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ABSTRACT

Dynamic voltage scaling (DVS) is an effective method for re-
ducing processor power consumption. We present a compiler-
based technique for DVS-based power optimizations of mul-
timedia applications in the context of the Multi-Level Com-
puting Architecture (MLCA)—a novel architecture for par-
allel systems-on-a-chip. Our technique combines dependence
analysis of long-running loops with profiling information in
order to identify the slack available in the execution of par-
allel tasks. DVS is then applied to slow down processors
executing non-critical-path tasks, reducing power with little
or no impact on execution time. We evaluate our technique
using realistic multimedia applications and a simulator of
the MLCA. The results demonstrate that up to 10% sav-
ings in processor power consumption can be achieved with
no more than 1.5% increase in execution time. Although
our technique is developed in the context of MLCA, we be-
lieve that it is applicable in the broader context of task-level
parallelism in multimedia applications.

Categories and Subject Descriptors

C.1 [Processor architectures|: Parallel architectures; C.3
[Special purpose and application-based systems]: Real-
time and embedded systems; C.4 [Performance of sys-
tems]: Design studies
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1. INTRODUCTION

The Multi-Level Computing Architecture (MLCA) [11] is a
novel architecture for parallel systems-on-a-chip (SOCs). It
features multiple processing units and a top-level controller
that automatically exploits parallelism among coarse-grain
units of computation, called tasks, using techniques similar
to those used by superscalar processors for the extraction
of instruction-level parallelism. The MLCA supports a pro-
gramming model that is similar to sequential programming,
making the MLCA an attractive architecture for multimedia
and streaming applications.

Power consumption remains one of the critical design con-
straints in today’s embedded systems. These systems more
often than not run on batteries, yet improvements in battery
technology have failed to keep pace with increased system
power consumption, particularly the power consumption of
processors [13]. Consequently, techniques for power con-
sumption reduction have attracted considerable interest in
recent years.

Dynamic Voltage Scaling (DVS) is one of the main tech-
niques for reducing the power consumption of processors.
Using DVS, the supply voltage and operating frequency of a
processor can be varied during run-time in order to achieve
a trade-off between processor performance and power dis-
sipation. Today, there exists a number of DVS-enabled
processors, including the Intel XScale [9], the IBM Pow-
erPC 405LP [17], and the Transmeta Crusoe processor [21].

In this paper, we investigate the use of DVS for the MLCA.
More specifically, we consider the use of DVS-enabled pro-
cessors as processing units in the MLCA and propose a novel
profile-driven compiler technique for voltage selection and
task scheduling for MLCA applications. The proposed tech-
nique targets long-running loops. It combines analysis of the
loop dependence graph with profiling information in order
to deduce properties of the dynamic task graph that repre-
sents the run-time execution of tasks in the loop. Based on
these deduced properties, our algorithm computes the opti-
mal voltage level for the execution of each task. The task
scheduling scheme is also based on the properties of the task
graph and complements the voltage selection algorithm.

Previous work in the area of DVS-based power optimiza-
tions for parallel systems, which we survey in Section 5,
has focused on real-time applications with small task graphs
(up to several tens of tasks), possibly executed periodically.
For such applications, the problem of power optimization is
reduced to a single instance of the task graph, which can
be analyzed using computationally-intensive algorithms. In



contrast, our work targets real MLCA applications, in which
task-level parallelism is extracted from programs by means
akin to the parallel execution of machine instructions in a
superscalar processor. The task graph of such an applica-
tion is fully defined only at run-time. Even if we introduce
simplifying assumptions about the control-flow that enable
the task graph to be known at compile time, the task graph
can be arbitrarily large and therefore unanalyzable using
previously proposed techniques. Furthermore, the run-time
task graph of a loop in an MLCA program cannot be par-
titioned into small subgraphs that could each be analyzed
separately. This is because most of the parallelism in these
task graphs stems from pipelining loop iterations, resulting
in cross-iteration dependences that prevent partitioning of
the task graph. Thus, the novelty of our technique lies in
identifying regularities in the control-flow of loops in a wide
range of multimedia applications, in using these regularities
to infer at compile-time the properties of the run-time task
graph, and in novel heuristic algorithms for voltage selection
and task scheduling capable of handling such task graphs.

We implement and evaluate our technique using 3 realistic
multimedia applications and a simulator of the MLCA [11].
The results indicate that our technique is successful at re-
ducing processor power consumption by 5-10%, with min-
imal increase in execution time (no more than 1.5%). Al-
though our technique specifically targets the MLCA, we be-
lieve that it is applicable in the more general context of
task-level parallelism in multimedia applications based on
pipelining the processing of individual units in the input
media stream.

The remainder of this paper is organized as follows. Sec-
tion 2 gives an overview and our assumptions of the MLCA,
the task execution model, and dynamic voltage scaling. Sec-
tion 3 formulates the problem and presents our technique.
Section 4 describes our experimental evaluation. Section 5
surveys related work in the area of DVS-related power op-
timizations. Finally, Section 6 presents concluding remarks
and directions for future work.

2. BACKGROUND

21 TheMLCA

The MLCA [11] is a novel 2-level hierarchical architecture,
aimed at parallel SOCs and primarily intended for multime-
dia applications. The lower level consists of multiple pro-
cessing units (PUs), and the upper level of a controller that
automatically exploits parallelism among coarse-grain units
of computation, or tasks. A PU can be a full-fledged pro-
cessor core, a DSP, a block of FPGA, or any other type of
programmable hardware. The top-level controller consists
of a control processor (CP), a task dispatcher (TD), and a
universal register file (URF). A dedicated interconnection
network links the PUs to the URF and memory, as shown
in Figure 1(a). In this paper, we assume that the target
MLCA architecture features a homogeneous set of PUs with
uniform access to a shared memory.

The novelty of the MLCA stems from the fact that the
upper level of the hierarchy supports parallel execution of
tasks, using the same techniques used in superscalar pro-
cessors, such as register renaming and out-of-order execu-
tion. This leverages existing processor technology to exploit
task-level parallelism across PUs, in addition to possible
instruction-level parallelism within each task. The similar-

ity of the MLCA to the microarchitecture of a superscalar
processor can be seen in Figure 1.

The MLCA supports a programming model that, similar
to sequential programming, does not require programmers to
specify task synchronization and inter-task communication.
It only requires programmers to express an application in
terms of a sequential control program, which contains task
instructions, and a set of task functions, each a sequential
function with a specified number of input and output URF
registers. The control program is executed by the CP, and
the task functions are executed by the PUs. At run-time,
each task executes one of the task functions, and corresponds
to a task instruction executed by the CP.

The CP fetches and decodes task instructions, each of
which specifies the inputs and outputs of the task as reg-
isters in the URF. Data dependences among task instruc-
tions are detected by identifying the source and sink registers
in the URF, in the same way that dependences among in-
structions are detected in a superscalar processor. The CP
renames URF registers as necessary to break false depen-
dences among task instructions. Decoded task instructions
are then issued to the TD unit. The default task schedul-
ing scheme in the MLCA system is based on a simple FIFO
task queue, which orders the task instructions according to
their sequential execution order, and round-robin selection
of PUs. Based on the dependences that occur at run-time,
tasks can be issued out of order, and may complete and
commit their outputs also out of order. Besides the task
instructions, the control program can also contain control-
flow instructions. Conditional branches are implemented by
means of a set of control registers in the CP, which can be
written by task instructions.

In order to port a sequential application to the MLCA,
it is necessary to partition the sequential program code into
task functions and write the control program. Once the task
functions are formed, they can be compiled using standard
compilers for the architectures used as PUs in the MLCA.
The MLCA benchmark applications used in this paper are
ported to the MLCA manually. However, research into com-
piler support for the MLCA that would automate large parts
of this process is in progress [2].

The control program is written in an assembler-like lan-
guage called HyperAssembly. An example of a control pro-
gram is shown in Figure 2(a). It shows a single loop, ex-
ecuting task instructions S1—S4 that invoke task functions
T1—Tu, respectively. The type of access for each register is
indicated as read (r) or write (w) next to the register sym-
bol. Task function T4 writes to the control register C'R1,
and the subsequent conditional branch checks this register.

The tasks in the above example must be executed sequen-
tially, because of the true data dependences S16%S, and
5365y, as well as false dependences S16°S3 and S26°Ss.
However, the CP renames registers at run-time to break
false dependences and thus allow some parallel execution.
The control program after register renaming is shown in
Figure 2(b). With both false dependences eliminated, T3
can be executed in parallel with T3, and after T3 writes its
outputs, T4 can proceed regardless of the status of 77 and
T>. Furthermore, since the direction taken by the branch
instruction S5 depends on the result written into CR1 by
T4, there is a control dependence between S4 and the sub-
sequently executed task instructions.

The number of renaming registers impacts the perfor-



Control Processor

Task Dispatcher

Universal
Memory

Register
File

Interconnection Network

(a) MLCA

Fetch & Decode

Execution

(b) Superscalar processor

Figure 1: Comparison between the MLCA and a superscalar processor

S1: task T1, Rl:r,R2:w,R3:w

S2: task T2, R2:r,R3:r,R4:w

S3: task T3, Rl:r,Rb6:r,R2:w,R3:w
S4: task T4, CR1, R2:r,R3:r,R5:w
S5: if (CR1 & 0x02) goto S1

S6: stop

(a) Original code

S1: task T1, R1:r,R2:w,R3:w

S2: task T2, R2:r,R3:r,R4:w

S3: task T3, R1:r,R5:r,R101:w,R102:w
S4: task T4, CR1, R101:r,R102:r,R5:w
S5: if (CR1 & 0x02) goto S1

S6: stop;

(b) After register renaming

Figure 2: An example of HyperAssembly code and
register renaming

mance of MLCA programs; a larger number of renaming reg-
isters allows more false dependences to be eliminated [11]. In
this work, we assume that the number of renaming registers
is large enough to eliminate all false data dependences, and
that the number of processors is the maximum allowed by
the scalability of the applications. This is reasonable since
we expect that maximization of parallelism will be one of
the goals of the system design. Besides, applications run-
ning on a system with a number of processors smaller than
the maximum tend to have high levels of processor utiliza-
tion and therefore do not offer significant opportunities for
power optimizations using DVS.

2.2 Execution Modd

The execution of the control program by the CP at run-
time can be represented by a directed acyclic graph, which
we refer to as the task graph. The nodes of the task graph
represent individual tasks (i.e. instances of task instruc-
tions), and the edges represent dependences between pairs
of tasks. We add two additional nodes T7nx and Toyr to
the task graph, corresponding to program entry and exit.
Figure 3 shows the task graph of the HyperAssembly pro-
gram in Figure 2, with and without the register renaming.
In this example, we assume that two loop iterations are exe-
cuted before the exit from the loop. For simplicity, in cases

(b) With register renaming

Figure 3: Task graph of the HyperAssembly pro-
gram from Figure 2. Solid lines denote true data
dependences, dashed lines false data dependences,
and dotted lines control dependences.

when there is more than one dependence between a pair of
tasks, we show only one edge in the graph. In the figure,
symbol T'n; denotes the task that executes the task function
Twn in loop iteration i. From the task graph, it is obvious
that the register renaming eliminates the false data depen-
dences, enabling the parallel execution on two processors of
the originally sequential task graph.

The nodes of the task graph are labeled by the execution
times of tasks (not shown in Figure 3). The minimal exe-
cution time of the application is equal to the length of the
longest path in the task graph, i.e. the critical path. The
execution of a program on the MLCA is equivalent to the
scheduling of the task graph on the corresponding set of PUs
using the task scheduling algorithm employed by the MLCA
control unit.

We assume that the compiler system is capable of collect-
ing profile data by running the application or simulating its
execution. However, we do not require knowledge of the ab-
solute values of the task execution times, but only the ratios
of the average values of execution times of individual task
instructions. In the theoretical derivation of our algorithms,
we assume that the execution time of each task function does
not vary across loop iterations. In practice, this assumption



almost never holds strictly, since the execution times of task
functions normally depend on input. We approximate the
ideal case by assigning to each task instruction its average
execution time measured by profiling the application execu-
tion with a set of training inputs. The positive results of the
experimental evaluation presented in Section 4 confirm that
this approximation is very reasonable.

2.3 Dynamic Voltage Scaling

Dynamic voltage scaling (DVS) allows programs to change
at run-time the supply voltage and frequency of a proces-
sor in order to trade performance for lower power consump-
tion [4]. Programs may lower the supply voltage to reduce
the power consumption of the processor (the dynamic power
dissipation of the processor is proportional to f - V2, where
f is the operating frequency and V the supply voltage [1]).
However, lowering the supply voltage also reduces the fre-
quency of the processor, resulting in degraded performance.

In recent years, a number of DVS-enabled processor de-
signs has appeared. Examples are the Intel XScale [9, 5],
IBM’s PowerPC 405LP [17], and Transmeta’s Crusoe [21].
These processors support several discrete voltage levels with
different frequencies and rates of power consumption. The
transition between levels can be performed at run-time by
executing specific machine instructions. We assume that
the DVS capabilities of the PUs in the MLCA system are
implemented similarly.

The relation between the processor operating frequency
and the execution time of a given sequence of instructions
is non-trivial, mainly because at lower frequencies the num-
ber of stall cycles will usually be lower, thus reducing the
performance loss. However, as a simplifying assumption, we
conservatively assume that the execution time of each task
is inversely proportional to the processor frequency.

Switching between voltage levels at run-time incurs cer-
tain overheads in time and energy, which generally depend
on the levels between which the processor is transferring.
Unlike most previous work on DVS-based power optimiza-
tions, which we survey in Section 5, we take the effect of
the transition overheads into consideration. Also, we as-
sume that the time and energy overheads are constant and
independent of voltage levels. This simplification does not
significantly affect the accuracy of our technique; Mochocki
et al. [16] suggest that the assumption of constant transition
overheads is reasonable.

Besides the DVS, another power management feature of
modern embedded processors is the possibility of entering
a lightweight idle mode implemented using clock gating [3].
This idle mode does not reduce the processor power to a neg-
ligible level, but it can be entered and exited with a negligi-
ble time overhead. For example, the Intel 80200 processor—
based on the XScale core—takes several tens of clock cycles
to exit the idle mode [9]. We assume that each processor in
the MLCA system spends time in such idle mode whenever
it is not executing a task.

3. VOLTAGE SELECTION AND TASK
SCHEDULING ALGORITHMS

Our technique identifies the critical path in an execution
task graph and prolongs the execution time of tasks outside
of the critical path using DVS in a manner that does not
introduce a new longer critical path, thus achieving power

savings with little or no impact on the application perfor-
mance. Our assumption is that the processor frequency in
the MLCA system is chosen so as to meet the real-time re-
quirements of the application while taking full advantage of
the maximum achievable parallel speedup. Thus, power sav-
ings cannot be achieved by permanently reducing the voltage
and frequency of the processors, because this would violate
the real-time requirements of the application. Instead, our
technique attempts to achieve power savings in a manner
that either does not slow down the application or incurs a
small slowdown while achieving power savings higher than
those that could be gained by permanently slowing the pro-
cessors by the same factor.

We define the slack of a task as the maximum time by
which the execution time of the task can be prolonged with-
out affecting the overall application execution time. We
define the total slack in the application as the total addi-
tional execution time available for distribution across tasks
whose execution time can be prolonged. The task graph
shown in Figure 3(b) is used to illustrate the distribution
of slack using DVS. We assume that the execution time
of task functions 77 and 7% is 1000us, while the execu-
tion time of task functions 73 and T, is 1500us. Path
(Ttn,T31,Ta1, T2, Ta2, Tour) is the critical path in this task
graph. If the task graph is scheduled on two processors,
the minimal execution time is 6000us. However, the execu-
tion time of the series of tasks (Th1, 721, T12, T22), which are
running in parallel with the critical path, is only 4000us.
Therefore, in the task graph there exists a slack of 2000us,
which can be distributed over tasks 771, T21, T2, and Tho
without increasing the overall execution time. If the execu-
tion time of each of these tasks is increased by up to 500us,
the minimal total execution time of the task graph on two
processors is still 6000us. This minimal execution time can
be achieved, for example, by scheduling the tasks from the
critical path as an uninterrupted sequence on one processor,
and the remaining four tasks on the other one. The increase
in execution time of the four tasks can be realized using DVS
by lowering the supply voltage, thus achieving a reduction in
power consumption without increasing the execution time.

The basic idea of using DVS to slow down the execu-
tion of non-critical tasks in a task graph has been explored
in earlier work [1, 7, 18, 20, 24]. However, this previous
work has focused on small task graphs that are known at
compile-time, with the number of tasks on the order of
several tens. The challenge we address in our work is ap-
plying the DVS technique to MLCA programs. The task
graphs of these programs are known only at run-time, and
since the number of tasks is equal to the number of exe-
cuted task instructions, they are large enough to preclude
the computationally-intensive analysis common to previous
work. Furthermore, these task graphs cannot be partitioned
into small subgraphs that could be each analyzed indepen-
dently, because the main source of parallelism in them is
pipelining of the loop iterations. This results in loop-carried
dependences which prevent the partitioning of the task graph.

We exploit the characteristics of multimedia applications
to address the above challenge. A typical multimedia appli-
cation consists of some initialization and clean-up code, each
executed only once, and one or more long-running loops.
These loops handle the processing of the input media stream,
and account for the bulk of the execution time. The iter-
ations of each of these loops are not serialized by control



dependences; the CP of the MLCA executes tasks that up-
date iteration counters in advance and out of order, making
it safe to ignore control dependences. Furthermore, these
loops often do not contain any control-flow instructions in
their bodies, making each task read from and write to the
same set of logical URF registers in each iteration. We refer
to each of these loops as a target loop. These characteristics
enable us to deduce properties of the run-time task graph
using dependence analysis of the loop and collected profile
information.

3.1 Algorithm Overview

The identification of non-critical tasks, computation of the
available slack, and the optimal distribution of this slack are
difficult problems. Furthermore, the available slack depends
not only on the application program, but also on the em-
ployed task scheduling scheme. Therefore, we divide our
approach into two sub-problems: wvoltage selection and task
scheduling. The algorithms used to solve these two problems
must be designed so as to complement each other. Further-
more, in practice, task graphs are complex and heuristic
solutions to these problems often result in some increase in
application execution time.

Given the body of target the loop that contains N task in-
structions S1,..., SN, each of which invokes a task function
fn (it is possible that f; = f; for i # j), we find the volt-
age level L, for each task instruction S, in the loop body,
the processor mapping for each task dispatched during the
loop execution, and the ordering of tasks mapped onto each
processor, such that the energy consumed by the processors
during the loop execution is minimized. These computations
are performed under the constraints that the task schedule
does not violate the precedence constraints imposed by the
data dependences, and the execution time of the applica-
tion is not degraded in comparison to the execution time of
the non-optimized application with the default MLCA task
scheduling scheme. We analyze each target loop in order to:

1. Compute the total available slack in the task graph.

2. Identify the tasks in the target loop that can be exe-
cuted at lower processor voltage level and find the op-
timal distribution of the slack across this set of tasks.

3. Schedule the task graph in a way that complements
our method for voltage selection.

In the remainder of this section, we describe the depen-
dence analysis of the loop, computation and distribution of
the available slack, and task scheduling.

3.2 TheLoop Dependence Graph

The dependence graph [12] of the target loop is a directed
graph whose nodes represent task instructions from the tar-
get loop, and whose edges represent the data dependences
between pairs of task instructions. We label each node by
the execution time of its corresponding task function. We
label each dependence edge with the distance of the depen-
dence, which is defined as the distance in loop iterations
between the sink and source of the dependence. All depen-
dences in this graph are true data dependences, since the
hardware eliminates the false dependences at run-time and
the control dependences can be safely ignored.

We use the symbol T),; to denote the task that executes
the task instruction S, in the loop iteration 7. Assume there

S1: task t1, Rl:w,R2:w
S2: task t2, Rl:r,R4:r
S3: task t3, R2:r,R3:r,R3:w
S4: task t4, CR1, R4:w
S5: if (CR1 & 0x01) goto S1

(a) HyperAssembly code

(b) Dependence graph

Figure 4: Dependence graph of an example loop

exists a dependence T),;0 tTn]‘ that arises due to the existence
of one or more registers that are written by task T,,; and
read by task T},;. Obviously, ¢ < j must hold, because the
dependence source must precede its sink in the sequential
execution order. However, all logical registers written by
task Trn; are also written by task T}, (;+1). Therefore, in the
sequential execution order, task T7,; must precede task T',; ,
but task T»; must precede task T;,(;+1). This is possible only
ifm>nandi=j—1,orm <n and ¢ =j. In the former
case, the dependence is loop-carried and has the dependence
distance of 1. In the latter case, the dependence distance is 0
and the dependence is loop-independent. A simple example
of a loop and its associated dependence graph is shown in
Figure 4.

3.3 Available Slack

In this section we show how to deduce the critical path in
the task graph of a target loop and compute the available
slack using its loop dependence graph.

The task graph of the loop execution contains two types of
edges. Edges of the first type connect tasks executed within
the same iteration and correspond to the edges from the loop
dependence graph for which the dependence distance is zero.
Edges of the second type connect tasks executed within two
consecutive iterations and correspond to the edges from the
loop dependence graph for which the dependence distance
is one. A part of the task graph of the execution of the loop
in Figure 4 is shown in Figure 5.

Since for each edge in the loop dependence graph (S;, S;)
whose dependence distance is zero, ¢ < j must hold, each
cycle in the loop dependence graph must contain at least
one edge with dependence distance of one. We define a 1-
cycle as a cycle in the loop dependence graph that contains
exactly one edge with the dependence distance of one. Each
1-cycle in the loop dependence graph translates into a path
in the task graph that stretches across all loop iterations.
For example, the cycle consisting of node Ss3 in the loop
dependence graph from Figure 4 translates into the path
across all tasks T3; in the task graph from Figure 5, which



Figure 5: A fragment of the run-time task graph of
the loop from Figure 4

is shown with thick lines. If there are no 1-cycles in the
loop dependence graph, the loop is fully parallel and the
execution of the loop scales up to an arbitrary number of
processors, provided that the number of iterations is large
enough. For example, without the dependence S36%S3, the
loop shown in Figure 4 would scale indefinitely, regardless
of the cross-iteration dependence S46%S2, because the task
graph would not be connected. Consequently, if the loop
dependence graph contains one or more 1-cycles, the 1-cycle
that connects the longest running set of task instructions
translates into the critical path. We call the task instruc-
tions that form this 1-cycle critical instructions, and the
tasks executed by them critical tasks. Therefore, if a large
number of iterations I of a target loop is executed, the crit-
ical path can be approximated by I - 7¢, where 7¢ is the
length of the longest 1-cycle in the loop dependence graph.
The general problem of finding the longest cycle in a graph
is NP-complete. However, finding the longest 1-cycle in a
loop dependence graph can be reduced to finding the longest
paths between pairs of nodes in its acyclic subgraph, and
such paths can be found in polynomial time [6].

Let Np be the number of processors in the system, which
we assume to be the maximum one allowed by the scalabil-
ity of the application. With this number of processors, all
critical tasks can be executed in an uninterrupted sequence,
and the execution time of I iterations of the target loop is
I-7¢. In this time interval, the total processor time available
for the execution of non-critical tasks is:

NP'I-Tc—I~TcZ(Np—l)-I~Tc. (1)

Let 7 be the sum of the execution times of all non-critical
task instructions in a single iteration. In order for the un-
interrupted execution of critical tasks to be feasible, the
processor time available for the execution of non-critical
tasks from I iterations must be greater than I - 7. Together
with (1), this implies the condition (Np — 1) - 7¢ > 7. The
difference:

(Np—=1)-7¢ —7>0 (2)

is equal to the idle processor time per loop iteration. This
idle time can be considered as the slack in the task graph,
which can be distributed across the non-critical tasks in or-
der to apply DVS during their execution. A more formal
treatment of the computation of the available slack can be
found in [15].

The derived heuristic formula for the available slack is
strictly valid only under assumptions that generally do not
hold for realistic MLCA applications, namely that the exe-
cution times of task instructions are invariable and that the
idle processor time computed according to the formula (2)
can be exactly identified with the available slack. In order
to compensate for the effect of relaxing these unrealistic as-

sumptions, it is possible to distribute only a fraction r of
the available slack. We leave r as a tunable parameter in
our voltage selection algorithm. For r = 0, the used slack
is zero, and no tasks are scaled (although the application
execution time and energy consumption can still be affected
by the task scheduling scheme). For r = 1, the entire slack
computed according to formula (2) is used as the parame-
ter of the slack distribution algorithm. Since our algorithms
do not require excessive execution time, it is possible to de-
termine a good value of r for the target application during
the profiling phase by repeated application of the procedure
with different values of r and comparing the results.

3.4 Sack Distribution

In order to minimize the impact of voltage transition over-
heads, we distribute the slack over specific sets of tasks, each
of which is executed as an uninterrupted sequence on a single
processor. From each iteration, we select two sets of scaled
tasks, corresponding to two sets of scaled task instructions
from the loop body.

Let C7 be the set of task instructions that can be exe-
cuted before any of the critical instructions from the same
loop iteration have started execution. Let C2 be the set
of task instructions that do not belong to C'i and can be
executed after all of the critical instructions from the same
loop iteration have finished execution. For each of these sets,
we compute the path in the loop dependence graph going
across the edges with the dependence distance of zero that
maximizes the sum of the execution times of the task func-
tions corresponding to the nodes that it connects. These
two paths define the two sets of scaled task instructions.

Let G1 be the subgraph of the loop dependence graph
that contains the nodes representing the task instructions
from C and the edges for which the dependence distance
is zero that connect these nodes. Let G2 be the similarly
defined subgraph with nodes from C. If we assign weights
to the nodes of G1 and G2 equal to the execution times of
the corresponding task functions, the longest paths in these
graphs will contain nodes corresponding to the scaled task
instructions. Similar to the search for the longest 1-cycle,
each of these longest paths can be found in polynomial time,
since the search is restricted to an acyclic subset of the loop
dependence graph.

Because of the mentioned properties of the sets of scaled
tasks, each of these sets can be run as an uninterrupted se-
quence on a single processor. The amount of slack available
per each iteration is distributed across the two sets of scaled
task instructions. We formulate the problem of optimal slack
distribution as an integer linear programming model similar
to the one used in [19].

Let {S1,...,Sm} and {Si,...,S5,} be the sets of scaled
task instructions. Let L be the number of available processor
voltage levels, L being the level with the highest frequency.
We encode the voltage level assigned to each instruction S;
using L binary variables o1, ...,a;r. The value of ay; is 1
if the instruction S; is executed at the voltage level j, and
0 otherwise. Similarly, we introduce n - L binary variables
Br; to encode the voltage levels assigned to the instructions
S1,...,5,. These variables are subject to constraints a;; +
cootoip=1land Bg1 + -+ B =1, foralli =1,...,m
and k=1,...,n.

We represent the execution times of tasks using real num-
bers. We denote the execution times of the instructions S;



and S}, when run at the voltage level j using the symbols ¢;;
and t}ej. These times are constants in the model. Therefore,
the execution times of the task instructions S; and S,’c can
be represented by the linear expressions aii1ti1 +- - -+ airntir
and Brityy + - + Brrtir-

We introduce m + 1 binary variables co, ..., ¢, that en-
code the voltage transitions in the first group of scaled in-
structions. The value of ¢o is 1 if a transition takes place
immediately prior to the execution of the instruction Si,
and 0 otherwise. For 1 < i < m, the value of ¢; is 1
if a transition takes place immediately after the execution
of S;, and 0 otherwise. We define n + 1 binary variables
do,...,dn that encode the transitions in the second group
of scaled instructions in the same manner. The definitions
of variables ¢; and di can be expressed by the sets of linear
constraints c¢; > aij — qiy1); and dr > Bkj — B+1);, for
ali=1,...m—-—1, k=1,...,.n—1,and j = 1,...,L
For the borderline variables, there are special constraints

0 = 1—a1L, Cm = 1—amL, do = 1—51[,, and dn = 1—ﬁnL.

We formulate the following constraint on the total execu-

tion time of the scaled instructions:

Z Z aijti; + Z Zﬂkytkg + Z citTr + Z drtrr

i=1 j=1 k=1j=1
Stmin+r'tslacky

where trr is the transition time, ¢,,:» is the total execution
time of the scaled instructions at the highest processor volt-
age level, tsqck is the slack time computed according to the
formula 2, and 7 is the tunable parameter of the algorithm.

Increases in the execution times of scaled instructions
must not result in certain 1l-cycles in the loop graph be-
coming longer than the longest 1-cycle, which determines
the critical path. Therefore, for each 1-cycle ¢ that con-
tains one or more scaled instructions, a constraint must be
formulated:

Z (CthR + Z al]tlj) + Z (dktTR + Zﬂkgbc])

S;€c S €c

< TC — Tn,

where 7¢ is the length of the longest 1-cycle, 7, is the total
execution time of all non-scaled task instructions in cycle ¢
(which is a constant in the model), and the sums are over
all scaled task instructions that belong to c.

The objective function to be minimized is the sum of the
energy consumed by each task instruction, including the en-
ergy overhead of the transitions, and the total energy con-
sumed by the processors in the idle mode. We use the sym-
bol E;; to denote the energy consumed by the task instruc-
tion S; executed at the voltage level j. We define E;’Cj for
each task instruction Sy, similarly. We use ETr to denote the
energy consumed by a single transition. Since these quanti-
ties are constants in the model, we can account for the active
and transition power in the objective function by multiply-
ing them with the corresponding variables ovj, Bxj, ¢i, and
di. We can account for the idle power by noting that each
increase in task execution time and each transition over-
head reduces the total processor time spend in idle mode.
Therefore, if we define the constants n;; = Eij — Piaietij,
Ny = Er; — Piatety,;, and € = Erg — Pigietrr, we can for-

mulate the following linear objective function:

ZZO‘%JWU +22ﬂk377k1 +Zcz€+zdk€ (3)

i=1 j=1 k=1j=1

Solving the ILP model with this objective function and the
previously listed constraints yields the optimal distribution
of the available slack among the scaled tasks. In our im-
plementation of the voltage selection algorithm, we use the
freely available LP_SOLVE optimization library [3].

3.5 Task Scheduling

The tasks are divided into three groups by decreasing pri-
ority: the critical tasks, the scaled non-critical tasks, and
all remaining tasks. Within each group, the priority is de-
termined according to the sequential execution order. The
mapping of the tasks onto the processors is performed ac-
cording to the following rules. A single processor is reserved
for the execution of the critical tasks exclusively. All criti-
cal tasks are executed as an uninterrupted sequence on this
processor. Non-critical tasks are scheduled on the remain-
ing processors according to the round-robin scheme, with a
single exception: once the first task in a set of scaled tasks
from an iteration has been scheduled onto a processor, all
remaining tasks from the same set of scaled tasks are sched-
uled onto the same processor.

The stated rules for task ordering and processor mapping
imply that each set of scaled tasks is executed as an uninter-
rupted sequence, thus ensuring that the voltage selection by
the algorithm described in Section 3.4 is indeed optimal for
the given amount of slack per loop iteration. The necessary
run-time computations in the control unit are simple enough
to be realized in an MLCA system with a small overhead in
hardware complexity.

4. EVALUATION

In this section, we evaluate our technique using three real-
istic MLCA multimedia applications: a GSM voice encoder,
a JPEG image encoder, and an MPEG sound decoder. We
use a simulator of the MLCA [11] to collect the necessary
profiling information. For each application, we measure the
energy savings and the application slowdown compared to
the default MLCA task scheduling scheme. The parallel
speedup’ of these three applications is shown in Figure 6.
We expect each application to execute on the number of pro-
cessors that represents the scaling limit. For JPEG, GSM,
and MPEG, these numbers are 6, 4, and 11 respectively.

These three applications spend the majority of their exe-
cution time in long-running loops whose bodies lack control-
flow instructions and whose iterations are not serialized by
control dependences, which makes them suitable for the ap-
plication of our technique. However, for JPEG and MPEG,
the execution times of most task functions vary significantly
between loop iterations and depend on the input content.
For each of these two applications, we perform the profiling
run over a set of several different inputs, which we refer to
as the training set. For the parameters of our algorithms,
we use the average of the profiling results measured over

'Since the MLCA applications are inherently parallel and
there is no equivalent of the sequential program version for
them, we define the parallel speedup as the ratio of the ap-
plication execution time on a 1l-processor MLCA and an
N-processor MLCA.
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Figure 6: Speedup of the MLCA applications

individual inputs from the training set. Using these param-
eters, we apply our technique to the original training set, as
well as another set of different inputs, expecting to achieve
similar positive results for both sets.

4.1 Experimental Platform and Processor
Properties

Our implementation of the algorithms for task scheduling
and voltage selection reads the task graph of the application
execution and the profiling information from the output of
the MLCA simulator. For the given task graph of the appli-
cation execution, the program first schedules the task graph
using the default MLCA task scheduling scheme, without
applying the DVS, and determines the application execu-
tion time and power consumption for the default MLCA
system configuration. Subsequently, it computes the voltage
selection, modifies the task graph according to the effects of
DVS;, including the transition overheads, schedules the mod-
ified task graph using the task scheduling scheme described
in Section 3.5, and computes the changes in the application
execution time and power consumption compared to the de-
fault MLCA system configuration.

We assume that the processor cores in the MLCA system
support eight discrete voltage levels, with the relation be-
tween supply voltage, operating frequency, and power con-
sumption characteristic of the Intel XScale processor core [5].
The relative frequency and power consumption for each level
is shown in Table 1. When a processor is not performing any
useful work, we assume that it enters the idle mode in which
the power consumption is 20% of the power consumption
at the highest voltage level. We assume that the overhead
of transitions between voltage levels is 1000 cycles, during
which the power is 80% of the power at the highest voltage
level. The task execution times of JPEG, GSM, and MPEG
are mostly on the order of several tens of thousands of cycles,
so that the transition overheads assumed in our model are
not negligible. We expect that our results will generalize to
the future MLCA systems executing more computationally-
intensive applications, with tasks of coarser granularity, in
the presence of higher transition overheads.

4.2 JPEG Encoder

We evaluate the performance of our technique on the JPEG
encoder using two sets of 12 photographic images. The two
sets were taken on different occasions. The first set is used
as the training set, and our technique is then applied to both

Table 1: Properties of the processor voltage levels
Level 1 2 3 4
Power | 0.167 | 0.272 | 0.371 | 0.470

Slowdown | 0.417 | 0.500 | 0.583 | 0.667
Level 5 6 7 8
Power | 0.557 | 0.654 | 0.768 | 1.000

Slowdown | 0.750 | 0.833 | 0.917 | 1.000

sets with parameters computed from the profiling data for
the training set. The results are shown in Figure 7, which
shows the reduction in the processor energy consumption
and the increase in the application execution time resulting
from the application of our technique, as a function of r, the
fraction of computed slack used during voltage selection (see
Section 3.3). All results are computed as weighted averages
over each set of images, where the weights assigned to indi-
vidual images are proportional to the overall computational
work necessary for encoding each image. Weighted averages
are used because the computational work varies significantly
between images. The negative slowdown at certain points
means that despite the increase in the execution time of the
scaled tasks, the overall application execution time is de-
creased by that percentage by the application of our task
scheduling scheme.

The results for the second set of images are slightly better
than for the training set, but the difference is too small to
be significant. For r = 0.5, our technique achieves power
savings of over 9.2%, slowing down the application execu-
tion by less than 0.9%. Figure 8 shows the results for each
individual image from the second input set with r = 0.5.
For certain images, the slowdown is relatively high, but the
average slowdown is small. The power savings are achieved
consistently for all images.

43 GSM Encoder

Since the GSM encoder application is characterized by
very small variations in the execution time of the task func-
tions, we use the profiling information for a single input and
demonstrate that the results achieved by our technique us-
ing the same profiling information are almost identical for
different inputs. This is shown in Figure 9. The figure shows
the results only for the values of r of less than 0.3, because
outside of this interval, the execution slowdown becomes
excessive. Because of the very small variability of the exe-
cution time of task functions, the difference between results
for different inputs is also small. The best result is achieved
for the parameter value r = 0.28, which results in power
savings of over 5.5% and a small negative slowdown (i.e. a
small speedup) of the application execution.

44 MPEG Decoder

We profile the application using a training set of seven
MP3 files encoding different kinds of sound content. Us-
ing this profiling input, we apply our DVS technique to the
training set and another set of seven input files. The results
achieved by our technique, averaged over each input set, are
shown in Figure 10. The power savings are almost identi-
cal for both sets, while the execution slowdown is slightly
greater for the second set. As in the case of JPEG, the re-
sults achieved for the training input are reproducible with a
different input set. The optimal value of the parameter r is
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Figure 7: Evaluation results for the JPEG encoder
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Figure 9: Evaluation results for the GSM encoder

0.6, which yields the power savings of 8.4% with the execu-
tion slowdown of approximately 1.5%. Figure 11 shows the
breakdown of the results achieved with » = 0.6 across the in-
puts from the second set. The power savings are consistent,
with some variation in the execution slowdown.

45 Summary of Results

The evaluation results indicate that our technique consis-
tently achieves processor power savings across a set of real-
istic MLCA applications, without significant negative per-
formance impact and thus achieves the goal set forward at
the beginning of Section 3. Positive results are achieved
despite the restrictive assumptions on which the theoret-
ical derivation of our algorithms is based. In particular,
variable execution times of task instructions is sufficiently
well-approximated by averaging their execution time across
a training set of inputs.

The impact on the application execution time shows more
variability than the achieved power savings, but with a proper
choice of the distributed fraction of the slack r, the average
slowdown is small. With r = 0, no DVS takes place and
we observe only the effect of our task scheduling algorithm.
Its effect on the application execution time without voltage
selection varies between applications, but it is not drastic
for any of the applications.

Our technique has not shown to be computationally-inten-
sive. Solving the ILP model for slack distribution is the
only performance-critical operation, since it presents an NP-
complete problem. For each benchmark application, Table 2
shows the number of task instructions in the target loop N,
the number of critical and scaled task instructions, and the
number of variables in the ILP model for slack distribution,
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Figure 10: Evaluation results for the MPEG decoder
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Table 2: Numbers of task instructions and variables
in the ILP model

Application N7 | Neritical | Nscated | Noars
JPEG 8 1 6 56
GSM 26 11 6 56
MPEG 27 1 23 209

which is proportional to the number of scaled task instruc-
tions. The number of tasks in the run-time task graph of
the target loop is equal to Nt - I, where [ is the number of
iterations of the target loop. For all three applications, this
number is on the order of hundreds or thousands even for
very small inputs. Clearly, the size of the run-time task
graph is beyond capabilities of previously proposed DVS
algorithms that attempt to analyze the task graph in its
entirety. In contrast, our technique focuses on the loop de-
pendence graph, which is smaller by several orders of magni-
tude. The data in Table 2 indicate that the number of vari-
ables in the ILP model for slack distribution is well within
the capabilities of standard ILP solvers. In practice, the av-
erage solving time on a PC workstation using LP_SOLVE [3]
is less than 0.2 seconds for GSM and JPEG and 47 seconds
for MPEG. Because of the short execution time, it is pos-
sible to determine a good value of r by repeated execution
with different values of r.

In order to further evaluate the achieved results, we con-
ducted experiments whose purpose was to determine a prac-
tical upper bound on the achievable power savings for the
MLCA applications. We implemented several task schedul-
ing algorithms and attempted to find the optimal voltage
selections for the resulting task schedules using an integer
linear programming model similar to those proposed in [1,
24]. The results, which we omit for brevity, indicate that
the technique proposed in this paper succeeds in capturing
most of the potential for power optimizations in these appli-
cations. A discussion of these results can be found in [15].

Furthermore, we conducted experiments in order to com-
pare our technique with methods based on partitioning the
application task graph into a periodic series of subgraphs
small enough to be analyzed using computationally-intensive
means such as ILP-based voltage selection algorithms. In
these experiments, we construct an idealized run-time task
graph under the assumption of constant execution time of
task functions. We schedule this idealized task graph and
select an interval in the task schedule that encloses a single
loop iteration i (plus tasks from other iterations executed
within the same interval). For this interval, we compute
the optimal voltage selection using an ILP model similar
to those proposed in [1, 24] and assign the voltage levels
computed for the tasks from iteration i to the correspond-
ing task functions. The results, which we omit for brevity,
indicate that our method is superior both in result quality
and computational intensity. The method based on interval
selection produces ILP problems with numbers of variables
greater by an order of magnitude, in some cases too large to
be solved in practice. Voltage selection solutions were infe-
rior to those produced by our technique, resulting in smaller
energy savings. Furthermore, without a task scheduling al-
gorithm based on prioritizing the critical tasks, excessive
slowdown is incurred. A discussion of these results can be
found in [15].



5. RELATED WORK

Jha [10] presents a survey of the early research work in
the area of DVS techniques for real-time systems, which
was mostly aimed at single-processor systems executing sets
of independent tasks. Subsequent research has addressed
the more general problems of DVS techniques for a multi-
processor real-time system that periodically executes a set
of dependent tasks. Two basic approaches to this problem
have emerged. The first approach [25] is aimed at exploiting
the slack that arises at run-time when the execution time of
certain tasks happens to be shorter than the worst case. The
second approach [1, 7, 20, 24] assumes that the execution
time of each task is known at design-time and tries to exploit
the slack in the task graph using static algorithms for task
scheduling and voltage selection. Some authors [18] have
attempted to combine these two approaches. Most of the
heuristic algorithms for the static task scheduling and volt-
age selection either use guided random search techniques [20]
or combine ILP formulations of the voltage selection prob-
lem with traditional task scheduling algorithms [24]. Novel
heuristics have also been proposed [7, 18]. Some authors [1]
ignore the issue of task scheduling and focus on finding the
optimal voltage selection for the given task schedule. The
cited works are mostly focused on deriving the algorithm
for voltage selection, treating the task scheduling scheme
as given. Our approach takes a different path, focusing on
the voltage selection first, and then deriving an appropriate
task scheduling scheme based on the notions defined in the
context of our voltage selection algorithm.

The DVS algorithms for real-time systems executing pe-
riodic task graphs are somewhat similar to our technique,
since the repeated execution of a set of dependent tasks with
a fixed deadline can be compared with the repeated execu-
tion of the set of task functions from the loop in an MLCA
application. However, the crucial difference is that the par-
allelism in the former case is limited to a single instance of
the periodic task graph, which is assumed to be small enough
to be analyzed using computationally-intensive means such
as ILP models or genetic algorithms. Loops in MLCA pro-
grams are characterized by cross-iteration dependences and
pipelining the execution of loop iterations at run-time, which
effectively precludes reducing the power optimization prob-
lem to a task graph of a single loop iteration. Partitioning
of the task graph is possible only by computing the run-
time task schedule of an approximation of the task graph
and computing the voltage selection for a selected interval
in the manner described in Section 4.5. However, this ap-
proach is significantly more computationally intensive than
our technique and produces inferior solutions.

Several authors have proposed more general approaches
to the power optimizations for real-time systems. Varatkar
and Marculescu [22] propose a DVS technique that accounts
for the energy overheads of inter-task communication. Wu
et al. [23] introduce a DVS algorithm for real-time systems
executing conditional task graphs, which capture both data
and control dependences in a set of tasks.

In the area of multitasking operating systems, dynamic
voltage scaling can been used to reduce the processor power
consumption during the time intervals when the average
workload is low. Lorch and Smith [14] present an overview
of research in this area. In the context of optimizing com-
pilers for general-purpose applications, there have been at-
tempts at compile-time power DVS optimizations targeting

the program regions characterized by excessive numbers of
processor stall cycles. Several authors have also studied the
influence of traditional compiler optimizations on the power
characteristics of the program. A comprehensive overview
of the research in the area of power optimization in the con-
text of compilers and operating systems is presented in [§].
Unlike our work, research in this area is primarily aimed at
single-processor, general-purpose computer systems.

The models used to determine the relations between the
processor voltage and frequency, power consumption, and
program performance vary among cited works. Most au-
thors use analytical models to determine the relations be-
tween processor voltage, frequency, and power. These an-
alytical power models range from simple formulas for the
dynamic power consumption [18, 24] to more sophisticated
models that take into account effects such as the leakage
power [1]. Instead of modeling the processor characteristics
analytically, we have used the figures characteristic of the
Intel XScale processor reported in [5].

Most of the authors in the area of DVS power optimiza-
tions ignore the performance impact of the transitions be-
tween voltage levels [7, 18, 20, 22, 24, 25]. Notable ex-
ceptions are [1, 16, 19]. Our integer linear programming
formulation for the slack distribution is closely modeled on
the ILP formulations for voltage selection from [1, 19, 24].

The majority of the cited authors evaluate the proposed
algorithms using randomly generated artificial task graphs [7,
20, 24], or a combination of artificial task graphs and only
one task graph of a realistic application [1, 16, 18, 23]. In
contrast, we evaluate our technique using exclusively task
graphs pertaining to realistic multimedia applications.

6. CONCLUSIONSAND FUTURE WORK

In this paper, we presented a novel DVS technique for
power optimizations of multimedia applications running on
the MLCA. Our technique consists of profile-based heuristic
compiler algorithms for voltage selection and task schedul-
ing. The algorithms use loop dependence analysis, and take
advantage of control-flow regularities that emerge across a
wide range of MLCA multimedia applications. Previous
work in the area of DVS optimizations for parallel systems
has focused on applications in form of task graphs small
enough to be analyzed in their entirety or periodic task
graphs whose analysis can be reduced to the analysis of a
single period. In contrast, our technique handles arbitrarily
large task graphs, generated by the execution of loops that
feature cross-iteration dependences and parallelism achieved
by pipelining loop iterations.

We evaluated the proposed technique on three realistic
applications, using profiling data from an MLCA simulator.
We demonstrated that power savings in the range of 5-10%
can be achieved with very small performance penalties. Al-
though the behavior of applications is not consistent with
the assumption that the execution times of task instructions
are invariable, using the execution times averaged across a
training set of inputs shows to be a sufficiently good approx-
imation.

Although our technique was developed in the context of
the MLCA architecture, we believe that it is also applica-
ble in the more general context of task-level parallelism in
multimedia applications. The principal source of task-level
parallelism in multimedia applications is the pipelining of
the computations performed by the tasks in the main loop.



Regardless of the parallel execution model and the under-
lying architecture, our analysis of the task graph could be
applied to a broad variety of such applications.

In the future, we hope to evaluate our technique on an
extended set of benchmark MLCA applications. We also
hope to generalize the technique to more complex control-
flow structures in the control programs. Furthermore, we
hope to enhance our technique to exploit further opportuni-
ties for power savings that arise in applications with variable
run-time characteristics, such as bursty behavior. Finally,
we intend to test our technique on real hardware once the
physical implementation of a DVS-enabled MLCA system is
available.
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