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Abstract

Previous work in hardware-software co-design has ad-

dressed issues in system modeling, partitioning, and mixed

module simulation and integration. Software estima-

tion, which provides software metrics to assist hardware-

software partitioning, has not been extensively studied. In

this paper we present a generic-processor model for esti-

mating execution time and program-memory size of a spec-

i�cation to be executed on a given processor. Experiments

have shown that our estimator is fairly accurate and fast

when applied to a wide variety of designs.

1 Introduction

System-level design is a set of tasks which convert a
system-level speci�cation into a set of interconnected mod-
ules implementing the speci�cation. Each module could
be implemented in hardware or as software executing on a
processor. A hardware implementation has better perfor-
mance whereas a software implementation has lower cost,
shorter development time and allows changes late in the
design cycle.

Two opposite approaches have been proposed for
hardware-software partitioning to determine which part
of a speci�cation should be implemented in software and
which in hardware. Gupta and De Micheli [1] use a par-
titioning algorithm that starts with an initial partition
where all operations, except for the unbounded delay op-
erations, are assigned to hardware. The partition is re-
�ned by migrating operations from hardware to software
in search for a lower cost feasible partition. The approach
used by Ernst and Henkel [2] starts with a complete soft-
ware implementation from which those portions that vi-
olate the performance constraints are extracted for the
hardware implementation. These two approaches start
from di�erent directions but work towards the same goal
of minimizing the amount of application-speci�c hardware
required. Hardware-software partitioning requires a soft-
ware estimator that will predict the execution time of the
software implementation in order to identify which por-
tions of the speci�cation can be migrated from hardware
to software while not violating the constraints or which
portions need to be implemented in hardware to satisfy
the timing constraints.

The most accurate method to obtain the execution time
of a software implementation would be to compile the
given speci�cation to each target processor and measure
it both statically [3] and dynamically [4]. However, such
a processor-speci�c approach is very time-consuming and
requires extensive infrastructure such as various compilers,

estimators and target processors, which is often not avail-
able. Due to the fact that few systems will spend a huge
amount of money to acquire various compilers and target
processors just to determine the software performance as
well as the fact that the processor-speci�c approach is too
time-consuming to allow designers to consider more than
a few design alternatives, it is indispensable to generate
reasonably accurate estimates using a cheaper and faster
approach.

In this paper, we propose a generic-processor model
which generates reasonably accurate software estimates
in a cheaper and faster way. In contrast to using di�er-
ent compilers and estimators for di�erent target proces-
sors in the processor-speci�c approach, the generic model
proposed in our approach will use only one compiler and
one estimator in conjunction with di�erent processor tech-
nology �les which characterize the corresponding proces-
sors' instruction sets. This makes our estimator fast and
easy to extend to di�erent target processors. Besides the
performance, our estimator also generates estimates for
program-memory size for a given speci�cation and a given
target processor. The input to our software estimator is
a system-level speci�cation in SpecChart [5]. The target
processors we consider in this paper are those used mostly
in the embedded systems. Processors with cache memory
and/or instruction pipelining are beyond the scope of this
paper.

In the next section, we present the underlying model
used for software estimation. Performance and memory
size estimation for system-level speci�cations are discussed
in Section 3 and Section 4 respectively. The results of
our experiments are presented in Section 5 followed by
conclusions and future work in Section 6.

2 Model for Estimation
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Figure 1: A sample system-level speci�cation.

The estimation model we propose is targeted towards
system-level speci�cations which consist of hierarchical
concurrent/sequential behaviors. A behavior, which is a
set of actions and a set of conditions describing when each



action is to occur, can in turn contain sequential or con-
current sub-behaviors. For example, in Figure 1, behavior
TOP consists of two sequential sub-behaviors X and Y. Be-
havior X in turn contains two concurrent sub-behaviors A
and B. Behavior Y contains three sequential sub-behaviors
P, Q, R. Concurrency is represented by the dashed line like
the one between behavior A and B whereas sequencing is
represented by transition arcs. A behavior which does not
contain any sub-behaviors is called a leaf behavior. In
SpecCharts, each leaf behavior consists of a set of VHDL
sequential statements. Behavior A, B, P, Q and R in Fig-
ure 1 are leaf behaviors. Each behavior in SpecCharts has
a start dot indicating the starting point of the behavior.
The start dot of a leaf behavior is the �rst statement in
that behavior. A behavior is said to have completed when
control reaches a stop dot. Behaviors without stop dots
will never �nish executing. Our estimator is intended to
estimate the software metrics for any given leaf/non-leaf
behavior of the speci�cation as well as any given partition
(a set of behaviors) in the speci�cation. P1 in Figure 1 is
a partition which contains two behaviors Q and R.

2.1 Estimation Model for Leaf Behaviors

In order to obtain the estimates for leaf behaviors, we
may need to compile the code in the leaf behaviors into
the instruction set of the target processor. For example, if
a leaf behavior will be implemented on an Intel 8086 pro-
cessor, it may need to be compiled into the 8086 instruc-
tion set. Using the timing and size information associated
with each type of instruction such as how many clock cy-
cles each 8086 instruction executes and how many bytes it
takes, we can obtain the performance and program size of
the behavior. Similarly, if the leaf behavior is going to be
implemented on a Motorola 68000 processor, it may need
to be compiled into the 68000 instruction set. Based on
the 68000 instruction timing and size information, the es-
timator can obtain the software metrics for the behavior.
We call this model the processor-speci�c model shown in
Figure 2(a).
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Figure 2: Approaches to software estimation: (a)

processor-speci�c model, (b) generic-processor model.

Instead of using di�erent compilers and estimators for
di�erent target processors in the processor-speci�c model,
we propose a generic-processor model (Figure 2(b)) in
which the leaf behavior speci�cation is converted into a
set of generic three-address instructions described in [6].

After that the estimator computes the software metrics
for the leaf behavior based on the generic instructions and
the technology �les for the target processors. For example,
if the leaf behavior is going to be implemented on an Intel
80286 processor, then the technology �le for the 80286 pro-
cessor will be used during the estimation. The technology
�le for a target processor supplies information about how
many clock cycles and bytes each type of generic instruc-
tion requires for that processor.
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Figure 3: Deriving technology �les for generic instruc-

tions.

The technology �le for each target processor can be de-
rived from the timing and size information of the proces-
sor's instruction set. Figure 3 shows the computation of
the number of clock cycles for a generic instruction of the
type < dmem3  dmem1 + dmem2 >. Here, dmem in-
dicates a direct memory addressing mode. The generic in-
struction is �rst mapped to a sequence of target processor
instructions following which the total number of clock cy-
cles of the generic instruction is obtained by summing the
clock cycles of each individual instruction in the sequence.
EA1 and EA2 in Figure 3 are the e�ective address cal-
culation times used for displacement memory addressing
mode, which are 6 and 8 clock cycles on the 8086 and
68020 respectively. Thus, the generic instruction will take
35 and 22 clock cycles on the 8086 and 68020 processors
respectively. Using a similar approach we can derive the
number of bytes each type of generic instruction will take
if it is executed on the 8086 or 68020 processor. Presently
the technology �les for 8086, 80286, 68000 and 68020 pro-
cessors are supported in our estimator. The 8086, 80286,
68000 and 68020 technology �les are derived from the tim-
ing and size information of their corresponding instruction
sets given in [7, 8, 9, 10]. All technology �les can be found
in the appendix of [6].

Compared with the processor-speci�c model, the
generic model has several advantages. First, the generic
model does not require di�erent compilers and estimators
for di�erent target processors. Instead, only a single com-
piler, estimator and a set of technology �les is required
for software estimation. Second, the generic model makes
retargeting the estimator to a new processor much easier.
Retargeting consists of providing a technology �le for the
new processor. In the processor-speci�c model, we would
require a compiler for the new processor in addition to
the timing and size information of the processor's instruc-
tion set. Therefore, the generic model is more 
exible and



can be extended to perform estimation for new proces-
sors/microcontrollers even if compilers are not available
on systems running the estimators. In other words, the
estimators based on the generic model are more portable
since they can run on any machine, not just those with
necessary compilers. Finally, it is much faster to compile
the speci�cation into the generic instruction set than those
associated with speci�c processors since the generic three-
address instructions are free of instruction idiosyncrasies.
A disadvantage of the generic model is the lower accuracy
of its estimates largely because the generic instruction set
represents only a portion of the processor's entire instruc-
tion set.

2.2 Estimation Model for Non-leaf Be-

haviors and Partitions

To evaluate the software implementation of a given non-
leaf behavior or a partition on a speci�c processor, we must
�rst 
atten the hierarchy and sequentialize the speci�ca-
tion to diminish the concurrency since our target machine
is a uni-processor. In other words, the speci�cation needs
to be mapped (
attened/sequentialized) into a program
written in a language which can be directly compiled to
the instruction set of the given processor. Based on the
machine instructions generated, the software metrics such
as performance and memory size for the speci�cation can
thus be computed. The software metrics obtained in such a
way are accurate since they are computed from the actual
implementation of the speci�cation on the given processor.
However, due to the fact that automatic partitioning tools
will evaluate hundreds or even thousands of partitions, this
approach is too costly and time consuming since we would
have to actually implement each partition on the given
processor through 
attening, sequentializing and compil-
ing in order to get the software estimates for that parti-
tion. To get fast estimates while not sacri�cing too much
accuracy, the estimation model we propose combines two
di�erent approaches: an accurate approach for estimating
leaf behaviors and a fast approach for estimating non-leaf
behaviors and partitions. Prior to the partitioning pro-
cess, each leaf behavior is compiled and estimated using
the approach described in the previous section. During
the partitioning process, the software estimates for each
partition are constructively computed bottom up from the
estimates of the leaf behaviors. Such a combined approach
is very fast because it does not involve 
attening, sequen-
tializing and compiling for each partition during the design
process. It only requires some computation based on the
pre-obtained estimates for the leaf behavior speci�cations.
Therefore, this model allows rapid evaluation of di�erent
design alternatives.

3 Performance Estimation

There are two di�erent ways for obtaining performance
metrics { dynamic simulation and static estimation. Given
a set of input data, dynamic simulation actually executes
the program and records the clock cycles used in each exe-
cution. Static estimation, on the other hand, is insensitive
to input data. It just computes the average number of
clock cycles required to execute the program. Static esti-
mation can yield good results if the number of loop itera-
tions is known and the conditional branching probability
can be predicted correctly. Besides, static estimation takes
much less time and space than dynamic simulation. In this

section, we will describe a standard static estimation tech-
nique and its application to the performance estimation
for our system-level speci�cations.

3.1 Flow Analysis

Flow analysis is a technique used in the static estima-
tion of performance for design with conditional branching
(including loops). Given a control 
ow graph G = (V; E),
where V is the set of vertices vi, and E is the set of directed
edges eij connecting vertex vi to vj and indicating sequenc-
ing between vi and vj, we wish to determine the execution
frequencies of each of its nodes based on the branching
probabilities. By determining the execution frequencies of
the nodes, we can obtain useful information about the de-
sign by associating with each node in the graph, a weight
representing some design parameter.

3.1.1 Determining the Branching Probabili-

ties

Branching probabilities are associated with the edges in
the control 
ow graph. The following ways have been used
in our estimator: (1) Equal Probabilities : When there are
n edges branching out from a node, all of them are assigned
a probability of 1=n. (2) Loop Related Probabilities : When
the number of loop iterations is known, say n, the exit
edge is assigned a probability of 1=n while the back edge
is assigned a probability of (n � 1)=n. (3) User De�ned
Probabilities : User can specify the branch probabilities
using annotations in the input speci�cation.

3.1.2 Determining the Node Execution Fre-

quencies

The execution frequency of a node is de�ned as the num-
ber of times on the average that the node will be executed
in a single execution of the graph. It is determined by the
following procedure: (1) Determine the branch probabili-
ties using one of the methods outlined above. (2) A start
node, s, preceding the �rst node in the graph, is added.
Its execution frequency, F (s) is set to 1 since this node is
executed exactly once whenever the control 
ow graph is
executed. (3) Let P(eij) be the branch probability of the
edge between vi and vj. The execution frequency F (vj)
for any node vj is formulated in the following equation:

F (vj) =
X

all immediate predecessor nodes vi of vj

F (vi)�P (eij)

(1)
(4) Solve the set of equations formulated in step 3 to ob-
tain the individual node execution frequencies. There are
a variety of methods such as Gaussian Elimination, LU
decomposition, and Chomsky's method which can be used
for solving a set of linear equations. We have selected the
Gaussian Elimination method in our estimator.

In situations where the edge has an associated weight
(as is the case when conditions exist on arcs between
nodes), we may need to know the execution frequency of
each edge, F (eij). It is obvious that the execution fre-
quency of an edge is the same as that of its target node.
Therefore we have F (eij) = F (vj).

3.1.3 Determining the Performance of Con-

trol Flow Graph

Let W (v) and W (e) be the weights associated with node
v and edge e in control 
ow graph G. The performance



P (G) of the graph G can be calculated as follows:

P (G) =
X

for all v2V

(W (v)�F (v)) +
X

for all e2E

(W (e)�F (e))

(2)

3.2 Applying Flow Analysis to Perfor-

mance Estimation

The VHDL code in each leaf behavior is divided into
basic blocks. The details of obtaining basic blocks from
VHDL code and compiling VHDL code to the generic in-
struction set are described in [6]. By using the execution
times of generic instructions speci�ed in the technology
�le, the execution time (i.e. weight) of each basic block is
computed by summing that of each generic instruction in
that basic block.

The basic block structure of a leaf behavior is mapped
to an equivalent control 
ow graph G. Each basic block
Bi is mapped to a node vi in G. Each edge connecting
two basic blocks Bi and Bj is mapped to an edge connect-
ing node vi and vj in the graph. The weight of vi is the
same as weight of Bi. Each edge in G has a weight which is
the same as the weight of the condition associated with the
corresponding edge in the basic block structure. By apply-
ing 
ow analysis, the execution time for the leaf behavior
can be computed using equation 2 in section 3.1.3.

Once execution times have been estimated for each of
the leaf behaviors, we can merge the performance esti-
mates of the leaf behaviors to yield the performance esti-
mate of the next higher behavior in the hierarchy. To esti-
mate the performance for Bparent, a non-leaf behavior with
sequential sub-behaviors, we create a control 
ow graph
G = (V;E) for its sub-behaviors whose performance esti-
mates are already known. For each of the sub-behaviors,
Bi, of Bparent, there exists a corresponding vertex vi in
the graph G. For every transition arc between the two
sub-behaviors Bi and Bj, the set E has a directed edge eij
from vertex vi to vertex vj in G. After the control 
ow
graph model has been constructed for the sub-behaviors,
we can apply the 
ow analysis (section 3.1.3) to obtain the
performance of the parent behavior Bparent.

In case a behavior at any level of the hierarchy has con-
current sub-behaviors, the execution time of that behavior
is computed as the sum of that of its sub-behaviors since
the concurrent sub-behaviors have to be sequentialized to
execute on a uniprocessor. It must be mentioned here that
a non-leaf behavior may have a descendant sub-behavior
which does not have a stop dot in SpecChart. In this case
the behavior will never �nish executing and consequently
the execution time returned for that behavior is an arbi-
trarily large number.

4 Memory Size Estimation

Given a behavior, the goal of memory size estimation is
to determine how much program-memory (i.e. bytes used
to store the compiled program representing the behavior)
are needed.

The size of each type of generic instruction is speci-
�ed in the technology �le for target processor. Based on
the size of each generic instruction, the program-memory
size of each basic block is computed as the sum of that of

all generic instructions in that basic block. The program-
memory size of a leaf behavior in turn is the sum of that
of all its basic blocks as well as the size of all conditions
associated with the edges between basic blocks. Analo-
gously, the program-memory size of a non-leaf behavior
is the sum of that of all its sub-behaviors as well as the
size of all conditions associated with the arcs between its
sub-behaviors.

5 Results

We have compared the estimation results for di�erent
target processors including 8086, 80286, 68000, 68020 with
those results obtained by compiling the designs directly
into the instruction set of the target processors. Since
there is no VHDL compiler available for those target pro-
cessors, we �rst manually converted the VHDL code to its
equivalent C code. Following that we compiled the C code
into the instruction set of 8086, 80286, 68000 and 68020
processors. Based on the machine instructions generated
from the C compilers and the instruction timing and size
information provided in [7, 8, 9, 10], we have manually
computed the actual performance and program-memory
size for the designs. These were then compared with the
estimates based on the generic three-address instruction
compiler supplemented by corresponding technology �les
for the target processors.

The �rst two designs we choose were the �fth order el-
liptical �lter and the di�erential equation example adopted
from the high level synthesis benchmarks. The loop body
in the di�erential equation is assumed executing 10 times
(i.e. we have speci�ed the branch probability for the exit
edge of the loop as 0.1, the branch probability for the back
edge of the loop as 0.9). The estimation results for the
performance and memory size are shown in Figure 4.
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Figure 4: Performance (Perf) and memory size (Mem)

Estimation.

Generally, compilers optimize the object code by using
di�erent optimization techniques such as global optimiza-
tion, loop optimization and register allocation. Users can
invoke those optimizations by passing special 
ags to the
compiler. In the experiments of Figure 4, we have dis-
abled those optimizations during the C compilation since
our generic compiler does not use optimization heuristics.

The next design we experimented is a real-time embed-
ded medical system used to measure a patient's bladder
volume. Its SpecChart description is described in [6].

There are two timing constraints imposed on the
system. One is associated with the leaf behavior
DATA ACQUISITION, which requires that the acquisi-
tion and conversion of 1000 data points take place in



less than 1 ms. The other is associated with the non-
leaf behavior ONE SCAN, which requires that the maxi-
mum time between two scans, i.e. the time used to exe-
cute MOTOR CONTROL, DATA ACQUISITION, VOL-
UME COMPUTATION and DATA STORAGE, is 1 sec-
ond. We have estimated behavior DATA ACQUISITION
and behavior ONE SCAN using our estimator. The es-
timates are compared with the actual results obtained
from the (non-optimized) target machine instructions (Fig-
ure 5).
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Figure 5: Performance estimation.

If the behavior DATA ACQUISITION were to execute
on an 8086 microprocessor with 12 MHZ clock rate, the
estimator predicted 71004 clock cycles which is equivalent
to 5:9 ms in this case. Since the timing constraint (1 ms)
imposed on DATA ACQUISITION was violated, the par-
titioner will conclude that custom hardware must be de-
signed for this behavior. The timing constraint of 1 second
imposed on the behavior of ONE SCAN has not been vio-
lated since it only requires 12:8 ms (153641 clock cycles) to
execute all behaviors in ONE SCAN on the chosen micro-
processor. If behavior DATA ACQUISITION is extracted
out and implemented by some faster design, the execu-
tion time for behavior ONE SCAN can be expected to be
less than 12:8 ms. Therefore, all behaviors in ONE SCAN
except DATA ACQUISITION can be implemented as soft-
ware running on the microprocessor.

It took 0.54, 0.33, 0.96 and 1.65 seconds on a Sun4 sys-
tem to estimate the performance of the elliptic �lter, di�er-
ential equation, DATA ACQUISITION and ONE SCAN
respectively in conjunction with the 8086 technology �le.
This can be compared to the several days required to man-
ually compute the same information.

6 Conclusion and Future Work

Starting from a system-level speci�cation, we have
presented techniques for estimating the performance and
memory size of software compiled to execute on a given
processor. The experiments have shown that our estima-
tor has an average error of 7.4% and has a maximum error
of 19.1% on designs spanning from straight line code (el-
liptic �lter) to code with branches and loops (di�erential
equation and behavior DATA ACQUISITION) and even
hierarchical speci�cation (behavior ONE SCAN). Experi-
ments also show that our estimator is very fast and can
provide rapid feedback to the designers or system parti-
tioning tools and enable them to explore a larger design
space, which may lead to faster and/or cheaper designs.

Since the generic three-address instructions and the
technology �les can only characterize the target machine

instructions to some extent, there is always a di�erence be-
tween the estimates obtained from our estimator and the
results obtained directly by compiling to target machine
instructions. We can expect more accurate estimation by
enhancing the technology �les to include more information
about the target machine instruction sets. Currently our
generic instruction set has limited formats, especially in
terms of memory addressing modes. If we can incorporate
more memory addressing modes in our compiler to close
the gap between the generic instructions and the target
machine instructions, we can expect better estimation re-
sults. However, this may increase the complexity of the
generic instructions. Increasing complexity of the generic
instructions may increase the compiling time and hence
increase the total estimation time. Therefore, more stud-
ies are needed to determine what constitutes a suitable
generic instruction set.

References

[1] R.K. Gupta, and G. De Micheli, \System-level syn-
thesis using re-programmable components," Proc.
of the European Conference on Design Automa-
tion, 1992.

[2] R. Ernst, and J. Henkel, \Hardware-software code-
sign of embedded controllers based on hardware
extraction," The International Workshop on Hard-
ware/Software Codesign, Estes Park, Colorado,
September, 1992.

[3] W. Ye, R. Ernst, Th. Benner, and J. Henkel,
\Fast timing analysis for hardware-software co-
synthesis," Proc. of ICCD, 1993.

[4] Th. Ball, and J.R. Larus, \Optimally pro�ling and
tracing programs," ACM Sigplan Symp. Principles
of Programming Language, 1992.

[5] S. Narayan, F. Vahid, and D. Gajski, \System
speci�cation and synthesis with the SpecCharts
language," Proc. of ICCAD, 1991.

[6] J. Gong, D. Gajski, and S. Narayan, \Software es-
timation from executable speci�cations," Technical
Report 93-5, Dept. of Information and Computer
Science, University of California, Irvine, March,
1993.

[7] G. Gorsline, 16-Bit Modern Microcomputers: the
INTEL I8086 Family. Prentice-Hall, 1985, pp. 473-
512.

[8] L. Scanlon, 8086/8088/80286 Assembly Lan-
guages. Simon & Schuster, 1988, pp. 361-368.

[9] J. Bennett, 68000 Assembly Language Program-
ming: A Structured Approach. Prentice-Hall,
1987, pp. 445-455.

[10] MOTOROLA, MC68020: 32-Bit Microprocessor
User's Manual (Second Edition). Prentice-Hall,
1987, Chapter 9.


	ED&TC95
	Front Matter
	Table of Contents
	Session Index
	Author Index


