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Abstract 

A recent trend in low power design has been the em- 
ployment of reduced precision processing methods for 
decreasing arithmetic activity and average power dis- 
sipation. Such designs can trade off power and arith- 
metic precision as system requirements change. This 
work explores the potential of Distributed Arithmetic 
(DA) cornputation structures for low power precision- 
on-demand computation. We present two proof-of- 
concept VLSI implementations whose power dissipa- 
tion changes according to the precision of the compu- 
tation performed. 

1 Introduction and Background 

A recent trend in low power design has been the dem- 
ployment of reduced precision "approximate process- 
ing" methods for reducing arithmetic activity and chip 
average power dissipation. Such designs treat power 
and arithmetic precision as system parameters that 
can be traded-off vs. each other on and ad-hoc ba- 
sis. Ludwig et. al [I] have demonstrated an approx- 
imate filtering technique which dynamically reduces 
the filter order based on the input data characteristics. 
More specifically, the number of taps of a frequency- 
selective FIR filter is dynamically varied based on the 
estimated stopband energy of the input signal. The re- 
sulting stophand energy of the output signal is always 
kept under a predefined threshold. This technique re- 
sults in power savings of a factor of 6 for speech in- 
puts. Larsson and Nicol [21 131 have demonstrated an 
adaptive scheme for dynamically reducing the input 
amplitude of a Booth-encoded multiplier to the lowest 
acceptable precision level in an adaptive digital equal- 
izer. Their scheme simply involves an arithmetic shift 
(multiplication/ division by a power of 2) of the mul- 
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tiplier input depending on the value of the error at the 
equalizer output. They report power savings of 20%. 

This work explores the potential of Distributed 
Arithmetic (DA) [4] [SI computation stmctures for 
low power precision-on-demand computation. Dis- 
tributed Arithmetic is a method of computing vector 
inner products without the use of a multiplier. It has a 
number of applications in fixed-function DSP VLSI 
implementations [6] [7] [SI. When used appropri- 
ately it features stochastically monotonic successive 
approximation properties. In this work, we present 
the theory behind Distributed Arithmetic and its ap- 
proximate processing propelties. We also present two 
proof-of-concept VLSI implementations, a heartbeat 
classifier and a DCT core processor whose power dis- 
sipation characteristics change on-the-fly according to 
the precision of the computation performed. 

2 Distributed Arithmetic 

Distributed Arithmetic (DA) [4] [SI is a bit-serial op- 
eration that computes the inner product of two vectors 
(one of which is a constant) in parallel. Its main ad- 
vantage is the efficiency of mechanization and the fact 
that no multiply operations are necessary. DA has an 
inherent bit-serial nature. but this disadvantage can he 
completely hidden if the number of bits in each vari- 
able vector coefficient is equal or similar to the num- 
her of elements in each vector. 

As an example of DA mechanization let us consider 
the computation of the following inner (dot) product 
of M-dimensional vectors a and x, where a is a con- 
stant vector: 

M-l 

k=O 
Y =  axxu (1) 

Let us further assume that each vector element xk is 
an N-bit two's complement binary number and can be 
represented as 

where bki E {0,1} is the ith bit of vector element xk. 
Please note that bM is the least significant bit (LSB) 
ofxk and bk(N-l) is the sign bit. 
Substituting eq. 2 in eq. 1 yields: 
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Let us consider the term in brackets: 

Because bk, E {o,l}, qn has only 2M possible Val- 
ues. Such values can be precomputed and stored 
in a ROM of size 2 M .  The bit serial input data 
({boi,bli,bzi ,..., bkj}fori= 0,1, ..., N-1)isusedto 
form the ROM address, and the ROM contents can he 
placed in an accumulator structure to form the outer 
sum of eq. 3. Successive scalings with powers of 
2 can be achieved with an arithmetic shifter in the 
accumulator feedback path. The first term of eq. 3 
(E&' akb,(,-,)) is also stored in the ROM at address 
{~o(N-I),~I(N-I),~z(N-I),. . . ,bk(N-I)}.  Some extra 
control circuitry is necessary to ensure that the accu- 
mulator subtracts (as opposed to adding) the partial 
sum to the total result at sign bit time. After N cy- 
cles (as a reminder N is the hitwidth of the q vector 
elements) the final result y <:as converged to its final 
value within the accumulator. 

Figure 1 shows a detailed example of a Distributed 
Arithmetic computation. The structure shown com- 
putes the dot product of a 4.-element vector X and a 
constant vector A. All 16 possible linear combinations 
of the constant vector elements (Ai) are stored in a 
ROM. The variable vector X is repackaged to form the 
ROM address most significant hit first. We have as- 
sumed that the Xi elements are 4-bits 2's complement 
(bit 3 is the sign bit.) Every clock cycle the RESULT 
register adds 2x its previous value (reset to zero) to 
the current ROM contents. iMoreover, each cycle the 
4 registers that hold the four elements of the X vector 
are shifted to the right. The sign timing pulse T, is 
activated when the ROM is addressed by hit 3 of the 
vector elements (sign). In this case the adder subtracts 
the current ROM contents from the accumulator state. 
After four cycles (bitwidth of the Xi elements) the dot 
product has been produced within the RESULTregis- 
ter. 

3 Successive Approximation Using Distributed 
Arithmetic 

In this section, we show that when the Distributed 
Arithmetic operation is performed MSB first, it ex- 
hibits stochastically monotonic successive approxi- 
mation properties. In other words, each successive 
intermediate value is closer to the final value in a 
stochastic sense. An analytical derivation follows: 

The ith intermediate resiilt of an MSB-first DA 
computation (i > 0) is: 

where 

Figure 1: Distributed Arithmetic ROM and Accumu- 
lator (RAC) Structure 

Please note that when i = N - 1, eq. 5 yields eq. 3. 
Let us define an error term e;. i = 0, I , .  . . , N - 1 as 

the difference between each intermediate value yi and 
the final value y: 

ei = y - y i  (7) 
N - 2 - i  

"=O 
ei = c 4n2" (8) 

We model qn as experimental values of a discrete ran- 
dom variable q. The underlying stochastic experiment 
is random accesses of the DA coefficient ROM in the 
presence of random inputs. The experimental values 
of q are the DA ROM contents. The first and second 
order statistics of the error term ei are: 

N - 2 - i  

n=0 
~ [ e ; ]  = ~ [ q l  2" (9) 

where equations 11 and 16 have been computed un- 
der the assumption that the least significant bits bkn 
(i.large) are independent identically distributed ran- 
dom variables uniformly distributed between 0 and 1 

171 



(E[b,] = 1/2, = 1/4). This is a valid assump- 
tion for input DSP data [9][10]. The fact that equa- 
tions 11 and 16 are monotonically decreasing func- 
tions of i (RAC cycles) shows the succesive approx- 
imation property (in probabilistic terms) of the Dis- 
tributed Arithmetic mechanization. 

In the next two sections we show two VLSI im- 
plementations that use the successive approximation 
properties described above to achieve power scalabil- 
ity. 

4 DSP for Physiological Monitoring 

An example of power scalable processing using Dis- 
tributed Arithmetic is a low power DSP for physio- 
logical monitoring. The biomedical sensor is a micro- 
phone for recording heartbeats, breathing sounds, and 
voice data. This data will eventually be used to deter- 
mine the physical condition of the wearer. The first 
step is detection of the heartbeats, which can be used 
to determine heart rate as the basis for a physiological 
assessment. 

Evaluation of the spectrogram of the acoustic data 
indicates that most of the energy from heartbeat 
sounds lies in the low frequency range, below 200 Hz. 
We developed a classifier based approach to heartbeat 
detection that takes advantage of this spectral charac- 
teristic to improve detection performance in the pres- 
ence of speech and other high frequency energy. 

The basic algorithm is outlined below: 

1. Preprocessing: 

Lowpass Filtering: The data is bandlimited 
to below 200 Hz to eliminate as much of 
the voice and breath energy as possible. 
Matched Filtering: The output of the low- 
pass filter is passed through a matched filter 
to determine the candidate heartbeat loca- 
tions in the time domain. 
Segmentation: The sensor output is di- 
vided into overlapping segments at least 
long enough to contain a full heartbeat in 
the time domain, but short enough not to 
contain more than one. 

2. Feature Extraction: A subset of seven features is 
computed from the matched filter output. 

3. Classification: Each feature vector is classified 
into a heartbeat or nonheartbeat using a paramet- 
ric Gaussian multivariate classificr [ l l] .  

Assuming that the lowpass filtering occurs before 
sampling as an antialiasing step, the first computa- 
tionally significant step is to perform the matched fil- 
tering. Matched filtering is simply convolution of the 
input data with a time reversed impulse response to 
compute a correlation output: 

where x[n] is the input sample at time n and h[k] is 
the filter impulse response sample. 

Figure 2 Matched filter template. 

The archiiecrure of  the proposed sensor DSP chip 
iolliiws the dgririthmic architecture described ab.xe. 
'The di\crete-rime matched filter ii implcmcnied us- 
ing the Dirtrihuted Arilhmeric Unit. I t s  outpu[ is then 
parsed io 3 nonlinear filtering unit  13 cslculate qusn- 
tities used in segmentstion The tindl segmentaiion. 
feature extraction, and classitication is performel by 
the programmdble microcontroller at the enJ i u  pro- 
duce ihc & s i  aisignmcnt :. The huifer provides a 
mcchanim tor ,)nchrunization between the front end 
liltenng 3nd ih: backend processing. This is nccca- 
asry tor power redu-tion The filtering iront end must 
bc running conrinuoJsly tu prox*> the input ramplei, 
which arrive dt a fixed laic. Howe\cr. the back end 
c1sJsiiication only needs iu be perfonncd for every 
scgment, not every input sample. The syatsni oper- 
ales as  follow^: first. the front end filters [he input and 
untes impunani results to the buffer. ,\ small loop is 
continuousl) cxecuted in the microci~nirollcr. che;k- 
ing 10 see if 3 fu l l  regment hss been uritten to [he 
buffer 'Thc riltering units could do !hi%, but i t  inwl\ei  
adding circuits thai alrr.dy exist i n  the ,\LU oithe mi- 
crocuntroller. which is idle anyway while it IS trying 
tu detect a segnieni. 'lo consene area. we use the mi- 
croconiroller rather than add ;umplexit) io ihc filler 
fundiondl units. When B segment is deiected, the nu- 
croconirollcr eiecutes the featurc ext r~ ; l i~n  snd chs- 
silication code on the data in the butier that u d i  JUS1  
wriiicn. Architectural simulation of the DSP chip LS- 

ing Venlog , h w s  that 99.8% of the algonthm time 
15 ,pent executing the indlchcd filtering and other pre- 
processing iunctiuns. There computdtiunr therciore 
dominatc both the time and power consumption ai the 
algorithm. 

The iii~tclisd filler impulse rcsponsc, ur tiller tcm- 
plste. Is a clesned up \ercion of the acou*tic rignature 
of the hennhesr. When convol\ed with the input d~i3. 
the tiller aiurput h3s a large conelatiun pezk 31 the liiiie 
1o:aimn o i a  heanhcal in the input. The template used 
in the ila5iiiication algmihm I., shown i n  Figure 2 

Figure 3 shows some [)pica1 input dAPd (Iree o i  
speech) and the matched lilter output helow it. Therc 
3rc clearly defincd correhtion pe3kr corresponding to 
the locations ui a;uustii hcanbe31 signatures. The 
scgmen~alion phase nf ths prsprocessing Iocz1i~c~ the 
regions of th i r  time wnei  which have the correlation 
peaks. Fevuret .ire then c w d e d  (rani these regions 
and c13wned. The prcpruxssing steps, in pdnicular 
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Figure 3: Matched filter output without speech 

the matched filtering, require the most computation. 
This leads to a low power DSP architecure that power 
optimizes these frequently performed computations. 

Using Distributed Arithmetic, a complete dot prod- 
uct can he performed in as many cycles as correspond 
to the hit widths of the input samples. If the hitwidth 
M is less than the filter length N ,  this implementation 
requires fewer clock cycles than a multiply accumu- 
late. This is beneficial for long filters like the matched 
filter described above, where M > N .  The reduced 
clock results in low total power not just through fre- 
quency reduction, but also through increased voltage 
reduction since the delay constraint of the DA filter 
critical path is much less stringent than the multiply- 
accumulate architecture. Figure 4 shows the power 
reduction in the Distrihutd Arithemetic unit as the 
input quantization level is decreased (i.e. fewer hits of 
the input are shifted into the filter). 

As discussed above, the bit-serial nature of the im- 
plementation also allows an alternative approach to 
approximate processing, By clocking the DA units 
at less than the full bitwidth, we are in effect reducing 
the input quantization level. This is roughly equiv- 
alent to injecting noise at the input of the filter. In 
a detection scheme like the heartbeat detection algo- 
rithm, this reduced signal 10 noise ratio should result 
in lower performance, i.e. less reliable detection of 
heartbeat events. However, the reduced performance 
has also resulted in reduced power since the switched 
capacitance per output filter sample decreases linearly 
with the number of input hits clocked in. Figure 5 
shows the classifier performance reduction as the DA 
unit power is decreased. 

2 9  

F i s  
*.I - 

Figure 4 Power reduction versus input quantization 
(simulated using PowerMill). 

Recognition Performance VS. DA Unit Power 
IS<rn"rmd) 

Figure 5: Recognition performance tradeoffs with DA 
Unit power. 

5 DCT Core Processor 

As another example, consider a DCT core proces- 
sor, The chip architecture and circuits are described 
in [12], while this section focuses on the algorithmic 
issues in its implementation. The DCT processor has 
been implemented using distributed arithmetic com- 
putation units in a precision-on-demand configuration 
in order to reduce average power dissipation [131. 
This method exploits the fact that not all spectral co- 
efficients have the same visual significance in an im- 
age or video processing application. vpically, a large 
number of high spatial frequencies are quantized to 
zero in a lossy image/ video compression environment 
such as P E G  or MPEG with no significant change 
in visual quality. The DCT processor exploits such 
different precision requirements ou a coefficient ha- 
sis by reducing the number of iterations of the dis- 
tributed arithmetic units that compute the visually in- 
significant spectral coefficients. A row-column clas- 
sification scheme is implemented to furlher increase 
image quality while keeping arithmetic activity and 
power dissipation to a minimum: When the incom- 
ing pixel data exhibits increased (reduced) activity and 
low (high) correlation, the precision of the DA arith- 
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23.99 dB 3.07 mW 32.46 dB 

Figure 7: Compressed In 

Figure 6: DCT Chip Average Power vs. Compressed 
Image Quality. Chip Measured Power at 1.56V, 14 
MHz. The power measurements are for test image 
PEPPERS. 

mctiu units i s  J)i i imic~lly 1n.‘re35cd (rcdu.’eJ~. 
The DCT :ore pniresior itiiplcincii~s a ru!r-:olumn 

wrjion d i t l i z  Chcn DCT nI&oithrn I I41 2nd operate, 
011 8x8 hlockh ut pihel data First [he 8 - p h  ID D C I  
of e3;h block raw I> <omputed. 11ir.n thc intermerliw 
rcsult i s  rr~nspiiwd anJ the (31112 ~umputatioii I ,  per- 
iormcd m a i h  h1u.k .‘oluniii Each I D  :amputation 
>[age a n  be dcrxihcd with [he idlowing tuo ni3trix 
qudiiunr: 

A A A  

where 

A =cos ?, fl = cos ??, C =  sin E ,  D = COS 2? 
4 8 8 16 

3n 3n 
16 

E=cos--, F = s i n - - , G = s i n E  16 16 

4.30 mW 44.84 dB 5.11 mW 

?age Quality and Power 

Figure 8: DCT Chip Microphotograph 

Each vector inner product between a matrix row 
and the right-hand-side column vector of the above 
matrix equations is performed within a Distributed 
Arithmetic RAC very similar to the one shown in Fig- 
ure I .  The number of RAC iterations are different de- 
pending on the spectral coefficient visual significance. 
The maximum number of iterations per RAC unit per 
input data class are programmed at reset time through 
an IEEE JTAG serial interface. 

The chip average power dissipation varies with 
arithmetic precision as expected. Figure 6 plots av- 
erage chip power dissipation vs. compressed image 
quality in terms of the image peak SNR (PSNR), a 
widely used quality measure in the image processing 
literature. The datapoints on the graph have been ob- 
tained by chip power measurements at different RAC 
maximum iteration settings. The measurements imply 
that the chip can produce on average 10 additional dBs 
of image quality per milliwatt of power dissipation. 

Figure 7 displays the actual compressed images for 
three (power, PSNR) datapoints of Figure 6. Figures 6 
and 7 establish our claim that the present chip trades- 
off image quality and power dissipation. A chip mi- 
crophotograph is shown in Figure 8. 
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6 Conclusion 

Approximate signal processing methods can be ex- 
ploited for power scalable applications by trading off 
the quality of outputs for power consumption of the 
computation engine. In this paper, we have demon- 
strated that Distributed Arithmetic can be used in 
power scalable applications by varying the number 
of times the bit-serial units are clocked. ?\vo DSP 
case studies, a DSP for physiological monitoring and 
a DCT processor, use this technique to achieve power 
scalability in addition to low power consumption. 

Disclaimer 

The views and conclusions contained in this document 
are those of the authors and should not be interpreted 
as presenting the official policies, either expressed or 
implied, of the Army Research Laboratoly or the US 
Government. The U S .  Government is authorized to 
reproduce and distribute repiints for Government pur- 
poses notwithstanding any copyright notation thereon. 
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