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ABSTRACT
Several features such as reconfiguration, voltage and fre-
quency scaling, low-power operating states, duty-cycling,
etc. are exploited for latency and energy efficient applica-
tion design using heterogeneous embedded systems. How-
ever, more choices during application design results in a
large design space that must be traversed efficiently. In
this paper, we propose a hierarchical methodology that in-
tegrates optimization heuristics, high-level performance es-
timators, and low-level simulators to enable efficient explo-
ration of large design spaces. Our methodology is fast, ro-
bust against approximation errors due to high-level model-
ing, and can evaluate a much larger design space than an op-
timization heuristic only design space exploration technique.
We have augmented MILAN, a model-based integrated sim-
ulation framework for embedded systems, to develop an en-
vironment to perform hierarchical design space exploration.
Using our methodology for a beamforming application, we
identify an energy-efficient mapping onto a heterogeneous
embedded system while meeting a given latency constraint.
We also demonstrate the use of our methodology in identify-
ing an energy and latency efficient heterogeneous embedded
system based on user-specified performance requirements for
a personnel detection algorithm from a set of devices that
includes FPGAs, DSPs, and traditional processors.

Categories and Subject Descriptors
I.6.3 [Computing Methodologies]: Simulation and Mod-
eling—general, design space exploration

General Terms
Algorithms, Performance
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1. INTRODUCTION
Heterogeneous embedded systems integrate one or more

processing components such as traditional processors, DSPs,
and FPGAs and peripheral units such as memories, sen-
sors, and actuators onto a single system. A heterogeneous
embedded system can be a system-on-chip solution like Xil-
inx Virtex-II Pro [20] which integrates traditional processing
cores into the reconfigurable fabric or a multi-chip solution
like the PASTA sensor stack [15] which integrates proces-
sors, micro-controllers, custom logics, sensors, and actua-
tors. Such heterogeneous systems support various power-
aware capabilities/features such as reconfiguration, dynamic
voltage and frequency scaling, low-power operating modes,
efficient start up and shut down, among others. The ability
to dynamically customize the architecture or the operating
modes of different components to match the computation,
data flow, and quality of service (QoS) requirements of an
application has demonstrated significant performance bene-
fits such as lower latency and energy dissipation [13]. As a
result, heterogeneous systems are well-suited for latency and
energy efficient implementation of compute intensive appli-
cations and thus are attractive for signal processing appli-
cations used in wired as well as wireless mobile devices.

Application design using heterogeneous embedded sys-
tems involves (device) selection of a suitable processing com-
ponents and memory. Following device selection, mapping
between individual application tasks and processing compo-
nents, appropriate operating state for each mapping, and
the schedule of execution are identified based on the perfor-
mance requirements specified as an input. If the target sys-
tem is already specified, application design does not involve
device selection. With the availability of multiple imple-
mentation platforms such as FPGAs, traditional processors,
and DSPs, a designer not only needs to identify suitable
platforms but also appropriate hardware/software partition-
ing and mapping onto those platforms. In addition, other
capabilities that play a significant role especially for energy
efficient design are reconfiguration, dynamic voltage scaling,
choice of low-power operating states, and device activation
scheduling. However, a large number of choices during ap-
plication design results in a large design space that must
be traversed efficiently to identify the designs that meet



the performance requirements. In addition, due to complex
inter-dependencies, the design parameters can have conflict-
ing effect on different performance metrics making manual
design and analysis impractical.

There exists many design approaches to address the above
issues. Each approach targets an application design prob-
lem domain (henceforth referred to as problem domain). A
problem domain refers to all application design problems
specific to a class of applications and hardware. For exam-
ple, mapping the class of applications that can be modeled
as linear array of tasks onto reconfigurable devices is a prob-
lem domain. Different design approaches can be classified
into two major categories. The first category is optimiza-
tion heuristics. Approaches that fall under this category are
based on a high-level abstraction (model) of a problem do-
main and allow development of provably optimal solutions.
Such high-level models are a mathematical abstraction of
the application behavior and hardware characteristics with-
out the underlying implementation details (and therefore
runtime complexities). While such approaches can quickly
identify an optimal solution, they are sensitive to errors in-
troduced due to approximations during high-level model-
ing. The second category is simulation based design space
exploration. Approaches that fall under this category use
simulators that are based on execution models suitable for
cycle-accurate or register-transfer level simulation. While
simulations provide reliable results in terms of accuracy, de-
sign space exploration using such an approach consumes a
significant amount of time due to low simulation speeds.

In contrast, our approach, hierarchical methodology for
design space exploration, integrates best of both worlds.
Our methodology consists of two steps. The first step uses
optimization heuristics that operate on the initial design
space and prune it to a smaller set of designs based on the
performance requirements. The second step uses high-level
estimation tools that operate on the designs identified in
the first step. A high-level estimation tool operates at a
higher level of abstraction than a typical simulator such as
cycle-accurate, register-transfer level, or even instruction-
set simulators. The precise definition of “level” for a high-
level estimation tool depends on the target problem domain.
The high-level estimation tools used in our methodology uti-
lize available low-level simulators to estimate performance.
However, the use of a high-level estimator allows us to reuse
low-level simulation results and considerably reduces the
number of low-level simulations that need to be performed.

Many design tools are available for a specific target de-
vice [3, 17, 20]. For example, Xilinx EDK and System Gen-
erator for Simulink [20] are design tools for Xilinx Virtex
series of FPGAs. However, in our case the target device is
not specified. We start with an application specification and
a set of performance requirements. Performance require-
ments can be a hard latency requirement or energy dissi-
pation minimization or minimization of energy dissipation
subject to a latency constraint. Typical applications in such
category include high performance signal processing appli-
cations which need to be deployed in power-constrained en-
vironments [15, 18]. We do not assume an underlying archi-
tecture and instead evaluate a set of available components,
typically commercial-off-the-self (COTS), to identify an ar-
chitecture that minimizes energy dissipation while meeting
the latency requirements. In addition to architecture, we
also identify the corresponding mapping of the application

onto the architecture. We are not aware of any commercially
available tool that can handle such a wide range of devices.

We have enhanced the MILAN framework to support hi-
erarchical design space exploration. MILAN is a Model
based Integrated simuLAtioN framework for embedded sys-
tem design and optimization through integration of various
simulators into a unified environment [10]. MILAN already
supports modeling of applications as a synchronous data
flow (SDF) graph, modeling of the various capabilities of
the heterogeneous devices, an ordered-binary decision dia-
gram based design space exploration tool (DESERT), and
a high-level performance estimator (HiPerE) for heteroge-
neous embedded system [12]. We have enhanced MILAN by
adding a dynamic programming based N-optimization tool
(see Section 2), augmenting HiPerE with capabilities to sup-
port memory, sensors, actuators, and duty-cycle (see Section
3) while estimating performance. We have also developed a
graphical front-end to HiPerE to enable interactive design
space exploration in the second step of our methodology to
allow efficient performance trade-off analysis of the designs
identified by the optimization heuristics.

The paper is organized as follows. The following section
discusses the hierarchical design space exploration (DSE)
methodology. The implementation of our methodology in
MILAN is discussed in Section 3. Section 4 provides two
examples demonstrating the use of our methodology. Some
related works are discussed in Section 5 followed by conclu-
sion in Section 6.

2. HIERARCHICAL DESIGN SPACE
EXPLORATION

We focus on energy-efficient design of signal processing ap-
plications using heterogeneous embedded systems. Typical
signal processing applications such as MPEG decoder and
encoder, software defined radio, image and acoustic signal
processing for automated target recognition and tracking,
etc. can be modeled using synchronous data flow graphs [8].
Hence, our focus is on the class of applications that can be
modeled using SDF graphs. A simplified version of SDF is a
linear data flow which models an application as an ordered
set of tasks where each task can have at most one input
and one output. Due to a simple and regular structure, lin-
ear data flow is well suited for formal algorithmic analysis
and optimization. We also focus on developing specialized
solutions for linear data flow graphs.

In our previous work, we have defined a model called
GenM for system-on-chip architectures [11]. GenM models
dynamic voltage/frequency scaling for the processor, power
states for the memory, and reconfiguration for the reconfig-
urable logic (FPGA). Additional details of the GenM model
can be found in [11]. For our purpose, we have extended
GenM to include multiple processors and FPGAs. Our tar-
get hardware resources are the class of heterogeneous em-
bedded systems that can be modeled using the extended
GenM model.

2.1 Key Ideas of Our Methodology
In order to discuss our methodology, we define parame-

ter coverage as a metric to compare different design space
exploration (DSE) techniques. A set of parameters are as-
sociated with each application design problem domain. A
parameter can be a variable or a constant. For example,
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Figure 1: Hierarchical design space exploration

a linear array of tasks and a processor supporting dynamic
voltage scaling is an application design problem domain. For
this domain, the parameters are task execution cost for each
voltage setting, operating voltages of the processor, voltage
scaling cost, mapping choices, cost of data transfer between
tasks, over-all latency, and energy dissipation. For a given
problem domain, there exists several optimization heuris-
tics, high-level estimators, and simulators that can be used
to perform design space exploration. For a given solution,
be it an optimization heuristic or an estimation/simulation
tool, parameter coverage refers to the set of parameters that
are considered by each solution. Higher parameter coverage
refers to a larger set of parameters and results in higher ac-
curacy but can potentially be time consuming during DSE.
A low-level simulator is an example of a performance esti-
mation tool with high parameter coverage. In contrast, op-
timization heuristics, due to high-level of abstraction, tend
to have lower parameter coverage.

Given an application design problem domain, hierarchi-
cal design space exploration is defined as a two step process
(Figure 1). The first step uses a suitable optimization heuris-
tic for the problem domain that can generate a set of designs
meeting the given constraints. The second step consists of a
suitable high-level performance estimator that can evaluate
the performance of any design that is a potential solution for
the given problem domain. We assume that the high-level
performance estimators have a higher parameter coverage
than the optimization heuristics. Therefore, the high-level
estimation tool can cover the parameters not included in the
model used by the optimization heuristic due to approxima-
tions. Hence, our methodology can explore a larger design
space than an optimization heuristic only DSE scheme. Hi-
erarchical design space exploration assumes the availability
of appropriate simulators to estimate the model parameters
required by the optimization heuristics and the high-level
estimators. We also assume that appropriate input such as
implementations in scripts or languages supported by the
simulators, input stimulus, and simulator configurations are
available to perform simulation.

2.2 Advantages of Our Methodology
The primary difference between our version of an opti-

mization heuristic and the traditional version is generation
of a set of designs as opposed to a single optimal design.
The set of designs consists of the designs that meet the given
performance constraints or are the N-optimal solutions. N-

optimal solutions refer to N best designs based on a single
performance metric such as latency or energy dissipation.
An N-optimization heuristic is a technique that generates N-
optimal solutions for an application design problem domain.
By ensuring that we have a set of good designs as opposed to
one optimal design, we increase the chances of finding the
real-optimal design from the set even when approximated
high-level models are used. An optimal design is the best
design identified (based on the performance requirements)
by the optimization heuristic using the underlying approx-
imated high-level model. A real-optimal design is the de-
sign that is optimal when the designs are implemented using
hardware and performance is measured. For ease of compar-
ison, we assume that the most detailed low-level simulator
available is accurate and can be used to identify the real op-
timal solution. We also assume that the errors induced by
approximations are marginally low when compared with the
actual performance values. The advantages of hierarchical
design space exploration are as follows:

• robust against approximation errors due to high-level
abstractions (models) used by the optimization heuris-
tics

• reduces the number of simulations necessary when com-
pared against simulation based design space explo-
ration

• combines the speed of optimization heuristic based
DSE and the higher accuracy and parameter coverage
of simulation based DSE

• designer can combine different optimization heuristics
and high-level estimators to suite the need of target
application design problem domain

In the following, we perform an experiment to demon-
strate the robustness of our hierarchical design space explo-
ration methodology against approximation errors.

2.3 Robustness Against Approximation Errors
Our objective in this experiment is to demonstrate the ef-

fect of error on design space exploration and the advantages
of a hierarchical design methodology over both optimization
heuristic and simulation based techniques. The design space
exploration problem we consider is “given a linear array of
tasks and a reconfigurable device, a set of configurations for



Table 1: Robustness Against Approximation Errors
size of design space 256 3125 46656 823543 observations

(tasks, configurations) (4,4) (5,5) (6,6) (7,7) (latency)

up to 4535 6363 7625 7889 real-optimal design

10% 4535 6823 7625 8044 optimal design using dynamic prog.

error 4535 6363 7625 7889 optimal design using our method

Yes Yes Yes Yes was real-optimal in the N-optimal set?

up to 4691 6031 7406 8325 real-optimal design

15% 4895 6075 7651 8354 optimal design using dynamic prog.

error 4691 6031 7499 8424 optimal design using our method

Yes Yes No No was real-optimal in the N-optimal set?

up to 4705 6160 6849 8669 real-optimal design

20% 5117 6230 7109 9370 optimal design using dynamic prog.

error 4988 6230 6849 9116 optimal design using our method

No No Yes No was real-optimal in the N-optimal set?

up to 4755 5850 6680 8567 real-optimal design

25% 4876 6305 6851 8800 optimal design using dynamic prog.

error 4755 5850 6783 8790 optimal design using our method

Yes Yes No No was real-optimal in the N-optimal set?

each task, time taken to execute each task in each configura-
tion, reconfiguration cost for each pair of configurations, find
a mapping of the tasks and configurations with the minimum
latency”.

We compare the well known dynamic programming based
solution using assembly-line scheduling algorithm [4] and
our hierarchical approach that uses an N-optimal solution
for the linear array mapping problem and HiPerE (see Sec-
tion 3). In the experiment, we introduce a certain amount
of error in the latency estimates and compare the optimal
design identified by both the approaches with the real opti-
mal design. The real optimal design is identified based on
the estimates without any error using an exhaustive search
of the complete design space. The latency estimates for task
execution and reconfigurations are generated randomly. By
introducing random errors, we are able to simulate approxi-
mation errors encountered while modeling using a high-level
abstraction. We also verify if the real-optimal design was
included in the N-optimal (we chose N = 20 for our experi-
ments) solutions identified by step one of our methodology.
We experiment using 4 different applications (linear array
of tasks) containing 4, 5, 6, and 7 tasks each and 4, 5, 6, and
7 numbers of configuration for each task respectively. Table
1 shows the results. We evaluate each instance of the linear
array of tasks with 10%, 15%, 20%, and 25% approximation
errors. The latency values shown in the table is based on
the actual latency estimates for the designs. However, the
designs are identified based on the latency estimates with
error.

As shown in Table 1, out of the 16 experiments, the dy-
namic programming is able to identify the real-optimal de-
sign only in 2 cases whereas using our methodology we are
able to identify the real-optimal design in 9 cases. Even
when our methodology fails to identify the real-optimal de-
sign, the optimal designs identified by our method is on av-
erage 2.7% (max 6%, min 1.2%) worse than the real-optimal
design. In contrast, the same, for results obtained using dy-
namic programming solution is on average 3.8% (max 8.7%
and min 0.34%). While we do not evaluate the time needed
for simulation based DSE, the size of the design space indi-

cates the magnitude of the simulation time needed to per-
form all the simulations.

2.4 Design Flow for Hierarchical Design Space
Exploration

In order to use hierarchical design space exploration, the
designer needs to follow the design flow as described in the
following (Figure 2). Once the application design problem
domain is identified, the designer needs to identify a suitable
optimization heuristic and a high-level performance estima-
tion tool. Given a specific application design problem, the
designer needs to define models for the application and the
target hardware or hardware choices. A mapping model,
containing feasible mappings, is defined using the applica-
tion and hardware model. In addition, performance con-
straints for latency and energy dissipation are also specified
in the model. These performance constraints are defined
such that a set of designs can be chosen using the optimiza-
tion heuristic. Following model definition and constraint
specification, the optimization heuristic is used to identify
the designs that meet the performance constraints. The
selected designs are evaluated using the high-level perfor-
mance estimator to identify the design that meets the per-
formance requirements of the design. Note the difference
between performance requirements and performance con-
straints. Performance requirement is specified as part of the
design problem specification and refers to the requirements
that the resulting design needs to satisfy. Performance con-
straints are specified as input to certain type of optimization
heuristics (e.g. DESERT) such that a set of designs can be
selected using the first step. In contrast, N-optimization
heuristics do not need performance constraints.

We have enhanced the MILAN embedded system design
environment to implement our methodology. In the fol-
lowing section, we discuss the enhancements and highlight
various support that MILAN provides to implement our
methodology.



3. HIERARCHICAL DESIGN SPACE
EXPLORATION USING MILAN

MILAN is a model based integrated simulation environ-
ment for embedded system design and optimization through
integration of various simulators and tools into a unified
environment [10]. Using the MILAN environment, the de-
signer formally models the target application, underlying
hardware, and constraints (latency, throughput, energy dis-
sipation, etc.) through a graphical interface provided by
MILAN. The models are stored in a model database. The
model information is translated through model interpreters
into suitable input formats required by the integrated simu-
lators. MILAN adopts Model Integrated Computing (MIC)
as the core design technology [5, 7]. The Generic Mod-
eling Environment (GME) is a configurable graphical tool
suite supporting MIC [5]. GME allows the designer to cre-
ate domain-specific models [10]. A metamodel (modeling
paradigm) is a formal description of model construction se-
mantics. Once the metamodel is specified by the user, it
can be used to configure GME itself to present a modeling
environment specific to the problem domain. Every target
system is specified in MILAN as a model. Model interpreters
are the software components that translate the information
captured in the models based on the input format required
by the integrated tools and simulators.

3.1 Overview of the MILAN Design Flow
MILAN design flow consists of modeling, performance es-

timation, and design space exploration. The user initiates
the design process by modeling the application and the tar-
get architecture. Application modeling involves application
specification as a data-flow graph with alternatives [7]. The
functional specification of the target system specifies the
structure of the data-flow graph and the choice of imple-
mentations specifies the alternatives. For multi-rate appli-
cations, while modeling an application in MILAN, the de-
signer can specify the rate of execution for each application
task. MILAN supports hierarchical modeling that enables
hierarchical specification of the data flow graph making it
easier to manage and analyze an application model. Func-
tional simulation and verification may be done iteratively
with application modeling [7]. To enable functional simula-
tion, MILAN supports generation of high-level source code
in C and Matlab and integration of functional simulators [7].
MILAN also supports specification of input stimulus at the
source tasks and output processing logic at the sink tasks.
These capabilities are also exploited for simulation using in-
tegrated simulators to estimate performance.

Resource modeling involves modeling of the target archi-
tecture. The modeling paradigm is based on the GenM
model [11]. The user identifies key components and fea-
tures of the target architecture that can be exploited for
optimization and models them in MILAN. In addition, the
user also models various states and state transition costs
associated with different components such as reconfigurable
devices, processors supporting DVS, and power aware mem-
ories [12].

Finally, the user describes possible mappings for each task
alternatives and different performance or compositional con-
straints that the system needs to satisfy [11, 12]. A mapping
is a relation between an application task and a target pro-
cessing component. Performance constraints are based on
the latency and energy dissipation requirements given as in-

put. Design constraints capture requirements of mapping
and composition of components in case of device selection.
Constraints on composition restrict the composition of al-
ternate processing components. For example, given a set
of choices that includes two traditional processors, one such
constraint can be “a valid system may contain one of the
processors but not both”. Before we can perform design
space exploration, we need to populate the design space de-
scribed above using the performance estimates for all the
mappings specified in the model. MILAN is a simulator in-
tegration environment. Hence, if appropriate simulators are
integrated, MILAN has the capability to perform automatic
simulation (using specified implementation and sample in-
put) and update the model for mapping using the simulation
results.

Once the complete system is modeled, the user invokes the
design space exploration (DSE) tools. A DSE tool rapidly
identifies a set of design that satisfies all the constraints.
Currently, MILAN provides Design Space Exploration Tool,
DESERT, as the primary DSE tool [12]. Our experience
with DESERT shows that we can prune a design space with
approximately 1020 ∼ 1040 designs in order of minutes [12].
DESERT uses symbolic methods based on Ordered Binary
Decision Diagrams (OBDDs) for constraint satisfaction [7].
We have also integrated other techniques based on dynamic
programming to provide additional DSE options to the de-
signer. One such technique targets applications that can be
modeled as a linear array of tasks (discussed in Section 3.3).
Given a linear array of tasks, execution cost of each task
on a target reconfigurable device, and reconfiguration cost,
the technique can identify a set of mapping with minimum
latency or energy. The output of DSE is evaluated using
High-level Performance Estimator (HiPerE) tool, currently
integrated into MILAN. HiPerE evaluates system-level en-
ergy dissipation and latency. In order to provide a rapid
estimate, HiPerE operates at the task level abstraction of
the application. In addition to the task execution cost, var-
ious other aspects considered by HiPerE for accurate per-
formance estimation are data access cost, parallelism in the
system, energy dissipation when a component is idle, and
state transition cost. Our results for signal processing ap-
plications show that HiPerE estimates are within 8% of the
estimates using low-level simulations [11, 12]. Using HiPerE,
the designs are evaluated and compared manually to identify
the final design.

MILAN, in its current form, supports modeling of applica-
tions using synchronous data flow graphs and heterogeneous
embedded systems using the extended GenM model [7, 11].
Hence, MILAN is suitable for our domain of interest which is
design of signal processing application using heterogeneous
embedded systems. In addition, MILAN already integrates
DESERT and HiPerE [11]. However, MILAN did not sup-
port hierarchical design space exploration because the pa-
rameter coverage for both DESERT and HiPerE were the
same. In addition, MILAN models were not capable of stor-
ing a set of designs (output of step one) and therefore there
was no easy method of applying step two of our methodol-
ogy in MILAN. Further, there were no support for generat-
ing N-optimal solutions for any class of application design
problems. Hence, we augmented MILAN in many ways to
implement and evaluate the hierarchical design exploration
methodology. We discuss them in the following.
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Figure 2: Design flow using MILAN

3.2 High-level Performance Estimator
(HiPerE)

HiPerE is a high-level performance estimator based on the
GenM model [11]. Application specification is provided as a
SDF graph to HiPerE. HiPerE combines component specific
performance estimates (as specified in the mapping informa-
tion) through interpretive simulation to derive system-level
performance estimates. Additional details about HiPerE
can be found in [11]. For hierarchical design space explo-
ration, we enhanced HiPerE to support multiple processors,
reconfigurable devices, memories while estimating perfor-
mance. In addition, support for duty-cycle while estimating
performance was also added. Duty-cycle in the context of
application execution refers to the proportion of time during
which a component, device, or system is operated. Support
for duty-cycle includes being able to estimate performance
for a length of time or number of execution instances while
taking into account, start up and shut down cost, idle energy
dissipation, and rate of input.

In addition, a duty-cycle aware estimator needs to sup-
port applications with multi-rate execution. An application
modeled as a set of tasks is said to be multi-rate if different
tasks have different rate of execution. A multi-rate appli-
cation needs to adapt based on the input or environment
condition. In the second illustrative example (Section 4.2),
co-variance matrix is updated once every constant number
of samples to adapt to the changing signal environment [18].
Hence, we enhanced HiPerE to estimate performance of dif-
ferent execution instances based on rate of execution of in-
dividual tasks. The second illustrative example discussed in
this paper (Section 4.2) deals with a multi-rate application.

HiPerE also addresses other important issues related to
the design of heterogeneous embedded systems. MILAN
facilitates seamless integration of different simulators and
invocation all integrated simulator from a single modeling
environment. However, due to the complexity of the target
heterogeneous systems, either there is a lack of appropri-
ate system-level simulator that can simulate the complete
system, or if such a simulator exists it is prohibitively ex-

pensive in terms of simulation time. HiPerE addresses both
the above issues through integration of individual simulation
results and rapid performance estimation [11].

3.3 Dynamic Programming based N-Optimi-
zation Heuristic

We have enhanced MILAN to integrate an N-optimization
heuristic that identifies N-optimal solutions for a class of ap-
plications that can be modeled as a linear array of tasks. A
linear array of tasks consists of an ordered set of tasks with
each task having at most one input or output. There is only
one source task (one output and no input) and one sink task
(one input and no output). The application is to be mapped
onto a target device that supports multiple operating states.
An operating state can be a configuration in case of recon-
figurable devices or an operating voltage (frequency) in case
of processors supporting dynamic voltage (frequency) scal-
ing. Each task can be executed in different operating states.
Hence, each task is associated with a unique performance
estimate (energy dissipation and latency) for each operating
state. Transitions between the operating states are associ-
ated with transition costs (energy dissipation and latency)
which depend on the source and destination states. In the
above scenario, a design is referred to as a set of operat-
ing states; one operating state per task. Performance of a
design is the sum of the execution cost of each task in the
corresponding operating state and the state transition cost
between task executions (Figure 3). The N-optimization
problem can be formally defined as, given a linear array of
tasks, a device supporting multiple operating states, and
performance estimates for task executions and state transi-
tions, find a set of designs with N lowest values for latency or
energy dissipation. The proof of complexity and correctness
are provided below.

Let the set of n tasks be T ′
1T

′
2 . . . T ′

r and the set of m pos-
sible operating states be S1S2 . . . Sm. Our focus is to min-
imize energy dissipation while solving the N-optimization
problem. Minimization of latency can also be analyzed in
the same fashion. We use dynamic programming to identify
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N-optimal solutions. In the solution space of the optimiza-
tion problem considered, a sequence of configurations for a
given sequence of tasks may occur as part of a solution to
multiple larger sequences. Dynamic programming is utilized
to compute the optimal solution for the complete sequence
of tasks by using solutions to smaller subsequences. Once N-
optimal solutions for executing up to task Ti is determined,
the energy dissipation for executing up to task Ti+1 can be
determined. This approach is used recursively to compute
the N-optimal solution. We define minN () as a function that
given a set of values identifies N smallest values. minN () is
a selection problem and can be solved in O(n) time if the
number of inputs is n [4].

Theorem: Given a sequence of tasks T ′
1T

′
2 . . . T ′

r, and m
possible states S1S2 . . . Sm, N-optimal solutions (sequence
of states for executing these tasks) with minimum energy
dissipation can be computed in O(rm2N) time.

Proof : We use the dynamic programming approach to
compute the N-optimal solutions. We define the energy dis-
sipation values for N-optimal solutions for execution up to
task T ′

i ending in state Sj as Eijk where k = 1 . . . N . Let
Eij be a set of N values Eij1 . . . EijN . We initialize the E
values as E0jk, ∀j : 1 ≤ j ≤ m and ∀k : 1 ≤ k ≤ N .

We assume that N-optimal solutions for executing up to
task T ′

i ending in all possible states, Si, are computed. Now
for each of the possible states (Sj ∈ S) in which we can
execute T ′

i+1, we have to compute N-optimal solutions for
sequence of states ending in that state Sj . This is computed
as follows.

Ei+1j = minN({Vkl | Vkl = ei+1j + Eikl + qkj }
∀k : 1 ≤ j ≤ m, ∀l : 1 ≤ l ≤ N)∀j : 1 ≤ j ≤ m

Thus we examine all possible ways to execute Ti+1 once
we have finished executing Ti. If each set of values Eik is
N-optimal then the values Ei+1j is also N-optimal.

Computation of each N-optimal set of values takes O(mN).
Since there are O(rm) sets of values to be computed, the to-
tal time complexity is O(rm2N).

Proof of correctness: Let us assume that there exists a
state sequence Π executing up to task T ′

i+1 ending in state
Sj (refer to the proof above) for which the energy dissipa-
tion is less than one of the N-optimal solution computed for
execution up to task T ′

i+1 ending in state Sj . Let Sk be the
previous state in the state sequence Π during the execution
of task T ′

i and Π−Sj is the sequence of states for execution
up to task T ′

i . If this sequence of states (solution) is part
of the N-optimal solutions Eik, then there is a contradiction
as we must have evaluated state sequence Π while searching
for a solution ending in Sj executing up to task T ′

i+1. Con-
versely, if the sequence Π − Sj is not part of the N-optimal
solution, then energy dissipation for Π cannot be less than
Eikl +qkj + ti+1j∀l : 1 ≤ l ≤ N as Eik is the N-optimal solu-

tion for task execution up to Ti ending in state Sk. Hence,
the optimal solutions selected are the N-optimal solutions.

MILAN already supports modeling of a linear array of
tasks and a reconfigurable device with a set of configurations
and reconfiguration costs. Therefore, an implementation of
the above heuristic can be integrated into MILAN.
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Figure 4: Effect of error rate on N

While using the N-optimization heuristic, the designer
specifies the value for N . As discussed earlier, by selecting
a set of designs using the optimization heuristics, we over-
come the effect of error due to high-level modeling. Figure 4
summarizes an experiment we conducted to study the the
effect of error-rate on the value of N . We considered the set
of applications used in Section 2.3. In this experiment we
identified the lowest value of N (in multiples of 10) for which
the real-optimal design was included in the set. The x-axis
indicates different applications (number of tasks 4, 5, 6, and
7) and y-axis indicates value of N . Each of the bar graph
shows the minimum value of N . The value was determined
by averaging over 3 experiments per application. The four
bars per application indicate the value of N for four differ-
ent error-rates. As expected, the size of N increases as the
rate of error increases. In addition, the value of N affects
the number of designs that need to be evaluated by high-
level estimation. Therefore, the designer should also take
estimation and simulation time into account while deciding
the value of N .

On the other hand, DESERT does not support specifi-
cation of N while performing DSE. The number of designs
identified depends on the constraints specified while model-
ing. However, the designer can tighten or loosen the con-
straints to vary the number of designs selected by DESERT [7].

3.4 Design Browser
The MILAN design browser is a graphical front-end to

HiPerE. The input to the browser is the set of designs iden-
tified in step one. Figure 5 shows a snapshot of the de-
sign browser. Among the features supported are display of
mapping information of the designs identified by the opti-
mization heuristics, invocation of HiPerE on one or more
designs, duty-cycle parameter specification, and visual com-
parison of the designs based on the estimates of latency and
energy dissipation.



Figure 5: Design browser

Using the design browser, the designer can perform trade-
off analysis using the estimation capabilities of HiPerE. De-
signer can also evaluate the performance impact of allowing
the processing components to idle or shutting the compo-
nents down when not used. HiPerE also produces an activity
report for the entire duration of simulation for a duty-cycle
based scenario which can be viewed and analyzed through
the design browser.

4. ILLUSTRATION OF HIERARCHICAL
DESIGN SPACE EXPLORATION

We use two different application design problems to demon-
strate the design flow and the advantages of our hierarchical
design methodology. The first design problem is to identify
an energy-efficient mapping of a beamforming application
[15] onto a heterogeneous embedded system while meeting
the given latency constraint. The second problem is to iden-
tify an energy-efficient hardware for a personnel detection al-
gorithm [18] from a set of devices that consists of traditional
processors, FPGAs, and DSPs. Using these examples, we
demonstrate the following capabilities of MILAN: (a) sup-
port for modeling and rapid design space exploration, (b)

device selection, and (c) energy efficient application map-
ping onto the target devices.

4.1 Energy-Efficient Mapping for a Beamform-
ing Application

The design problem is to identify an energy efficient map-
ping of an automated target recognition (ATR) application
onto a heterogeneous embedded system while meeting the
given latency constraint [15]. The underlying architecture
for the PASTA project is already specified. Hence, our ap-
proach is used to identify an energy efficient mapping of the
ATR application onto the PASTA hardware.

The hardware includes sensor(s), a processor, several mi-
crocontrollers (Cygnal 8051), memories, and a radio. Each
component can be independently turned on or off. In ad-
dition, the processor (Intel PXA 255) supports voltage and
frequency scaling [6]. The target application is an auto-
mated target recognition algorithm that performs beam-
forming based on acoustic signals from the sensors [15]. The
beamforming application consists of a linear array of 6 tasks
(Figure 6). The first three tasks are receive data which
is mapped onto the radio, sampling which is mapped onto
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Figure 6: Beamforming application and frequency transition costs for PXA 255

the microcontroller, and false-alarm detection which can be
mapped onto either the microcontroller or the processor.
The last three tasks that compute beamforming are FFT,
peak-pick, and delay sum, all mapped onto the processor.

The design problem for PASTA involves identification of
the operating state of each component for each task such
that the complete ATR application dissipates the minimum
energy while satisfying the latency requirement. All the
components in the PASTA stack have at least two operating
states; ON and OFF. There is a constant amount of time
and energy spent to switch on or off each component. In ad-
dition, the processor has 6 different operating frequencies.
Tasks can be mapped onto the processor or the microcon-
troller. When mapped onto a processor, the task can be exe-
cuted at a certain operating frequency and the performance
of the mapping depends on the operating frequency. Tran-
sition between any two operating frequencies also involves
time and energy costs which depend on the source and desti-
nation states. The various operating frequencies supported
by the processor are 99.5, 199, 298, and 398 MHz. We mod-
eled all the above in MILAN. The resulting design space
was approximately 500, 000 designs. However, we noticed
that the transition costs between different operating states
of the processor are negligible except one transition which
involves changing operating frequency of the bus (transition
to or from 398 MHz. Ignoring the negligible transition costs
reduced the design space to 320 designs. As with the other
examples, we used simulators for Intel PXA 255 and the mi-
crocontroller to estimate performance of all the mappings.
The start up costs and state transition costs are estimated
based on the data sheets provided by the vendors [6].

Table 2: Performance Estimates of the Tasks at Dif-
ferent Operating Frequencies

Tasks Freq. 99.5 199 298 398

FFT Latency 431958 215870 143937 107962

Energy 107989 90665 64772 68556

peak-pick Latency 7933 3964 2643 1982

Energy 1983 1665 1189 1259

delay-sum Latency 231956 115919 77292 57974

Energy 57989 46868 34782 36813

FAD Latency 43200 21600 14400 10800

Energy 8212 9261 8302 10556

Figure 6 shows the details of the application design prob-

lem. Table 2 provides the latency (µ sec.) and energy dissi-
pation (µ Joule) for each task for different frequencies.

Using MILAN, we modeled the hardware and the applica-
tion. The latency constraint was specified as ≤ 200 millisec-
onds for data processing after receiving data using the radio
(radio takes on average 655 milliseconds to receive data).
We apply hierarchical design space exploration to identify
an energy-efficient design that meets the input latency con-
straint. As the application can be modeled using linear array
of tasks we chose to apply the dynamic programming based
N-optimization heuristic as the first step (N = 8). Overall
size of the design space is approximately 320. Even though
the design space is not very large, we use this experiment
to show that we only need to evaluate 8 designs (in the sec-
ond step of our methodology) to identify the most energy-
efficient design that meets the given latency constraint (re-
sults shown in Table 3 includes cost for receiving data). The
performance of the most energy efficient solution (Des. 7)
that meets the given latency constraint is highlighted. On
the other hand, an optimization heuristic that identifies the
most energy optimal solution fails to meet the latency as the
energy optimal solution (all task executed at frequency 298
MHz) has a latency of 238 milliseconds.

4.2 Energy-Efficient Architecture Selection for
a Personnel Detection Application

We consider a personnel detection application for our sec-
ond example [18]. The personnel detection algorithm is re-
quired to processes input in real-time and hence there is a
hard latency requirement. In addition, as the system needs
to be deployed in a power-constrained environment, energy
dissipation is also an important metric. The application
consists of 5 tasks as shown in Figure 7. The input comes
from a sensor. The application design problem is to select
the most energy-efficient hardware and the corresponding
mapping of the tasks onto the hardware components. The
hardware needs to be selected from a set that consists of
Xilinx Virtex-II Pro, Actel ProASICPLUS, Intel PXA 255,
PowerPC 405, and TI C6711 DSP [1, 6, 16, 20]. Micron Mo-
bile SDRAM was chosen as the memory. In order to identify
the most energy-efficient solution, it is necessary to evalu-
ate the designs based on a duty-cycle which was provided
as an input. For our target mapping problem, the various
duty-cycle parameters are input rate of the camera, rate of
computation of the co-variance matrix (CVM) and inverse,
and shut down or leave on the components when idle.

Before applying our hierarchical design methodology, we



Table 3: N-optimal Results Using Our Methodology
Des. 1 Des. 2 Des. 3 Des. 4 Des. 5 Des. 6 Des. 7 Des. 8

Energy (µJ) 222422 224692 226653 226723 227306 227376 229407 231537

Latency (µs) 893632 912971 894314 893653 867657 866996 847678 868339
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Figure 7: Personnel detection application and the hardware design space

modeled the application design problem using MILAN. Mod-
eling involved specification of the application as a synchronous
data flow graph. The modeling of the target devices involved
modeling of individual processing components and memory.
Once the application and the hardware devices are mod-
eled, possible mapping choices are indicated in the model
for mapping. For example, inverse and whiten needs to be
computed using floating point arithmetic for which Actel
ProASIC PLUS is not a suitable choice (due to large area
requirement). Such constraints are indicated by not allowing
inverse and whiten to be mapped onto ProASICPLUS while
modeling. Additionally, while we have specified 5 distinct
devices in the design space, the 4 valid combinations are,
a stand alone Virtex-II Pro and ProASICPLUS combined
with either the DSP or with one of the two processors. Such
constraints are specified in the model using the object con-
straint language supported by MILAN [7].

The duty-cycle was specified as follows: rate of CVM com-
putation is 2, input rate of the camera is 0.5 Hz, and 10
instances of continuous execution, with devices to be shut
down when idle. We used DESERT and HiPerE to perform
hierarchical design space exploration. As DESERT cannot
be used to evaluate designs based on duty-cycle require-
ments, we used DESERT to prune the design space using
performance of each design for a single end-to-end execution.
Therefore, we selected a latency constraint of ≤ 1 second to
identify the designs that can support an input rate of 1 Hz
while staying idle for at least 1 second (note that we want
to select a set of designs). Through trial and error, energy
constraint of ≤ 860 milliJoules was chosen to have DESERT
select 16 designs as output of the first step. The size of the
initial design space was approximately 73, 000. Once 16 de-
signs were identified by DESERT, we used HiPerE to per-
form duty-cycle based design space exploration to identify
the best design that meets the duty-cycle requirements and
dissipates the minimum energy. As Intel PXA 255 and Pow-
erPC 405 do not support floating point arithmetic, due to
high latency for floating point emulation, designs that in-
cluded these two processors were eliminated by DESERT.
The 16 designs identified by DESERT included designs that
use only Virtex-II Pro or a combination of the DSP and
ProASICPLUS . Designs that use the same device (or de-
vice combination) differed in mapping. For Virtex-II Pro,

availability of different configurations for each task resulted
in different designs. Among the designs we chose 3 designs;
the most energy efficient design using only Virtex-II Pro,
only the TI DSP, and both TI DSP and ProASICPLUS for
analysis. Results of our design space exploration is provided
in Table 4.

In Scenario 1, the application is executed only once (no
start up or shut down cost included) and in Scenario 2, the
application was executed based on the duty-cycle require-
ment specified to us (Table 4). Note that though the Virtex-
II Pro based design is the most energy-efficient for Scenario
1, it is the least energy-efficient for Scenario 2. This fact
demonstrates the advantage of using a hierarchical design
space exploration and also the usefulness of higher parame-
ter coverage of HiPerE when compared with DESERT. On
the other hand, the use of an optimization heuristic in the
first step allows us to evaluate a design space of size 73, 000
in less than a minute. Using HiPerE, it takes approximately
10 hours to estimate performance of all the designs and a
tedious manual comparison of all the estimates to identify
the most suitable design.

5. RELATED WORK
There are a number of research and commercial initia-

tives that address the design of energy and latency efficient
embedded system design.

The SPADE (System Level Performance Analysis and De-
sign Space Exploration) methodology evaluates embedded
system architectures at multiple abstraction levels to per-
form DSE [9]. The application is modeled based on Kahn
Process Network and hardware is modeled using a large li-
brary of architecture models at different granularity. Ar-
chitecture evaluation at multiple granularity level exploits
time versus accuracy trade-off. Hence, DSE involves quick
evaluation of a large number of designs using coarse-level
architecture models followed by the use of more accurate
and detailed modeling as the number of designs reduces.
In contrast, we use a hybrid approach by integrating opti-
mization heuristics and high-level performance estimation.
Because of optimization heuristics, we can rapidly evaluate
a much larger design space prior to estimation (and sim-
ulation) based design space exploration. Additionally, syn-
chronous data flow model for applications enables analysis of



Table 4: Results for Personnel Detection Application
Designs Scenario 1 Scenario 2

Latency (ms) Energy (mJ) Latency (ms) Energy (mJ)

Virtex-II Pro only 247.33 114.06 17895 13938.1

TI DSP only 614.57 670.11 18286 9692.7

Actel ProASIC + TI DSP 496.50 538.18 17166 8652.9

operating state transition costs such as reconfiguration and
dynamic voltage scaling between the execution of successive
tasks.

Stammermann et al.[19] presents ORINOCO, a software
tool for power dissipation analysis and optimization at the
algorithmic abstraction level from C/C++ and VHDL de-
scription. ORINOCO allows a designer to evaluate choice
of algorithms, scheduling, and implementation for register-
transfer level design. Co-design based on hierarchical par-
titioning of algorithms into basic operations is presented in
[14]. This methodology gradually decomposes an algorithm
into processes and functions (till basic operations such as ad-
dition, multiplication are reached) and evaluates all possible
partitioning to verify if performance constraint can be met.
However, both these efforts do not exploit the available capa-
bilities such as frequency scaling, reconfiguration, shut down
or leave idle, etc. that can be manipulated to achieve op-
timal energy performance. In addition, ORINOCO focuses
only on hardware synthesis. On the other hand, our method-
ology exploits the above capabilities for energy-efficient ap-
plication design using heterogeneous embedded systems that
integrates general purpose processors and reconfigurable de-
vices onto a single device.

Several C/C++ language based approaches such as Sys-
temC, SpecC are primarily aimed at making the C lan-
guage usable for hardware and software design and allow
efficient and early simulation, synthesis, and/or verification
[2]. However, these approaches do not facilitate modeling
of applications at a level of abstraction that enables algo-
rithmic analysis. Additionally, generating source code and
going through the complete synthesis process to evaluate
each algorithm decision is time consuming. However, such
high-level languages are complimentary to our methodology.
MILAN can be augmented to support system synthesis us-
ing these languages to implement design identified through
design space exploration [10].

Among the commercial tools, Xilinx System Generator
for Simulink provides a high-level interface for application
design using pre-compiled libraries of signal processing ker-
nels [20]. Similarly, Cadence Signal Processing Workbench
(part of the Incisive Verification Platform) [3] supports de-
velopment of signal processing algorithms using communi-
cations and multi-media libraries. Other tools such as Xil-
inx EDK and Mentor Graphics FPGA Advantage provide
integrated design environments that accept high-level speci-
fication as VHDL or Verilog scripts, schematics, finite state
machines, etc. and provide simulation, testing, and debug-
ging support for the designer to implement a design using
FPGAs [17, 20]. However, these tools start with a single
conceptual design. Design space exploration is performed
as part of implementation or through local optimizations to
address performance bottlenecks identified during synthesis.
Additionally, these tools [17, 20] are designed for a specific
target device and do not allow integration of additional sim-

ulators or design tools. In contrast, our methodology and
the environment based on MILAN allows evaluation of a
wide variety of hardware devices and performs device selec-
tion followed by design of application through evaluation of
a large design space.

In summary, we use a hybrid model-based approach by in-
tegrating optimization heuristics and high-level performance
estimation. Model-based approach enables rapid perfor-
mance estimation and performance optimization using al-
gorithms and heuristics. Additionally, because of optimiza-
tion heuristics, we can rapidly evaluate a much larger de-
sign space prior to estimation (and simulation) based de-
sign space exploration. As we make no assumption about
the underlying hardware, using our approach, it is also pos-
sible to evaluate a set of candidate hardware choices for a
given application.

6. CONCLUSION
We proposed a hierarchical design space exploration method-

ology that integrates optimization heuristics, high-level es-
timation tools, and simulators to perform efficient design
space exploration during application design using heteroge-
neous embedded systems. We also discussed the implemen-
tation using the MILAN framework which provides an user
friendly environment for designers to apply our methodol-
ogy. The key advantages of MILAN are a unified modeling
environment and the ability to seamlessly integrate tools and
simulators. Additionally, as MILAN can potentially inte-
grate any available tool for simulation, compilation, and de-
sign space exploration, it is possible to modify MILAN based
on the target devices and create a customized design envi-
ronment. Therefore, MILAN has an advantage when there
is a need of a specialized high-performance and low-energy
implementation using a variety of COTS components. In
addition, as alternatives to DESERT, genetic algorithm or
simulated annealing based design space exploration are also
suitable for our hierarchical design space exploration. We
are considering these techniques to integrate them into MI-
LAN as alternate optimization heuristics in our methodol-
ogy.
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