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Progress in processor technology and
increasing consumer demand have created
interesting possibilities for using embedded
processors in a variety of platforms. Embedded
processors are now supporting real-time, high-
performance digital signal-processing applica-
tions such as video, image processing, and
wireless communications. The use of pro-
grammable processors in such applications
poses new challenges for embedded-system
designers. Although programmable embedded
processors trade power efficiency for flexibility
in custom solutions, power awareness is an
important goal in embedded-processor designs.

Stream processors are digital signal proces-
sors (DSPs) targeted at high-performance
embedded applications.1 They contain clus-
ters of functional units and provide a band-
width hierarchy, supporting hundreds of
arithmetic units. They exploit instruction-
level parallelism (ILP) and subword paral-
lelism (SP) within a cluster and data

parallelism (DP) across clusters. There is no
clear methodology for designing an embed-
ded stream processor that meets performance
requirements and provides power efficiency
for a workload with a certain real-time design
constraint. The designer can vary the number
of clusters, the number of arithmetic units,
and the clock frequency to meet real-time
constraints, and each factor can significantly
affect power consumption.

The large architecture design space2 and the
inability of compilers to automatically exploit
data parallelism limit an exhaustive simulation
for exploration, necessitating hand optimiza-
tions for performance. Moreover, embedded
applications such as wireless systems are evolv-
ing rapidly.3 Therefore, designers must evaluate
various candidate algorithms for future systems
and would like to get a quick estimate of the
lowest-power embedded processor that meets
real-time requirements for each candidate. In
this article, we present a tool that explores the
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choice of ALUs within each cluster, the num-
ber of clusters, and the real-time clock fre-
quency that will minimize the stream
processor’s power consumption. The tool pro-
vides candidate low-power
configurations, which the
designer can then refine with
detailed, cycle-accurate simu-
lations to ensure that the
design meets real-time specifi-
cations. (The “Related work”
sidebar briefly describes other
design exploration techniques
for embedded processors.)

Stream processor characteristics
and applications

Figure 1 shows the various
parallelism levels exploited in
embedded processors. Tradi-
tional programmable embed-
ded processors such as DSPs
exploit ILP and SP.4 Embed-
ded stream processors exploit
DP, in addition to ILP and SP,
enabling high-performance
programmable architectures
with hundreds of ALUs.

Imagine is an example of an

embedded stream processor.1 We used this
architecture and its simulator to evaluate the
design methodology presented here. The Imag-
ine simulator is programmed in a high-level
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Figure 1. Parallelism levels in traditional embedded DSPs (a) and data-parallel embedded
stream processors (b).

The combination of completely programmable solutions and the need
for high performance presents new challenges for embedded-system
designers, who have traditionally focused on exploring heterogeneous
solutions to find the best flexibility, performance, and power tradeoffs.
Researchers have studied design space exploration for performance and
power in very-long-instruction-word (VLIW)-based embedded processors.1,2

These design exploration techniques address single-cluster stream proces-
sors. However, exploring the number of clusters in the design adds an addi-
tional dimension to the search space. How to partition the arithmetic units
into clusters and the number of arithmetic units to put in each cluster are
not yet clear. Researchers have also studied design space exploration
based on linear-programming methods for on-chip multiple-instruction,
multiple-data (MIMD) multiprocessors.3 This technique attempts to find
the right number of processors (clusters) for performance and energy con-
straints, assuming a fixed configuration for cluster parameters. Using either
of these exploration techniques for stream processors requires a more
exhaustive and complex search for simultaneous optimization of the num-
ber of clusters and the number and type of arithmetic units in a cluster.
The tradeoffs between exploiting ILP within a cluster and across clusters

increases the exploration’s complexity. In contrast, our new design space
exploration tool exploits data parallelism across stream processor clus-
ters to provide a simpler method of finding the right number of clusters
and the number and types of arithmetic units in a cluster.
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language and allows the programmer to mod-
ify features such as number and type of ALUs
and their latency. The cycle-accurate simulator
and retargetable compiler also give detailed
insights into ALU utilization, memory stalls,
and algorithm execution time. A power con-
sumption and VLSI scaling model is also avail-
able to give a complete picture of the resulting
architecture’s power and performance.5

Stream operations all consume and/or pro-
duce streams that are stored in the centrally
located stream register file (SRF). The two
major stream instructions are memory transfers
and kernel operations. A stream memory trans-
fer either loads an entire stream into the SRF
from external memory or stores an entire stream
from the SRF to external memory. Multiple
stream memory transfers can occur simultane-
ously, as hardware resources allow. Memory
transfers to the SRF are decoupled from cluster
operations. The SRF can prefetch data for
future kernels while the current kernel is exe-
cuting on the clusters. A kernel operation per-
forms a computation on a set of input streams
to produce a set of output streams.

Kernel operations are performed within a
data-parallel array of arithmetic clusters. Each
cluster performs the same sequence of opera-
tions on independent stream elements. Both
the SRF and the stream buffers are banked to
match the number of clusters. Hence, kernels
that need to access data in other SRF banks
must use the intercluster communication net-
work for communicating data between clusters.
Each cluster contains a set of ALUs controlled
in a very-long-instruction-word (VLIW) fash-
ion by the microcontroller. The microcontroller
is an instruction sequencer that orders the ker-
nel operations in the clusters. The intercluster
communication unit supports applications that
are not perfectly data parallel and that must
communicate variables or data across clusters.

Embedded stream processors are promising
solutions for meeting wireless communication
systems’ requirements of high performance
and power efficiency. During the last few years,
wireless systems’ data rates have increased from
kilobits per second (Kbps) for voice applica-
tions to megabits per second (Mbps) for multi-
media applications. Moreover, sophisticated
signal-processing algorithms are now used for
reliably processing information received over
the wireless channel. Because of the increased

number of bits requiring processing in unit
time, along with increased computational
complexity, real-time processing now requires
the support of hundreds of arithmetic units.
Wireless systems also require greater flexibili-
ty to support different environments and wire-
less standards and to let designers quickly
design, evaluate, and implement algorithms
for these systems. DSPs typically use fixed-
function coprocessors for complex tasks, such
as Viterbi decoding. In contrast, a stream
processor achieves scalability by using a uni-
form programmable structure, rather than
dedicated coprocessors. Such scalability allows
the efficient mapping of a wider range of algo-
rithms to the stream processor.

To evaluate our design methodology, we
chose a wireless base station as a design work-
load. The base station requires 24 billion
computations per second,3 employing sophis-
ticated signal-processing algorithms such as
multiuser estimation, multiuser detection,
and Viterbi decoding, and provides a data rate
of 128 Kbps per user for 32 users.

System model for design exploration
The execution time of signal-processing

workloads is fairly predictable at compile time
because of their static nature. A workload’s exe-
cution time has two parts: computations 
(tcompute) and stalls (tstall). Stalls can occur during
memory accesses or during microcontroller
sequencing of kernel operations in the clusters.
Memory stalls are difficult to predict at compile
time because the exact area of overlap between
memory operations and computations is deter-
mined only at runtime. Microcontroller stalls
depend on the data bandwidth required by the
arithmetic units in the clusters and vary with
the algorithms, the number of clusters, and the
availability of data in internal memory. Some
parts of memory and microcontroller stalls are
constant because of internal-memory-size lim-
itations or bank conflicts and don’t change with
the computations. As the addition of arithmetic
units decreases computation time, some mem-
ory stalls become exposed and are thus variable
with the part of the real-time frequency need-
ed for computations, fcompute. The real-time fre-
quency needed to account for constant memory
stalls is denoted fstall−min. The worst-case memo-
ry stall, fstall−max, occurs when the processor
exploits all the ILP, DP, and SP, thus changing
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the problem from compute bound to memory
bound. Hence, memory stall time is bounded
by fstall−min and fstall−max, and the clock frequency
needed to meet real-time requirements is

f = fcompute + fstall (1)

where
fstall–min ≤ fstall ≤ fstall–max.

Signal-processing algorithms tend to have
significant amounts of DP.1,3,5 ILP exploitation
in a cluster is limited because of the cluster’s
finite resources, such as finite register sizes,
intercluster communication bottlenecks, and
a finite number of input read and output write
ports. Increasing some of the resources, such as
register file sizes, is less expensive than adding
an extra intercluster communication network,
which can significantly affect the chip’s wiring
layout and power consumption.5 However,
any one of the finite resources could restrict
ILP. Also, it is difficult to exploit ILP across
basic blocks in applications with multiple
loops. DP is available even after exploiting ILP,
and designers can use the remaining DP to set
the number of clusters in the processor.

Data parallelism
We define DP as the number of data ele-

ments that require exactly the same operations
to be performed in an algorithm. DP is archi-
tecture independent. We also define a new
term, cluster data parallelism (CDP ≤ DP):
the parallelism available in the data after
exploiting SP and ILP. Thus, CDP is the max-
imum DP that can be exploited across clus-
ters without significant decrease in ILP or SP.

Because of limited resources in a cluster,
stream processors cannot exploit all DP as ILP
through loop unrolling. The unused DP can
be exploited across clusters as CDP. This
observation lets us set the number of clusters
according to the CDP and set the ALUs in the
clusters according to ILP and SP, decoupling
the joint exploration of clusters and ALUs in
a cluster into independent problems. Thus,
we drastically reduce the exploration space
and programming effort for various cluster
configurations. We can demonstrate the
observation with an example of the Viterbi
decoding algorithm used in wireless commu-
nication systems.

Figure 2 shows the performance of sequen-
tial Viterbi decoding with increasing clusters
in a processor with 32 users, assuming a con-
stant configuration of three adders and three
multipliers in a cluster. The DP in Viterbi
decoding is proportional to the constraint
length, K, which is related to the strength of
the error control code. A Viterbi decoder with
K = 9 has 2K–1 = 256 states and thus has a DP
of 256 and can use 8-bit precision to pack four
states in one cluster (SP = 4), reducing the
CDP to 2K–3 = 64. Hence, increasing the num-
ber of clusters beyond 64 does not provide
performance benefits. However, as the clus-
ters decrease from 64 to four for K = 9, there
is an almost linear relationship between clus-
ters and execution time, showing that we can
approximate the ILP and SP we are exploit-
ing as being independent of the CDP. The
deviation of the performance curve with clus-
ters from a slope of –1 represents the varia-
tion of ILP with CDP. We obtain similar
curves for lower constraint lengths of 5 and
7, which have less DP and hence do not yield
performance benefits over four and 16 clus-
ters respectively.

Interestingly, the figure shows that stream
processors and ASICs (coprocessors) exhibit
the same characteristics while exploiting DP in
the add-compare-select (ACS) computations.
Typical Viterbi decoders can decode one bit
every clock cycle.6 The figure assumes that the
ASIC can decode DP/2K–3 bits every clock
cycle. The effective DP for a decoder with con-
straint length K is 2K−1. However, the stream
processor implementation exploits SP and per-
forms four ACS operations in one cluster.
Hence, to make the plot scale the same for both
implementations, we grouped four ACS units
in the ASIC as a single ACS unit, giving rise to
a net maximum DP on the graph of 2K–3. The
performance difference between the stream
processor implementation and the ASIC imple-
mentation is two orders of magnitude, where-
as the difference between the stream processor
implementation and the single-processor
C6416 TI DSP software implementation is
one to two orders of magnitude. The single dot
in the figure represents a software DSP imple-
mentation of Viterbi decoding with K of 9
without coprocessors. The lack of DP exploita-
tion in DSPs accounts for their difference in
performance from stream processors.
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Design exploration framework
Assume the ALUs in the embedded stream

processor are solely adders and multipliers.
Let (a, m, c) be the number of adders per clus-
ter, the number of multipliers per cluster, and
the number of clusters. Let f be the proces-
sor’s minimum clock frequency that meets the
application’s real-time requirements. Our
design goal is to find (a, m, c, f ) such that
power P(a, m, c, f ) is minimized as follows: 

(2)

where C (a, m, c) is the loading capacitance,
V is the supply voltage, and f (a, m, c) is the
clock frequency needed to meet real-time
requirements. To estimate the capacitance and
voltages for (a, m, c), we use a derivation for
stream processor energy from two other pub-
lications, which is based on capacitance val-
ues extracted from the Imagine Stream
Processor fabrication.5,7

Sensitivity analysis
The use of dynamic voltage scaling (DVS)

has become very popular for power savings in
embedded-processor designs. To analyze the
design’s sensitivity to clock frequency and volt-
age, we assume the following:

(3)

where (2 ≤ p ≤ 3), and p is the variation of
power with respect to frequency. Typically,
voltage scaling is assumed to be linear with
frequency, providing cubic power savings.
However, the actual relationship between
power and frequency depends on several fac-
tors, including technology, the need for the
clock to be an integral multiple of the I/O and
memory bus speed, and the range over which
clock frequency is assumed to vary. Physical
realizations of processors employing DVS,
such as Intel’s XScale and Transmeta’s Crusoe,
show slopes between quadratic and cubic
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Figure 2. Performance of Viterbi decoding on DSPs, stream processors, and ASICs (coprocessors).



dependence of power on frequency, depend-
ing on the frequency range over which the
DVS is applied.8 The design exploration tool
allows the designer to set p according to the
technology and explore the design’s sensitivi-
ty to p. Our design space exploration tool
optimizes Equation 3 to find the number and
organization of the arithmetic units that min-
imize power consumption.

Similarly, ALUs in an actual physical real-
ization can have different power consumption
values from those used in a power model. If
we assume two types of ALUs, such as adders
and multipliers, in the design, we must model
one type’s power consumption relative to the
other’s to make the values used independent
of technologies and actual implementations.
Adder and multiplier power consumptions are
linear and quadratic, respectively, with bit
width.9 Thus, 32-bit adder designs and 
32 × 32 multiplier designs can have relative
power ratios varying between 2 and 4 percent
after their bit widths are normalized to 32.10

Hence, using equally aggressive 32-bit adders
and 32 × 32 multipliers, we will assume that
adder power variations are between 0.01 and
0.1 of multiplier power. As we will show, this
variation is not critical because the additional
register files and the intracluster communica-
tion network added with the ALUs dominate
power consumption, not the ALUs alone. The
adder power, Padder, can be given by 

Padder = α × Pmultiplier (4)

where α is the adder-to-multiplier power ratio
and (0.01 ≤ α ≤ 0.1).

The stream processor’s organization pro-
vides a bandwidth hierarchy, which allows
prefetching of data and mitigates memory
stalls in the processor.11 Memory stalls account
for 5 to 16 percent of total execution time in
media-processing workloads11 and 20 percent
of execution time in wireless communication
workloads.7 Stalls in stream processors are due
to waits for memory transfers (both external
memory and microcontroller stalls), ineffi-
ciencies in software pipelining, and time spent
dispatching microcontroller code from the
host processor to the microcontroller.11 To
model memory stalls and observe the design’s
sensitivity to stalls, we model the worst-case
stall fstall-max as 25 percent of the workload at

the minimum clock frequency needed for real
time, f = fmin, where the entire available ILP,
DP, and SP are exploited. We model variations
in memory and microcontroller stalls using
parameter β between 0 and 1 to explore the
design tools’ sensitivity to stalls. Hence, from
equation 1 we get

fstall = (1 – β)fstall-max (5)

where (0 ≤ β ≤ 1).

fstall = 0.25(1 – β)fmin (6)

where β = 1 represents the no-stall case and 
β = 0 represents worst-case memory stall fstall−

max. We compute the minimum real-time fre-
quency, fmin, during design exploration.

Design space exploration
We start design exploration with an over-

provisioned hypothetical architecture that has
infinite clusters and infinite ALUs in each
cluster. We then revise this architecture by
decreasing the clusters and ALUs to find
smaller configurations until the real-time fre-
quency begins to increase. This revised archi-
tecture configuration still exploits all the
possible ILP, SP, and DP available in the algo-
rithms. We denote this configuration as amax,
mmax, max(cdp). From this point on, we
explore the tradeoffs between frequency and
capacitance defined in Equation 3 to find the
configuration that attains real time at the low-
est power.

Setting the number of clusters
The workload, W, consists of L algorithm

kernels executed sequentially on the data-par-
allel embedded processor; this workload is
denoted k1, k2, …, kL. The kernels’ respective
execution times are t1(a, m, c), t2(a, m, c), …,
tL(a, m, c). We define the cluster data paral-
lelism in each kernel as cdp1, cdp2, …, cdpL. To
find the number of clusters needed, we com-
pile all kernels at their maximum CDP levels,
assuming a sufficiently large number of adders
and multipliers per cluster. We run kernel i
with amax, mmax, cdpi, where amax and mmax are a
sufficiently large number of adders and mul-
tipliers per cluster to exploit the available ILP
in all kernels. The compile time execution for
kernel i is ti(amax, mmax, cdpi).
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Hence, real-time frequency f (a, m, c) is

f (a, m, c)(MHz) = Real-time target (Mbps)
× Execution time per bit (a, m, c). (7)

The minimum real time frequency is given
by

fmin = Real-time target × Execution time per
bit [amax, mmax, max(cdp)]. (8)

The real-time frequency, including the mem-
ory stalls, is then given by

f (amax,mmax,c) = fstall + Real-time target ×

ti(amax,mmax,cdpi). (9)

Equation 9 reduces frequency by half using
cluster doubling; we based this equation on
the observation of linear frequency benefits
from clusters within the CDP range. If the
number of clusters chosen is greater than the
available CDP, there is no reduction in exe-
cution time. The fstall term accounts for exe-
cution time stalls not predicted at compile
time; we compute fstall using equations 8 and
1. The number of clusters that minimizes
power consumption is

(10)

Thus, by computing f (amax, mmax, cdp) at
compile time and plotting this function for
the desired range of clusters and for varying
p, we compute the number of clusters that will
minimize power consumption. The choice of
clusters is independent of adder-to-multipli-
er power ratio α because all clusters have the
same α and the same number of adders and
multipliers.

Setting the number of ALUs per cluster
Once we have set number of clusters, c, we

must decide the number of ALUs in each clus-
ter. We now vary the number of adders and
multipliers from (1, 1) to (amax, mmax) to find
the tradeoff point that minimizes the proces-
sor’s power consumption. The design tool can

handle varying ALUs without any changes in
the application code. The design tool also pro-
vides information based on the schedule about
ALU efficiencies. Hence, we can now perform
an exhaustive compile time search within this
constrained space to find the number of
adders and multipliers that meets real time
with minimum power consumption. We
obtain power minimization using

(11)

It can be shown that this power minimization
is related to maximization of the ALU uti-
lization.7 The choice of ALUs in a cluster
depends on α, β, and p.

Results
The architecture design of embedded stream

processors for meeting an application’s real-
time requirements greatly depends on the par-
allelism available in the application. Hence, a
stream processor architecture exploration
requires a parallelism study of the application.
To evaluate our design exploration methodol-
ogy, we applied it to the design of a 3G wire-
less base station embedded processor that
meets real-time requirements. We considered
a 32-user base station providing 128 Kbps per
user (coded), employing multiuser channel
estimation, multiuser detection, and Viterbi
decoding.3 This is the worst-case workload that
the processor design must support.

Ideally, the exploration tool with the help
of the compiler should determine the CDP
range. The compiler should automatically
exploit all the available ILP (using loop
unrolling) and SP and set the remaining DP
as CDP. Because the compiler lacks the abili-
ty to automate this process, we set the CDP
manually after exploring different amounts of
loop unrolling and observing the changes in
ILP. A two-cluster stream processor is not
practical because it does not recover the over-
head of parallelizing the algorithms. There-
fore, we varied the configuration from four
clusters to 512 clusters, the maximum CDP
available. Similarly, we varied the adders and
multipliers up to 5 and 3, respectively, because
we have seen ILP saturating above these num-
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bers with no performance benefits. The design
exploration process confirmed these ranges.

Table 1 breaks down the workload compu-
tations for attaining the lowest real-time fre-
quency at compile time using Equation 8.
CDP varies in the algorithms between 32 and
512, justifying the range for CDP exploration.
Also, more than 99 percent of real-time fre-
quency is needed because of kernels that
require 32 and 64 clusters, so there is little
advantage in exploring a higher number of
clusters. We estimate the minimum real-time
frequency fmin needed for the design workload
is 538 MHz.

Figure 3 shows the workload’s real-time fre-
quency with increasing clusters and varying
β. Because the minimum CDP is 32, execu-
tion time decreases linearly to 32 and then no
longer provides a linear decrease, as Equation
9 shows. Further increasing the clusters above
64 clusters has almost no effect on execution
time because the algorithms using the higher
CDP take less than 1 percent of the workload
time, as Table 1 shows.

Figure 4 shows the variation of normalized
power with increasing clusters as clock fre-
quency decreases to achieve real-time execu-
tion of the workload. We obtain this result
from Equation 10. The thick lines show the
ideal, no-stall case of β = 1, and the thin lines
show the variation as β decreases to 0. The fig-

ure shows that power consumption reduces
drastically up to a factor of 100 as the num-
ber of clusters reaches 64 from four, because
the clock frequency reduction outweighs the
capacitance increase due to increased ALUs.
After 64 clusters, the capacitance increase out-
weighs the small performance benefits and
increases power consumption. The figure also
shows that the design choice for clusters is
actually independent of the value of p and β,
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Table 1. Real-time frequency needed for a wireless base station 

providing 128 Kbps per user for 32 users.

Algorithm Kernel CDP Cycles MHz needed 
Estimation Correlation update 32 177 1

Matrix mul 32 10,822 43
Iteration 32 261 1
Transpose 512 95 < 1
Matrix mul L 32 5,449 22
Matrix mul C 32 5,577 22

Detection Matched filter 32 17,822 71
Interference cancellation 32 20,685 83

Decoding Packing 256 57 < 1
Repacking 64 120 < 1
Initialization 64 4,192 17
Add-compare-select 64 63,488 254
Decoding output 64 5,632 23

Minimum real-time frequency fmin = f (5,3,512) 538 MHz
Mathematically required ALU operations 24 GOPS   

β = 0
β = 0.5
β = 1
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Figure 3. Variation of real-time frequency with increasing
clusters.



with all variations showing the same design
solution: 64 clusters ∀ (p, α, β).

After setting the number of clusters, we per-
form a similar exploration to choose the num-
ber of adders and multipliers within a cluster,

minimizing power using Equation 11. Figure 5
shows the variation of real-time frequency with
increasing adders and multipliers. We obtained
the utilization of the adders and multipliers
from a compile time analysis using the design
tool. The pairs of numbers represent adders and
multipliers utilization respectively. The figure
shows that after the (3 adder, 1 multiplier)
point, there is very little performance benefit
from  more adders or multipliers. This is the
point where the processor exploits all the ILP.
However, the (2 adder, 1 multiplier) point has
a higher ALU utilization for the same amount
of work. So we would expect one of these con-
figurations to be a low-power solution as well.
The actual low-power point depends on the
variation of α, β, and p in the design. For the
case of α = 0.01, β = 1, and p = 3, configura-
tion (a, m, c) = (3, 1, 64) obtains the minimum
power as computed from Equation 11.

Figure 6 shows the power minimization sen-
sitivity of the ALUs in each
cluster to p, β, and α. The
columns represent variations in
p. The first three rows show the
design’s sensitivity to variations
in memory stalls β, and the last
row shows its sensitivity to
variations in α. We make the
following observations: First,
two candidate configurations
of (a, m, c) emerge after sensi-
tivity analysis: (2, 1, 64) and
(3, 1, 64). Second, the design is
most sensitive to variations in
p. We can see that p = 2 always
selects the (2, 1, 64) configu-
ration, and p = 3 always selects
the (3, 1, 64) configuration.
We expect this, because varia-
tions in p affect the power min-
imization exponentially. In
Figure 5, the (3, 1, 64) config-
uration choice (shown as the
final choice) with adder-mul-
tiplier utilization of (55, 62)
and the adjacent configuration
choice of (2, 1, 64) having

adder-multiplier utilization (67, 62) have
among the highest ALU utilizations. This shows
the correlation between ALU utilization maxi-
mization in Figure 5 with the power minimiza-
tion shown in Figure 6. Third, the design is also
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sensitive to memory stalls β. For β = 0 and p =
2.5, the design choice is (2, 1, 64), and it
changes to (3, 1, 64) as β increases. Finally, the
last row in Figure 6 shows that the design is rel-
atively insensitive to α variations. The reason
for this is that the register files and associated
intracluster communication network added as
ALUs increase dominate power consumption,
taking 70 to 79 percent of cluster power for the
configurations studied. Cluster power, on the
other hand, takes between 57 and 61 percent
of total chip power.

Recall that Figure 4 shows that the 64-clus-
ter architecture has a lower power consump-
tion than the 32-cluster architecture.
However, a 64-cluster configuration will
never attain 100 percent cluster efficiency
because clusters 33 to 64 will remain unuti-
lized when the CDP falls below 64. A 64-
cluster architecture obtains only a 54 percent

cluster utilization for the workload but has a
lower power consumption than a 32-cluster
architecture with 100 percent cluster utiliza-
tion, merely because of its ability to lower the
clock frequency, which balances out the
capacitance increase.

Verifications with detailed simulations
The design exploration tool gave two candi-

dates as output, with variations in p, α, and β:

• Design 1: (a, m, c): (∞, ∞, ∞) → (5, 3,
512) → (5, 3, 64) → (2, 1, 64)

• Design 2: (a, m, c): (∞, ∞, ∞) → (5, 3,
512) → (5, 3, 64) → (3, 1, 64)

The design tool starts from a hypothetical
infinite machine represented as (∞, ∞, ∞) and
successively refines the architecture to provide
low-power candidate architectures. Table 2
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shows the results of design verification of the
tool output (T) with a cycle-accurate simula-
tion (S), using the Imagine simulator, which
produces execution time details including
computation time, memory stalls, and micro-
controller stalls.

The design tool models the workload’s com-
putation part very realistically. We attribute
the relatively small errors to the assumption
that ILP is independent of CDP and to the
prologue and epilogue effects of ignored code
loops. It is interesting to see the percentage
increase in memory stalls with lower clock fre-
quencies in the cycle-accurate simulations. In
a traditional microprocessor system with a con-
stant configuration, the stalls due to cache
misses decrease with lower processor clock fre-
quencies because the caches have more time
to receive data from external memory. How-
ever, in our design exploration, the number of
clusters in the stream processor increases to
reduce clock frequency while keeping memo-
ry bandwidth the same. This implies that the
memory now must provide more data to the
SRFs at the same bandwidth, thereby increas-
ing the number of stalls and making the archi-
tecture memory bound. The actual number of
cycles lost to memory stalls was larger than esti-
mated by β. However, even after increasing β
to a larger range, we still obtained the same
two candidates for evaluation. Both candidates
are very close in power consumption, with the
(3, 1, 64) configuration only 5 to 11 percent

different from the (2, 1, 64) configuration.
We also compared our tool’s candidate con-

figurations with a configuration carefully cho-
sen by a human designer.3 The analysis of the
workload kernels was based on the DP and the
operation mix. The designer chose a (3, 3, 32)
configuration because the algorithms show an
equal number of additions and multiplications
and a minimum DP of 32. Our design tool
provided us with lower-power configurations
than the human configuration and improves
the design’s power efficiency by a factor of 1.61
to 1.85 for the chosen workload.

Although we have focused on wireless base
stations, our design exploration tech-

nique can obtain low-power solutions for all
embedded stream processor designs in media
and signal processing. Other embedded-
processor design exploration schemes that
exploit ILP, SP, and DP can also benefit from
the concepts presented here.

The current design exploration tool does not
model switching activity and static power dis-
sipation in the simulations. Chip parts such as
the stream register file and the microcontroller
can be assumed to have fairly constant switch-
ing activity. Because the tool chooses ALUs that
have a high functional unit utilization, switch-
ing activity in the ALUs can be approximated as
constant as well. Static power dissipation is
directly proportional to the number of transis-
tors and hence to capacitance.12 Static power
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Table 2. Verification of design tool output (T) with a detailed cycle-accurate simulation (S).

Micro- Relative power
controller Exposed Total Real-time   consumption 

Configuration Computation stalls stalls time frequency Capac. p = p = p = 
(a, m, c) T/S β time (cycles) (cycles) (cycles) (cycles) (MHz) (a, m, c) 2 2.5 3
Design 1 T 0 163,560 33,792 197,532 786 1 1 1 1
(2, 1, 64) T 0.5 163,560 16,896 180,456 718

T 1 163,560 0 163,560 651
S 166,174 22,293 34,290 222,757 887

Design 2 T 0 142,410 33,792 176,382 702 1.21 1.11 1.09 1.05
(3, 1, 64) T 0.5 142,410 16,896 159,306 634

T 1 142,410 0 142,410 567
S 147,721 19,660 45,470 212,851 848

Human T 0 214,241 33,792 248,213 988 1.18 1.61 1.74 1.85
(3, 3, 32) T 0.5 214,241 16,896 231,137 920

T 1 214,241 0 214,241 853
S 223,432 25,940 25,261 258,693 1,030



dissipation is also a function of transistor leak-
age effects and varies with technology. The
model can be extended by adding a static power
consumption factor to the optimization cost
function.12 The clock frequency design point is
decided by the application’s real-time require-
ments, not by physical limitations of adders,
multipliers, and clusters. If the design tool’s
clock frequency output exceeds stream proces-
sor limits, we must modify the design explo-
ration to search for other feasible configurations,
although they may not yield the minimum
power solution. This modification is unlikely
to yield lower clock frequency configurations
because power minimization strives to provide
a low clock frequency.

Other parameters can affect embedded
stream processor performance and need explo-
ration, such as the number of registers and the
ALU pipelining depth.2 These parameters
affect a cluster’s ILP and thus indirectly affect
CDP. Although an exploration of these para-
meters will affect the actual design choice, the
design exploration methodology does not
change as we decouple ILP and DP. We focus
on the exploration of (a, m, c, f ) for power
minimization and their sensitivity to the three
parameters (α, β, p). Once we have deter-
mined (a, m, c, f ), we can set other parame-
ters on the basis of this configuration. With
improvements in compilers for embedded
stream processors, we can improve the design
exploration tool heuristic by incorporating
techniques such as integer-linear program-
ming for jointly exploring (a, m, c, f ), as well
as other processor parameters such as register
file sizes and ALU pipeline depths. Once a
worst-case design is complete, we can use a
multiplexer network between the internal
memory and the clusters to adapt the clusters
with runtime workload variations for further
improvements in power efficiency.7 MICRO
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