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Abstract sion before and after communication transactions, it will be possi-
o . ble to save significant amounts of energy in communication. This
Transmitting compressed data can reduce inter-processor commumay sound like an obvious idea, and in fact it has been used from
nication traffic and create new opportunities for DVS (dynamic odem standard to cache and memory. For the multi-processor,
voltage scaling) in distributed embedded systems. However, datamessage-passing architecture studied in this paper, however, the
compression alone may not be effective unless coordinated with r44e-offs are not obvious and may even be counterintuitive. Com-
functional partitioning. This paper presents a dynamic program- pression can free up extra time budget by reducing the long com-
ming technique that combines compression and functional parti- munication delays in embedded systems. This extra time can be
tioning to minimize energy on multiple voltage-scalable processors jjized towards either higher performance, or as additional DVS
running pipelined data-regular applications under performance con- onnortunities for energy savings. Different compression algorithms
straints. Our algorithm computes the optimal functional partition- are available with different compression ratios, and even within an
ing, CPU speed for each node, and their respective compression rag|gorithm, it may be possible to set different target compression
tios. We validate the alglorlthmis eﬁectlvenes§ ona reql distributed t5ctors for both lossy and lossless algorithms. The compression
embedded system running an image processing algorithm. algorithm chosen by a sender will not only dictate the receiver’s de-
compression algorithm, but also determine the receiver’s I/O delay
1 Introduction and CPU speed. Thus, it can make a global impact on all commu-
) ) i ) nicating processors on their choices of compression algorithms and
Dynamic voltage scaling (DVS) has been studied extensively as acpu clock rates with DVS. The design space becomes even larger
power-saving technique for applications with slacks. By lowering if we also consider multi-speed communication interfaces.
the voltage and slowing down the processor to fill the slack, one  The main challenge is that the selection of CPU speed, communi-
can potentially achieve quadratic energy saving in CMOS technolo- cation speed, and compression algorithms cannot be performed in-
gies. However, if the application does not have much slack to begin dependently or greedily, because a local decision can have a global
with — that iS, if the processor is alWayS around its peak utilization impact_ The CPUs cannot all be run at the S|0west’ most power-
— then DVS will not achieve any saving alone. Instead, it is well efficient speeds, because they must compete for the available time
known that by increasing parallelism, one can afford to slow down and power with each other and with the communication interfaces.
the clock to enable more voltage scaling opportunities without per- A high-ratio compression algorithm with time and power overhead
formance loss. By partitioning the workload onto multiple proces- may actually save energy by creating opportunities for voltage scal-
sors, each processor is now responsible for only a fraction of the jng the processors. Greedily saving power for communication or
workload and can now afford to slow down by DVS to run at more  computation may actually result in higher overall energy. At the
power-efficient levels. This, of course, assumes that the application same time, functional partitioning must be an integral part of the
is parallelizable and that architectural overhead on the pal‘allelism Optimization |00p’ because different partitioning schemes can dra-
can be well amortized. In processor-based systems, having multiplematically alter the communication and computation workload for
processors means either shared memory or message passing congmch node. For a given workload on a networked architecture, our
munication. This paper assumes message passing communicatioproblem statement is to generate a functional partitioning scheme,
for modularity and scalability reasons. select the corresponding compression/decompression algorithms,
While distributed systems have many attractive properties, they and select the speeds of processors to perform computation tasks
pay a higher price for message-passing communication. Each nodeand compression/decompression, such that the total energy is min-
now must handle not only I/O with the external world, but also I/O  jmized. In general, this is an extremely difficult optimization prob-
on the internal network. Common communication interfaces such |em. Fortunately, for a class of systems with pipelined commu-
as RS-232 or BlueTooth are serial and are relatively slow. As a nication patterns under a latency constraint, efficient, exact solu-
result, even if the actual data workload is not large on an absolute tions exist. This paper construct such a system model and formu-
scale, it appears expensive relative to the computation performanceate the energy consumed by communication, computation, com-
that can be delivered by today’s low-power embedded micropro- pression and decompression within their available time budget. We
cessors. Since /O transactions always appear on the critical pathspresent an efficient multi-dimensional dynamic programming solu-
in that they carry data dependencies between processors, they havgon to minimize system energy. We demonstrate the effectiveness
become a limiting factor in exploiting DVS opportunities through  of this technique with an image processing algorithm mapped onto

parallelism. a fully implemented distributed embedded system.
Compression has been applied to saving energy and increasing
effective bandwidth in many areas, ranging from telephone modems 2  Related Work
and faxes to caches and memories. By compression and decompres-
Besides the well-known DVS techniques, previous studies also ex-
*This research was sponsored in part by DARPA contract F33615-00-1- plored compression schemes for caches and memory busses to re-
1719 and by National Science Foundation under grant CCR-0205712 duce energy in embedded processors. [8, 3] applied compression to
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Figure 4: Performance profile of ATR on Itsy.

Figure 1: The block diagram of Itsy. 180
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reduce the code size and memory accesses for an SoC architecture. o i o ‘

[4, 1] proposed bus encoding schemes to minimize the switching RECY o7 SPWD s
activities on the memory bus. These techniques often do not target

inter-processor communication for multi-processor systems. Figure 5: Power profile of ATR on Itsy.

Many power management techniques including DVS have re-
cently been extended to multi-processor systems. [9] extends DVS
to inter-connection networks by tuning the data rate with vari- 3.1 Running ATR on Itsy
ous power levels to reduce communication energy. [11, 10] pro-
posed partitioning the computation onto a voltage scalable multi- The structure of the ATR algorithm is shown in Fig. 3 and Fig. 4.
processor architecture that consumes significantly less power thanlt performs four sequential processing stages to an image frame.
a single processor. [5] reduces switching activities of both func- We constructed a parallel version of the algorithm such that it can
tional units and communication links by partitioning tasks onto be mapped onto 1, 2, 3, or 4 Itsy nodes with pipelined communi-
a multi-chip architecture; while [7] maximizes the opportunity to cation patterns. Given iame delay Das the performance con-
shut down idle processors through functional partitioning. All these straint, the host computer provides one image and collects one re-
techniques primarily focus on either the computation or the commu- sult in everyD seconds. Pipelining allows each Itsy node to run at a
nication aspect without exploring the interaction between them. lower frequency while maintaining the same throughput. However,
communication between adjacent nodes costs additional time and
power. Fig. 4 also summarizes the performance profile of ATR on
3 Motivating Example Itsy. The performance degrades proportionally with the CPU clock
frequency. The maximum data rate of the serial port is 115.2Kbps,
Our experimental platform consists of multiple Itsy pocket comput- though our measured data rate is 70—-80Kbps over TCP/IP. There-
ers as distributed processing nodes. Itsy was developed by Com-fore, even though the raw data size is not large, the communication
pag Western Research Lab [2, 6]. It supports DVS on the Strong- still takes long delays (e.g., 0.85s for 8K bytes). To reduce long
ARM SA-1100 processor with 11 different frequency levels from communication delays, we compress the data before transmission
59-206.4MHz. lIts block diagram is shown in Fig. 1. We mapped and decompress after usiimggip on the host computer (source
an automatic target recognition (ATR) image processing algorithm and sink of images) and on each of the Itsy nodes (image process-
onto this distributed architecture with multiple Itsy Pocket Com- ing stages). Compression and decompression take less than 10ms.
puters to evaluate the impact of data compression with different For brevity they are omitted in Fig. 4.
performance vs. power trade-offs. Fig. 5 shows the measurement results of the current draw (in mA)
We set up a separate host computer with multiple serial ports to over different speeds of an Itsy node running different tasks. The
to connect the Itsy nodes with each other through PPP connectionshorizontal axis represents the frequency and voltage levels. Itsy has
The host computer also provides IP forwarding service to allow Itsy a 4V lithium-ion battery supply. Therefore, the curves refer to the
nodes to communicate with each other transparently on the sameactual power consumption ranging from 100mW to 700mw. We
TCP/IP network. The network configuration is shown in Fig. 2. refine the tasks of this multi-node ATR system as follows:




Power Power

Compression and CPU Speed Selection
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Fig. 6(d) shows an alternative solution. It runsco andcomp at
higher frequencies to allocate more time budgetrioc As a re-
sult, taskProccan be run with a reduced clock rate at 100MHz to
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onpecoandcompthan (c) does, (d) can still be a better solution if
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Figure 6: The impact of data compression to one node.

Name of task] Description it can save more energy @roc Deciding whether this is possible

SEND sending communication transaction requires simultaneousggelection of the gPU speeds and Eom ression

RECV receiving communication transactian quir . ; - SP and comp

SROC execution of the ATR algorithm algorithms. A dlf_fere_nt compression algorithm can significantly aI_—

comP data compression befosEND ter the communication delay and the compression/decompression
P . time, which would result in a different slack available for DVS.

DECO data decompression aftREcv

Tasksbeco andcomp dominate the power consumption. How-
ever, since their execution delays are short, tasdcis the primary
energy consumerseNbandRECV also take long delays, but their ~ Next, we map the ATR algorithm onto multiple pipelined nodes.
power levels are relatively low. We allomroG DECO, andcompto Fig. 7 shows a two-node pipeline in which the whole computation
operate at any CPU clock rate enabled by DVS. However, during workload is partitioned onto two nodé¢ [1],N’[2]. Having two
communication (that issENDandRecY), we set the CPU speed to  nodes requires nod¥'[1] to transmit its output t&\’[2]. This is an
the lowest power state (0.919V at 59MHz), since there is no perfor- extra communication transaction not in the single-node case and is
mance benefit to running the CPU faster during serial communica- denoted asend1] — REcV[2]. All stages of the pipeline must have
tion. When a node idles, we also set its CPU frequency to 59MHz. the same deadlin® such that if nod&\’[1] is fed one image frame
In addition, to avoid extra power draw from other components, we in everyD seconds, noddl’[2] must always produce one result in
completely shut down unnecessary peripherals, including the LCD everyD seconds.
screen and the speaker during all experiments. The trade-offs between communication and computation with
data compression discussed earlier for the single node are generally
applicable to pipelined multiple nodes, too. With multiple nodes,
network contention tends to have a greater impact on the entire sys-
Fig. 6 illustrates the trade-offs between compression and DVS for a tem and therefore must be avoided through the selection of com-
single node in a distributed system. The node performs wekg pression algorithms and partitioning schemes.

DECO, PROG COMP, SENDin a sequential order. The areas of the
bars represent the energy consumption. The dBlegpresents the ~ Compression Algorithm Selection in the Pipeline
performance constraint.

3.3 Data Compression for Pipelined Nodes

3.2 Data Compression for One Node

Having a choice of compression algorithms adds a new dimen-
sion of communication-computation trade-offs in multiple proces-
Compressed Data vs. Raw Data sors. By selecting a compression algorithm for a sender, it forces
the receiver to choose the corresponding decompression algorithm,
thereby affecting not only the receiver’s communication delay but
also the receiving node’s CPU speed. Then, the choice of the re-
ceiver's CPU speed could further affect the receiver's compression
algorithm and the subsequent nodes in a chain effect. A locally op-
imal choice for the first node will not necessarily lead to a globally
ptimal solution.

Fig. 6(a) shows a node without data compression. Due to the long
communication delays, the processor must rur200MHz to fin-

ish all tasks by timé. In Fig. 6(b), data compression reduces the
communication load at the cost of additional computation work-
load. If the reduced communication delay exceeds the extra com-
pression/decompression delays, then this new slack can be applie
towards DVS at a much lower power level (150MHz). Compres-
sion/decompression could also aIIo_w tht_a_node to deliver higher per- Partitioning with Compression
formance with a reduced delay on its critical path.

Data compression also affects the choices of partitioning schemes.
The Impact of Different Compression Algorithms This is primarily because different data do not compress equally

well even by the same algorithm. As an example, Fig. 7(a) shows
Different compression algorithms can achieve different compres- the the optimal partitioning scheme without data compression for
sion ratios over a given piece of raw data. Unlike Fig. 6(b) which two nodes with the minimum internal communication payload
uses only one compression algorithm, Fig. 6(c) applies alternative (8.3KB). However, Fig. 7(a) is no longer optimal with data com-
algorithms with higher compression ratios to further reduce com- pression, because the internal data fidf@] to N[3] cannot be ef-
munication delays. This creates DVS opportunities for reducing the fectively compressed (8.3KB down to 7.4KB), and the relatively
CPU clock rate to 120MHz. Algorithms with higher compression long communication delay limits DVS opportunities. The optimal
ratios typically require more energy with more CPU cycles, but if partitioning scheme is shown in Fig. 7(b) by remapping ts&k
this overhead can be more than compensated by aggressive DVSto nodeN’[2]. Although the raw data size from[1] to N[2] is
then (c) will consume less energy than (b). also 8.3KB, the data can be compressed very well (8.3KB down to
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0.6KB) to effectively reduce the communication delay. As a result,

both nodes are able to operate at much lower power levels with
more energy savings, although the computation loads on the two

nodes are more imbalanced compared to Fig. 7(a).

Compression to Reduce Network Contention

Given the assumption of a shared communication medium, all com-
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Figure 9: Timing and power diagram of a processing node.

To summarize, this paper exploits communication-computation
trade-offs in the context of a distributed embedded architecture.
These trade-offs include timing budget for both communication and
computation, compression algorithm selection with DVS fragmen-
tation, and compression algorithm selection with functional parti-
tioning. We next formulate a multi-dimensional optimization ap-
proach to effectively minimize energy consumption for both com-
munication and computation on all nodes.

4 System Model

This section defines a system-level performance/energy model of a
distributed embedded system running an application with a natural
pipelined organization. We first define the process-to-architecture
mapping followed by the associated cost functions.

4.1 Node

A nodeis a computer in our system. It consists of a processor, local
memory, one or more communication interfaces, and optional com-
pression and decompression units pmcessing jotassigned to a
node is modeled in terms of fitasks RECV, DECO, PROG cOMPand
SENDthat must be executed serially in this order. A node receives
data byrecv, decompresses the data bgco if necessary. Then
taskProc produces the result that can be compresseddmyp if
necessary. Finally, the result is sent to the next nodeelyp Fig. 9
shows the timing vs. power diagram of a hode. The total area of
these five tasks plus the idle period represents the energy consump-
tion of the corresponding node.

Each task has iteorkload W. For the computation tasksRog
pecoandcomp, their workloadWp, Wy andW refer to the number
of cycles. For communication task&cv and senn workloadW,
andWs indicate the communication payloads in the number of bits.

Let Tp, Ty, Ts, Ty, Tc denote theexecution time®f tasksPROG
RECV, SEND DECO and comP, respectively. The performance con-
straint is adelay Dto finish all tasks, that i + Ty +Tp+ Tc + Ts <
D for the five serialized tasks. There could be an idle peTigd
during which the node is not performing any of the five tasks.

1)

Let Fp denote the CPU clock frequency to perform taskg F
andFs the respective bandwidths for receiving and sending, and let
Fq andF; be the processing speeds of decompression and compres-

Tr+Td+Tp+Tc+Ts+Tid|e:D

munication transactions should be scheduled into different time sion, performed by the processor or other hardware units Pj.et
slots. Since a transaction consists of a pair of send and receiveR, Ps, Py, andP. denote thepower level of tasksandEp, E;, Es,
tasks on neighboring nodes, they should be scheduled together. A€y andE; be theenergy consumption of task3yie andEjg;e be the

an example in Fig. 8(asend1] andrecy2] should always occupy

power level and energy consumption of the idle period. Finally, let

the same time slot. In the case of long communication delays, two Ey denote the energy consumption of a node. We have

different transactions such ascy1] andseng2] might overlap in
time slots, causing network contention. If the network utilization
is over-saturated, one way to eliminate network contention is to in-
crease the stage del®y but this causes performance degradation.
Alternatively, data compression can reduce network utilization and
eliminate the network contention while maintaining the same per-
formance, as shown in Fig. 8(b).

Wo.

. Ws . Wy _ W
To=¢ T=F To=p Ta=%5 =%
Ep=PpTp; E=RT; Es=PRTg 3)
Eq =PuaTa; Ec=FcTe; Eidle = RdieTidle;
EN = Ep+Er+Es+ Ed+Ec+Eid|e (4)



(2) is a reasonable estimate for processing units executing data-

dominated tasks, includinerog bEco andcomp, where the total
cyclesW can be analyzed and bounded statically. The communica-
tion bandwidth is normally less than the rated maximum data rate
and can be measured or profiled.

A node can choose from a set[1 : C] of compression algo-
rithms. The corresponding set of decompression algoritgi :
C] must be used by the receiver to correctly recover the raw data.
We denote a decompression and a compression algoritig As,
which are members of two ordered sets of algorithis,c ag
and Ac € d¢, respectively. If the raw data is compressed by the
jt" compression algorithmi¢[j], it must be decompressed by the
jt" decompression algorithng[j] on the receiver. Decompression

or compression are not necessary if the node receives or sends un-

compressed data. Without loss of generality, we order the two sets
of algorithms such thatic[1] and ag[1] perform no compression
and decompression, and their execution time is zero. That is, if
Ag = ag[1] or Ac = a¢[1], thenTy =0 orT; = 0.

It must be noted that some parameters are functions of other pa-
rameters rather than constant values. For example, communication

workloadW;, Ws and delayT;, Ts are functions ofAy and A¢ re-
garding different compression algorithms and compression ratios,
which are dependent on not only the raw data s¥eg, and\W\s,,,,
but also the “data nature” (how compressible the data is with re-
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spect to the compression algorithms) of the raw data. To be precise,

workloadWy, We, Wr, Ws should be denoted as functionsAyf, Ac

and the raw dateaw, Sraw, €.9.,Ws(Ac, Saw) indicating the data to

be sent is a function of the compression algorithgrand the raw
datasaw. These functions can usually be analyzed or profiled as
lookup tables. For example, in the ATR algorithm, each compres-
sion algorithm’s delay, power and compression ratio for different
background scenes can be profiled, and the results can be organize
as lookup tables.

Figure 10: A three-node pipeline.

terval with durationD, which is the delay of each pipeline stage.
During each time interval with a duratidD, the first node of the
pipeline will be fed with one set of incoming data; meanwhile one
get of resulting data will be produced by the last node. The pipeline
timing diagram can easily identify conditions of network contention

We assume the CPU frequency can be chosen from a discreteon the shared communication media.

ordered setp1 : §, that isFp € @1 : §. For example, a voltage

Let E[i] be the energy consumption of a nddg| (4). Thetotal

scalable processor can operate at a few discrete clock rates. If de€nergy consumption of a pipelingygis defined as follows,

compression and compression are performed as software routines
on the processors, their speeds are also chosen from the same set,

Fq,Fc € 9[1 : §. The power levels of taskeroc DECO, comP are
directly related to the CPU frequencies. In addition, the tasks may
consume different power levels even if they run on the same proces-
sor with the same clock rate. Therefore, the power leRglBy and

Pc are also functions (lookup tables) B, Fy andF, rather than
constant values. For example, the ATR algorithm’s power profile
on Itsy (Fig. 5) consists of multiple lookup tables. In this paper we
omit the details of lookup tables to keep the notation concise.

4.2 M-node Pipeline

We consider a specialized organization, calledvenode pipeline
of such a distributed embedded system. It consistd gipelined
nodesN[1 : M]. Each nodeN[i] receives data from the previous
nodeN|i — 1] (except the first nodsl[1] that receives from an out-

M
Esys: E[i] (5)
o)

An M-node pipelineN[1 : M] can be partitioned intd1’ seg-
ments and mapped onto &-node pipelineN’[1 : M'[(M' < M)
by merging adjacent nodéd]i : jj(i < j) into a new nodeN’[k].
The new nodeN’(k] combines all computation workloads. Com-
munication transactions within a node become local data accesses,
and the corresponding compression/decompression tasks are elimi-
nated. ThatisWh[k] =3/ Wpll], W/ [k] =W [i], WZ[K] =W&[]], and
W (K] =Wyli], W[k = We[j]. The newM’-node pipeline is called a
partitioning of the initial M-node pipeline.

5 Problem Formulation

In this section we formulate three energy minimization problems

side source), followed by decompression (if necessary), processingpy: (1) compression algorithm and CPU speed selection for one
compression (if necessary), and finally sends the result to the nextnode, (2) compression algorithm and CPU speed selection for a

nodeN[i + 1] (except the last nodd[M] that sends the result to an
external destination). Each pair of taskesdi] — RECVi + 1] refers

pipeline with a fixed partitioning scheme, and (3) combined com-
pression algorithm and CPU speed selection with functional par-

to the same communication transaction with the same data on bothjtioning for the pipeline. For all three problems, we assume the

ends. We assumsendi] andRecVi + 1] take the same commu-
nication delay, and they start and finish at the same time. That is,
We[i] = Wi [i + 1], Fs[i] = Re[i + 1], Ts[i] = Ty[i + 1]. In each pair of
taskscompi] — pecd|i + 1], the decompression side must choose
the appropriate algorithm to correctly recover the data. That is, if
Acli] = aclj],Adqli + 1] = aq]j]. All nodes have the same delly

and each node acts as a pipeline stage with deldyig. 10 shows

an example of a three-node pipeline. Fig. 10(b) shows the pipelined
timing diagram by folding the tasks in Fig. 10(a) into a common in-

delay, power and compression ratios of all corresponding tasks are
known as functions or look-up tables and the details are omitted.

Problem 1. Optimal Compression Algorithm and CPU Speed Se-
lection for One Node
Given

(@) anodeN with processing loa,, communication
payloadW\. ., , Ws,,, in raw datarraw, Sraw, and



OP-I—']-(\Nfraw‘r\Nsravap'rud[l :CLGC[]- :C],(p[l ZQ,D) ACM = GC[X} andAd [l + 1} = ad[y], thenX: Yy (i.e-,

1 Bop o sender and receiver agree on the choice of com-
2 fori<—1toCdo

3 computeE; with As — agli pression/decompression algorithms)

4 forj—itoCdo (2) CPU speedsp[1:M] € M, Fy[1:M] € ¢M, and

5 COMPUteEs with Ac = 0t j] Fe[1:M] € ¢ to minimize energyEsys

6 for k< 1to Sdo

7 computeEq with Ag = agli], Fa = @[] In an M-node pipeline, there argl + 1 communication trans-

8 for | —1to Sdo actions that require a combination bf+ 1 pairs of independent

9 computeE. with A = de[j], Fe = ¢l] compression/decompression algorithms. The CPU speed selection
12 de“"eEth Eidie is anO(S?) procedure to be performed & nodes. Therefore, the

12 i?OETcZL; E‘lfthen Eon  Enode overall enumeration space &CM*1s’M). Problem 1 becomes

13 return Eop a special case whad = 1. We propose a dynamic programming

solution to eliminate exhaustive enumeration. We construct a series
of optimal solutions to the sub-problems by selecting the compres-
Figure 11: AlgorithmopT-1: selecting optimal compression and ~ Sion algorithm for one node at a time. We compute the optimal cost
decompression a|gorithms and CPU Speeds for one node. function in terms of the minimum energy Consumptlon over the sub-
problems. Upon selecting a compression algorithm for each node,
the new optimal sub-solution can be computed from past optimal
(b) C compression algorithnes,[1:C], and the corre- sub-soluti.ons. Therefore, dynamic programming is appllic.aple.
sponding decompression algorithmg{1 : C], ~We define arenergy matrix O : M, 1 :C]. Each entryE[i, j] in-
(c) SCPU frequencieg(1: S dlcate_s the minimum energy pf a sub-pr_obler_n that sele_cts t_he com-
. ! pression algorithms for the firshodes, with thé!" nodeN(i] using
(d) the delayD to finish all tasks, algorithm Ac[i] = ac|j] for compression. All entries dE are ini-

Find tialized toeo exceptE[0, j] =0,V1< j <C.
(1) the optimal decompression algorithmAg € agq,
compression algorithm&; € ac, with 0 fori=0,1<j<C
(2) CPU speed$p,Fy,Fc € ¢ for tasksProgG DECO, o )
andcomp to minimize the total energi. Efi,j]= _ E[i— 1,1+ forl<i<M, 1<
MMm<i< | g fij(aqlllaclj)) | 15 S I network

The incoming data,aw and the choice of the decompression al-
gorithm A4 (assuming the sender will also agree to compress the o . . 3 :
data with the corresponding compression algorithm) determine the ~ (6) indicates that the optimal solution for the firstodes with

is contention-free
6)

energy consumptioE, for Recv. Similarly, the outgoing datsaw Acli] = ac[j] must be a combination of the following: (a) the min-
and the choice of the compression algoritAgdecide the energy imum energy of the first— 1 nodes with thei — 1)th node’s com-
Es for seNn ForDbeco andcomp, the decompression algorithfg, pression algorithnAc[i — 1] = a¢[l] for anl <C; and (b) the optimal
the incoming datdraw, and the CPU speelgy decideEy; andA, energy of thé'™™ nodeN(i] with the corresponding" decompres-

Sraw, Fe decideEc. ForProg Ep depends only ofp. The choices — sion algorithmAgli] = ag[l] andAc[i] = ac[j]. To compute (b), we
of Ay andA are independent for one node. So are the choices of can use algorithnoPT1 (Fig. 11) to optimize the single nodi],
Fq andF, but together they decidg, due to the timing constraint  with Ag[i] € ag[l : 1] andAc[i] € a¢[j : j]. Matrix E can be updated

D. Therefore, we must enumerate ogchoices of bothAq and only if the network is contention-free. The dynamic programming
Ac, an_dS choices of bothy andF. for the minimum energy con- algorithm can iterate (6) from=1,j = 1 untili =M, j =C. Fi-
sumption. nally, the minimum energy is mj6E[M, j]),Vj = 1,2,...,C. The

The algorithm shown in Fig. 11 has a runtime complexity of ~algorithm can be derived from a new algorithm to be presented in
O(C<S’). It selects the optimal compression/decompression algo- the next section (Fig. 12) as a special case. Therefore, we omit it
rithms, combined with the optimal CPU speed settings to overcome for brevity. Its time complexity i€D(C2$?M), which is practically

the DVS fragmentation problem. In reali§ and S are usually linear withM.
small integers ranging from 3 to 10. Therefore the runtime com- ) ) ]
plex|ty Of th|s a|gorithm is C|Ose to a constant. Problem 3 Optlmal CompreSSIon A|gOI’Ithm and CPU Speed Se'

lection with Functional Partitioning for Pipelined Nodes
Problem 2. Optimal Compression Algorithm and CPU Speed Se-

lection for Pipelined Nodes with a Fixed Partitioning Scheme Given
(@) M pipelined noded[1 : M] with workloadWp[1 :
: M}’\Mraw[l:MLWSraw[l:M]'
Given (b) C compression algorithns[1 : C], and the corre-
(a) a fixedM-node pipelineN[1 : M] with processing sponding decompression algorithog1 : C],
loadWp[1 : M], communication payload (1 : (c) SCPU frequencieg[1: S,

M],Ws,,,[1 : M] in raw data, and,

d) the same single-stage deRyfor all nodes,
(b) C compression algorithns;[1 : C], and the corre- @ g g f

sponding decompression algorithmg1 : C], Find
(c) SCPU frequenciegil : S, (1) the optimal partitioning\’[1 : M'], with
(d) the same single-stage deByfor all nodes, (2) compression algorithm&([1: M| € a¥’, and the
Find corresponding decompression algorithig(1 :
. . M’] € a', and
(1) compression algorithm&g[1 : M] € a¥, and the d , ,
corresponding decompression algorithrig/1 : (3) CPU speedBy[1:M'] € ¢, Fj[1:M'] € g™ and

M] ag", subject to the following constraint: if F1:M]e (p’W to minimize energ¥Esys



We propose a two-dimensional dynamic programming algorithm
shown in Fig. 12 to solve this more complex problem, whose solu-
tion space is exponential witd. 1 We define a three-dimensional
energy matrix B0 :M, 1:C,0:M] as follows: each elemekdi, j, K|

stores the minimum energy consumption of a sub-problem, which

maps the firsk original nodesN|[1 : k] onto a newi-node sub-
partitioningN’[1 :i], whose last nod'[i]'s compression algorithm
is selected to ba([i] = ac[j]. Matrix E is initialized toe, except
E[0,j,0]=0,V1<j<C.

The optimal energ¥(i, j, k] is the summation of two portions.
(a) E[i — 1,I,m] of a previous optimal sub-solution, which maps
m original nodesN[1 : m| ontoi — 1 new nodes\'[1 :i — 1], with
node N'[i — 1]'s compression algorithm selected &§fi — 1] =
acll]. Plus, (b) the last new nodi'[i] that combines original
nodesN[m+ 1 : k] with decompression algorithmj[i] = agll]
and compression algorith¢[i] = o¢[j]. The sub-solution (a)
has the optimal energl[i — 1,1, m|. (b) also must have the op-
timal energy for the only nod&’[i], and its optimal energy is
denoted anjj(aqll],aclj]). E[i,]j,K = min m(E[i — 1,1, m| +
Enji(aall],acfj]), V1< <C,i—1<m<k—1. Matrix E can
be updated by (7) only if the network is contention-free.

The algorithm is shown in Fig. 12. The global minimum en-
ergy is minj(E[i,j,M]),v1 <i <M,1<j<C. Computing
Envjij(aall], ac[j]) by calling algorithmopT1 (Fig. 11) requires
O(S?) time with both arraysug[1 : C],ac[1 : C] having only one
element as4[l : 1],ac[j : j]. The runtime complexity of the algo-
rithm is O(C?S?M3).

0 fori=k=0,1<
Sz
S min ) or1<i<k<
Bl k=9 "0 [ Eli-11,m+ M, 1<j<C,
C,i—kl§ En[i](ag[l],ac[j]) if network is
m<k-—

contention-free

If we letk =i in this algorithm, the new partitioning algorithm is
fixed to be the same as the original one, and the two loopskaued

OPT-M(W ay [1 : M],Wgay [1 : M, Wp[1 : M],0c[1:C],ag[1:C],9[1:5,D)
1 for i« 1toMdo

2 for j«— 1toCdo

3 for k«ito M do

4 Efi,j,K < o

5 for j«— 1toCdo

6 E[0,j,0] —0

7 for i« 1toMdo

8 for j— 1toCdo

9 for k«—ito M do

10 for | — 1toCdo

11 for m« (i—1) to (k— 1) do

12 if network is contention-frethen

13 Wy — S me 1 Wold]

14 E' e OPT-1(Whay, [M+ 1], W K], W,
15 agll < 1], 0l  j],@[1:S,D)
16 e—E[i—1,I,m+FE

17 if e<E[i,j,K thenE[i, .kl —e

18 Eopt «— retrieve from matrixe
19 return Eopt

Figure 12: AlgorithmopPTM: selecting optimal compression and
decompression algorithms and CPU speeds for pipelined nodes,
combined with functional partitioning.

0.1KB raw
0.10s

0.1KB gzipped
0.10s

16.4KB raw
1.7s

10.1KB gzipped
1.1s

8.3KB raw

0.885 0.6KB gzipped
o 0.15s
Target IFFT/ T * [FFT/IFFT/
Detection / Compute D arggt Compute
FFT Distance ctection Distance
0.31s @ 206.4MHz 1.9s @ 88.5MHz 0.60s @ 59MHz 2.5s @ 73.7MHz

(a) optimal partitioning without compression (b) optimal partitioning with compression

Figure 13: Partitioning schemes for two nodes.

m (at line 9 and 11) will be eliminated. Then, the same algorithm (I.B) Same as (L.A)D = 2.9s but with data compression. Even

can solve the previous Problem 2 on a fixed partitioning.

In reality, algorithmopPTM andopPT-1 should also compute the
optimal partitioning, decompression and compression algorithms,
and CPU speeds for all nodes. Since it is not difficult to derive the
optimal values of these parameters, we omit the details for brevity.

6 Experimental Results

We experiment with the ATR algorithm mapped onto one and two
Itsy nodes. The delap for each frame is used as the performance
metric. We repeat executing the ATR algorithm until the battery is
fully discharged. We definkto be the processed image count per
node and use it as a measure of energy efficiency.

I. Experiments with One Node

With the one-node configuration, we perform three experiments:

(1.€)

though the entire ATR algorithm is mapped onto one node and
internal communication is completely eliminated, compres-
sion still applies to communication with the external source
(host computer). As a result, the processor can reduce its
clock rate to 132.7MHz. Meanwhile the node can prodess
15.1K images with a 50% improvement in energy efficiency.

Same as (I.B) except it maximizes performance. With com-
pression, this achieves a higher peak performanfe=af.3s
while processind = 11.5K images. That is, it can speed up
the performance by 26% and increase the energy efficiency by
14% at the same time.

II. Experiments with Two Nodes

We also perform three similar experiments for the two-node
pipeline.

(I.A) The baseline configuration is a single Itsy node to run the en<j|.A) We useD = 2.9sfrom the the baseline configuration (I.A) for

tire ATR algorithm at the maximum CPU speed of 206.4MHz,
without data compression. Its peak performanch is 2.9s
for each frame and the node can prockss10.1K images
before the battery is exhausted.

Mi 1 i—node partitionings, each having+ 1 compres-
sion/decompression instances w@h* choices, combined witl8* CPU speed enu-

-1 )it _
1 )ISC =

IThere are( '

merations oni nodes. The total number of 5;0Iutionsz’ﬂ1 ( ,\I/I

C22(C+1)M2(CM+1)

two nodes, without data compression.

(I1.B) D = 2.9swith compression for energy efficiency

(II.C) With compression and maximum performance

For (II.A), the best partitioning scheme[1 : 2],N[3 : 4] with-
out compression is shown in Fig. 13(a). With more parallelism, the
CPU speeds may be reduced on both processors. However, the first
node must still run at the fastest speed of 206.4MHz to achieve the
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Figure 14: Extended solution space with data compression.

same performance & = 2.9s, due to the long communication de-

energy-efficient states. It is critical to balance the time and power

lays. The second node can operate at 88.5MHz with a much lower budget for both communication and computation on each node and
power level. As a result, the two-node pipeline can process 21.2K across the whole system. With data compression, the system can

frames with two batteries. Therefore= 10.6K. Compared with

be tuned towards either high performance with shortened critical

(I.A), The energy efficiency is improved by 5%. The increased par- delays, or low power with extra DVS opportunities. We present
allelism with two nodes cannot further improve performance due to an exact multi-dimensional dynamic programming formulation that
imbalanced workload, where the first node must run at the highest produces the energy-optimal solution as defined by a partitioning

speed.

scheme with compression algorithm selections for all tasks. This

(11.B) shows that data compression unveils a new optimal parti- technique is applicable to a whole class of data-oriented systems
tioning asN[1],N[2 : 4] (Fig. 13(b)), because the raw data between that can be structured in a pipelined organization.

the two new partitionings can be very well compressed (8.3KB

down to 0.6KB). The saved time budget allows both nodes to re- Acknowledgment

duce their CPU clock rates to 59MHz and 73.7MHz, respectively.
While not perfectly balanced because the second node must now,
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efficiency is increased by 38% with 27.8K images being processed References

by two nodesl(= 13.9 K).

(I1.C) Data compression also allows a 100% speedup Rith
1.45s and a 16% improvement in the energy efficiency with
11.6K. Without data compression, it would be impossible to deliver
higher performance with two nodes in (IL.A).

In summary, Fig. 14 presents the Pareto views of solution spaces
of our experiments. We sketch the boundaries of the solution spaces
with straight lines for brevity. The performance efficiency and en-
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