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Abstract. In this paper, we propose a system-level design methodology for the efficient exploration of the

architectural parameters of the memory sub-systems, from the energy-delay joint perspective. The aim is to

find the best configuration of the memory hierarchy without performing the exhaustive analysis of the

parameters space. The target system architecture includes the processor, separated instruction and data

caches, the main memory, and the system buses. To achieve a fast convergence toward the near-optimal

configuration, the proposed methodology adopts an iterative local-search algorithm based on the

sensitivity analysis of the cost function with respect to the tuning parameters of the memory sub-system

architecture. The exploration strategy is based on the Energy-Delay Product (EDP) metric taking into

consideration both performance and energy constraints. The effectiveness of the proposed methodology

has been demonstrated through the design space exploration of a real-world case study: the optimization of

the memory hierarchy of a MicroSPARC2-based system executing the set of Mediabench benchmarks for

multimedia applications. Experimental results have shown an optimization speedup of 2 orders of

magnitude with respect to the full search approach, while the near-optimal system-level configuration is

characterized by a distance from the optimal full search configuration in the range of 2%.

Keywords: Design space exploration, power and performance optimization.

1. Introduction

Many multimedia applications implemented today on portable embedded systems have
stringent real-time constraints together with the necessity of minimizing power
consumption (e.g., portable MP3 decoders and digital cameras). The increasing
complexity of today’s embedded systems is forcing the designers to determine an optimal
system structure as early as possible in the design process due to the strictly time-to-
market requirements. The selection of the most important modules of the system and
their conformation with respect to the application and the possible alternatives must be
performed at the highest levels of abstraction. In fact, it is impossible in terms of design
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time to synthesize and analyze each part of the design space, even considering the
optimization of only two parameters such as power and performance. Furthermore, at
the highest abstraction levels, several degrees of freedom can be exploited to achieve a
comprehensive design optimization while maintaining a good level of accuracy of the
estimated parameters. Accuracy and efficiency must be traded-off to meet the system-
level overall energy and delay requirements, avoiding costly re-design phases.

Decreasing energy consumptionwithout significantly impacting performance is amust
during the design of a broad range of high-end embedded portable applications.
Evaluation of energy-delay metrics at the system-level is of fundamental importance for
embedded applications characterized by low-power and high-performance requirements.
The capability of collecting a direct feed-backon the impact of different design options at
the highest abstraction levels implies a shorter development time, avoids costly design re-
cycles,while enabling the possibility to early re-target the architectural design choices.

Aim of this work is to study a new system-level design methodology for the efficient
exploration of the architectural parameters for application-specific multimedia systems,
characterized by stringent energy and delay constraints. For this class of systems,we are
focusing on the design exploration of the architectural parameters for the memory sub-
systems, mainly cache size, cache block size, and set associativity. The exploration
strategy is based on the Energy-Delay Product (EDP) metric taking into consideration
both performance and energy constraints. In particular,we show how the given metric is
affected by the variation of cache parameters and we prove the importance of including
energy in the givenmetric, since an increase in the cache size andblock size can reduce the
number of cycles but it does not necessarily reduce the energy.

The system-level architecture we are focusing on in the paper includes separate
instruction and data level-one caches.The target of our work is to find a possibly optimal
or near-optimal configuration of the I-cache and D-cache without performing the
exhaustive analysis of the space of the chosen parameters (mainly cache size, block size
and associativity).The paper proposes a heuristic method to reduce the simulation time,
discarding from the analysis the less promising system configurations. The method is
based on the sensitivity analysis of the system behavior with respect to the most relevant
system-level parameters. In such a way, the resulting design exploration phase cost
increases linearly with respect to the design space size.

The cornerstone of our strategy is the dynamic profiling of the memory references
obtained by tracing the software execution in terms of transition activity on system-level
buses and activation of the system resources. Bus traces, derived from the execution of
several application programs by an Instruction Set Simulator and filtered by a behavioral
model of the caches, are then analyzed from the energy-delay combined perspective to
evaluate the cost associated with different architectural configurations of the
system caches.

The effectiveness of the proposed methodology has been validated by applying it to the
design optimization of the memory sub-system for a real-world representative case study
(a MicroSPARC2-based system) during the execution of the Mediabench suite [21], that
can be considered representative of a wide class of embedded multimedia applications.
Experimental results show the reduction of the number of alternatives analyzed during
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the design exploration phase, while achieving either the same optimal system-level
configuration obtained by the exhaustive system-level exploration or a sub-optimal
system-level configurationwith a maximum error of 1.67%.

The main contributions of this work can be summarized as follows:

�definition a system-level exploration methodology to quickly analyze different con-
figurations of the memory sub-system from an energy/delay combined perspective;

� flexibility in terms of capability to include different levels in the memory hierarchy,
where each level can be characterized by different architectures (mainly in terms of
cache size, cache line size, and set associativity) and implementation technologies;

�high efficiency in terms of simulation time spent for the exploration phase with re-
spect to the simulation time spent for the exhaustive exploration of the parameters
space;

�good levelofaccuracy in the estimationof the energy-delay figure ofmerit associated
with each point of the design space;

The paper is organized as follows. The next section presents the most relevant
approaches for system-level exploration appeared in literature so far, while Section 3
proposes our design space exploration framework.The sensitivity-based optimization
methodology is discussed in Section 4.The results derived from the application of the
proposed methodology to the selected case study have been reported in Section 5.
Finally, Section 6 summarizes the main contributions of this work and outlines the
directions for our future research.

2. Background

Several system-level estimation and exploration methods have been recently proposed in
literature targeting power-performance tradeoffs from the system-level standpoint.
Among these works, the most significant methods related to our approach can be divided
into twomain categories: (i) system-level power estimation and exploration in general, and
(ii) power estimation and exploration focusing on cache memories.

In the first category, the SimplePower approach [31] can be considered one of the first
efforts to evaluate the different contributions to the energy budget at the system-level.
The SimplePower exploration framework includes a transition-sensitive, cycle-accurate
data-path energy model that interfaces with analytical and transition sensitive energy
models for the memory and bus sub-systems. The SimplePower energy estimation
environment consists of a compilation framework and an energy simulator that captures
the cycle-accurated energy consumed by the SimpleScalar architecture, the memory
system and the buses. In particular, the energy estimates related to the memory system
includes the energy consumed by the I-cache and D-cache, the address and data buses,
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the address and data pads and the off-chip main memory. Concerning the processor’s
energy model, SimplePower considers only the energy consumed by the core’s data path,
neglecting the control path.The SimpleScalar estimation framework has been designed to
evaluate the effects of some high-level algorithmic, architectural and compilation trade-
offs on energy. Although the proposed system-level framework is quite general, the
exploration methodology reported in [31] is limited to a search over the space of the
following parameters: cache size, block buffering, isolated sense amplifiers, pulsed word
lines and eight different compilation optimizations (such as loop unrolling).

The Avalanche framework presented in [23] evaluates simultaneously the energy-
performance tradeoffs for software, memory and hardware for embedded systems.The
approach is based on system-level and takes into consideration the interdependencies
between the various system modules.Their target system features the CPU, D-cache, I-
cache and main memory,while the impact of buses is not accounted for. For this reason,
the estimates will be less accurate in advanced submicron technologies, for which routing
capacitances will play a significant role in the system’s power consumption.

The work in [9] proposes a system-level technique to find low-power high-performance
superscalar processors tailored to specific user applications. More recently, theWattch
architectural-level framework has been proposed in [5] to analyze power vs. performance
tradeoffs with a good level of accuracy with respect to lower-level estimation approaches.
Low-power design optimization techniques for high-performance processors have been
investigated in [2] from the architectural and compiler standpoints.

A trade-off analysis of power/performance effects of SOC (System-On-Chip)
architectures has been recently presented in [14],where the authors propose a simulation-
based approach to configure the parameters related to the caches and the buses. The
approach is viable only when we can model analytically or statistically (with a high level
ofaccuracy) the energyanddelaybehaviorof the system’smodules.Moreover the reported
results are limited to finite ranges of the following parameters: bus width, bus encoding,
cache size, cache line size and set associativity. In [15] the same authors created a
framework for the design space exploration where the optimization phase is based on
parameter dependency models.

In the second category approaches dealing with power estimation and exploration for
the memory hierarchy, the authors of [20] propose to sacrifice some performance to save
power by filtering memory references through a small cache placed close to the processor
(namely filter cache).A similar ideahasbeen exploited in [3],wherememory locationswith
the highest access frequencies are mapped onto a small, low-energy, and application-
specific memory that is placed close to the core processor.

Power and performance tradeoffs in cache architectures have been also investigated in
[1]. A model to evaluate the power/performance tradeoffs in cache design has been
proposed in [29], where the authors discuss also the effectiveness of novel cache design
techniques targeted for low-power (such as vertical and horizontal cache partitioning).
An analytical power model for several cache structures has been proposed in [18].The
model accounts for technological parameters (such as capacitances and power supplies)
as well as architectural factors (such as block size, set associativity and capacity). The
process models are based on measurements reported in [32] for a 0.8 �m process
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technology.The analytical model of energy consumption for the memory hierarchy has
been extended in [17] and [28] where the cache energy model is included in a more
general approach for the exploration of memory parameters for low-power embedded
systems.The authors consider as performance metrics the number of processor cycles
and the energy consumption. The paper shows how these metrics can be affected by
some cache parameters such as cache size, cache line size, set associativity and tiling size,
and off-chip data organizations.

Finally, a number of approaches deal with the code optimization in order to reduce the
memory accesses and data placement in the memory hierarchy in such away tominimize
power consumption [4], [7], [6], [10], [25], [30].

The approachproposed in this paper is an extensionofour previouswork [13], [12] and it
is an attempt to afford the problemof the system-level exploration approach fromapower-
performance comprehensive perspective. Taking into consideration the most relevant
modules of the target embedded system architecture and integrating all the modules into
an overall system-level simulation environment, our main goal is to explore the energy/
performance effects of the variations of several parameters related to the memory sub-
system like cache size, associativity and cache line size.

3. Design Space Exploration Framework

Among the factors influencing the success of an electronic product, time-to-market is
becoming the most crucial one.To cope with the necessity of enabling a fast design space
explorationwhile ensuring a good level ofoptimization in the final architecture, the use of
customizable platforms is becoming more and more important [19]. However, even
considering simple microprocessor-based architectures composed of a CPU and a
memory hierarchy, the discovery of the optimal system configuration by trading off
power and performance still leads to the analysis of too many alternatives. Our work
aims at overcoming such problems by providing a methodology and a design framework
to drive the designer towards optimal solutions in a cost-effective manner.To achieve such
a goal,we increased the abstraction level of the analysis and we identified a suitable set of
metrics to carefully predict both the application requirements and their impact on the
architecture characteristics.The framework we developed is composed of several basic
interacting elements, as shown in Figure 1.

The methodology that we propose is composed of three steps: definition of the system
architecture, system characteristics extraction (or tuning phase) and design space
exploration to determine the optimal system configuration.The main features of such
activities are reported in the next subsections.

3.1. System-Level Description

The first step of the design flow is to capture the relevant characteristics of the embedded
application, the customizable implementation platform and the designer’s goals.
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Concerning the target architecture, the design space is defined in terms of the
following parameters:

�Number of levels in the memory hierarchy;

�Cache configuration parameters;

�On-chip vs off-chip positioning of cache (L1 and L2);

�Unified vs separate data/instruction cache, at any hierarchy level;

�Width of address and databuses.

�Encoding strategy for the information flowing on both data and address buses.

Figure 1. The proposed design space exploration flow.
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In the case study reported in Section 5, we analyze the instruction and data cache
parameters of the target architecture.

During this phase,the designer is required to specify theboundaries of the design space
for each parameter (for example, the maximum size to be considered for the cache size)
and other possible freezing constraints on some parameters.

3.2. Design Space Exploration

The tradeoff analysis at the system-level plays a primary role during the design space
exploration to early re-target the choice of system parameters and speed up design time.
Even if a unique and comprehensive goal function to be optimized is selected, an
exhaustive analysis of the typical design space still remains an hard task. Let us consider
a simple architecture, to be configured according to three parameters, for each one being
possible 8 different values: the resulting numberof possible configurations tobe compared
is over 500 for each of the applications to be considered for the system. In such cases, a
brute force approach could be impractical if the time required by a single simulation is
high.Thus some heuristics to perform a near-optimal search must be applied to find out
acceptable solutions while avoiding impractical simulation times.

In this study, we propose a new heuristic algorithm to explore the design space of
microprocessor-based platforms with a configurable memory hierarchy.The heuristic
algorithm is implemented in the optimizer module of the framework (see Figure 1) that is
responsible for the generation/evaluation of new alternatives of the system configuration
in order to find the near-optimal one. The heuristic algorithm is driven by the
characteristics of the system extracted by means of a sensitivity analysis performed
during the tuning phase. Hence, the heuristic algorithm is called the sensitivity-based

search algorithm.
The goal of the heuristic algorithm is to move towards a restricted set of candidate

optimal configurations, by avoiding to perform the exhaustive analysis of the design
space.This heuristic method must be tuned only once for a specific platformby analyzing
its behavior while executing a representative set of benchmarks.The goal is to identify the
impact of the different parameters on the cost function to be optimized by performing a
comparative analysis of the magnitude of the discrete partial derivatives of the cost
function.This information is used to efficiently drive the strategy of the sensitivity-based
search engine,thatwill be used tooptimize each newapplication for that specific platform.
More in detail, the optimization strategybegins from a suitable starting point in the design
space and analyzes sequentially the parameters in order of decreasing sensitivity.

In practice, instead of considering the simultaneous optimization of n parameters,
requiring OðknÞ simulations (where k is the average range of variability of each
parameter), the heuristic explores sequentially the region of variation of the most
important parameters producing near-optimal solutions (in terms of minimization of the
cost function). In fact, the analysis considers one parameter at a time, according to the
importance provided by the sensitivity analysis. The number of simulations, in the
average case,will be linear with respect to the range of variations of each parameter and,
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as we will show in the experimental results (see Section 5), the optimal solution is almost
always identified thanks to the accurate sensitivity analysis performed during the
tuning phase.

3.3. Computing the Cost of a Configuration

The cost function of a system provides a quantitative analysis of the system characteristics
and provides a mean to optimize the system by discarding non-optimal system
configurations and considering several metrics simultaneously. Here, both performance
and power are considered relevant for an embedded system, and should be captured by a
general and flexible goal function.These metrics have been extensively discussed since last
decade [20], [16] and,basedon this literature,we adopted theEnergy-DelayProduct (EDP)
metric to compare alternative system designs.

To compute such a general goal function, we focus on the energy and the delay
associated with the processor and memory parts of a system, considering the
contributions of the processor core, the system-level buses and each level of the memory
hierarchy.While the delay calculation is embedded in the cycle-accurate simulation
environment (the System Executable Model, see Figure 1), the use of each system
resource has to be extracted and imported into analytical energy models defined to
evaluate the overall energy metric. All these statistics are gathered by profiling the
functional and memory behavior of the processor during the simulation of the embedded
application by means of a cycle-accurate Instruction-Set Simulator (ISS).

In our study the analytical energy models include the following contributions:

�processor core;

�processor I/O pads;

�processor-to-L1 on-chip buses;

�on-chip L1 I- andD-caches;

� L1-to-L2 off-chip buses;

� L2 unified SRAM cache;

�Main memory (DRAM).

� L2-to-DRAMoff-chip buses;

All the energies and delays presented in this work are normalized with respect to the
instructions executed. This is done in order to compare the behavior of different
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applications on the same system architecture and to compare different architectures on
the same application.

For the processor core, a suitable model or tool able to provide the power consumption
at the instruction-level is needed [22], [26], [27]. In this version of the design environment,
we used a simple instruction-level model that accounts for the average powerconsumedby
the processor in normaloperating conditions andwemultiplied itby the average execution
time of an instruction.

For the system-level buses (such as the processor-to-L1 buses), the energy model can be
simply expressed as: E � ðCloadV

2
ddntransÞ=2,where Cload is the bus load capacitance, Vdd is

the power supply voltage and ntrans is the numberof transitions on thebus lines, depending
on the hamming distance between subsequent vectors the bus stream.

For on-chip L1 caches, we use the analytical energy model developed in [18], that
accounts for:

�Technological parameters (such as capacitances and power supplies);

�Architectural parameters (such as block size and cache size);

�Switching activity parameters (such as number of bit line transitions).

This cache energy model has been used in recent works (such as in [20]), where the
switching activity parameters have been computed either by using application-dependent
statistics or by assuming typical values (such as half of the address lines switching during
each memory request). In our framework,we directly import the actual values of hit/miss
rates and bit transitions on cache components, that have been derived by the system-level
simulation environment to account for the actual profiling information depending on the
execution of embedded applications.

Finally the characterization of the main memory has been carried out by directly
importing information derived from the data-sheet into our model.

4. Sensitivity-Based Optimization

The optimization methodology we are proposing is based on the sensitivity analysis of the
systemwith respect to the set of configuration parameters. Before detailing the sensitivity
based optimization, let us introduce the notion of architectural space and the sensitivity
associated with the cost function.

4.1. Architectural Space Definition

The architectural optimization algorithmthatwe are proposing is a local searchalgorithm
whose target is to find a configuration (or point) in the architectural space whose cost is
(locally) minimum.
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Given a set P ¼ fp1; . . . ; png of n architectural parameters, the architectural space A
can be defined as:

A ¼ Sp1 � . . . Spl . . .� Spn (1)

where Spl is the ordered set of possible configurations for parameter pl and ‘‘�’’ is the
cartesian product. As an example of architectural space, let us consider the configurable
system architecture shown in Figure 2 composed of a processor, a separated I- and D-L1
caches, the main memory and the system buses. Let us consider the exploration of the
design space of this architecture in terms of six parameters: cache size, block size and
associativity of both D- and I-L1 caches. In this case, each instance of the configurable
architecture is described as a 6-tuple ½ci; bi; vi; cd; bd ; vd � 2 A ¼ Sci � Sbi � Svi � Scd �
Sbd � Svd where:

� Sci , Scd are the ordered sets of the possible sizes of the I- and D-caches (e.g., {16KB,
. . ., 256KB}).

� Sbi ; Sbd are the ordered sets of the possible block sizes of the I- and D-caches (e.g.,
{16B, . . ., 64B})

� Svi ; Svd are the ordered sets of the possible associativity values of the I- andD-caches
(e.g., from direct mapped to 8-way set associative).

Assuming that each set S of possible configurations is discrete and ordered (S ¼ fs1;
s2; . . . so . . . ; sqg),we can define a neighborhood operator ‘‘!’’:

Figure 2. The target system architecture.
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so ! n ¼ soþn 1 � oþ n � q

? otherwise

n
(2)

where ‘‘?’’ stands for ‘‘indefinite value.’’As an example of applicationof the neighborhood
operator, if we consider the following I-Cache size space:

Sci ¼ f16KB; 32KB; 64KB; 128KB; 256KBg (3)

we have that ð64KB ! 1Þ ¼ 128KBwhile ½16KB ! ð�1Þ� ¼ ?.
The concept of the neighborhood operator is used to define positive and negative

perturbations of a configuration.Given an architecture a ¼ ½ap1 . . . apl . . . apn � 2 A and a
parameter p, we define a perturbation �pða; yÞ as a vector b ¼ ½bp1 . . . bpl . . . bpn � 2 A
where

bpl ¼
apl pl 6¼ p

apl ! y pl ¼ p:

�
(4)

We indicate �þp ðaÞ for �pða; 1Þ and ��p ðaÞ for �pða; �1Þ. Inother words, a perturbation is
anoperation thatmodifies onlyone elementof the configuration at a time (i.e., the element
corresponding to p), by applying the neighborhood operator.

In the following section,we introduce the problem of finding the architectural optimal
configuration with respect to a defined cost function and its solution through the
sensitivity-based optimization algorithm.

4.2. Sensitivity of the Cost Function

The aim of this work is the definition of an efficient algorithm to find a suitable
configuration of a given architecture that is optimized for performance and energy
consumption.To assess the optimization problem, we need to introduce a cost function
associated with the architecture under consideration and to the application to be
executed. A cost function is defined as a function fM : A�K ! R,where K is the set of
applications that can be executed on the architecture, R is the set of real numbers
representing the cost of the given system configuration and M is the machine model
under consideration. The machine model is used to differentiate among the cost
functions associated with different families of architectures (e.g., M ¼ ‘‘SunSPARC’’ or
‘‘x86’’).

In this paper, we assume that the cost function is expressed as the product of two
fundamental parameters, i.e., energy and delay:

fM ða; kÞ ¼ EnergyM ða; kÞ �DelayM ða; kÞ (5)

where EnergyM ða; kÞ is the energy dissipated by the system in configuration a during the
execution of application k and DelayM ða; kÞ is the number of cycles necessary to the
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system in configuration a to execute k. Since both energy and delay associated with the
overall system can be hardly expressed by analytical functions, we adopt an executable
model (i.e., a simulation-based model) to compute the values of the energy and delay
parameters associatedwith each point of the parameter space.

The basic idea ofour work is to exploit the influence of the architectural parameters on
the cost function to minimize the simulations to be carried out during the optimization
phase. In this paper,we propose the concept of sensitivity to express the variability of the
cost function in the neighborhood of the minimum for the given set of reference
benchmark applications.The reference benchmarks have been chosen in order to stress
the functionality of the architecture in terms of memory accesses, use of function units
and variability of all the relevant parameters.

The sensitivity of the cost function with respect to a parameter p and a set of reference
applicationsH is defined as:

�ðp; fM Þ ¼ Eh2H
�pðfM ðaoptðhÞ; hÞÞ

fM ðaoptðhÞ; hÞ

� �
(6)

where E is the mean operator over the set of reference applications H, aoptðhÞ is the full
search optimal configuration found for h, Mis the machine model and �pðf ða; hÞÞ, is
defined as:

�pðf ða; hÞÞ ¼ j f ða; hÞ �maxð f ð�þp ðaÞ; hÞ; f ð��p ðaÞ; hÞÞj; (7)

Equation 6 defines the average percentage variation of the cost function with respect to a
small perturbation from its minimum. More in detail, the variation �pð f ða; hÞÞ is the
maximum absolute variation due to a small positive or negative perturbation on the
optimumof the cost function for a given application h.

4.3. Sensitivity-Based Local Search Algorithm

Our main goal is to efficiently identify an optimal (or sub-optimal) configuration that
minimizes the cost function. This is achieved by taking into account not only the
architectural parameters and their influence on the cost function, but also the target
application that will be executed on the embedded system.

Given the architectural space A, the application k and the cost function fM , the
optimization problem can be stated as

find aopt such that f ðaopt; kÞ ¼ min
8a2A

fM ða; kÞ: (8)

To solve the problem expressed byEquation (8),we define anoptimizationmethodology
basedon two steps.The first step is a tuning phase inwhich the systemunder consideration
is analyzed in terms of sensitivity. The second step consists of the actual local search
algorithm, that exploits the sensitivity information to perform the efficient exploration of
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the architecture.More precisely,the tuning phase is appliedonlyonce foraparticular setof
reference applicationsH and amachine modelM ,while the local-search algorithm canbe
applied to any new application to be optimized on the system.

The basic steps of the tuning phase are shown in Figure 3. Given a set H of reference
applications, the tuning consists of performing a full architectural space exploration for
each h 2 H, by computing the finite difference �p and finally the average sensitivity for
each parameter p of the architecture. A set of reference applications has to be selected to
reflect the typical behavior of the given architecture in terms of accesses to the memory
hierarchy and to the function units.

Once the sensitivity �ðp; fM Þ has been characterized, the sensitivity-based local search
algorithm reported in Figure 4 can be applied to any new application for which the
optimal architecture must be found.The algorithm receives as inputs:

TuningPhase(fM;H; P )

{

Input: fM ¼ cost function derived from machine model

H ¼ set of reference applications to be optimized;

P ¼ set of configuration parameters;

Output: � ¼ set of sensitivity values for each parameter;

foreach h 2 H
{

aoptðhÞ ¼ find full search optimum of h, given fM ;

foreach p 2 P

{

�ðp; fMÞ ¼ �ðp; fMÞ þ �pðfMðaoptðhÞ; hÞÞ
fMðaoptðhÞ; hÞ

� �
� 1

jHj
}

}

}

Figure 4. The sensitivity-based local search algorithm.

Sensitivity BasedLocalSearch(fM; k; �; P ; a0)

{

Input: fM ¼ cost function derived from machine model

k ¼ application to be optimized;

� ¼ vector of sensitivity values;

P ¼ set of configurable parameters;

Output: aopt ¼ optimal configuration for application k;

foreach p 2 L /*visit the parameters in order of sensitivity*/

{

find n such that fMð�pðaopt; nÞ; kÞ � fMð�pðaopt; yÞ; kÞ; 8y;
aopt ¼ �ðaopt; nÞ;
}

} until improvements on fM are negligible

}

Figure 3. The algorithmused during the tuning phase.
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�the cost function fM and its sensitivity information �;

� the application k to be optimized;

� the starting point for the exploration phase a0.

The starting point is computed as the average of the optimal architectures found during
the tuning phase:

a0 ¼ Eh2H aoptðhÞ
� �

: (9)

The sensitivity-based algorithm selects iteratively one parameter at a time in order to
decrease the sensitivity and to optimize the cost function along the dimension
corresponding to that parameter (by means of acceptable perturbations).The stopping
criterion is defined as the point beyond which further improvements to the cost function
result in negligible advantages.

As a clarifying example, let us consider an application k running on a systemwith only
three variable parameters (I-cache size ci, I-cacheblock size bi and I-cache associativity vi)
and let us assume that the sensitivityanalysis has shownthat the cost function fM is affected
first by ci, second by vi, and third by bi. Given a suitable a0 (see Equation 9), the
optimization algorithm executes the following steps:

1. aopt ¼ a0

2. oldcost ¼ fM ðaopt; nÞ;

3. fix the component bi and vi of aopt and find the optimal ci such that fM ðaopt; kÞ is
minimized;

4. fix the component ci and bi of aopt and find the optimal vi such that fM ðaopt; kÞ is
minimized;

5. fix the component ci and vi of aopt and find the optimal bi such that fM ðaopt; kÞ is
minimized; newcost ¼ fM ðaopt; nÞ.

6. If
newcost � oldcost

oldcost
> threshold

� �
goback to step 2.

where threshold is a fixed value that defines the stopping criterion for the search of the
local optimum.

Therefore, for each new application, the result of the sensitivity analysis of the system
will be preserved, so that instead of considering the simultaneous optimization of p
parameters only a narrow region of possible configurations producing sub-optimal
solutions will be explored.
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The sensitivity based optimization requires a number of simulations equal to:

g �
X
pl2P

jSpl j (10)

where P is the set of configurable parameters, Spl is the ordered set of configurations
associated with pl and g is the number of iterations over the whole set of parameters of
the algorithm.

The speed-up with respect to a full-search algorithm is thus equal to:

Speedup ¼ jAj
g �

X
pl2P

jSpl j
¼

Y
pl2P

jSpl j

g �
X
pl2P

jSpl j
: (11)

The obtained speed-up represents a relevant improvement in terms of simulation time if
the number g of iterations remains low. As a matter of fact, by choosing the starting point
a0 as in Equation 9,we increase the probability that the numberof iterations g remains low,
since it is most likely that the optimum is in the neighborhood of a0.

5. Case Study

In this section, we introduce the chosen SPARC-based architecture and how it can be
efficiently optimized by the application of the sensitivity-based local search algorithm.
Then, we discuss the experimental results derived from the application of our
methodology by exploring the given system architecture.The target system is composed
of the following modules:

�A 100 MHzMicroSPARC2 Processor Core (operating at 3.3 Vand without on-chip
caches).

�Separated and configurable I- andD-cacheswithone-cycle hit time.The speedof the
processor-to-memory bus is 100MHz.

�A 32Mbyte DRAMcomposed of 16� 16-Mbit blocks and characterized by a 7-cy-
cle latency.The power model for this memory has been derived from [24].The speed
of the bus cache-DRAM is 100MHz.

The cache energy model corresponds to 0.8 �m CMOS technology, however the
equations in the analytical cache energy model can be easily modified to reflect a more
updated process technology by simply changing the values of the capacitance parameters
to account for the new technological and layout features.

Each instance of the virtual architecture has been described as a 6-tuple

½ci; bi; vi; cd; bd; vd � 2 A ¼ Sci � Sbi � Svi � Scd � Sbd � Svd where:

A SENSITIVITY-BASEDDESIGNSPACEEXPLORATIONMETHODOLOGY 21



� Sci ; Scd are the ordered sets of the possible sizes of the I- and D-caches (e.g., {2KB,
4KB,8KB,16KB, 32KB,64KB}).

� Sbi ; Sbd are the ordered sets of the possible block sizes of the I- and D-caches (e.g.,
{4B,8B,16B, 32B})

� Svi ; Svd are the ordered sets of the possible associativity values of the I- andD-caches
(e.g. {1, 2, 4, 8})

The architecture hasbeen exploredby using a SPARC executable systemmodule, called
MEX, that consists of the SPARC V8 Instruction Set Simulator with a configurable
memory architecture. MEX exploits the Shade [8] library to trace the memory accesses
generated by a program executed by the SPARC V8 and simulates the target memory
architecture to obtain accuratememoryaccess statistics among which:

�Number of accesses to the memory hierarchy (on both I- andD-buses);

�Average cache miss rate (on both I- andD-buses);

�Address sequentiality (on both I andD address buses) [11];

�Bus transition activities (on both I andD address buses);

�Delay (D) (average clock cycles per instruction, measured in terms of [CPI]);

�Energy (E) dissipated by the architecture during program execution measured in
terms of Joule per Instruction [JPI].

The benchmarks used to validate the model are part of theMediabench suite [20], a set
of multimedia benchmarks that can be considered a de-facto standard for multimedia
applications.The benchmarks have been executed with the standard options provided in
their makefiles and have been executed byMEX to provide system statistics.

To provide the energy-delay trend for the target system,Figure 5 reports the scatter plot
of the energy and the delay for each point in the architectural space (actually composed of
9126 points) for the gsmdecoder benchmark. In this picture, we can observe the system
with the absolute minimum delay (point A),with the minimum energy (point B) and with
the minimum EDP value (point C).The EDP optimal point is, with respect to the most
performant configuration A, 1.5% slower but saves as much as 7.9% in energy con-
sumption while, with respect to the less power consuming configuration B, C is 1.9%
faster and 1.3% more power consuming. Note that, going from A to C (B to C), the
percentage of energy (performance) savings are always greater than performance
(energy) losses.

Figure 6 reports the scatter plotof theEnergyand theDelay for the mesabenchmark. In
this case, there is a substantial tradeoff tobe exploited since theEDPoptimal point is,with
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respect to the most performant configuration A, 4.8% slower but saves 31.8% in energy
consumption. Finally, with respect to the less power consuming configuration B, the
optimal EDP point is 9.4% faster and only 2.6%more power consuming.

Let us analyze more in detail the benchmark mesa in order to better understand the
behavior of the system in terms of delay and energy metrics. Figure 7 shows the delay and
the energy-delay product in the neighborhood of the optimal configuration of the system
for the benchmark mesa (aopt ¼ ½16384; 16; 4; 16384; 4; 4�) by varying the cache sizes
and block sizes.

Note that, by increasing the cache size while keeping a constant block size tends to
minimize the delay since more blocks are present in the cache and the miss probability
decreases.However, increasing the cache increases also the energy consumption and this
implies atrade-off between energy consumption andperformance.This is clearly shown in
the lower part of Figure 7 where the energy-delay curves are convex.

Figure 8 shows the delay and the energy-delay product in the neighborhood of the
optimal configuration of the system for the benchmark mesa by varying the cache sizes
and set associativity of both caches. Increasing the cache size with a constant
associativity increases the energy consumption. The increased associativity leads to
reduced delay without impacting substantially the overall energy-delay product, since 4-
way and 8-way set associative caches give an overall better ED product with respect to the
direct-mapped one.

Figure 5. Normalized delay [CPI] vs. energy [JPI] scatter plot for the gsmdecoder benchmark.
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Figure 9 shows the delay and the energy-delay product in the neighborhood of the
optimal configuration of the system for the benchmark mesa by varying the block sizes
and associativity of both caches.We can observe how increasing the block size with a
constant associativity increases the delay (since data transfer from the main memory
becomes longer). However, larger associativity implies less delay, since it reduces cache
misses. Furthermore, for the I-cache, increasing the cache block size leads to energy
reduction since, with fixed associativity and fixed I-cache size, the number of cache
misses is reduced.The power model of the cache is very sensitive to the number of cache
blocks, so it is possible to find an optimal block size that minimizes both energy
consumption and delay. Concerning the D-cache, the very high rate at which the delay
increases with respect to the block size makes negligible the advantages obtained through
the reduction of the cache complexity.

5.1. Application of the Tuning Phase

The tuning phase is basedon the execution of theMediaBench suite [20], a set of complete
multimedia applications mainly written in C. All the applications are public domain and
derive from image processing, communication and DSP applications. Among the
Mediabench,we selected a sub-set of control-intensive and data-intensive applications to

Figure 6. Normalized delay [CPI] vs. energy [JPI] scatter plot for the mesa benchmark.
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Figure 7. Delay and ED product for mesa benchmark, by varying cache sizes and block sizes.

Figure 8. Delay and ED product for mesa benchmark, by varying cache sizes and associativity.
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be used as reference application set H to characterize the sensitivity of the system.The
reference setH is composed of the following applications:

G.721 VOICE COMPRESSION ENCODERANDDECODER
These applications consist of the reference implementations of the CCITT

(International Telegraph andTelephone Consultative Committee) G.711,G.721, and G.723
voice compressions algorithms.

GHOSTSCRIPT
This application is an interpreter for the PostScript language characterized by a very

high I/O activity but no graphical display.

MESA
Mesa is a 3D graphics library very similar to OpenGL. Among the available

applications using this library we selected osdemo, which executes a standard rendering
pipeline.

Figure 9. Delay and ED product for mesa benchmark, by varying block sizes and associativity.
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MPEGDECODER

This is an implementation of an MPEG2 decoder, a standard for high-quality digital
video compression, based on the inverse discrete cosine transform.

PGPENCODER
PGP is digital signature and encryption application based on ‘‘message digests,’’ i.e.,

128-bit cryptographically strong one-way hash value of the message. Data encryption is
based on theRSA asymmetric encryption scheme.

RASTA
This application performs speech recognition by means of speech analysis techniques

such as PLP,RASTA, and Jah-RASTA.

Table 1 shows the optimal parameter values found for the reference benchmarks and
their sensitivity indexes. The last row (MEAN ) indicates the mean sensitivity value
associated with the parameter as well as the optimum feasible value of the parameter, i.e.,
the feasible value of the parameter closest to the mean of the optimal values.

If we consider the mean sensitivity, as Figure 10 shows, the most important parameters
are in order, the I-cache size (ci), the I-cache associativity (vi), theD-cache size (cd), theD-
cache associativity (cd) and the I- and D-cache blocks (bi and bd).This order will be used
by the sensitivity optimizer to efficiently optimize any new application for the given
architecture.

5.2. Sensitivity-Based Optimization of the �SPARC Architecture

Tovalidate the methodology,we applied the sensitivity based optimization to another sub-
set of Mediabench. The sub-set is disjoint from the set of reference benchmarks used
during the tuning phase.The sensitivity values used for such type of optimization have
been presented in the previous section. For validation purposes, the following
applications have been used:

ADPCMENCODERANDDECODER
Adaptive differential pulse code modulation filters for audio coding.

EPIC ENCODERANDDECODER
Image compression/decompression fixed point tools based on a bi-orthogonal wavelet

decomposition, combinedwith a run-length/Huffman entropy coder.
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GSMENCODERANDDECODER

European GSM 06.10 standard speech transcoders based on residual pulse excitation/
long term prediction coding at 13 kbit/s.

JPEGENCODERANDDECODER

Standardized lossy compression method for full-color and gray-scale images.

Figure 10. The distribution of the sensitivity for the set of the architectural parameters ordered by their mean
sensitivity.

Table 1. The Set of Optimal Parameters and Sensitivity Indexes for the Chosen Set of ReferenceApplications

Mediabench ci �ðciÞ bi �ðbiÞ vi �ðviÞ cd �ðcdÞ bd �ðbdÞ vd �ðvdÞ

g721decode 8192 106.7% 16 0.8% 2 41.3% 8192 1.2% 8 0.3% 2 0.5%

g721encode 8192 118.9% 16 0.8% 2 42.4% 8192 1.2% 8 0.2% 2 0.5%

gsdec 8192 6.2% 8 2.5% 8 0.3% 8192 2.7% 4 1.8% 2 8.8%

mesa 16384 12.1% 16 1.4% 4 2.8% 16384 2.0% 4 1.9% 4 0.6%

mpegdec 8192 8.6% 8 1.8% 4 2.3% 8192 2.4% 4 0.9% 4 0.6%

pgp 8192 45.7% 16 0.6% 2 5.9% 16384 15.4% 4 0.6% 2 1.4%

rasta 32768 20.4% 16 3.1% 8 3.0% 65536 17.7% 16 1.0% 4 4.9%

MEAN �16384 51.1% �16 1.6% �4 15.9% �16384 6.8% �8 0.8% �2 2.8
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MPEGENCODER

This is an implementation of an MPEG2 encoder, a standard for high-quality digital
video compression, based on the inverse discrete cosine transform.

PEGWIT
Public key encryption and authentication application based on the elliptic curves

theory.

Figure 11 provides the behavior of the sensitivity-based optimizer in the energy-delay
space. As shown, the algorithm starts from a point characterized by high energy and
delay values and tends to optimize energy and delay simultaneously. As a matter of fact,
it reaches first a best delay configuration and, from this point, it begins to consider all the
points of the pareto curve until it arrives to the best energy-delay configuration.

Table 2 shows thebest configurations estimatedby the sensitivityoptimizer with respect
to those found with a full search over the entire design space.The table shows also the
percentage errors on the energy-delay product between the real and the estimated
optimum. Note that for all benchmarks but three, the configuration found by the
heuristic coincides with the full search one. For the remaining benchmarks, the error on
the ED is always less than 2%.

Figure 12 reports the speedup in terms of number of simulations needed by the
sensitivity optimizer. As the figure shows, the average ratio between the number of
simulations performed by the full search and the number of simulations performed by
the sensitivity optimizer is always two orders of magnitude larger. As an example, for a
generic application requiring a simulation time of two minutes for each single simulation
step, the full search optimization would have required 13 days approximately, while our
methodology finds a near optimum solution in less than 4 hours.

6. Conclusions and Future Work

This paper addresses the problem of design space exploration of system architectures
where both performance and power consumption are the most relevant constraints. In
particular, an exploration methodology to reduce simulation time dramatically while
preserving acceptable design accuracy has been proposed and experimentally assessed
by considering the design of the memory subsystem of a real-world embedded system.
Experimental results have shown a speed-up in simulation time of 2 orders of magnitude
and a distance from the optimal configuration always in range of 2%. Furthermore, this
methodologyallows the designer to save analysis time since the numberof configuration to
be compared is significantly reduced.Work is inprogress tovalidate thismethodologyon a
broader range of processor architectures.

Beyond the evaluation of the impact of the variation of cache-related parameters from
the power-performance joint perspective, the next step ofour work aims at estimating the
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effects of power-aware compileroptimizations on theEnergy*Delaymetric at the system-
level.

Other directions of our work are related to the evaluation of the influence of the
variations of other system-level parameters such as the number of processors in the
system, the processor architecture itself, and the bus topologies in multi-cluster
architectures.

Figure 11. The path followed by the sensitivity-based algorithmwhen optimizing the jpeg encoder application
on themicroSPARC system.

Table 2. Comparison Between the Full Search Optimal Configurations (aopt) and the Configurations Derived
with the Sensitivity Optimizer (âaopt)

Mediabench aopt EDðaoptÞ âaopt EDðâaoptÞ error

adpcmdec [4096,4,4,8192,4,2] 5.47658e-08 [4096,4,4,8192,4,2] 5.47658e-08 0.00%

adpcmenc [4096,4,4,8192,4,2] 5.41120e-08 [4096,4,4,8192,4,2] 5.41120e-08 0.00%

epic [2048,8,2,32768,4,4] 1.03661e-07 [2048,8,2,16384,4,2] 1.03737e-07 0.07%

gsmdec [8192,8,8,16384,32,2] 4.91169e-08 [8192,8,8,32768,32,1] 4.99385e-08 1.67%

gsmenc [16384,16,2,8192,16,1] 5.45314e-08 [16384,16,2,8192,16,1] 5.45314e-08 0.00%

jpegdec [4096,4,4,32768,16,4] 6.46782e-08 [4096,4,4,32768,16,4] 6.46782e-08 0.00%

jpegenc [4096,8,4,65536,8,1] 7.42115e-08 [4096,8,4,65536,8,1] 7.42115e-08 0.00%

mpegenc [2048,4,4,4096,4,4] 5.19611e-08 [4096,16,2,8192,8,4] 5.24329e-08 0.91%

pegwit [8192,16,2,65536,4,1] 9.05444e-08 [8192,16,2,65536,4,1] 9.05444e-08 0.00%

unepic [2048,8,2,65536,8,4] 2.71852e-07 [2048,8,2,32768,4,2] 2.72454e-07 0.22%
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