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High-Level Synthesis deals with the translation of algorithmic descriptions into an RTL implementation. It is highly multi-
objective in nature, necessitating trade-offs between mutually conflicting objectives such as area, power and delay. Thus design
space exploration is integral to the High Level Synthesis process for early assessment of the impact of these trade-offs. We propose
a methodology for multi-objective optimization of Area, Power and Delay during High Level Synthesis of data paths from Data
Flow Graphs (DFGs). The technique performs scheduling and allocation of functional units and registers concurrently. A novel
metric based technique is incorporated into the algorithm to estimate the likelihood of a schedule to yield low-power solutions. A
true multi-objective evolutionary technique, “Nondominated Sorting Genetic Algorithm II” (NSGA II) is used in this work. Results
on standard DFG benchmarks indicate that the NSGA II based approach is much faster than a weighted sum GA approach. It also
yields superior solutions in terms of diversity and closeness to the true Pareto front. In addition a framework for applying another
evolutionary technique: Weighted Sum Particle Swarm Optimization (WSPSO) is also reported. It is observed that compared to
WSGA, WSPSO shows considerable improvement in execution time with comparable solution quality.

1. Introduction

Data path algorithms can be depicted using Data Flow
Graphs (DFGs). Each node in the DFG represents an
operation that is to be executed in the algorithm (Figure 1).
The operation may be arithmetic such as addition or
multiplication or logical. High Level Synthesis (HLS), also
known as Behavioral Synthesis is the process of converting an
algorithmic description into a synthesizable Register Transfer
Level (RTL) netlist. The high level description may be in
the form of a programming language such as C or DFGs.
The HLS design flow consists of three subtasks, namely,
scheduling, allocation, and binding. Scheduling determines
the time step at which a node in the DFG is executed. For
example, in the following DFG, the node d is scheduled in
the second time step. Some nodes have mobility in that they
can have several potential execution instances as in the case of

node c which can execute in time step 1 or 2 without affecting
the schedule.

The term allocation refers to the process of assigning
resources or Functional Units (FUs) to execute a particular
operation. For instance, one possible allocation for the DFG
shown in Figure 1 is three adders and one multiplier. In
binding, a node is bound to a FU for execution. Thus, node a
may be bound to Adder 1, node b to Adder 2 and node c to
Adder 3. The HLS sub-tasks can be performed in any order
or simultaneously. The result of each sub-task influences the
others.

The main purpose of HLS algorithms is to facilitate
an early design space exploration of various alternative
RTL implementations for a particular algorithm with the
primary objective of minimizing area, delay, and power of the
final design. This paper investigates the use of evolutionary
techniques such as Genetic Algorithms (GAs) and Particle
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Figure 1: A Data Flow Graph.

Swarm Optimization (PSO) for optimal scheduling of DFGs
during High Level Synthesis. Since the problem is multi-
objective in nature, the GA framework is adapted for
applying true multi-objective algorithms such as NSGA II
that yield a population of Pareto optimal solutions with
each solution representing a trade-off among the objectives.
Also we have adapted the framework developed for applying
another multi-objective evolutionary approach, Weighted
Sum PSO (WSPSO), for solving the same problem.

This work is based on the technique reported by the
authors in Harish Ram et al. [1]. The methodology described
in [1] proposes an NSGA II based approach for optimal
scheduling during HLS of datapaths. The technique has been
validated on additional benchmarks. Also the basic frame-
work used for implementing the GA has been customized for
applying WSPSO to the multi-objective HLS problem.

Previous work on multi-objective optimization in HLS
has focused primarily on area and delay minimization. In
[2], a weighted sum approach has been proposed for area
and delay minimization during HLS of DFGs. In Ferrandi
et al. [3], the authors have used two different encodings
which prioritize scheduling and binding, respectively. The
cost function is computed using regression models derived
from actual characterizations. A true multi-objective GA
(NSGA II) is used to optimize the schedules. We propose an
evolutionary framework using the chromosome encoding in
[2], with the cost function modified to incorporate power
in addition to area and delay. Power cost of a schedule
is determined as the likelihood of the schedule to yield
low-power bindings, computed from compatibility graph
metrics described in [4]. The methodology is evaluated for
WSGA and NSGA II on standard benchmarks [2, 5] and
the superiority of NSGA II is demonstrated. The framework
is extended for applying WSPSO to the HLS scheduling
problems.

The rest of the paper is organized as follows. Section 2
describes the new algorithms used in the work. Section 3
gives a review of related literature. Section 4 outlines the evo-
lutionary encoding scheme and cost function computation
used in the work. Sections 5, 6, and 7, respectively detail

the WSGA, NSGA II, and WSPSO based methodologies.
Section 8 discusses the results and Section 9 concludes the
paper.

2. New Algorithmic Techniques Used

The application of Genetic Algorithms and similar meta-
heuristics in engineering problems has come to stay and
is a well researched domain. However, many optimization
problems are multi-objective in nature with the candidate
solutions trading off one objective in favor of the other [6].
A classic instance in the VLSI domain is the area-delay trade-
off. In such problems, the focus is on identifying a population
of Pareto optimal solutions rather than a single optimal
solution. A simple approach in solving such problems will
use a weighted cost function involving all the objectives
to be optimized. However this technique is flawed since it
yields solutions with limited diversity [6]. This necessitates
the development of true multi-objective algorithms that are
capable of exploring the entire design space of solutions
with different trade-offs among the objectives. Several multi-
objective techniques have been proposed to solve engineering
problems in the past decade and a half [7–9]. Multi-objective
optimization of area and delay during datapath synthesis has
been addressed in [2, 3]. However power is not considered
in these schemes. In [10] Bright and Arslan had proposed
a GA based approach to generate Pareto surfaces for area
and delay during synthesis of DSP designs. The paper does
not describe any scheme for ensuring the diversity of the
solutions. We propose a multi-objective methodology using
NSGA II [7] for power, area, and delay optimization of
DFGs. NSGA II incorporates a selection technique based on
the crowding distance of individuals in a population that
preserves the diversity of the solutions when the algorithm
evolves. The technique is evaluated on standard benchmarks
and fares substantially better than WSGA in terms of solution
quality as well runtime. PSO is another recent evolutionary
technique that has been widely investigated for solving
intractable problems in engineering and science [8, 11].
PSO has been widely applied in scheduling problems such
as instruction scheduling and traveling salesman problem
(TSP) [12–16]. We have extended the chromosome encoding
scheme and cost function computation used in our GA
technique for applying Weighted Sum PSO for datapath
synthesis.

3. Review of Previous Work

Early work in Behavioral Synthesis focused on constructive
approaches as in force directed scheduling [2, 17]. These are
essentially greedy approaches vulnerable to local minima.
Transformational approaches [2] start with an initial schedule
and apply transformations to improve the initial solution.
However, the quality of the solutions largely depends
on the transformations used and the heuristics used to
select between applicable transformations [2]. Graphical
approaches have been proposed in which the minimum
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cost binding problem is converted into a multiway par-
titioning of a flow graph. In [18], a graph network is
used to model the binding problem with the edge weights
representing the switching cost of executing two nodes in
succession on the same functional unit (FU) or register.
Thus the problem reduces to a multi-way partitioning of
the graph for minimal flow cost. This method is reported
for optimal bus scheduling and can be extended to FUs
also. Scheduling under constraints is not addressed here.
In [19], graph based heuristics are proposed to choose an
optimal set of resources for a scheduled DFG with more than
one architecture to choose from for each functional unit.
Mathematical approaches formulate the synthesis problem
using Integer Linear Programming (ILP) approach or some
other mathematical optimization tools such as game theory.
Simultaneous binding and scheduling of a DFG using ILP
is addressed in [20]. The precedence and time constraints
are built into the ILP formulation. The cost function is
evaluated based on signal statistics of the inputs obtained
through a one-time simulation. The technique suffers from
the drawback that ILP methods do not scale well for large
circuits and may have to be combined with some heuristics.
An ILP approach is combined with retiming for power
optimization in [21]. In [22], a game-theoretic approach for
power optimization of a scheduled DFG is proposed. The
functional units are modeled as bidders for the operations in
the DFG with power consumption as the cost. The algorithm
does not scale well for larger number of functional units since
the complexity increases exponentially with the number of
players (bidders).

The use of Genetic Algorithms (GAs) for optimal
scheduling, allocation, and binding in Behavioral Synthesis
has been widely reported in the literature. A survey of GA
based methodologies for Behavioral Synthesis is presented in
[2]. Genetic Algorithms being population based heuristics
are extremely effective in design space exploration. A GA
based methodology for datapath synthesis from a DFG for
multi-objective area and delay optimization is described
in [2]. The authors propose a multichromosome encoding
scheme for the DFG scheduling priority and functional
unit constraints. List scheduling is carried out based on
the priorities coded in the chromosome. A weighted cost
function incorporating both area and delay is employed for
assessing the fitness of a given schedule. But the weighted
sum approach suffers from the drawback that in a sufficiently
nonlinear problem; it is likely that the optimal solutions
resulting from a uniformly spaced set of weight vectors
may not result in a uniformly spaced set of Pareto optimal
solutions [6]. Ferrandi et al. [3] have proposed an approach
based on Multi-objective GA using the algorithm NSGA
II [6, 7]. The authors have used two different encoding
schemes. The priority based scheme [2] arranges nodes in
the DFG in the order in which they have to be scheduled
by a list scheduler whereas the binding based scheme [23]
incorporates binding information pertaining to each DFG
node. The area and delay costs are extracted from a regression
model built using actual characterizations. Power is not
included in the fitness evaluation.

The optimal scheduling problem in HLS is somewhat
analogous to the traveling salesman problem (TSP). In both
cases, an evolutionary approach necessitates a chromosome
encoding which specifies the order in which scheduling of
nodes (cities to be visited in case of TSP) is carried out as
described in the next section. These problems differ in their
cost functions. TSP seeks to minimize the distance travelled
whereas in HLS the objective is to optimize area, delay,
or power as the case may be. In addition, the precedence
of execution of each node is to be considered during
HLS. Wang et al. propose a PSO methodology for TSP in
[12]. The authors describe a technique for generating new
scheduling strings using the swap operator. An encoding
scheme for efficient convergence of the particles during PSO
is proposed in [13]. In [14], Jie et al. describe a scheme for
reducing the scale of the problem for large number of nodes,
without affecting exploration of the search space. To our
knowledge, PSO has not been used in multi-objective High
Level Datapath Synthesis.

4. Evolutionary Encoding Scheme,
Cost Function Computation, Crossover,
and Mutation

4.1. Encoding Scheme. A multi-chromosome encoding
scheme reported in [2] is used in the proposed technique.
The same encoding is used for both GA and PSO. In this
scheme a chromosome has a node scheduling priority field
and a module allocation field (Figure 2(b)). The structure
of the chromosome is such that simultaneous scheduling
of a DFG and functional unit allocation can be carried
out. The DFG nodes are scheduled using a list scheduling
heuristic [2, 17]. The nodes are taken up for scheduling in
the order in which they appear in the chromosome. The
module constraint is described in the module allocation field.
The respective constraints of the number of multipliers and
adders are specified in this field. If additional FUs such as
subtractors are present, the module allocation field will have
more terms.

As an example, an unscheduled DFG and a correspond-
ing chromosome encoding are shown respectively in Figures
2(a) and 2(b). The scheduling starts with the first time step.
Node 3 which appears first in the chromosome is scheduled
in the first time step itself. Also node 1 is scheduled to
be executed in time step 1 since it appears next in the
chromosome. Node 2 which is next cannot be scheduled in
the first time step because only two multipliers are available
as specified in the module allocation field. Therefore Node 2
has to wait till the next time step. Node 4 which performs
addition cannot be scheduled in this time step since its
predecessor node, that is, Node 1, has just been scheduled.
The result of the execution of this node will be available only
in the next time step. Similarly nodes 5, 6, and 7 cannot be
scheduled since the results of their predecessor nodes are not
ready. Thus we move to the second time step since no further
scheduling is possible in the current time step. In this step,
nodes 2 and 4 which were not scheduled in the previous time
step are scheduled for execution. This sequence continues till
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Figure 2: Multichromosome and corresponding schedule.

all nodes are scheduled. It has to be noted that in a valid
string the precedence relationship between the nodes has to
be maintained. For instance, in the chromosome shown in
Figure 2(b), the nodes 1 and 2 which are the predecessors
for node 6 appear before node 6 in the priority list. The
scheduled DFG is shown in Figure 2(c).

4.2. Cost Function Computation. The fitness evaluation of
each chromosome is carried out as described in [2] for area
and delay. The potential of a given schedule to yield low-
power bindings is determined from the compatibility graphs
for the FUs and registers extracted from the schedule using
a method described in [4]. Actual power numbers are not
computed.

4.2.1. Area and Delay Cost. The delay or length L is the
number of time steps or clock cycles needed to execute the
schedule. For example L = 4 for the schedule in Figure 2(c).
The area cost A of the schedule is based on the total FUs
and registers required to bind all the nodes in the DFG.
The former is known from the chromosome itself (e.g., 2
multipliers and 1 adder for the DFG in Figure 2(c)). The
latter is obtained by determining the total number of registers
required for the DFG implementation using the left edge
algorithm [17]. The total area is expressed as the total
number of transistors required to synthesize the FUs and
registers to a generic library.

4.2.2. Power Cost. The potential of an individual schedule
to yield a low-power binding solution is found out using a
set of metrics described in [4]. Here a compatibility graph
(CG) is extracted from the scheduled DFG corresponding to
the schedule obtained from the node priority field in each
chromosome of the population. The compatibility graph will
have an edge between two nodes if they are compatible. Two
nodes are said to be compatible if they can be bound to the
same FU or register. For instance, nodes 1 and 2 in the DFG
in Figure 2(c) are FU compatible since they execute the same
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Figure 3: Compatibility graph.

operation (multiplication) and their lifetimes do not overlap.
On the other hand, nodes 3 and 2 though executing the same
operation are not compatible since their lifetimes overlap.
The output of node 3 is required by node 5 in the third time
step whereas node 2 has to be executed in the second time-
step itself. The compatibility graph for the schedule given in
Figure 2(c), is given in Figure 3. Separate CGs are created
for the registers and FUs. The edge weights between two
nodes represent the switching cost when these two nodes are
executed one after the other in the same FU [24].

The power-related metrics [4] are based on the edge
weights of the compatibility graph and are defined as follows:

m1 = total number of edges in the graph,

m2 = average of edge weights for the lowest k% in the
value range for each node where k is user-defined

m3 = average of all edge weights (i.e., m2 for k =
100%). A DFG may yield a low-power binding ifm1 is
high and m2 and m3 are low. The power cost function
designed based on the compatibility graph metrics is
given below

P =
(

n

m1

)
+ m2 + m3, (1)

where n is a tuning parameter, is chosen depending on the
value of m1, and has a value greater than m1. The rationale
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for the choice of the power metrics is as follows. Higher
number of edges (m1) in the CG indicates higher number of
possible bindings and hence more likelihood of the schedule
yielding low-power bindings. Thus the power metric is made
inversely proportional to m1. Smaller values of CG edge
weights indicate lesser switching cost and hence lower power
dissipation when a pair of nodes execute on an FU. Thus a
schedule having a CG with smaller average edge weight has
better potential to yield more power-aware bindings. This
dependency is encoded in the second and third terms of the
cost function, m2 and m3.

4.3. Crossover. We have used the single-point crossover
technique reported in [2]. In this method, the precedence
relationships between the nodes in the node priority field
of the multi-chromosome are maintained. The technique is
illustrated in Figure 9.

The parent string is retained intact till the crossover
point. For instance, in the example shown in Figure 9,
crossover is carried out from the fifth position in the string.
Thus, in offspring 1, the substring 3 1 2 4 is replicated from
Parent 1. From location 5 onwards, the Parent 2 string is
traversed and those nodes in the list that are not present are
filled in the same order in which they appear in Parent 2. For
instance, the nodes 1, 2, and 4 are already present in the sub-
string 3 1 2 4 taken from Parent 1, but 6 is not present and
hence is filled in the location 5. The node 3 which appears
next is already present whereas 5, which appears next to 3, is
not present and is filled in. The procedure is continued till
the entire string is generated. The same sequence is repeated
with Parent 2 for generating offspring 2.

For the module allocation field, the module allocations
which appear after the crossover point are swapped. In
Figure 9, the module allocation strings are 2 1 and 2
2 respectively for parent Parent 1 and Parent 2. After
crossover, the module allocation strings become 2 2 and 2
1, respectively.

4.4. Mutation. Mutation also is based on the technique
described in [2]. For the node priority field, a node in the list
is chosen at random and is moved without affecting the node
precedence constraints. As an example, consider the same
chromosome described previously, that is, the string 3 1 2 4 6
5 7 | 2 1. Let node 5 in location 6 be chosen for the mutation.
Its predecessor is node 3 in the first slot and its successor is
node 7 in the seventh slot. Thus the node can be moved to
any slot from slot 2 to slot 6 without violating the precedence
constraints. The actual slot to which the node is to be moved
is chosen by generating a random number between 2 and 6.
If the random number generated is, say, 3, then the node 5
is moved to slot 3 and the new chromosome after mutation
becomes 3 1 5 2 4 6 7 | 2 1 (mutated node is shown in bold).

For the module allocation field, the mutation is effected
by simply incrementing or decrementing the number of
functional units. For example, we may decrement the
number of FU in the above multi-chromosome. Thus after
mutation, the final chromosome string becomes 3 1 5 2 4 6 7
| 1 1 (mutated locations are shown in bold).
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Figure 4: Multi-objective solution space and Pareto Front.

5. Weighted Sum GA

The weighted sum approach [6] used in this paper converts
a multi-objective problem into a single objective GA. Each
term in the cost function of this GA represents the cost of one
objective to be optimized and is multiplied by a weight factor
between 0 and 1. This weight is chosen depending upon the
extent to which a particular objective is to be optimized. This
approach is computationally simple. The fitness evaluation
of each individual is based on a cost function value calculated
using a weighted sum approach. The cost function described
in [2] is modified to include a power dissipation term
described in the previous section and is given below:

C = w1Ls
Lmax

+
w2A

Amax
+ w3P, (2)

where w1, w2, and w3 are the weights of the area, delay,
and power terms, respectively, with w1, w2, and w3 always
obeying the relation w1 + w2 + w3 = 1. The terms Ls and A
are the length and area, respectively, of the implementation
of the given schedule and P is the power metric. Amax

and Lmax are the maximum area and delay, respectively,
among solutions in the current population. A population
size of 100 is used in the GA implementation. Elitism
is used for preserving the best solutions in a generation.
Binary tournament selection is used to identify parents for
crossover. The crossover probability used is 0.9 and mutation
probability is 0.2. The WSGA run was repeated with 10
different initial seed populations.

6. NSGA II

In a true multi-objective algorithm, the solutions converge
to the true Pareto front of non-dominated solutions. A
solution is said to be nondominated if no other solution
can be found in the population that is better for all the
objectives (Figure 4). A multi-objective solution space for
a minimization problem involving two objectives and the
Pareto front is depicted in Figure 4. The weighted sum
approach described in the previous section suffers from lack
of diversity in that uniformly spaced weights do not result
in a uniform spread of solutions as shown in Figure 5. The
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figure depicts a solution space for a minimization problem
with two objectives, f 1 and f 2. The x-axis represents
different values of f 1 for uniformly spaced values for the
weight for f 2 (say, w2). For w2 = 0, f 1 has the most optimal
value and f 2 the worst. For higher values of w2, the objective
f 2 shows progressively better values by trading off f 1. But
it can be observed that the values of f 2 obtained by trading
off f 1 are not uniformly spaced though the weight for f 2
(w2) is increased in equal steps. Besides, proper assignment
of weights and, hence, solution quality depend on knowledge
of the solution space [6].

Deb proposed the “Non-dominated Sorting GA-II” or
NSGA II [7], which is a true multi-objective GA. It uses the
notion of crowding distance to ensure diversity among the
solutions in a population. Initially a random seed is created.
The cost of each objective for all the solutions is determined
and they are classified into ranks based on nondomination.
The Rank I individuals are fully non-dominated whereas
those in Rank 2 are dominated by the Rank I individuals
and so on. Each solution is assigned a fitness based on
its rank and crowding distance. The crowding distance is
a measure of the uniqueness of a solution. Crossover and
mutation are performed on the individuals using the method
described in [2]. The parents and offspring in a particular
generation are merged and the individuals for the next
generation are selected based on the crowding distance
metric [6, 7]. Selection of individuals with higher crowding
distance is favored for better diversity among solutions. The
population size in a generation was 100. The GA was run
for 200 generations. A flow diagram depicting the NSGA
II methodology is shown in Figure 6. A detailed discussion
of the results obtained for this method on standard DFG
benchmarks is given in Section 8.

7. Weighted Sum Particle Swarm
Optimization (WSPSO)

7.1. Introduction. Particle Swarm Optimization (PSO) is an
evolutionary approach proposed by Eberhart and Kennedy,
inspired by the behavior of bird flocks or schools of fish. PSO,
like GA, operates on a population of candidate solutions

referred to as a swarm. Each solution in a swarm is called
a particle. The swarm is made to evolve by applying a velocity
to each particle. The best solution in each swarm is called the
“particle best” or pbest and the best solution among all the
swarms so far is the “global best” or gbest. When the swarm
moves, each particle is subjected to a velocity which tends
to propel it in the direction of pbest as well gbest with each
direction being assigned a weight as modeled by the equation
given below:

vij,t+1 = wvij,t + η1R1

(
pij,t − xij,t

)
+ η2R2

(
gij,t − xij,t

)
, (3)

where vij,t+1 = velocity of the ith particle for the t + 1th

iteration, and vij,t = velocity of the ith particle for the tth
iteration.

The weight w assigns some inertia to the particle. The
parameters η1 and η2 assign weights to the pbest and
gbest variables, that is, the extent to which these positions
influence the movement of the particle. The random values
R1 and R2 introduce a degree of perturbation in the particle,
for better exploration of the search space.

7.2. Weighted Sum PSO (WSPSO) for DFG Scheduling.
Scheduling of DFGs during datapath synthesis is a good
candidate for application of PSO. This problem is some-
what analogous to TSP [12, 16], albeit with precedence
and module constraints. The multi-chromosome encoding
introduced in Section 4 can be used for PSO also. In discrete
problems, the notion of velocity is implemented by adapting
the crossover technique [2, 16] for the PSO problem. A
particle in the swarm is represented by a single multi-
chromosome string representing a given DFG schedule and
allocation. This particle is crossed over with the current
particle that represents the gbest (or pbest) to implement the
velocity function. The particle is crossed over with both the
gbest and pbest using the procedure outlined in Section 4.
This is illustrated in Figure 10.

The same approach is followed for pbest also. It can be
seen that the degree of shift of the particle towards the pbest
or gbest can be controlled by appropriately choosing the
crossover location. If the location is in the beginning of the
string then the shift is more.

Area, delay, and power cost of the schedule represented
by the chromosome is computed using the method described
in Section 5. The weighted sum approach outlined in
Section 6 is used to determine the fitness of a particle
represented by the multi-chromosome. A swarm size of
100 individuals was used. The total number of generations
(swarms) was 70. The flowchart shown in Figure 7 summa-
rizes the WSPSO based methodology used.

The PSO methodology developed was tested on various
benchmarks. It was found to exhibit better runtimes than
WSGA with comparable solution quality.

8. Results and Discussion

All the results reported below were obtained from executing
the algorithms in an Intel i5-2400 CPU with a clock
frequency of 3.10 GHz and 4 GB RAM.
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8.1. WSGA and WSPSO Convergence. The convergence of
WSGA and WSPSO is verified by plotting the cost function
with respect to the number of generations for each DFG
benchmark (Figures 8(a) and 8(b)). For WSGA, the number
of runs was 50 and for WSPSO the algorithms were run for
70 generations. The convergence plots for each benchmark
are presented in Figures 8(a) and 8(b) respectively for WSGA

and WSPSO. It is observed from the cost function values at
convergence that the extent of optimization observed for all
the benchmarks is comparable for both WSGA and WSPSO.
This is further discussed in connection with the results in
Table 6.

8.2. Comparison of Power Aware WSGA with GA without
Power in the Cost Function [2]. One of the contributions
of this work is the introduction of a power metric that
indicates at an early stage the likelihood of a schedule to
yield a low power binding solution during the binding phase.
This metric is added to the weighted sum cost function for
area and delay optimization proposed in [2]. The efficacy
of the modified GA with power is verified by evaluating
the modified WSGA on various benchmarks and comparing
with the results of WSGA method reported in [2] which
does not incorporate power in the cost function. The weight
assigned to the power cost is 0.7 and the other objectives are
assigned equal weights of 0.15 each.

It was observed that the modified GA methodology
yielded schedules that had improved values of the power
metric indicating higher likelihood of obtaining low power
bindings. The results of the comparison are listed in Table 1.
An average reduction of around 9% is observed in the power
metric for the power aware GA run. The reduction is not
significant for the IIR benchmark which has only 9 nodes.
Hence the search space of feasible schedules is limited. The
HAL benchmark though having only 10 nodes yields a better
power number since it has higher mobility for the nodes
and hence more number of feasible schedules. The power
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Figure 8: Convergence plot for WSGA and WSPSO.

Table 1: Comparison of WSGA and power-aware WSGA.

Benchmark
WSGA without power optimization [2] Power-aware WSGA

Reduction in
power cost metricPower metric

Area
(register units)

Delay
(time steps)

Power metric
Area

(register units)
Delay

(time steps)

IIR 0.9062 42.9 5.44 0.8996 48.48 5.15 0.73%

HAL 0.9911 38.33 4.74 0.8719 37.81 4.98 12%

FIR 0.6487 42.73 11.63 0.6029 54.48 11.32 7%

MPEG 0.6317 81.5 8.50 0.6046 107.5 9.00 17%

Parent 1 3   1 2 4   5   6 

Parent 2 1   2   4   6    3   5

Crossover 
point

Offspring 1 3   1   2   4    6   5

Offspring 2   1   2   4   6   3   5

7 | 2 1

7 | 2 2

7 | 2 1

7 | 2 2

Figure 9
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Figure 10

aware WSGA run yields better power optimal solutions for
the FIR and MPEG benchmarks which have 23 and 28 nodes,
respectively, obviously due to the higher number of nodes
and also more degrees of freedom in moving the nodes for
generating different schedules.

Table 2: Metrics evaluating closeness to the Pareto optimal front
for IIR benchmark for NSGA II.

Performance metric WSGA NSGA II

Error ratio 0.7143 0

Generational distance 0.02708 0

Maximum Pareto optimal front error (MFE) 0.1833 0

Spacing 0.1046 0

Spread 1.0026 0

Weighted metric 0.5148 0

Table 3: Metrics evaluating closeness to the Pareto optimal front
for HAL benchmark for NSGA II.

Performance metric WSGA NSGA II

Error ratio 0.7826 0

Generational distance 0.0050 0

Maximum Pareto optimal front error 0.1832 0

Spacing 0.0516 0

Spread 1.8600 0

Weighted metric 0.9360 0

8.3. NSGA II Results and Analysis. The quality of solutions
obtained using a multi-objective algorithm must be assessed
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Table 4: Comparison of WSGA and NSGA II on standard benchmarks.

Benchmark
WSGA NSGA II

Power metric Area (register units) Delay (time steps) Power metric Area (register units) Delay (time steps)

IIR 0.9019 48.48 5.148 0.9063 35.41 5.88

HAL 0.9901 37.81 4.981 0.9923 39.91 4.75

DWT 0.7126 50.92 10 0.6821 48.95 10

FIR 0.6416 54.48 11.32 0.6312 43.58 11.23

MPEG motion vector 0.6714 107.5 9 0.6561 63.13 10.71

DCT 0.6086 79.06 12.18 0.6087 77.44 12.12

Table 5: Execution times in seconds.

Benchmark circuit WSGA NSGA % reduction

IIR 6 4 33.33%

HAL 11 11 0%

DWT 26 5 80.77%

FIR 112 9 91.96%

MPEG motion vector 48 23 52.08%

in terms of the spread of the solutions and the closeness of the
individuals to the true Pareto front. The metrics described
in [6] for diversity, spread and Pareto front errors were
computed for the Rank I individuals obtained for the IIR
filter and HAL benchmarks [2, 5] using WSGA and NSGA
II. For computing the quality metrics, the true Pareto front
was obtained for these two benchmarks by exhaustive search.
The metric values obtained for the WSGA and NSGA runs
are listed in Tables 2 and 3. The error ratio is the fraction
of solutions in the population of Rank I individuals, which
are not members of the true Pareto-optimal set, P∗. The
generational distance metric gives a measure of the average
distance of the solutions from P∗. The maximum Pareto front
error gives the distance of the solution which is farthest from
the Pareto front. The values of the metrics, spacing and spread
indicate the diversity of solutions obtained. The weighted
metric is the weighted sum of the closeness and diversity
measures. These metrics should have small values for a good
multi-objective algorithm. The results of comparing NSGA II
and WSGA in terms of the quality metrics are given in Tables
2 and 3, respectively, for the IIR and HAL benchmarks.

The above metrics indicate the superior quality of the
NSGA II solutions over those obtained by the Weighted
Sum GA approach. All metrics have zero values for NSGA
indicating that the solutions are fully coincident with the true
Pareto front individuals.

The NSGA II methodology was evaluated on several
standard DFG benchmarks and the results are summarized in
Tables 4 and 5. Table 4 shows the average values of the delay,
area, and power metrics obtained for the WSGA and NSGA II
runs. Power dissipation is quantified in terms of the potential
of the schedule to yield low power bindings as described in
Section 4. Area is computed as the total gate count of the
FUs and registers when synthesized to a generic library and is
normalized to the register gate count as register units. Delay
is expressed in terms of the total time steps required for

completing each schedule. The average values for the NSGA
II run are either better than WSGA or comparable in most
of the cases. For the smaller DFGs (IIR and HAL), the NSGA
II results do not exhibit an appreciable improvement in the
average values. This is because of the fewer number of feasible
solutions. Since NSGA searches the solution space more
efficiently the effect of trade-offs between the three objectives
is more pronounced. Another aberration that is noticeable is
in the case of the MPEG motion vector benchmark where a
substantial reduction in average area is noticed at the expense
of higher average delay. This DFG is rich in multiplication
nodes whose implementation is area intensive. Hence an
effective search of the solution space will yield solutions that
exhibit tremendous trade-offs between delay and area. Thus
a considerable reduction in average area is observed at the
expense of delay. Thus it can be concluded that NSGA II,
being a true Multi-Objective GA, is highly effective in more
intensive exploration of the design space. This is evident
from the quality metrics as well as the results on the various
DFG benchmarks.

Table 5 lists out the comparison of the execution times.
The NSGA II algorithm shows appreciable improvement
over WSGA with an average reduction of 51.63% in
execution time. As expected, the improvement is more
noticeable in the case of the larger benchmarks which
necessitate exploration of a much larger search space. The
search space is multidimensional and nonlinear and hence
increase in number of DFG nodes will add exponentially
large complexity to the search process.

8.4. WSPSO—Results and Analysis. The WSPSO-based
weighted sum approach outlined in Section 7 was evaluated
on the DFG benchmarks and compared with WSGA. A
particle size of 100 was used and the WSPSO was run for 70
generations. The average power, area, and delay values of 10
runs of the algorithm with different initial seed populations
are tabulated for various DFG benchmarks. The quality
of the solutions was also assessed against the results from
exhaustive search. The results are shown in Tables 6 and 7.
Initial results are comparable to the corresponding results
for WSGA. However, the quality and run times can be
improved upon optimizing the swarm size and introducing
additional operators in the velocity function used. Further
investigations need to be carried out in this direction.

Tables 6 and 7 present the comparison of WSGA and
WSPSO on standard DFG benchmarks. Whereas Table 6
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Table 7: Metrics evaluating closeness to the Pareto optimal front
for IIR benchmark for WSGA and WSPSO.

Performance metrics WSGA WSPSO

Error ratio 1 1

Generational distance 2.09 3.02

Maximum pareto optimal front error (MFE) 81 43.02

Spacing 2.73 0

Spread 1.56 1

Weighted metric 1.82 2.04

compares average values of power, area, and delay and
execution times, Table 7 lists out the performance metrics [6]
that indicate the quality of the solutions obtained in terms
of diversity and closeness to the true Pareto front. This is
assessed by generating the true Pareto front using exhaustive
search and comparing the Rank I solutions obtained from
the algorithm with the true Pareto front as described in
Section 8.3. Low values for each metric indicate a higher
degree of diversity and closeness to the Pareto front.

From Table 6, it can be observed that the results for
WSPSO are comparable with WSGA for the area, delay,
and power values whereas WSPSO exhibits an average
improvement of 26.19% in the execution times. Thus there
is scope for improvement in the WSPSO methodology by
enhancing the search method without an adverse impact on
execution times. However WSPSO, as in the case of WSGA,
fares poorer than NSGA II in terms of solution spread,
diversity, closeness to Pareto front, and execution times.

Average measurements are not indicative of the ability of
the algorithm to search the entire multi-objective solution
space. The diversity of solutions and optimality in terms
of closeness to the true Pareto front are also indicators of
algorithm efficiency. The performance metrics [6] described
in Section 8.2 evaluated for WSGA as well as WSPSO are
listed in Table 7. The error ratio is the same for both
algorithms. WSPSO fares slightly better in yielding uniformly
spaced solutions with better diversity as evidenced by the
lower values of spacing and spread for WSPSO. However,
the generational distance metric is higher for WSPSO. Thus
a higher generational distance metric coupled with a lower
MFE indicates that Rank I individuals have more or less
uniform separation from the true Pareto front. This is
corroborated by the lower values for spacing and spread
mentioned earlier.

9. Conclusions and Future Work

A framework for applying multi-objective evolutionary
techniques for multi-objective power, area, and delay opti-
mization for the datapath scheduling problem in High Level
Synthesis is presented. The methodology has been applied
to the NSGA II algorithm and considerable improvement in
runtimes and solution quality is demonstrated compared to
a Weighted Sum GA approach by evaluating the technique
on standard DFG benchmarks. Thus the technique will be
effective as a tool for design space exploration during DFG
synthesis. The methodology has been extended to Weighted

Sum PSO and preliminary results indicate that WSPSO
is faster than WSGA with potential for improvement in
solution convergence and quality. The following conclusions
can be drawn from the analysis of the WSGA, NSGA II, and
WSPSO algorithms.

(i) NSGA II exhibits the best solution quality among
all the techniques analyzed and fastest execution
times and emerges as the best approach among the
three methods compared from the point of view of
efficient design space exploration. This is in line with
expectations since NSGA II incorporates features for
ensuring diversity and convergence to the Pareto
front. The method for identifying non-dominated
solutions is computationally fast thus resulting in the
reduced runtime.

(ii) WSPSO is computationally simple and exhibits lesser
run time compared to WSGA since the evolution
process does not involve crossover and mutation
which are computation intensive.

(iii) However, WSPSO may not be an alternative to NSGA
II unless the solution quality is improved by incorpo-
rating some hybrid approaches like interweaving with
Simulated Annealing as reported in [16]. This aspect
needs to be investigated and will be part of the future
work.

(iv) True Multi-objective PSO (MOPSO) techniques have
been proposed such as the works reported in [9,
11]. This will be adapted for the HLS scheduling
problem and the performance vis-à-vis NSGA II will
be studied.

(v) The solutions obtained by WSPSO, WSGA, and
NSGA II will be synthesized to a target library and the
trends predicted by the DFG metrics used in the cost
functions with actual estimates from postbinding
synthesis results will be compared.
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