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Abstract

Genetic algorithms are a powerful optimization technique that offers many degrees
of freedom so that they can be tailored to a specific problem. In very complex problems
this process is usually recursive so that the algorithm is tuned as a solution is converged
upon. Genetic algorithms can also benefit from a hardware implementation due to their
highly parallel nature.

Unfortunately flexibility and hardware tend to be mutually exclusive in nature and
as a result countless hours can be spent optimizing a genetic algorithm in hardware for
a specific problem with little usable IP actually generated.

The goal of this project is to develop a framework in Bluespec and an initial set of
IP to demonstrate that a flexible hardware implementation of a genetic algorithm can
be designed. Architecture tuning will be done at compile-time using clearly defined
parameters. The architecture will be demonstrated on a complex antenna beamforming
problem, which serves as an appropriate vehicle to fully display the capabilities of
genetic algorithms.
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1 Background

1.1 Genetic Algorithms

Genetic algorithms represent a powerful brute-force optimization method that has proven
useful in a number of applications including airframe design, antenna design, high frequency
circuit design, and microfluidics. The approach is particularly useful in nonlinear or stochas-
tic problems, problems represented by complex multidimensional surfaces, or problems with
a large number of dependent variables. This is because unlike traditional optimization meth-
ods it does not rely on a local gradient calculation and therefore does not tend to be limited
by local minima. Instead the algorithm relies on random combinations of pairs of potential
optima in the hopes of creating a more optimal solution.

The general methodology is based on the evolutionary model found in nature. A popu-
lation exists composed of sets of dependent variables (chromosomes) in which some chromo-
somes have a higher fitness (higher cost function) than others. The strongest chromosomes
from a population “mate” to produce “offspring,” while the weakest chromosomes die off
in order to maintain a constant population size. Random chromosome mutations are also
typically introduced as a method to avoid local minima.

Genetic algorithms can offer a high degree of parallelism as the cost function of all
chromosomes can be evaluated in parallel. This tends to be by far the most computationally
intensive component of the overall algorithm. An FPGA also offers an ideal platform because
the problem specific processing needed for a specific cost function can be implemented and
optimized at compile-time. Many degrees of freedom can be implemented in the form of
parameters in order to allow for customization of the framework for a specific problem. A
good introduction to genetic algorithm anatomy and the flexibility offered is given in Randy
Haupts book, Genetic Algorithms in Electromagnetics.1

1.2 Beam Forming

Antenna beamforming can be a complex problem to optimize, particularly when given com-
peting goals, complex models of real hardware, and dynamic environments. An antenna
array consists of a number of individual antenna elements, usually arranged in a linear or
planar fashion. The far-field radiation pattern (or antenna pattern) is a function of the
pattern produced by an individual element and the complex interference of the antenna
elements themselves.

By varying the relative phase of the signals radiated by the individual elements this
interference pattern can be controlled dynamically. This control process is referred to as
antenna beamforming. When done electronically, as is typically the case, the process is
known as electronic beamforming and the array itself is referred to as an electronically
scanned array.

While originally limited to niche military applications, reduction is RF components costs
are leading to the introduction of electronic beamforming to the civilian world. Wireless
routers now use beamforming to more efficiently direct energy at the devices connected to
them, while avoiding any electromagnetic interference. Electronic beamforming allows these
devices to accomplish dynamically and without any user input.

An example of beamforming on a larger scale is the Multi-Function Phase Array (MPAR),
currently in development for the Federal Aviation Administration (FAA) at MIT Lincoln
Labs. This ambitious project hopes to replace aging all FAA and weather radars with a sin-
gle extremely flexible electronically steered radar. This single system will be able to function
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Figure 1: Comparison of 4-element array antenna with single isotropic antenna.

as a weather radar, air surveillance radar, and tracking radar in emergency situations. New
functionality can be added through software instead of hardware. Previously this capability
was limited to military systems.

In all of these applications the relative phase and even amplitude of each antenna element
is controlled to achieve any number of performance goals. These goals vary from the simple
task of pointing the main beam in a certain direction to the challenging task dynamically
nulling interference from other emitters. Closed form solutions to both these problems exist
for ideal continuous systems, but become more challenging as goals are combined and models
begin to represent discrete, non-linear components. As the problem becomes more complex,
genetic algorithms become an increasing attractive option for generating arbitrary beam
patterns.

Figure 2: Simple beamforming example with eight array elements maximized for 0 degrees.
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2 Project Objective

While genetic algorithms are well-explored and implemented in software, hardware imple-
mentations have produced mixed results. An important aspect of a genetic algorithm is its
ability to solve programs iteratively, where the result becomes the input to another genetic
algorithm with slightly different parameters. This design tunability is usually a requirement
to solve complex problems. The goal of this project was to utilize the Bluespec language
to retain flexibility in genetic algorithm design, while accelerating the process through a
hardware implementation.

Immediate objectives included the design and implementation of the genetic algorithm
in Bluespec, as well as the development of a Python test suite in parallel. The Python
test suite both served to provide a general outline for the design decisions of the Bluespec
architecture and also provided benchmarks for optimal solutions and timing specifications.
An end-to-end implementation in Bluespec tailored to specific parameters running on a
field-programmable gate array (FPGA) marked the first milestone of this project.

This demonstrated implementation involved a population of eight chromosomes, where
each chromosome represented an eight element antenna array. Each antenna element was
modeled with 8 bits of phase resolution, meaning a single chromosome was represented with
64 bits and the entire population was 512-bits. This was chosen as proof-of-concept utilizing
an eight-bit resolution varying phase to encode the variables.

Once a specialized hardware implementation was implemented, further parameterization
and generality was explored and added to the source code. This was desirable in order
to provide a robust and flexible genetic algorithm hardware component that can provide
optimal solutions for a variety of problems.

Figure 3: High-level block diagram of genetic algorithm implementation.
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3 High-Level Design

The general anatomy of the genetic algorithm was based very loosely on the evolutionary
model found in nature. A population is composed of sets of dependent variables (chromo-
somes) in which some chromosomes have a higher fitness (higher cost function) than others.
The strongest chromosomes from a population “mate” to produce “offspring,” while the
weakest chromosomes die off in order to maintain a constant population size.

From the surviving chromosomes, the “fittest” are chosen to mate to produce offspring,
which fill the gap left by the removal of weak chromosomes. Random chromosome muta-
tion is typically introduced as a method to avoid local minima. After several generations,
the population grows to resemble the optimal solution; arbitrary mutation enables unique
solutions to arise.

Genetic algorithms offer a lot of flexibility to the designer in choosing how specifically
each step is executed. For example, there are a wide range of documented methods for
combining genes from parents to create offspring. This flexibility can be leveraged to tune
the general framework to a specific problem, and allow for unconventional but semi-optimal
solutions to previously solved problems.

4 Test Plan

4.1 Python Testing Suite

Hardware and software codesign was especially important to this project, not only to re-
alize the final implementation, but also to test and validate modules along the way. To
reliably test the implementation of genetic algorithms, a standard benchmark was required
for validating that the resulting population is indeed an optimal collection of chromosomes.
The majority of the process that is outlined previously was tested by developing software
benchmarks that emulated the evolutionary process.

The genetic algorithm.py testing file is a Python simulation of the implementation of
flexible genetic algorithms. The previous iteration of the code was limited to two variable
arithmetic operations, and could be configured to either deliver the maximum or minimum
solution. The possible values that could be input were two four-bit binary numbers, therefore
resulting in a total of eight bit chromosomes that are passed between the functions.

The second and most recent iteration of the code steered the algorithm to resolve a
specific problem: complex antenna beamforming. Given a population of randomly generated
chromosomes (represented as an eight element of eight-bit variables), an angle, number
of deaths per generation, and number of iterations, the program will return an optimal
chromosome to maximize power and efficiency for beamforming.

The code structure calls four primary functions that represent the first three steps in
the proposed pseudo code: cost function, natural selection, crossover, and mutation. The
primary data structure that is passed around is an array of integers ranging from -128 to 127
(possible expression with eight-bits) that represent the various specimen of each generation.
All four functions take a population as input and return an altered population array based
on the required function. The main function call provides the arguments required for all four
functions and executes them in order, updating the population at each step, and iterating
the entire process for a specified number of generations.

The first step is to create a random population using generate population, which creates
an array of random chromosomes. Then, the cost function, which evaluates the input func-
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tion based on the various members of the population using a helper method calculate cost.
Each chromosome represents an array of eight eight-bit binary values ranging from -128
to 127. The cost is calculated as described previously. Once the costs are computed, the
population array is sorted based on the cost function result.

Next, the second step takes place in natural selection, which simply drops off the worst
two members of the population. Because the input population array is already sorted by
cost function, natural selection can assume that the last two chromosomes of the array are
the worst performing.

The third step is cross over, which calls a tournament selection method that returns
two of the strongest parents from two randomly-selected pools. The random mask function
randomly distributes the indices of the chromosome length among two arrays. These two
arrays are used to determine which child gets which index of a parent, and the arrays
are swapped for each child, therefore creating two children. The resulting population will
therefore be the same length as the input population, since two new children of the two
strongest parents are appended to the array.

Finally, the last step of the genetic algorithm is mutate, which randomly selects from
a pool of every chromosome except for the strongest one, in order to ensure that the best
performing is untouched. Then, a random value within the array of the chromosome is
changed to a random number. This completes a generation of the genetic algorithm and
can be repeated to optimize the population.

The strength in this testing suite is the ability to test each module by comparing it to the
corresponding function. Therefore, it was simple to test each step of the genetic algorithm
as it ran alongside the proposed test suite. The randomness associated with the mutation
step requires it to be removed in the majority of testing so that a deterministic system can
be evaluated and compared. The block were then tested in isolation and added back into
the system if needed.

A simple problem, such as a 2D surface optimization, was used to validate the modules
and architecture as they were developed. This allowed rapid testing without the overhead
of in-depth optimization for the complex antenna problem.

4.2 Bluespec Simulation Testbench

Bluespec’s simulation environment was used heavily to test both the individual modules and
entire Bluespec design. Building a unique testbench for each module provided confidence
that each module was functioning as expected before it was added to the overall design.
Typically these testbenches involved two rules representing inputs and outputs; however,
for some of the modules an initiation rule was needed as well. Another testbench module
was built to wrap the entire genetic algorithm module.

This testbench provided a way to evaluate the module interface methods, the data flow
within the module, and the transient startup and shutdown procedures. The testbench was
also useful because it provided a major debug step before the SceMi interface was added to
communicate with software. Finally, Bluespec simulation was used to test and debug the
hardware/software interface before the design was moved to the FPGA.

5 Microarchitectural Description

This implementation of genetic algorithms for solving complex beamforming problems uti-
lizes four primary modules: antenna cost, natural selection, crossover, and mutation, in that
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order. A single generation is defined as one pass through each one of those four modules.
Each module has an input and output FIFO that either takes or gives the appropriate data
structures for that transaction.

Figure 4: Block diagram of genetic algorithm implementation.

5.1 Antenna Cost Module

The antenna cost function was implemented in four stages. These stages correspond to the
implementation of the equation below.

P (θ) =|
∑M−1
m=0 e

j(πm sin θ+φm) |=|
∑M−1
m=0 e

jπm sin θ · ejφm |

The first stage adds the constants π ·m · sin θ to the phase weights φm represented by
the chromosome. After this parallelized addition stage these unit vectors are converted to
rectangular coordinates using a Cordic algorithm. This is also a parallelized step. In rect-
angular coordinates all the vectors are recursively summed during the third stage. The final
stage takes the magnitude of this output using a Cordic algorithm. This vector magnitude
is the cost that the module outputs. For a batch implementation, this process is parallelized
for each chromosome in the population.

5.2 Natural Selection Module

The natural selection module decides which chromosomes of the population to discard. The
module takes population and cost vectors from the antenna cost module and outputs either
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a population vector or both population and cost vectors to crossover. Below are descriptions
of different implementations with unique advantages and disadvantages.

5.2.1 Find Max/Min

One implementation of natural selection that was tried was a “find M min of N” algorithm.
The motivation was to reduce the number of sorting steps compared to a full sorting al-
gorithm. The disadvantage was that the produces an unsorted population of reduced size
for the crossover module. As a result the crossover module needs to be passed the cost
function. A similar algorithm was implemented in the “top two” implementation of the
crossover module.

5.2.2 Bubblesort

This implementation of natural selection utilizes a simple Bubblesort algorithm as an alter-
native to explicitly passing on an associated cost vector. As an input, the module takes a
population vector and cost vector. The corresponding cost of a given chromosome is at the
same index, so the cost of the first chromosome is the first element of the cost vector.

Figure 5: Using Bubblesort to sort a simple sequence of numbers.

Once the input tuple containing both population and cost vectors is unpacked, the sorting
algorithm begins. Bubblesort iterates through the cost array, comparing if the current cost
is less than the next cost. If so, it swaps the index of the corresponding chromosomes in
the population vector. In worst case scenarios, this would be on the order of log(n2), since
Bubblesort is a quadratic sorting algorithm.

Once the population vector is sorted with the maximum cost first and in decreasing
order, this module outputs only that vector. This simplifies the interfaces for the following
modules since the cost vector is no longer required; it is implicitly encoded as the indices of
the population vector.

5.2.3 Thresholding

The use of a specific threshold is the most direct and efficient method for large populations
due to the scaled cost of sorting. A running average is maintained and compared to each
sample and depending on if the sample is above or below the threshold then the sample is
either kept or discarded.

5.3 Crossover Module

The crossover module is tasked with selecting the parents to mate in order to produce
children that replace the previously removed members of the population. Various schemes
can be used to select the parent chromosomes to mate, two explored by this implementation
are described below. The disadvantage is that the number of chromosome removed from
the population each generation is variable.
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Figure 6: Simple alternating mask applied to two parents to produce children.

5.3.1 Top Two Selection

The simplest way to select parents for each generation would be to use the top two per-
forming members according to the cost function. While this approach is fast and does not
require much computation beyond identifying the maximum (either explicitly or through a
sorted array), it does limit the evolution of a population to a certain amount of spontaneity.
Forcing the top two parents to produce children could potentially limit the algorithm to
a optimal solution that actually represents a local maximum,, not the global maximum.
Therefore, while this approach is attractive for rapid development, it can be altered or
replaced in order to increase population variety.

5.3.2 Tournament Selection

Another potential method of selecting parents could be a tournament style process. Chromo-
somes are split randomly into a number of pools, and each “winner” of the pool is determined
and advanced to another round to face the another pool “winner”. These rounds continue
until only two winners are left standing. This allows for some flexibility in selecting parents;
it is assured that the parents will not always be only the two fittest chromosomes.

Figure 7: Simple tournament selection for parents.

5.3.3 Mating

Once the parents are selected, the children chromosome can be produced by applying a bit
mask. The mask is a simple binary template (of length chromosome size) that determines
which parent to copy the bit from, and switches for each child. It is important to distinguish
the difference between bit-level switching and variable-level switching; this implementation
views each chromosome as a 64-bit string and changes one bit among that 64, while another
potential method would be to change an entire variable (a sequential block of 8 bits in the
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example case). This degree of masking can be controlled and another factor that can affect
the rate and diversity of evolution within the genetic algorithm.

At its most fundamental representation, any level of masked mating is accomplished at
the bit-level, which ultimately resulted in this particular implementation. Once the children
are produced, they are inserted back into the vector and crossover returns the population.

5.4 Mutation Module

Once the children are added into the population data structure, the mutation module “mu-
tates” a randomly selected member from a pool of chromosomes composed of every one from
the population except for the best performing. This is enforced in order to make sure that
the strongest chromosome is left untouched and continues to survive as is until the next
generation.

A random chromosome is selected from the population (using Bluespec functionality in
the LFSR package). Once the target is selected, a single bit of its composition is flipped.
The index of this bit is randomly selected, so the degree of change can be minor to major.
Therefore, such a change would result in a new chromosome in the population. Once this
is done, the population is returned, ready for another iteration of the genetic algorithm.

Figure 8: Example of mutating a single bit of a mutant.

5.5 Genetic Algorithm Processor

The genetic algorithm processor module ties together the four modules described below in
addition to implementing the functionality seen by the user. The module was implemented
with four states, described below.

• WAIT - This is the initial state that the design comes up in by default. In this state,
the design accepts all user input including an initial population, the initial constants
for the antenna cost function, and the stop conditions. The methods that load in the
values are guarded so that they only fire in the WAIT state.

• INIT - The INIT state is used for the transient startup behavior of the design. Once
the user inputs a start command, the design enters this state. In this state the design
loads all initial inputs into the appropriate module. Once this is complete the design
enters the RUN state.

• RUN - This state contains the normal behavior of the processor. Data is passed from
module-to-module within the processor. A sample input can be received from the user,
which takes a snapshot of the state the processor is in and sends it back to the user.
This state continues until a stop command is received externally or a stop condition
is met within the module.
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• DONE - In this state data flow has stopped within the processor. Sample commands
can still be received to take a snapshot of the final state the processor was in. Tech-
nically this command can be reached from any other state without any issues (using
a stop command), but the transition is intended to be from RUN to DONE.

Once the processor has reached the DONE condition, a reset signal is need to transition
back to the WAIT state to start a new optimization. This is because unpredictable behavior
can arise from a initializing the design with data still in the pipeline.

5.6 SceMi Layer Module

The SceMi Layer Module acts as the Bluespec interpreter to the outside world. More im-
portantly, the module is outfitted with the proper action value methods that can extract the
relevant output information and package it into bits that the outside world can understand.
This layer of abstraction simply called on the genetic algorithm Bluespec code and packaged
the bits for output, as well as understood the C++ inputs to initialize and test the genetic
algorithm. The start signal to the genetic algorithm was also administer at this stage.

Figure 9: Simulation results of costs versus generation.

5.7 Test Bench

Actual testing of this implementation was done in the C++ and Python programming
languages. C++ served as a interface between the host computer and the FPGA/Bluespec
simulation. The C++ would utilize SceMi to interpret the bits coming out of the Bluespec
side and output the desired information to a text file. Once the data was stored in a text
file, a Python script was utilized to plot the information.

Python was used for its robust mathematical functionality and simple plotting libraries;
the entire testing procedure was initialized by a testing script which delivers end to end
results by taking user input, running the test, and actively opening a plot directory and
displaying plots of the strongest chromosome growing over time.
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Figure 10: Command line interface for running test bench.

6 Implementation Evaluation and Performance

The modules described in the previous sections were initially implemented in sequential
pipeline. The entire population passes from module to module and the functionality of
each module is implemented on the entire population at once. This architecture allowed
traditional genetic algorithm approaches from software to be most easily implemented. Due
to deficiencies in the hardware implementation of a sequential approach, fully pipelined
approach was later implemented with significant performance increases.

Figure 11: Initial implementation performance.

6.1 Sequential Implementation

The initial sequential implementation was modeled off of a traditional software implementa-
tion of a genetic algorithm. Each stage executes in series and the entire population dataset
moves between modules in a single step. This allowed tradition genetic algorithm software
techniques to be implemented with little modification. These traditional techniques typ-
ically involve operations on the entire population such as sorting, averaging, or random
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selection. The result of this hardware design choice was that a very wide data bus was
required. This ultimately stressed routing resources and timing.

For the proof-of-concept beamforming problem 512-bit FIFOs were required to move a
population of eight 64-bit chromosomes. These two-element FIFOs accounted for 50% of
the design’s resource utilization. Furthermore, the very long critical path seen in the table
below occurs in the natural selection module in the combinational sorting step (crossover
had a similar path length).

Multiple sorting algorithms were attempted to reduce the critical path in the natural
selection module. Originally a Max/Min algorithm that finds the N maximum or minimum
values of out of set size M. The motivation was to reduce the combinational stages in
identifying the worst chromosomes, as compared to a Bubblesort algorithm. Surprisingly the
Bubblesort and Max/Min algorithms had the same critical path. Another algorithm known
as Kill2 was used, which simply removed the same two chromosomes from a population
every generation without any sorting. The result was that the critical path moved to the
Max/Min algorithm in the crossover module that determines the most fit parents.

Changing the design’s two-element FIFOs to single-element FIFOs significantly reduced
resource utilization, but did not reduce the critical path.

The sequential algorithm’s timing could have been improved by pipelining the sorting
stages, but this was not pursued. This would not have greatly improved overall perfor-
mance as the number of clock cycles per generation would have increased as the clock speed
increased. The resource utilization of the 512-bit FIFOs, even the single-element FIFOs,
proved to be an even greater challenge. This bottleneck limited the applicability of the
sequential implementation to relatively small problems. In order to optimize arrays greater
than eight-elements (or any large problem for that matter), a different architecture was
needed.

Figure 12: Redesigned implementation performance.

6.2 Pipelined Implementation

The second hardware implementation of the genetic algorithm beamforming was done in
a fully pipelined manner. This approach diverged significantly from what is traditionally
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done in software, but is not the first time the approach has been tried.2 Instead of moving
together, the population is stretched out over the length of the processing chain. As a result,
algorithms need to be chosen for each module that do not require the entire population to
accumulate at each step. In fact, in the demonstrated implementation each module both
accepts and produces a chromosome every clock cycle. This resulted in the highest possible
throughput for any given clock speed.

6.2.1 Cost Function Module

In order to achieve this throughput in the antenna cost function, a pipelined Cordic processor
was needed. The Cordic processor leveraged from earlier coursework was folded so that it
would only accept an input at the end of each cycle.

Unfolding the design in a parameterized way required Bluespec’s Maybe type and new
guards so that the pipeline would fill and drain properly. The resources used by the addi-
tional stages were more than made up for by the fact that only one chromosome is evaluated
at a time, instead of all in parallel. The critical path in this model was 10 ns.

Figure 13: Cost function block diagram.
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6.2.2 Natural Selection Module

The natural selection module was changed from a sorting algorithm to a thresholding al-
gorithm. Sorting implies reordering which is difficult without stalling a pipelined architec-
ture. Instead thresholding simply compares the cost of the current chromosome to a stored
threshold. If the costs is less than the threshold the chromosome is thrown out. In order
for thresholding to be useful, the threshold must be updated dynamically.

Figure 14: Natural selection block diagram.

The chosen approach for determining a threshold was a moving average using a subset
of the total population, called a group. The costs of this group are stored one-by-one in a
register pipeline. On each clock cycle the most reset value is added to the current threshold,
while the oldest value is removed from the register pipeline and subtracted. The primary
advantage is the all sorting has been removed and the critical path was reduces to 4 ns.

14



6.2.3 Crossover Module

Crossover was migrated to a tournament selection, also using a group sub-set of chromo-
somes. In this module the group represents the current mating pool. On each clock cycle
the module can one of two functions. If it does not receive a valid chromosome from natural
selection (meaning that it has been removed) if performs parent selections and crossover.
Otherwise it updates the mating pool with the most recent valid chromosome and passes
the chromosome along unchanged.

Figure 15: Crossover block diagram.

If parent selection and crossover occurs, linear feedback shift registers (LFSRs) are used
to generate four random indices that point to values in the mating pool. Pairs of potential
chromosomes are compared to produce two parents. These parents are then mated using a
mask generated by a separate LFSR to produce a new chromosome.
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6.2.4 Mutation Module

Mutation needed to be modified as well to support a pipeline architecture. More specifically
instead of choosing which chromosome to mutate, the module now needed to determine if
the chromosome would be mutated or not. These odds could be generated with an LFSR
and a fixed threshold to set the odds a mutation will occur on a given chromosome.

Figure 16: Mutation block diagram.

The module also needed to keep track of the best chromosome it has seen and not mutate
any chromosome with a higher cost. This protected the entire algorithm from regressing.
Finally a second LFSR was used to determine which bit in the chromosome was mutated if
a mutation did occur.

7 Design Exploration

With the pipeline architecture implemented and proven, a number of design exploration can
be undertaken. The first of which is determining the scaling limits on the architecture in
terms of chromosome size. This explorations has begun, but could continue further. The
example design described and demonstrated above used a 64-bit chromosome representing an
8-element antenna array with 8 bits of phase resolution. For the Virtex 5 device used a design
using a chromosome size of 256-bits (32 elements) was successfully compiled and routed for
a 50 MHz device clock. Resource utilization was modest (27%Slice/28%LUT/50%DSP).
The convergence rate of the larger model has not been tested yet. Furthermore, synthesis
of the algorithm on other devices was explored as well. A synthesis on a Virtex 7 (VC707
Eval Board) was also explored. A 1024-bit (128 element) architecture was synthesized was
a 8 ns critical path and very low resource utilization (13%Slice/25%LUT/4%DSP). While it
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was not attempted it is believe this design could be successfully implemented on the device
with a 100 MHz clock. This brief exploration implies that this pipelined architecture could
be scaled to model even some of the largest antenna arrays with current FPGA technology.
The next step would be to explore how long it takes the optimization to converge given the
immense number of degrees of freedom. If these problems converge in less than roughly a
billion generations (5 minutes at 100 MHz) this tool could find many applications.

Other design explorations would include more complex antenna cost functions such as
minimizing angular ripple, controlling side lobe levels, or modeling multiple frequency bands
at once. Ultimately these would be implemented with an increased degree of parallelization
of the Cordic models.

A final design exploration would be to investigate the applicability of the pipelined GA
architecture to other problem sets. On limiting factor might be the architectures benefits
are largely related to the fact that the antenna cost can be pipelined. This might not be
implemented so easily with other problems. Otherwise the overall structure is very modular
and parameterized, with modules utilizing a common interface. It is anticipated that this
project could form the code base for future genetic algorithm hardware implementations.
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