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Abstract Another limit is DVS’s assumption about a single processor,
even though many realistic system include peripheral devices con-
trolled by the processor, but this dependency is never modeled. In
fact, the power consumption at the system level may be dominated
by these peripherals, rather than the processor, and it is crucial
to exploit shutdown opportunities (especially communication inter-
face) in peripherals. However, most peripherals are not as power
manageable as the processor. As a result, the DVS approach to
increasing the processor’s power efficiency at the expense of per-
formance can actually keep the dependent peripherals in the same
high-power operating mode for a longer period of time. That is, not
only is the power saving due to DVS limited to its percentage con-
Hibution to the entire system, it can actually result in higher overall
energy consumption.

Dynamic voltage scaling (DVS) is a popular approach to power
and energy reduction in microprocessors: it not only reduces the
average power level, but also increases the processor’s energy ef
ficiency (i.e., lower energy per instruction). However, DVS will
not be a fruitful technique for further energy reduction based on
today’s single processor assumption. In fact, it may actually lead
to higher energy consumption due to the lack of system-level con-
siderations. We propose to exploit system-level parallelism as an
effective means to achieving the next order of energy improvement
for the entire system. By using multiple processors to perform the
same task, each processor has reduced workload and thus can run
even more energy efficient points beyond the limits of today’s best
DVS without sacrificing performance. A secondary effect is that
the smoother power profile and r_educed_ peak current not only re-4 » Beyond DVSS limit

duce time/power overhead associated with voltage scaling, but also

extend battery life. Experimental results on an image processing To further improve energy efficiency beyond DVS, we break the
algorithm show a 60% reduction in energy and 80% in power com- limits of DVS described above. First, we must improve power ef-

pared to the best DVS approach. ficiency without sacrificing performance; otherwise, we will repeat
the pitfall of increasing energy consumed by dependent peripher-
1 Introduction als. Second, we must decrease the dynamic range of the power of

) ) ) ] ) ~ the processor, even though the workload has a wide dynamic range,
Dynamic voltage scaling (DVS) is a well-studied technique for min- in order to maximize its energy efficiency (in terms of Joules per
imizing energy consumption in embedded microprocessors. Many instruction). This can be achieved by exploring grenularity for
modern processors are designed to operate at different voltage anqoltage scaling, where coarser grain scaling results in lower over-
frequency settings as an effective way to manage power usage. It ishead.
adva_ntageous to operate the processor at a lower voltage Wh_enever In this paper, we propose to break the DVS limits by exploring
possible, because energy is proportionaVfo In other words, it system-level pipelining. We improve energy efficiency by apply-
takes less energy to execute an instruction at a lower voltage, evenng voltage scaling to each code partition, but make up for the per-
though the total execution time is longer. DVS techniques exploit formance loss with parallelism. We make the observation that
slacks in the task set by slowing down the processor just enoughprocessors running at/h speed will be significantly more energy
without violating the deadline. Many DVS techniques have been efficient than a single processor running at the speed determined by
proposed to overcome the limits in slowing down the processor, in- today’s best DVS techniques. It not only significantly reduces the
cluding inter-task DVS, intra-task DVS, slack borrowing, etc. energy consumed by the processor, but also results in much lower
. peak power and a smoother power profile, both of which are attrac-
1.1 Limits of DVS tive features for batteries. We also determine the optimal granular-

DVS has been studied extensively for single processors. However, ity for voltage scaling so as to balance adaptivity with the adaptation
DVS is running against several fundamental limits. Due to varia- COSt . o .
tion in workload, it is not always possible to run the processor at  1he grand challenge will be to extract parallelism in the appli-
the lowest possible constant speed at all times; for example, dif- c@tion so that it can be mapped onto a multi-processor architecture
ferent types of MPEG frames require a wide range of processing. With @ much higher power efficiency as a whole system. Paral-
This not only prevents the processor from operating at the optimal €lism extraction from a sequential program like C is a very dif-
rate, but also forces the processor to pay power and timing overheadicult problem in g_eneral,_but fortunately data regular applications
associated with voltage scaling. In fact, as processor performancec@n be described in a variety of data flow models that are amenable
increases, the voltage scaling granularity decreases, and as a resulf0 Mapping onto architectures with multiple processors. Another
as much as 30% of the energy could be spent on scaling overheadchallenge is to design the architectural features to enable the pro-

alone. Unfortunately, most DVS techniques proposed to date do notCeSSors to compose with each other efficiently.
consider any overhead. This paper uses an automatic target recognition (ATR) example

to demonstrate the next order of magnitude power/energy saving
“This research was sponsored by DARPA under contract F33615-00-1- beyond DVS for data regular applications. We show our paral-
1719 lelized code with shared memory communication, and we discuss
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the software run-time support in the form of adjusting references
for each pipeline stage. l

TARGET

2 Related Work DETECTION

Dynamic voltage scaling technique has been studied extensively re- W targets <¢---------
cently. Researchers have addressed DVS related issues in the fol-

lowing aspects. FFT

Real-time scheduling has been extended to DVS scheduling on

outer loop:

---------- >

variable-voltage processors. A few analytical models have been : 1 foraltargets
proposed. Weiser et al. proposed the initial scheduling model in | templae ——> .
[14], and the aspect of energy minimization was analyzed by Yao : '
et al. and the optimal off-line schedule is given in [15]. Hong et al. S : .
proposed an off-line scheduling heuristic for non-preemptive sys- forall templates i '
tems in [2] and an on-line algorithm for mixed workload of both i ROIs i
sporadic and periodic tasks in [3]. Ishihara et al. analyzed the op- E E
timal schedule for a processor that can operate in several discrete ! compuTE '
voltages in [6] and proposed an integer linear programming solu- : . . '
tion. Okuma et al. proposed a DVS scheme [7] that always guaran- T ' l [ '
tees deadlines for all tasks, although the energy may not be optimal.
Shin et al. presented a run-time checking mechanism that can shut e
down the processor or adjust the processor speed [11] and an al-
gorithm to minimize energy for periodic tasks [12]. Quan et al. Figure 1: Block diagram of the ATR algorithm
improved this technique by finding an optimal schedule for both
periodic and sporadic tasks [9]. ) .

More realistic DVS models have been proposed to consider de- ATR%S?'E?:::%ZEY I:ELTAETCEIZ(E%&M
sign issues, e.g. DVS overhead and the presence of the scheduler. A for each (targete TARGET) loop
Hong et al. presented a synthesis design flow for variable-voltage roi0 := getRoi{m, targef)
processor cores [4]. The impact of DVS overhead is studied with roil := FFT(0i0)
a few scheduling schemes. It turns out that the analytical models for each (templatec TEMPLATE) loop
may not be yield optimal solutions when overhead is taken into roi2 = IFFT(oil x templatg
account. Burd et al. presented an implementation scheme for a mi- B if roizval > Vakn then
croprocessor with DVS capability [1]. In [8] Pering et al. simulated ond EOMPUTE DISTANCH(012)
different DVS scheduling algorithms and considered the presence end loop
of the scheduler as a part of the system, and the DVS overhead is end loop

also examined. . o format data and return computed distance
Some researchers have applied DVS to embedded applications,

where the processor only deals with one or a few specific tasks.
Shin et al. proposed an intra-task DVS scheme [10] that tries to Figure 2: The ATR algorithm
maximally utilize the slack time within one task, as opposed to
inter-task DVS scheme that borrows slack time from finished tasks.
Im et al. proposed an inter-task DVS scheme for multi-media appli-
cations in [5] based on the observation that the slack time cannot be
utilized when no task is available. The solution is to buffer the tasks
such that the slack time can be used when the buffer is not empty.

One key characteristic of the algorithm is that its execution delay
falls in a diverse range with regard d, the number of targets
detected byfARGET DETECTIONmModule, since FFT and IFFT are
quite computation-intensive. In addition, tifestatement at label
B also affects the distribution of the execution delay due to another
computation-intensive modulBOMPUTE DISTANCE

We use an automatic target recognition (ATR) algorithm [13] as ~ Among the current DVS techniquéstra-task DVS10] is most
our motivating example. Its block diagram is shown in Fig. 1. The suitable for this problem. By applying this technique, static tim-
algorithm is described in Fig. 2. It takes a sample image as the ing analysis is performed at compile time to insert additional an-
input. TheTARGET DETECTIONmModule detectd/ targets on the notations at labels A and B to compute remaining the worst-case
original image. For each target, a region of interest (ROI, which Workload (in worst-case instruction cout/CIC). In the begin-

is a smaller image surrounding the target on the original image) ning, the remaininyVCICis theW CIC of the whole algorithm. At
roi0 is extracted and Fourier transformed by FFT module to space- A, the remaining//CIC is computed based on number of targets
frequency domain. The transformedil is mu|t|p||ed by a few M. At B, the outcome of the conditional branch will modW/CIC
predefined templates, then Fourier transformed inversely by IFFT by subtracting the instruction couri) of COMPUTE DISTANCE
module back to space domain. For each template, the restdfidg module. ThdCs of other modules are fixed for fixed-size images,
has a specific attribut¢al that indicates the distance of the target. ©€-9., 128< 128. Therefore, A and B are the only places where the

3 Motivating Example: ATR

If it is larger than a threshold valuegi2 is fed to thecoMPUTE remainingW CICcould decrease. .
DISTANCE module, an image processing routine to calculate the  During the execution of the algorithm at run-time, when a new
distance. frame arrives, the processor speed is set based on the frame delay

The timing requirement to the ATR algorithm is to sustain a and thewCIC of the whole algorithm. As the program execution
frame rate, the number of images processed per unit time. Its in-reaches A or B, the remainingy CICis updated and the processor
verse is calledrame delay which is the maximum delay time to ~ adjusts its frequency and voltage based on the remaining time and
process each frame. The goal is to reduce the energy consumptioWCIC.
of the processor for a given frame delay. It is notable that the voltage at point B could scaled made many



] be also reduced. In an “ideal” solution, the minimum energy is

oo 1l il M\ achieved by running the processor at a constant speed such that
\ \ \x the task is finished just before the end of the allocated time slot.
50 However, the value of this optimal speed must be determined at the

’ beginning to process the task, but it cannot be known until the last
‘ instruction (actually the last branch instruction) of the algorithm is
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completed. Thus, such an “ideal” solution is generally not possible.

A partial solution is to partition the algorithm into several segments
such that an average speed can be found for each segment. The en-
201 ergy spent within the segment is reduced; and it also helps to lower
the power spike.

10 1

4 Super DVS: Energy Efficiency through Paral-
Time lelism

We present our neauper DVSechnique in Section 4.1 to improve
the energy efficiency of the ATR algorithm. It explores parallelism
of the algorithm by first partitioning the code, and then pipelining
) . ) ) o ) the execution of all partitions. This allows to distribute the work-
times for each image frame, since B is Iocated_|n5|de the inner loop. |pad to multiple processors running at slower speeds. For each pro-
In our current analytical study, we set the maximum number of tar- cessor, we apply DVS and derive the optimal constant speed that
gets to 7, so there might be 0-7 targets in each frame. The numbenyinimizes energy and peak power at the same time. The new tech-
of matching templates is 3. As a result, B could be reached up to pigue is called super DVS in the sense that DVS is applied to each
21 times for one frame. Therefore, to process each frame, the pro-gmga|| partition of the code. Parallel execution normally needs spe-
cessor may change its voltage/frequency up to 23 times, including cia| treatment for communication. We propose a simple data han-
the initial maximum speed setting and the speed drop after A. dling technique in Section 4.2 by managing FIFO buffers between
A typical power profile for intra-task DVS is shown in Fig. 3. It processors. In Section 4.3, we propose an additional scheme that

always starts with a high power spike at the beginning of each time processes multiple frames together to further reduce energy con-
slot for one frame, and then steps down once at A, followed by a symption.

few more drops each time when tiieondition evaluates tBALSE
at B. 4.1 Super DVS
Intra-task DVS appears to be the right solution for reducing pro- ) . ) . )
cessor energy for application-specific algorithms. However, there We first partition the algorithm into a few independent segments
are still some issues that need to be addressed for more energy efSuch that the average speed can be found for each segment. Then,
ficient designs. For example, there is a high power spike at the the parytloned cod(_e can b_e pipelined in a multl-process_or architec-
beginning of each time slot, because the initial processor speed isturé. Finally, DVS is applied to each processor to achieve energy
always set at a high speed for the worst case. In most cases thédd power reduction.
worst-case instruction coulCIC is not a good measure of the
typical workload of the application. Therefore, what is seen in the
power profile chart is a few sharp slumps after the initial spike at With intra-task DVS, the code of the whole algorithm is divided
peak power. By the time when one frame is about to be finished, into segments that are executed at different speeds. It is sometimes
the processor normally operates at a very low power level; and it preferable to find a constant speed to reduce energy consumption.
must switch to high power for the next frame in anticipation for the - Although such a goal is normally difficult for the entire algorithm,
worst-case workload. finding the average speed for a portion of the algorithm is possible.
A power profile in such a pattern has several undesirable proper- We observe that such possibility is largely dependent on the way in
ties. High peak power is known to have many negative effects, e.g. which the algorithm is composed.
it shortens the battery life. In addition, frequent switching between  When intra-task DVS is applied to the ATR algorithm, due to
high-power mode and low-power mode will incur an overhead on the frequency changes at A and B, many different speeds will be
both time and energy when the processor is changing its supply applied to run the algorithm. Even the same code segment can be
voltage and frequency. Although most DVS studies do not con- executed at different speeds. For example, if there are 5 targets
sider this overhead, it can be non-trivial when the voltage change detected for a given frame, module FFT will be executed 5 times,
is significant. Finally, the power profile with high jitters is not very  possibly at different speeds. However, because there is no loop-
energy efficient compared to a smooth one. carried dependency across different iterations of the outer loop (as
One potential solution to this problem is to extract the paral- well as the inner loop), we can reorder the execution of the loops to
lelism in the algorithm and distribute the workload into multiple execute those 5 instances of FFT together at a single speed. Simi-
processors. Successful parallelization can reduce both power andarly, the potential constant speeds can also be applied to IFFT and
energy by running only a part of the code on each processor at cCOMPUTE DISTANCE
a slower speed. Even though more processors are involved, the The ATR algorithm must be reconstructed to apply this tech-
overall energy and power consumption will still be reduced signif- nique. In the two-level nested loop, the iterations on both inner
icantly. However, it is generally difficult to parallelize serial algo- loop and the outer loop are executed to completion. Although this
rithms. In addition, parallel algorithms require sophisticated sup- is the natural way to exercise loops, we have to partition the loop
port for synchronization, communication (e.g. cache coherence), and reorder the sequence to access FFT, IFFTcanPUTE DIS
etc., which may consume even more energy than the energy savedance for finding the average speed for each segment.
by parallelization. We reconstruct the algorithm and partition the two-level nested
Another solution is to find one or more “average” speeds to exe- loop into three stages. I8TAGEL, the algorithm finishes FFT for
cute the algorithm such that the power profile is smoothed by low- all M ROIs. Then, IFFT foM ROIs with different templates is per-
ering the height of the power spike; meanwhile, the energy will formed insSTAGE2. Finally, thoseK ROIs whose target distances

Figure 3: Power profile of intra-task DVS

4.1.1 Partitioning: finding a constant speed for each partition



N frames STAGEO(timedelay, imageim, buf ROIO)

setProcessorSpeei#(|ay/W CIC(STAGEO))
TARGET:= TARGET DETECTIONiIm)
M:=0
s_;;’;%ig for each (targete TARGET $loop
DETECTION ENQUEUEROIO, getRoi{m,target))
| M:=M+1
M targets ’~‘; """""" end |oop
and ROIs return M

A,

STAGE 1:

STAGEL(timedelay, buf ROIO, bufROI1, int M)
FFT for all ROIs

setProcessorSpeei#(ay/ (M «WCIC(L1)))
for i:=1,M loop L1

1
1
1
1
1
1
I
1
M ROIs ' ) Iprevliously;hle roi := DEQUEUEROIO)
] ,  Zlevelnestedloop ENQUEUEROIL, FFT(oi))
p— ' L1: end loop
all templates MUL and IFET : return M
for all ROIs 1
and all templates ' STAGE2(timedelay, buf ROI1, bufROI2, intM,
) K RO:js 1 arrayT EMPLATE floatValp)
that t 1 :
compute distance | : selProcessorSpeeifay (M »izeT EMPLATE «WCIC(L2)

STaes: : for i = 1,M loop

DISTANCE : roi0 := DEQUEUKROI1)

for all ROls : for each (templatec TEMPLAT E$loop L2

(when "ecessa'yz . roil = IFFT(oi0 x templatg
ROIs and A} if roil.Val > Vakp then
distances K:=K+1

ENQUEUEROI2, roi1)
. . . end if L2end loop
Figure 4: Partition the nested loop into stages end loop
return K

STAGE3(timedelay, buf ROI2, bufROI3, intK)

need to be calculated are processed togetherAeE3. The mod- setProcessorSpeetifay/ (K +WCIO(L3)))

ified block diagram is shown in Fig. 4. At the beginniig targets for i=1,K loop L3

are detected iSTAGEO. Thereafter, the ROIs for these targets flow roi := DEQUEUEROI2)

through the three following stages. roi.distance= COMPUTE DISTANCETOI)
After the code transformation, the entire algorithm can be exe- ENQUEUEROI3, roi)

cuted at four constant speeds (actually three spesdsse2 and L3: end loop

STAGE3 can be executed in the same speed since there is no con- return K

ditional branch between them) for four stages. Special treatment
must be applied tsTAGE3 to achieve a constant speed. The . )
if condition can be resolved &TAGE2 after IFFT by attaching Figure 5: Parallel algorithms for super DVS
some flags to each ROI indicating whether computing distance
is needed. Therefore, the remaining workla&eC|1C of STAGE3
(WCIC(stage3) = K x IC(COMPUT EDISTANCEH) is known be- delay previously. As a result, more energy saving is available by
fore it is executed such that the average speed can be calculated aglowing down the speeds of all processors. Ideally, if all four stages
the beginning o6 TAGE3. are perfectly balanced, that is, they have the same workload, the

Through analysis, we observed this code partitioning and trans- optimal energy reduction could be expected. However, this is gen-
formation technique can moderately reduce energy by 5% - 15%. erally not possible. For example, the workloadsahGE2 is about
The reduction largely depends on the input data set and the sizethree times as much as that 8fAGEL, since there will be three
of each partition. The detailed discussion is outside the scope of IFFTsfor each FFT. Also, the workload &ffAGEO is fixed; while
this paper. We still present the sketch of this technique because itin other stages the workload will vary.
naturally leads to a parallel version of the algorithm.

4.1.3 Super DVS: reducing energy in parallel

4.1.2 Parallelization through pipelinin
gnpip g The final step is to apply DVS to each pipelined processor to im-

Parallelization on the algorithm can be helpful for power manage- prove energy efficiency. We call the new technique super DVS since
ment. For example, if an algorithm can be parallelized into two it applies DVS to a smaller partition of the code. In Section 4.1.1
processors with each processing half workload and running at half we already constructed the code partition for each stage such that
speed, an approximatelydenergy reduction will be achieved even the code can be executed at a constant speed. In Section 4.1.2 we
after one new processor is added. However, in general it is quite dif- extended the time slot for each stage as one frame delay for all pro-
ficult to parallelize an algorithm that has already been implemented cessors. Therefore, we can find an optimal speed for each stage that
in a serial style. maximally utilizes the extended time slot.

In the ATR algorithm, we observed that there is no data depen- Fig. 5 describes the parallel super DVS algorithms for four
dency between different image frames. Therefore, the code parti- pipeline stages, respectively. At the beginning of each stage, the
tion in Fig. 4 is ready to be executed in parallel, by pipelining the processor speed is set according towh&ICto be executed, which
execution of all stages on different processors. After pipelining the is always known ahead of time. Therefore, each processor can set
algorithm, each stage itself will have the execution time of one en- a near-optimal speed such that the execution of the code completes
tire frame delay, while all four stages together consume one frame just in one frame delay.



OStage 3
OStage 2
mStage 1
W Stage 0

Power
w

Time

Figure 6: Power profile of super DVS

1. For STAGEO, the workload is set toWCIC(STAGH).
The actual IC(STAGH) is only slightly different from
WCIC(STAGH) since the moduldARGET DETECTIONs
most computation intensive, while the instructions in the
small loop to handle buffers are trivial. Therefore, when the
speed of its processor is decided by the frame dedsyand
WCIC(STAGH), the time slot with a duratiodelayis al-
most fully utilized. The speed to execusagAGEO fixed for
all frames if the samelelayis given. StageO computes the
number of targets in variablg and putM ROIs into buffer
ROIO.

2. ForsTAGEL, the processor speed is set accordingl favhich
is the number of ROIs in buffdROI0, delay, and the workload
in loop LLWCIC(L1). This is because loop L1 will be exe-
cutedM times during one frame delay, and W&CIC of this
loop can be analyzed staticallyTAGEL generate ROIs in
space-frequency domain after FFT, and puts them into buffer
ROI1.

3. In STAGE2, the processor speed is set basedvandelay,
WCIC(L2) and siz§ TEMPLATE), since STAGE2 will ex-
ecute loop L2 inM x siz§ TEMPLATE times. Although
there is anif block inside loop L2, the variance is trivial
compared with computation-intensive IFFT. Therefore, using
WCIC(L2) to compute the average speed is almost optimal.
This stage producd$ ROIs to buffeROI2, based on whether
it is necessary to compute their distances.

4. Finally, in STAGE3, the processor speed is decided Ky
delayandWCIC(L3). K ROls are extracted from the input
buffer ROI2 and distances are computed accordingly in loop
L3. The results are queued to an output buRexI3.

The power profile for super DVS is shown in Fig. 6. During each
period of one frame delay, each processor is running at a constant
speed. Therefore, the overall power profile of all four processors
is also constant during each period. Super DVS produces a much
smoother power profile compared to intra-task DVS by eliminating
the high peak spike. Significant savings on both power and energy
are achieved by running the new parallel algorithms.

4.2 Implementation related issues: buffer management

In this section we discuss a few implementation related issues. As
the parallel algorithm shown in Fig. 5, the four parallel proces-
sors communicate via FIFO buffers containing data to be produced
and consumed. Our assumption is a shared memory organization,
shown in Fig. 7.

In this memory organization, each stage produces new ROIs and
appends them to the tail of its output buffer, which is the same as

read buffer:

buffer
No: IMAGE
number of
input framesl head

Np images to
be consumed
DEQUEUE
frame delay STAGE 0:
TARGET
DETECTION |
ENQUEUE
Mo: tail write buffer:
number of Mg ROIs to
output ROI be produced
I buffer or 7‘ buffer
I _direct link ‘ ROIO
Mjq: read buffer:
number of head M3 ROIs to
input ROI be consumed
DEQUEUE
frame delay STAGE 1:
> FFT for all ROIs
ENQUEUE
Mg: ta|| write buffer:
number of M1 ROIs to
output ROI be produced
[ ouderor 1 buter
1 _direct link ‘ ROIL
Ma: read buffer:
number of head Ma ROIs to
input ROI be consumed
frame delay STAGE 2: DEQUEUE
> MUL and IFFT
TEMPLATE for all ROIs
val and all templates ENQUEUE
t
Ka: tail write buffer:
number of Ko ROIs to
output ROI be produced
|
\  buffer or ,
| directlink | bufter
K3: read buffer:
r_lumber of head K3 ROIs to
input ROI be consumed

STAGE 3:
COMPUTE

DEQUEUE
DISTANCE
for all ROIs
ENQUEUE I
(when necessary) IQUEU write buffer:
tail
—

K K3 ROIs to
b3. ¢ be produced
number o buffer
output ROI ROI3 v

Figure 7: Pipelined processors with shared memory buffers

frame delay

STAGEO(timedelay buf IMAGE, buf ROIO, intN)
setProcessorSpeei#(ay/ (N *WCIC(LO)))
M:=0
for i :=1,N loop

im = DEQUEUE(IMAGE)

TARGET:= TARGET DETECTIONim)

for each (targete TARGET) loop LO
ENQUEUEROIO, getRojim,target)
M:=M+1

LO: end loop
end loop
return M

Figure 8: ModifiedsTAGEO to procesdN frames at a time



the input buffer of the next stage. Because the buffer size to be N frames, N l
consumed next is passed to the consumer stage as the boundary of

the input buffer, when the consumer stage fetches data from the input buffer
head of the buffer, it will not access the data that is currently being frame delay STAGE 0:
generated by the producer. The variables to indicate workibad —  TARGET DETECTION
andK can be directly passed through to the next processor, or they output buffer
can be organized in some other buffers in the same manner. The
variabledelayis a constant or it can be set by external events, e.g. M ROIs, M
a user interface. It also can be accessed in separate FIFO buffers to v
avoid simultaneous access. nput buffer
This buffer management scheme significantly simplifies the frame delay STAGEL:
communication between parallel processors. Fig. 7 shows that, at FFT for all ROIs
any moment during the execution of this multi-processor system, output buffer
any data in ROI buffers is accessed exclusively by at most one pro-
cessor. Simultaneous accesses to the same data from two or more M ROIs, M
processors will never happen. (If variabMsK,delayare also or- —
ganized by separate buffers, there is no simultaneous access to these frame delay input buffer
variables as well.) This suggest the data access is simplified to an —> STAGE 2:
extent that the processor does not need to acquire and release locks allemplates | all Rots and all amplates
to access critical sections, since their is no critical section at all. For output buffer
the same reasons, the cache coherence protocol is not necessary to
implement such a system, if each write to the buffers will always K ROIs, K
commit to the shared memory. In fact, in many embedded DSP r
applications, the processor may not have caches. input buffer
By this simple buffer managing technique, we can avoid some frame delay STAGE 3:

. . . H . —_— COMPUTE DISTANCE
sophisticated data handling mechanisms in general-purpose multi- for all ROIs
processor systems, since they are not necessary in this specific ap- output buffer
plication. The implementation of such a system is also easier than
a general-purpose multi-processor system. K ROIs, K l

Although this parallel solution can reduce the energy of the pro-

cessors, it may increase the energy in the memory system. For ex-

ample, the memory must be designed to be multi-ported, which  Figure 9: Pipelined ATR with directly linked data connection
will increase the energy consumption. As many DVS studies do

not consider the impact ofco the memory system, we also focus on

the energy reduction to the processors. _ from its input buffer, which contains multiple frames; and tretay

DVS control is made very easy for this multi-processor system. i pe changed accordingly byl times forN frames. (BottN and
Since all processors are working on totally independent data sets,pgateddelayare set externally.) The delay for each frame is now
the DVS control of each processor is independent to each other, @Sanging from N to 4N — 1 frame delay. The modified algorithm
far as they all finish in allocated time slots with the same duration f5r sTAGEO is shown in Fig. 8. No change to the other stages is
delay. In the shared memory organization, the four running pro- pecessary.
cessors with different speeds pose some challenges to the memory |, ihis paper we present two types of techniques: |. paralleliza-
designer. The memory system must accommodate simultaneous acgqp, (Section 4.1.2), and Il. averaging the processor speed at a
cesses from processors at different speeds. . coarser grain (Section 4.1.1, 4.3). Our new super DVS technique

One alternative solution is to use some processors that can di-is 5 combination of these two techniques, plus DVS. It is notable
rectly pass its produced data to the consuming processor. Each prohat these new techniques and the existing power management tech-
cessor has built-in input and output buffers to hold its local data set. niques, including DVS (intra-task, and inter-task), static voltage
The entire content of the buffer can be read/written from/to other scaling (SVS), shutting down idle components, and etc., are orthog-
processors. If applicable, this type of processor is an appropriate onq) technigues such that they can be applied either individually, or
choice to implement ATR algorithm with super DVS technique. A i, compination. For example, if another parallel partition is avail-

sketch of directly linked data communication is shown in Fig. 9 able without finding an average speed for each processor, power
) ) ) and energy savings are still available. If DVS is not allowed, SVS
4.3 Coarser granularity: processing multiple frames to- can be applied to pipelined processors.
gether We will present some analytical results on energy reduction of

Our super DVS scheme reduces the energy and power of the procesSuUPer DVS technique in next section.

sors by introducing a 3-frame delay for each frame. If more delay

is allowed, we have an additional scheme that can save even more5  Apalytical Results on Energy Reduction
energy.

We have discussed previously that it is preferred to find an av- In this section we present an analytical study to the new super DVS
erage processor speed at a coarser granularity (more workload)technique. We compare the results with the best-known existing
We have already applied this technique in Section 4.1.1. We ob- technique, which is intra-task DVS.
served that different frames will be processed at different speeds
in STAGEL, STAGE2 and STAGE3 (STAGEO always has the same 51 An empirical processor model
speed), if we can find out the average speeds to process multiple
frames, we can expect more energy reduction. We assume an abstract processor model for our analysis. A param-

Such an addition is a straight-forward extension to the existing eterized voltage-scalable processor is shown in Table 1. The peak
scheme. The only change is tretaGeO will now fetchN frames power value is hormalized to 100 to simplify the comparison. We



Parameter Description Value . Energy Peak Power
Vmax the maximum supply voltage 3.3V Technique value * | % reduction | value * | % reduction
Vth the threshold voltage 0.8v Intra-task DVS 11.7 63.7
Fmax__|the maximum frequency 1GHz Super DVS (N =1 frame) 4.53 61.3% 3.17 95.0%
Pmax the maximum power consumption normalized to 100 when Nsw = 1. Super DVS (N = 2 frames) 4.45 62.0% 3.17 95.0%
Tmax the time overhead to swith between on and off| 50 ps, 50k cycles at full speed Super DVS (N = 4 frames) 4.38 62.6% 2.89 95.5%
V,F P, current voltage, frequency and power to be calculated Super DVS (N = 8 frames) 4.34 62.9% 2.10 96.7%

Input image data: series A (light workload)

Table 1: An abstract model of a voltage-scalable processor

. Energy Peak Power
Technique - -
value * | % reduction | value * | % reduction
wcCiIC Nsw Intra-task DVS 84.4 63.7
Seament |4 600 instruction) cerios | Numbe of | Numbe of targets | Frame Super DVS (N =1 frame) 334 60.4% 149 76.6%
LO 400 1 Frames per frame delay Super DVS (N = 2 frames) 33.2 60.7% 12.8 80.0%
L1 170 1 A 200 | 0-2 (lightworkload) | 16.7ms Super DVS (N = 4 frames) 33.1 60.8% 11.3 82.3%
L2 194 1 B 200 | 5-7 (heavy workload)| 16.7ms Super DVS (N = 8 frames) 331 60.8% 10.7 83.2%
L3 377 1 C 200 random 16.7ms . R
Input image data: series B (heavy workload)
(a) parameters of code segments (b) parameters of input data series
. Energy Peak Power
T bl 2 P f h d d d Technique value * % reduction value * | % reduction
able 2: Parameters of the code and input data = 205 37
Super DVS (N = 1 frame) 19.7 60.2% 18.8 70.5%
Super DVS (N = 2 frames) 17.9 63.8% 11.9 81.3%
) ) . Super DVS (N = 4 frames) 17.0 65.7% 10.9 82.9%
also assume all the four processors running pipelined ATR algo- Super DVS (N = 8 frames) | 164 66.9% 946 | 851%
rithms with super DVS are the same type of the processor as the Input image data: series C (random workioad) - gnergy and power values
one which is running the serial algorithm with intra-task DVS, al- are normalized
though in practical concerns they will probably be different types
of processors. ) ] Table 3: Energy and power saving achieved by super DVS
We use the following equations to compute parameterV.
— V)2 L
F=Cs (V —Vin) (1) 2. Super DVS can significantly reduce both power and energy
\ compared with intra-task DVS. The percentage reduction to
) peak power is more than the saving on energy. This is because
P = CpNswV“F (2 super DVS produces a more smoothed power profile, while

the power profile of intra-task DVS always has high peaks

Ct andC,, are processor dependent constants. They can be com- and sharp jitters.

puted by applying maximum values ¥fF,P. Ny is a factor in-
dicating the number of switching activities per cycle, it depends on 3. when the workload does not vary too much (series A and
the program. B), processing multiple frames together may not yield extra
. . gains. This is due to the fact that the average speed in mul-
5.2 Properties of the algorithm and data set tiple frames is not quite different from speeds in individual

Table 2(a) gives the instruction count of the loops in each stage. frames. While in §gries C, vyhere the Workload varies in a di-
These numbers are used in both intra-task DVS and super DVS to  VErSe range, additional savings can be achieved at a coarser
update the workload. The four code segments do not show a large ~ dranularity.

variance in power consumption, indicating that the fadtigy; is .

about the same for all segments. For simplicity we set them all to >4 The impact of DVS overhead

1. We assume the frame rate is 60 frames per second. Therefore the ot every DVS study has considered the DVS overhead, the over-

frame delay is 16.7ms. _ _ head to change the voltage of the processor. Mostly they assume it
We apply three series of inputimages. The first series A has very js eijther free, that is, the frequency and voltage of the processor can

few targets in each frame, ranging from 0-2. That is, the workload pe changed in zero time and zero energy, or the overhead is trivial.

of the algorithm is far less than the worst case. The second seriesThese assumptions are generally not true.

B has a heavy workload with 5-7 targets per frame. In set C, the  \ve propose an abstract model for an analytical study to see how

number of targets is random. The input data sets are summarized inyych the overhead can impact the energy cost of DVS techniques.

Table 2(b) Our model is simple: we assume a param@atgsy, which is the
) maximum time overhead when the processor is switched between
5.3 Power and energy reduction by super DVS off (F = 0) and full speedFmax.  Tmax iS @ processor dependent

constant. It indicates how quickly the processor can switch from
one voltage/frequency setting to another. We asstijag= 50us
_equivalent to 50,000 cycles at maximum clock speed.

Table 3 shows both energy and (peak) power reduction of super
DVS compared with intra-task DVS. We also vary the number of

fram rim r xamine the eff f an incr ran .
ames per image group to examine the effect of an increased gra For a frequency/voltage change from settiigF; to Vo/F, the

ularity by averaging the larger workload among multiple frames. . . ;
In all three input series, super DVS exhibits a 60% energy reduc- time overhead is scaled by the frequency differeficandFy, that

tion;and the peak power can be reduced by as much as 80%-90%'S"
We make following observations from the analytical results. .
_ - |R-F|
TV1 JF1—Ve/F = Tmaxpi (3
1. Intra-task DVS is not quite “low-power” in the sense that its max
peak power is always the same (the high-power spike) regard-  For simplicity, we also assume during the switching time, the
less of the workload, because it always starts from the worst average power overhead is the averag®0and P,, which refer
case. On the other hand, super DVS adapts both energy ando the power consumption before and after the change. The energy
power to the workload very well. overhead can be computed accordingly. In reality, the energy spent



DVS granularity

Techniques

Coarse-grain
100% workload
100% frame delay

Fine-grain
50% workload
50% frame delay

Very-fine-grain
10% workload
10% frame delay

Intra-task DVS

3.87%

7.52%

29.5%

Super DVS (N = 1 frame)

0.002%

0.004%

0.02%

Super DVS (N = 2 frames)

0.001%

0.001%

0.01%

Super DVS (N = 4 frames)

<0.001%

0.001%

0.005%

Super DVS (N = 8 frames)

<0.001%

<0.001%

0.003%

Table 4: Energy overhead vs. different DVS granularity

is compensated by increased parallelism. We propose a super DVS
technique that combines the parallel approach with DVS. We suc-
cessfully discover an optimal voltage setting for each processor to
minimize both energy and peak power. The new technique will en-
able the existing DVS techniques to further reduce energy by the
next order of magnitude. It also reduces the DVS overhead and
is proven to be more scalable to finer-grained applications, where
the overhead to change the processor’s voltage setting is very costly.
We believe our new technique is generally applicable to a large class
of signal processing applications with regular data access patterns.
The work proposed in this paper represents one of the core CAD
tools in a larger design framework for energy efficient embedded

on DVS may be even higher. Some other models of the overhead to
change processor voltage can be found in [1, 4].

systems.
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