, — R3]+ h[2]
e.g.,a = b+ ¢ can be written, where, b, and ¢ are equal — BE3] + h{2] + h[0]
length vectors (with bytes, word, doubleword or quadword as — n(3] + h{2] + h(1]
elements). The implementation of overloaded operator functions \- B(3) + h{2) + b(1] +h[0]
use MMX instruction intrinsics that allow parallel operation.

The function template mechanism allows the programmer to z AddiSub
write a single instance of the application. Upon invocation with
the appropriate vector class the required code is automatically [::l
generated.

One of the hardware limitations of the MMX technology is
that not all operations are supported for all the packed datatypes.
Packed multiplication can only be performed on pairs of 4-woigy 17. DA implementation of a four-tap filter.
operands. Users may choose the lower-order or the higher order
16-bits of the intermediate 32-bit result.

1 h(2] + h{l}]

x[n-2]

= (2] + h[1] + h(0]

- h{3]

x[n-1]

— h(3] + h[0]

1 h{3] + h(1]

x[n]

v v 33

1 h(3] +hil]+ h(0]

A
I

Fig. 17. In general, aiV tap filter requires an LUT of size™2.
Area-delay tradeoffs have been explored in [18]. For instance,
the LUT of size 2 can be split up into two different LUTs of

In the last section, we demonstrated how certain features sime 2/2 at the cost of an additional adder. The outpt] is
standard processors could be exploited for energy scalabilitpt available every cycle. If the bit precision of the data sam-
The more the hooks available in hardware, the better the Ep@sz[n — k] is M, then a valid outpuy[n] is available every
performance. In this section, we demonstrate the design oftacycles. In the MSB first implementation of Fig. 17, it has
completely scalable datapath using FIR filtering as an exampteen shown in [19] that each successive intermediate value is

There exists a wealth of techniques proposed in literature fdpser to the final value in a stochastic sense.
low power implementations of FIR filters. When the filter co- If we assume that the energy consumption per cyclg,ist
efficients are fixed, the flexibility offered by a dedicated multiis straightforward to see that the energy consumption per output
plier is not required. Distributed Arithmetic (DA) is a bit-serial sample isM F (i.e., the energy consumption is linearly depen-
multiplier-less technique that exploits the fact that one of thaent on the bit precision of data samples). The filter must be
vectors in the inner product is fixed [17]. All possible intermeelesigned so that it can accommodate the largest possible input
diate computations (for the fixed vector) are stored in a lookigignals (i.e., those requiring the maximum possible bits for rep-
table (LUT) and bit slices of the variable vector are used as agsentation). In most signal processing applications, the signals
dresses for the LUT. A four-tap DA-based FIR filter is shown imve get are correlated and only few samples actually require the

V. ENERGY SCALABLE HARDWARE DESIGN



142 IEEE TRANSACTIONS ON VERY LARGE SCALE INTEGRATION (VLSI) SYSTEMS, VOL. 10, NO. 2, APRIL 2002

maximum bit precision for representation. The average bit pre ;g LSB Rejected Bits
cision required by typical 16-bit speech data is around 6.9 bit: BT T RRTEIIT0T] T
Most filtering circuits will be designed to accommodate 16-bit [T BB RRITTIIT]
data and in our I?A based implementation, with fixed precision ORI LI IE]
the energy required per output sample would b&3.6 AL G
Let us assume that the maximum precision requirement @)
M,.x and the immediate precision requirememids< M, ax.
This should scale down the energy per output sample by a fact
M /Max. We should also exploit the fact that lesser precisior #!3
implies that the same computation can be done faster (i.e., B!+
M cycles instead of\/,,,,,). This can be done by switching
down the operating voltage such that we still meet the wors ®'?
case throughput requirement (i.e., corresponding to one outg
sample even,, .. cycles when operating &f,,..) while ob-
taining quadratic energy savings.

o« Mask13
Mask14
Muask13
Maski2

B1l

A. Filter Architecture B10

DA is particularly suited to variable precision filtering. The
filter that we have implemented is an eight-tap low-pass filter
Both data and coefficients use a 16-bit, two’s complement reg

resentation. The LUT has twentries. There are eight-data reg- B1S BO
isters (corresponding to the eight-data samples that are requit Lololaloloofo[olo[eloT1]ofoLiTH
for every output sample). To implement a precision-on-deman WLl jolololoTolo]
scheme, we need to determine the minimum precision thatis r Maskl5 Mask0

quired to compute the output without any loss in accuracy.
Consider the two cases shown in Fig. 18(a) and (b). In botn

cases, Fig. 18(a) and (b), we have four registers, each Wih 18. Determining sign-extension bits.

two’'s complement 16-bit data. The sign extension bits have

been shaded in every register. Notice that in case of small = . o _ .

numbers the MSBs are “0" for positive quantities and ulductlon in energy and corresponding increase in computational

for negative quantities. No accuracy is lost if we reject thg€lay. We lower the supply voltag& from Vag = Viax 10

sign-extension bits. Determining the number of sign-extensidr¢ = V(M) such that the time required to executecycles

bits is relatively simple in hardware and can be done by Ve = V(M) is equal (but not greater than) the time required

circuit shown in Fig. 18(c) [20]. The “1” outputs of the “mask”t0 8X€CUtEM nax CyCles atVaa = Vinax. This idea is summa-

determine the sign-extension bits in each register. The numBgged in Fig. 19. Implementing a scheme like this involves a vari-
of sign-extension bits that can be rejected is equal to tfble supply voltage (a dc/dc converter) with sufficient feedback

minimum of the sign-extension bits among all the register8ndwidth, a variable clock-frequency generator along with the

This can be obtained by simply “anding” all the individuaPrecision determining circuit in the original DA implementa-

mask outputs from each register. In our DA implementatioHO”' Even the best dc/dc converters do not have sufficient feed-

the final mask (obtained by “anding” all the individual masksyack bandwidth to track the fast changes in data precision re-
determines the number of cycles!, required for computing quirement that filtering involves. Therefore, such a scheme is
the current output. For a four-tap implementation, with th@ifficult to implement practically.

register contents as shown in Fig. 18(b), the number of cycl,esTO overcome the limitation posed by the dc/dc converter we

that will be required isV = 6, instead ofM,,.. = 16. The implemented and tested a filtering scheme that uses two ROM

energy overhead due to the sign-extension hardware is snf&)fl accumulator (RAC) units operating at two different supply
since the duty cycle is low (one per output sample). voltages,Vuu = Vinax andVaa = Viin. The RAC operating at

Once the precision requirement for a sample has been def8f higher voltage is such thatit can produce a valid output every
mined we know the number of cyclég required for obtaining /max Cycles and meets the throughput constraint. The RAC
the resulty[n]. In general, the filter will have to be designeOoperatlng at the lower voltage is such that it can go through only

such that it meets a fixed throughput requirement in the WOI’M‘“i“ cycles_ pefore It _exceedsj;hej\ﬁ[hrou<ghj\rj[ut<c$stramt. If the
case operating precision, i.e., we have one output sagiple current precision requirementid (Mumin < M < Minax), We

at least everyM,,.,.,. cycles. But with a precision requirementexecme some fractiol of M. Cycles, in the higher voltage
RAC and the remaining cycléd — D) of M,,;,, cycles, at the

M < M., we would have a valid output earlier. Since, i | RAC. Of h ber of | q
does not pay to do computations any faster than required, ervo tage - 7 course, the number of cycles we spen
at either voltages, must be integral and must add ujd to

would have to idle for #4,,,.x — M) cycles.
We can exploit this fact, that we have more time for computa-
tion, by lowering the supply voltage. This results in quadratic re- DMpax + (1 — D)Mpyin = M. 9)

(c)
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Fig. 20. Just-in-time filtering with two-supply voltages.

Fig. 19. - Just-in-time computation. Fig. 21 also shows 40 000 samples of speech data. Using our

variable precision filter, for the first 15000 samples, where the

Fig. 20 illustrates the basic architecture of just-in-time filedata values are relatively small, the energy requirement is less
tering with two RAC units operating at two-supply voltageghan 20% of the maximum. On the other hand, the next 10 000
The details of the control logic and level shifters have beesamples being larger in magnitude (requiring close to the max-
omitted for clarity. The operation is very simple. When a newnum precision) use up a lot more energy. The average energy
data sample is loaded into the register, the “precision determéquired for all the samples shown in Fig. 21 is about 40% of
nation circuit” computes the minimum precision required fothe maximum, i.e., our scheme saves about 60% energy.
the computation. This determines the total number of cyclesFig. 22 shows the results of our filtering scheme on 37 dif-
M. The accumulators within each of the RACs are cleared. Tferent speech data blocks. We can clearly see the linear varia-
“cycle LUT” then determines the number of cycles to be extion of average energy requirement with the average precision
ecuted atVi,,x and Viuig, respectively, and clocks the corretequirement. Once again, the energy is normalized with respect
sponding RACs. At the end dPM,.,.x cycles atV,,.x, the ac- to the maximum energy. For the fixed precision implementa-
cumulator contents of the RAC operating 4., are loaded tion, all the speech blocks would require almost the same energy
into the RAC operating at,,.;n, and the RAC is clocked for the equal to the maximum energy.
remaining cycles. The average delay per cycle in this schemeAn interesting case to compare would be the classical area
is, therefore, a simple linear combination of the delays.x power tradeoff that one gets from duplicating hardware [21]. In
andtq min. This is suboptimal compared to the arbitrary voltageur case that translates to having two RACs running at some in-
scheme as shown in Fig. 19, in that we are operating at an &tmediate voltagd’,, such that each RAC is able to execute
erage voltage that is higher than the optimal voltag&\iy. M p.x cycles in the twice the throughput interval. So, we would

In our implementationj/.,;, was chosen to be 4. If the pre-have two such units running in parallel in such a fashion that we
cision requirement was less than 4, all cycles were executeale one output sample evefy time. Clearly, this would re-
at Vimin. Therefore, once again the double-voltage scheme wadt in an energy reduction by a factdr,,, / Vi,.x)?. The energy
suboptimal in that we did not exploit all the time we had foreduction is fixed and independent of precision requirement as
computation. The choice dil,,,;, is data dependent. We do notshown in Fig. 22. However, if the data samples are such that the
want it to be very small because most of the cycles would therecision requirement is high, then the energy advantage of our
be spent aV,,,,x. At the same time, we do not want it to be larggcheme would be lost. Also plotted in Fig. 22, is the average
because all precision requirements belbfy,;, would then be energy variation with average precision requirement for the just
suboptimal. the variable precision case (i.e., variable precision using single

RAC, single operating voltage).

B. Results

. . VI. CONCLUSION
In our implementationV,,x = 2.1V, Vi = 1.3V,

M. = 16, and M, = 4. Fig. 21 illustrates the precision We have introduced the notion of energy scalable systems in
distribution for typical speech data. Notice that the distributiotme context of signal processing. Such systems that render incre-
peaks around/ = 4 which implies that a large fraction of themental refinement in quality such that the marginal returns from
data would require only the RAC operatinglat;, to execute every additional unit of energy are diminishing are highly desir-
all cycles. able in embedded applications. E-Q scalability enhancements
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Fig. 21. Probability distribution of precision requirement and typical data.

07 T r

L

9y

e

0
ol
Y

T 4 T T [7]1 A.Sinhaand A. P. Chandrakasan, “Energy efficient filtering using adap-
: : tive precision and variable voltage,”Rroc. IEEE 12th Ann. ASIC Conf.
e . Sept. 1999.
L [8] J. T. Ludwig, S. H. Nawab, and A. Chandrakasan, “Low-power digital
S SUUR filtering using approximate processindEEE J. Solid-State Circuits
D a vol. 31, pp. 395-400, Mar. 1996.
ot : [0 [9] N. Ahmed, T. Natarajan, and K. R. Rao, “Discrete cosine transform,”

Normalized Ener
%

o

IS

o
T

P i B =" IEEE Trans. Computvol. 23, pp. 90-93, Jan. 1974.
- : [10] W. H. Chen, C. H. Smith, and S. C. Fralick, “A fast computational al-

A e gorithm for the discrete cosine transfornl2EE Trans. Communvol.
‘MA : ; : 25, pp. 1004-1009, Sept. 1977.

& SR PO PR o ] [11] L.McMillan and L. A. Westover, “A forward-mapping realization of the
: : : inverse discrete cosine transform,” froc. Data Compression Conf.
—— ] Mar. 1992, pp. 219-228.

* v:ﬁ;?f;":,?;i?;?;:?gn. [12] Yaoet al, “Blind beamforming on a randomly distributed sensor array
Duplicated hardware system,”|EEE J. Select. Areas Commuwol. 16, pp. 1555-1567, Oct.

i It L

7.5

10 104 1998.

8 8.5 9 9.5
Average Precision Required [13] A.Wang, W. Heinzelman, and A. Chandrakasan, “Energy-scalable pro-

tocols for battery-operated microsensor networks,Pimc. SIPS '99

Fig. 22. Average energy as a function of average precision. Oct. 1999.

have been demonstrated from the application level down to thﬁ6

[14] S. Haykin,Communication Systemisew York: Wiley, 1995.

[15] S.B. Lippman and J. Lajoi€++ Primer, 3rd ed. Reading, MA: Ad-
dison-Wesley, 1998.

Intel Architecture Optimization Reference Manual [Online]. Available:

hardware level. Using three-broad classes of signal processing ' http://developer.intel.com/design/pentiumii/manuals/245 127.htm
algorithms we have demonstrated that using simple transfofl7] S.A.White, “Applications of distributed arithmetic to digital signal pro-

cessing: A tutorial review,JEEE ASSP Magpp. 4-19, July 1989.

matlo_nS (with m&gmﬂc_qnt Over,head) the E-Q behavior of the[18] M. Mehendale, S. D. Sherlekar, and G. Venkatesh, “Area-delay tradeoff
algorithm can be significantly improved. In general, we have in distributed arithmetic based implementation of FIR filters, Xitnt.
shown that doing the most significant computations first en-  Conf. VLSI Designjan. 1997, pp. 124-129.

ables computational energy reduction without significant hit in°

] R. Amirtharajah, T. Xanthopoulos, and A. Chandrakasan, “Power scal-
able processing using distributed arithmetic,’Iih. Symp. Low Power

output quality. A programming methodology that exploits fea- Electronics DesignAug. 1999.

tures available in most contemporary processors for E-Q scak0l Ti_”XanthorJoulg,Sy “Lol\évh %Owsr datta-tdeper,\l/ldant tfﬁnsfft)trmlvkz_fot anf}{
e . . . s . . . still 1mage co |ng," .D. dissertation, assacnusetts Institute o
ability using variable precision computation is also described. 1,500y Feb. 1999,

Finally, design techniques for true energy scalable hardware afgi1] A.P. Chandrakasan and R. W. Brodersen, “Minimizing power consump-

also demonstrated using filtering as an example. tion in digital CMOS circuits,"Proc. IEEE vol. 83, pp. 498-523, Apr.
1995.

REFERENCES

[1] S. H. Nawabet al, “Approximate signal processingJ. VLSI Signal
Processing Syst. Signal, Image, Video Technall. 15, no. 1/2, pp.

177-200, Jan. 1997.

[2] A.Sinha and A. Chandrakasan, “Energy aware softwareProt. Xl

Int. Conf. VLSI DesignCalcutta, India, Jan. 2000.

[3] A. Chandrakasaret al, “Design considerations for distributed mi-
crosensor systems,” iRroc. IEEE 1999 Custom Integrated Circuits
Conf, San Deigo, CA, May 1999, pp. 279-286.

[4] J. Goodman, A. Dancy, and A. P. Chandrakasan, “An energy/s
curity scalable encryption processor using an embedded varial
voltage DC/DC converter,JEEE J. Solid-State Circuitsvol. 33, pp.

1799-1809, Nov. 1998.

[5] Advanced RISC Machines LtdAdvance RISC Machines Architectural
Reference Manual Englewood Cliffs, NJ: Prentice-Hall, 1996.

Amit Sinha received the B.Tech. degree in electrical
engineering from the Indian Institute of Technology,
and the M.A. and Ph.D. degrees in electrical engi-
neering and computer science from the Massachu-
setts Institute of Technology (MIT), Cambridge, in
1999 and 2001, respectively.

His research interests include low-power systems
and software design with emphasis on wireless sys-
tems.

Dr. Sinha has was awarded the President of India

[6] A. V. Oppenheim and R. W. SchafeBDiscrete Time Signal Pro- Gold Medal from the Indian Institute of Technology,
cessing Englewood Cliffs, NJ: Prentice-Hall, 1989. Delhi.



SINHA et al: ENERGY SCALABLE SYSTEM DESIGN

Alice Wang received the S.B. and M.Eng. degrees
in electrical engineering from the Massachusett:

Institute of Technology (MIT), Cambridge, in 1997 =

and 1998, respectively. She is currently pursuing th
Ph.D. degree at the same university.

Her research interests include energy-efficient im
plementation of signal processing algorithms, low-
power DSPs for wireless systems and subthresho
circuit design.

Prof. Wang is a Lucent Technologies Fellow.

145

Anantha Chandrakasanreceived the Ph.D. degree
in electrical engineering and computer science from
the University of California at Berkeley.

Currently, he is an Associate Professor of
Electrical Engineering and Computer Science at
the Massachusetts Institute of Technology (MIT),
Cambridge. His research interests include the
energy-efficient implementation of Digital Signal
Processors and Wireless Microsensor Networks.

Dr. Chandrakasan is an elected member of the
Solid-State Circuits Society AdCom.



	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 
	Intentional blank: This page is intentionally blank


