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ABSTRACT 
Early stages of the engineering design process are vital to 
shaping the final design; each subsequent step builds from the 
initial concept. Innovation-driven engineering problems require 
designers to focus heavily on early-stage design generation, with 
constant application and evaluation of design changes. Strategies 
to reduce the amount of time and effort designers spend in this 
phase could improve the efficiency of the design process as a 
whole. This paper seeks to create and demonstrate a two-tiered 
design grammar that encodes heuristic strategies to aid in the 
generation of early solution concepts. Specifically, this two-
tiered grammar mimics the combination of heuristic-based 
strategic actions and parametric modifications employed by 
human designers. Rules in the higher-tier are abstract and 
potentially applicable to multiple design problems across a 
number of fields. These abstract rules are translated into a series 
of lower-tier rule applications in a spatial design grammar, which 
are inherently domain-specific. This grammar is implemented 
within the HSAT agent-based algorithm. Agents iteratively select 
actions from either the higher-tier or lower-tier. This algorithm 
is applied to the design of wave energy converters, devices which 
use the motion of ocean waves to generate electrical power. 
Comparisons are made between designs generated using only 
lower-tier rules and those generated using only higher-tier rules. 

1. INTRODUCTION 

1.1. Heuristics 
Through experience, designers often adopt their own “rules 

of thumb” which improve their performance and efficiency 
across the design process. These rules are referred to as 
heuristics. When applied to design, Yilmaz and Seifert [1] 
demonstrated through an observational study that heuristic-

based strategies allow for a widespread variation of solutions to 
a given problem. They saw significant use of design heuristics in 
experts during design concept generation, which was beneficial 
to creativity and search for novel solutions. If such heuristics 
could be utilized more frequently by novices, there is theoretical 
potential for these novices to exhibit similar levels of creativity 
and exploration as those of experts. Cross [2] noted that, in a 
familiar domain, experts may have developed the ability to 
process information in larger quantities than novices. He further 
remarked that experts also have knowledge which helps them 
recognize underlying principles in a given design problem, as 
opposed to the focus that a novice may place on surface features. 
Ahmed et al. [3] saw that novice designers tended to search 
within a closely-related, small portion of a problem’s design 
space, limited by their lack of heuristic strategies. They point out 
that this method resembles a trial-and-error approach, as novices 
lack the design strategies gained through experience. Novices 
may not necessarily be constrained in their search, but the 
thoughtfulness and efficiency required to make broad search 
effective leads them to instead search locally. This contrasts with 
the tendencies often observed in experts, who combine a series 
of design activities together and execute them all sequentially as 
a heuristic strategy. These combinations result in large jumps 
across the solution space, which leads to broader search for a 
high-quality solution and higher search efficiency.  

The early stages of design are the most critical in 
determining the final results of the design process, since later 
steps in the process build upon the product of the earliest stages 
[4,5]. A number of studies have analyzed strategies and tools 
designed to assist with idea generation. Some focus on broad 
search throughout a solution space [6] and initial design selection 
[7,8], while others attempt to narrow the search by making 
design decisions based on previous solutions to the current 
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problem [9]. This study proposes a heuristics-inspired strategy 
for improved solution quality and efficiency during these early 
design stages, attempting to reap the benefits of how an expert 
designer may approach problem solving. 

 Eurisko, developed by Lenat [10], is a multi-domain 
computer program designed to solve problems by using 
heuristics as well as internally creating and adapting previously 
learned heuristics. Through the application of Eurisko to a series 
of task domains, Lenat was able to prove that heuristics are an 
effective strategy for problem solving, especially in domains in 
which exploration of the entirety of the solution space is 
infeasible or inefficient. Lenat’s work with Eurisko laid the 
foundation for future work to hone in on methods and strategies 
for heuristic application with the goal of improving problem-
solving efficiency.    

Several studies have asked inexperienced designers to use 
high-level, abstract heuristics as a method for broadening the 
range of solutions for a given design problem. Daly et al. [11] 
observed the impact of heuristics on novice design generation, 
showing that designs lacking use of any heuristics were less 
developed and resembled currently-existing products while 
designs which incorporated heuristics through the design process 
were evaluated to be more creative and fully developed in terms 
of specific details pertaining to the design. Further, they showed 
that the use of heuristics by novices engendered search patterns 
similar to those of experts, as the application of these abstract 
design changes led the designers a significant distance from the 
localized region of the solution space. Kramer et al. [12] 
expanded on this work, showing the broad potential for general 
heuristics across a range of applications. These works suggest 
that the use of design heuristics can be beneficial by decreasing 
fixation on existing product designs, and thus empowering 
novices to exhibit the more efficient design behaviors of experts. 

1.2. Design Agents 
A design solution is typically formulated through a series of 
changes and evaluations. This iterative process continues until a 
predetermined end point has been reached, which commonly 
includes a specified number of iterations or timeframe, solution 
convergence to an optimal point, or completion of design goals. 
Due to the repetitive and tedious nature of such a process, the use 
of computational agents for design synthesis can significantly 
decrease the amount of time needed to generate a problem 
solution [13,14]. Provided with the rules to create and evaluate 
valid design solutions, agents have the capability to rapidly apply 
and assess potential solutions. Agents can be given sets of 
preferences to guide them throughout the design process, while 
a human designer can cooperate within this cycle by analyzing 
agent solutions and making adjustments to the agent’s design 
preferences. Campbell et al. [13] demonstrated the viability of 
dynamic preference updates through A-Design, an agent-based 
algorithm focusing on the adaptation of agents to changes in a 
human designer’s preferences. A-Design demonstrated that early 
solutions to a given design problem were of poor quality, but 
higher quality solutions converged to satisfy those preferences as 
the agents continued iterations. Moss et al. [15] later built upon 

A-Design, proposing that an understanding of the cognitive 
factors that come into effect during design have the potential to 
greatly improve the capabilities of automated computational 
design. Incorporating shape grammars into agent-based design, 
Orsborn and Cagan [16] presented a method for automated 
design generation driven by user or consumer preferences.  

Other studies have explored how designers perform 
individually compared to within a team organization, with each 
team member targeting the same goal. Research suggests that 
interaction between team members leads to better individual 
performance than if they were working alone [17,18]. Many 
computational design algorithms are team-based in an attempt to 
capitalize on some of their benefits [19–21]. Each agent runs its 
own iterative design process. After a determined time length, the 
team collaborates to share solutions and to evaluate where each 
agent is to begin the next iteration cycle. Teams can be given 
specific traits in order to more accurately resemble effective 
human tendencies, such as biases displayed during team 
evaluation periods. Designers utilizing approaches such as these 
must be cautious though, as improper assembly and management 
of agent teams can be detrimental to the final design solution 
produced by the team [20]. For these reasons, the current study 
uses the Heterogeneous Simulated Annealing Team (HSAT) 
algorithm, as it has been shown helpful within agent-based 
computational design [21]. Computational agents iteratively 
work individually on developing solutions to the design task and 
then collaborate at set intervals to share solutions and evaluate 
from where to continue iterating. This framework is discussed 
further in Section 2.2. 

1.3. Proposed Framework 
Our proposed approach in this work is the creation of a two-
tiered grammar that will enable computational design algorithms 
to reason using both standard grammatical representations (the 
lower tier) and more abstract heuristic strategies (the higher tier). 
The lower tier of this approach contains rules which are domain-
specific and apply minor changes to the current solution under 
iteration by a computational agent. The higher-tier of the 
approach contains transformation rules which are more abstract 
and apply major changes to an agent’s current solution, similar 
to the heuristic approaches used by experts. The level of 
abstraction of these rules allows for re-use across a variety of 
domains. A generalized visualization of this approach can be 
seen in Figure 1. The implementation of this approach within the 
HSAT computational design framework enables agents to 
intelligently search distant areas of the design space for high-
performing solutions, while at the same time locally improving 
designs.  
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FIGURE 1. GENERALIZED IMPLEMENTATION OF TWO-
TIERED GRAMMATICAL APPROACH WITHIN A DESIGN 

PROBLEM 

The remainder of this paper is organized as follows. Section 
2 reviews relevant background pertaining to graph grammars, 
agent-based methodology used in this work, and the wave energy 
design problem to which it is applied. An explanation of wave-
energy converter operation and design potential is given. In 
Section 3, the implementation of a two-tiered grammar is 
described, as well as its application within design generation of 
wave energy converters. Section 4 presents the results of the 
application and findings suggested by the data. Comparisons 
between designs generated using only lower-tier rules and 
higher-tier rules are examined. Section 5 concludes this paper 
and details limitations and potential future work regarding two-
tiered grammars. 

2. BACKGROUND AND RELATED WORK 

2.1. Graph Grammars 
Graph grammars are a commonly used method of design 
representation using nodes and connections. The nodes and 
connections have associated parameters which denote properties 
of the object they have been defined to represent [22–25]. 
Changes are made to a design through the addition, removal, and 
manipulation of nodes and connections using defined rules. The 
goal is to generate a solution to a design problem within the 
domain for which the rules have been defined. Various design 
search strategies which have been developed to optimize design 
problem solutions can be applied to graph grammars. One such 
method, genetic algorithms, synthesizes multiple solutions in a 
combinatorial manner inspired by evolutionary concepts [26] 
and has been utilized for optimization within engineering 
problems [27]. Another strategy, simulated annealing, 
incorporates a dynamic probabilistic method of accepting new 
design solutions after applications of grammar rules [28]. Early 
work done using graph grammar-based design for optimization 
by Schmidt and Cagan [24] applied a simulated annealing-driven 
graph grammar to cart design using Meccano Set components. 
That study both successfully demonstrated the ability of a graph 
grammar to be used in design optimization and suggested that its 

implementation allows for complete search within a design 
space. Later works utilized graph grammar-based design in 
gearbox design synthesis [25,29], passive dynamic brachiating 
robots [23], and optimization of photovoltaic arrays [30], among 
others. 

Creation of a graph grammar is a process which involves 
defining the vocabulary as it applies to the design task, defining 
a set of valid grammar rules (actions taken to modify a design), 
defining an initial design, and generating a design using the 
grammar rules [22]. The language can be modified repeatedly to 
allow changes in how and where rules are applied. Grammar 
rules are typically viewed through a “left-hand side” and “right-
hand side” of each rule. The left-hand side shows the state of a 
design prior to application of a rule, while the right-hand side 
shows the results of the rule application. This left-hand side to 
right-hand side transformation is implemented within the full 
design by matching the applied rule to a sub-graph of the current 
design. In developing a graph grammar, Knight [31] pointed out 
the dilemmas a designer may face during the process. At some 
point, a clear connection has to be made between the grammar 
rules created and goals that may arise for a design problem 
requiring use of said grammar.  

Another issue that even experienced designers may face is 
the unpredictability of the results of even the simplest of rules. 
Grammar creators need be cautious in the definition of rules, as 
a poorly designed grammar can be inefficient and nonproductive. 
Further, if a grammar is established with a limited, problem-
specific target in mind, the grammar may not fit the needs of 
other problems within its domain.  In returning to a previously 
designed grammar for an epicyclic gear train for a new design 
problem, Li et al. [32] found that the existing grammar rules were 
not sufficient to complete the task at hand. Expansion of the 
grammar rules were required in this case to allow for a broader 
range of generated solutions. Tools to assist in grammar creation, 
such as the grammar rule analysis method (GRAM) [25], have 
been introduced to aid designers in creation of fully-developed 
grammars. GRAM provides feedback to grammar developers to 
assist them in considering new rules, omitting unnecessary, and 
altering inefficient rules. 

2.2. Heterogeneous Simulated Annealing Teams 
As mentioned previously, computational agents can be organized 
into team-like structures. The Heterogeneous Simulated 
Annealing Teams (HSAT) framework employs a team of 
computational agents which  engage in a locally sensitive search 
and quality-informed solution sharing [21]. The locally sensitive 
search characteristic is achieved through an agent’s use of an 
adaptive simulated annealing algorithm in accepting design 
changes across individual iterations. After a design change has 
been applied to the current solution of an agent, this candidate 
solution is evaluated, and its results compared to the results of 
the current solution. If the solution is evaluated as an 
improvement, then the agent adopts this candidate solution as its 
new current solution. If the candidate is not an improvement to 
the current solution, then it is probabilistically accepted based on 
Eq. (1): 
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where p is the probability that candidate solution, xnew, will be 
accepted as the replacement to current solution, xi. The 
evaluation of the objective function of a solution is designated as 
f(x), and the current temperature of the agent is Ti. Once the agent 
has determined whether or not to accept a new solution, the 
agent’s temperature is updated using the Triki temperature 
scheduling [33]. The Triki schedule calculates the temperature of 
an agent given index i through Eq. (2): 
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where Ti is the temperature at index i, 𝛿0 is a parameter 
controlling the speed of adaptation, and 𝜎'())D is the variance of 
candidate solutions observed since the last temperature update. 
In cases where the variance of candidate solutions is zero, the 
variance is adjusted to be a very small value in order to prevent 
a division by zero error. 

After a set number of iterations has passed, all agents 
collaborate to accomplish the second focused characteristic of 
HSAT, quality-informed solution sharing. The current solution 
for each agent is acquired and stored within the vector F, Eq. (3): 

 
                     𝐅 = [𝑓(𝒙5), 𝑓(𝒙D),… , 𝑓(𝒙K)]                          (3) 
 

where f(xk) is the objective function of the current solution of 
agent k. In a design problem with a goal of maximizing the 
objective function of a solution, each solution within F is 
compared to the worst current solution in order to create the 
weight vector W, Eq. (4): 
 
                                  𝐖 = 𝐅 −min	(𝐅)                                   (4) 
 
Each individual agent probabilistically selects a solution from 
the list of available solutions as a starting point for its next 
iteration according to Eq. (5): 
 
                                    𝑗 = mult & 𝐖

∑ V//
1                                       (5) 

 
where the “mult” function designates that the agent is selecting 
from an applied multinomial distribution formed by a 
proportional weighting of each solution within the weight vector 
W. The collaboration frequency of agent teams is selected by the 
designer to achieve a balance between divergence and 
collaboration. Higher frequencies tend to result in consistently 
low divergence, while lower frequencies can allow agents to 
diverge substantially. The tradeoff between high and low 
frequencies is that the higher frequencies are likely to result in a 
more refined design spanning across a small number of branches 
in a solution space, while lower frequencies are likely to span 
across more branches in the solution space at the cost of local 

refinement. Because this solution sharing is performed 
probabilistically rather than deterministically, agents may not 
necessarily select the current top solution and thus can continue 
making changes to alternative designs. For the design problem 
used in this paper, collaboration is set to occur every 10 iterations 
to allow agent teams to explore a common region of the solution 
space as they work towards a final design After this collaboration 
period, each agent continues to iterate through design solutions 
until either the next collaboration period or when the end of the 
design process has been reached. At this point, a final design is 
selected by the team. Implementing our two-tiered grammar 
within HSAT expands agents’ search for solutions in the design 
space. 

2.3. Designing Wave Energy Converters 
Renewable and sustainable energy methods have long been 
popular areas of research within the engineering community. 
Wave energy converters (WECs) are a type of sustainable energy 
device that converts kinetic energy from ocean waves into 
electrical power. This is accomplished through one or more 
power take-off units (PTOs) inside the WEC [34,35]. Floating 
bodies in a wave energy converter system are connected using 
these power take-off units, while using the relative motion of the 
oscillating bodies to generate power within the unit. Most PTOs 
fall into two main classifications: rotational PTOs, which 
transform the energy from the rotational motion of the bodies 
about the joint into electrical energy, and linear PTOs which 
transform the relative translational motion between bodies into 
electrical energy [36]. 

Because WECs are still an emerging technology, there has 
been no convergence on a standard WEC design [37]. Depending 
on a series of location-based factors (e.g., ocean depth, typical 
wave frequency), engineers must select the WEC design that will 
be the most effective. This means that engineers must design 
WECs which may be drastically unlike others in relatively 
similar scenarios, or even invent novel solutions which have not 
been used in a prior design. An example of the vast differences 
in viable converters can be seen in the Pelamis device compared 
to Ocean Power Technology’s PowerBuoy device [34,37]. The 
Pelamis, tested off the shores of Scotland, is a snake-like chain 
of four cylinders which generates power based on rotational 
motion of the cylinders about its joints. The PowerBuoy, also 
tested off the coast of Scotland, has a much different method to 
power production, converting wave energy through the linear 
motion between a large circular floating disk and a submerged 
buoy.  

This wide range of WEC configurations contrasts with other 
highly-developed renewable energy types. For instance, utility-
scale wind energy conversion device designs have primarily 
converged on a three-blade horizontal axis wind turbine, with 
minor adjustments made to meet more specific requirements in 
the location they are utilized [38]. Despite the lack of 
standardization in WEC design when compared to other 
renewable energies, wave energy has been estimated to possess 
the highest energy density and potential active power generation 
time among renewable resources [37]. The problem-specific 
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requirements of a WEC allows great utility for application of 
computational agents to iteratively generate top solutions. For 
this reason, along with the relevance of renewable energy 
systems, the design of a WEC is selected as a case study for 
implementation of this paper’s two-tiered grammar rule 
approach. Figure 2 demonstrates how current WEC topologies, 
specifically the Pelamis device and the PowerBuoy, can be 
portrayed through the graph grammar representation introduced 
in the next section. Table 1 in Section 3.1 serves as a legend to 
identify components shown within this grammar. 

 

 

 
(A) 

 

 
(B) 

FIGURE 2. REPRESENTATION OF (A) THE PELAMIS 
DEVICE [39] AND (B) OCEAN POWER TECHNOLOGY’S 

POWERBUOY [40] WITHIN THE GRAPH GRAMMAR 
DEVELOPED FOR THIS STUDY 

3. METHODOLOGY 
In this work, we propose a novel two-tiered grammar approach 
for design generation. Within the domain for a given design 
problem, the lower-tier consists of domain-specific rules which 
apply minor design changes, while the higher-tier consists of 
domain-agnostic, heuristics-based rules which apply major 
changes. This approach is utilized by a team of computational 
agents within a design problem for wave energy converters. The 
impact of each individual tier on the quality of the agents’ final 
design is examined.  

3.1. Two-Tiered Grammar Rule Approach 
At the core of this two-tiered grammar is the notion that higher-
tier rules are to be abstract and heuristics-based, with potential 
for application across a variety of domains. These rules are 
inspired by expert designers’ tendencies to make large but 
informed leaps across the solution space to search for high 
quality designs. The use of these higher-tier rules allows for 
quick distant searches within the solution space, and thus a 
variety of differing design topologies can be explored. Lower-
tier rules are specific to the domain of a given design problem, 
and as such should be valid for any given problem in said 
domain. These lower-tier rules apply small changes to the graph 
design, assisting with local refinement. Contrasting the higher-
tier rules, the lower-tier is aimed at parameter-level design, with 
the intention of perfecting the design topology that has already 
been decided upon. A higher-tier rule must be translated, directly 
or indirectly, into a series of lower-tier rule applications before it 
can be applied to the design problem. The series of lower-tier 
rules derived from the use of a higher-tier rule are guided by the 
heuristic within the higher-tier rule, as opposed to the standard 
design quality-driven series of lower-tier rules. Although higher-
tier rules are intended to have utility across multiple domains, 
there may be instances where one or more higher-tier rules 
cannot to be translated down into lower-tier rules in some 
domains. Because the purpose of higher-tier rules is to 
implement a guided approach to applying a series of lower-tier 
rules, non-relevant rules may be replaced with those which are 
applicable. The combination of these two rule tiers is aimed at 
covering both a broad range of topologies as well as refined 
designs across the solution space of a domain. 
A wave energy converter design problem is used in this work as 
an application for the proposed two-tiered grammar rule 
approach. The goal of the problem is to maximize the objective 
function, chosen as power density (in W/kg), of a designed 
WEC. WEC devices are simulated using a combined time- and 
frequency-domain simulation [41,42]. A set of lower-tier 
grammar rules is first established for the domain of WEC 
design. These rules allow for addition, removal, relocation, and 
parameter adjustment of floating bodies and PTOs. This lower-
tier rule set is based on examination and exploration of existing 
WEC device designs. This derived grammar is deemed 
effective as it has the capability to recreate existing devices. 
Next, a set of applicable higher-tier rules is created. The rules 
selected for this tier are chosen as heuristics that are potentially 
generalizable to other domains. This higher-tier rule set is 
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selected as a sample of heuristics that enable topology 
modifications typical in configuration design. Partial inspiration 
for these heuristics comes from design heuristics identified by 
Daly et al. [11] Additional rules may be added to the grammar 
in either rule tier if relevant to the  current design problem. 
Symbols used within the grammar are provided in the legend in 
Table 1. All of the higher-tier and lower-tier grammar rules 
utilized within this work are provided in Table 2 and Table 3, 
respectively. 

3.2. Agent-Based Design Algorithm 
A team of computational agents is organized according to the 
HSAT framework to apply the two-tier WEC grammar for the 
creation of a WEC design with maximized power density. The 
agent team performs a number of total iterations (individual rule 
applications/assessments) per every design repetition (the 
complete generation of a final design), as per [21]. Each agent is 
instantiated with the same preferences in rule-tier selection and 
method for solution evaluation. At the beginning of each agent’s 
individual iteration, the agent probabilistically chooses which 
rule tier to select using its rule-tier preferences as the weighting 
values for this selection. For example, if preferences are set to 
80% for lower-tier and 20% for higher-tier, the agent has an 80% 
chance to choose a rule from the lower-tier and a 20% chance to 
choose from the higher-tier.  Preferences can further be set to 
definitively select from one specific tier by weighting that tier 
100% and the other 0%. If desired, tier preference also can be 
updated at the end of each iteration to allow for different tier 
weighting in the subsequent iteration. For the purpose of this 
work, comparing the results of a design constructed by an agent 
team using solely one of the two rule tiers, the preferences of the 
agent teams are static and definitively select from only one tier. 
Once the tier is chosen, the agents stochastically apply a rule 
from that tier. If the new design is valid (i.e. bodies do not 
overlap), the agent decides whether to reject or accept the change 
in accordance with simulated annealing methodology. In this 
problem, the solution quality is defined as the power density (in 
W/kg), obtained by dividing the power of the designed WEC by 
its mass. Every agent independently updates their temperature 
every 10 iterations using the Triki scheduling in Eq. (2). The 
initial temperature and Triki parameter chosen for every agent 
were 3.0x10-3 and   6.0x10-3, respectively, based on values used 
previously in the HSAT algorithm [21]. Because this initial 
temperature and cooling rate is not specifically optimized to 
match the agent’s rule-tier preferences, the same values are used 
in all preference settings. 

HSAT agents also intermittently interact via quality-
informed solution sharing. For this study, agents collaborate after 
every 10 iterations, allowing the agent to attempt multiple rule 
applications before considering adopting another agent’s design. 
In instances where higher-tier rules are in use, collaboration 
between computational agents is of high importance because 
most higher-tier rules encourage divergence within the agent 
team. This divergent behavior aligns with observations made by 
Daly et al. [11], in which the implementation of a single heuristic 
was seen to be applicable in a multitude of ways. Once an 

appropriate number of iterations has occurred and the solution 
quality of all agents within the team has converged, a final 
collaboration period is used to select a final design solution.  

3.3. Evaluation of Approach Based on Wave Energy 
Converter Design Problem 

Each potential WEC design is evaluated according to its 
maximization of the objective function, power density, which is 
a function of its power output (which should be maximized) and 
its mass (which should be minimized). Here, mass is a proxy for 
cost, which has been shown to yield similar optima as direct cost 
minimization [43]. Solution quality produced by an agent team 
thus corresponds to a system which can generate the most 
possible power for the least possible cost. The mass of a floating 
body is found by multiplying its density by its weight. To 
calculate total system mass, the individual mass of each floating 
body in the WEC design is simply added together. To calculate 
power of the system, for every PTO in the design, its individual 
power based on the motion of the bodies connected to it is 
calculated. The type of PTO determines which of two possible 
power equations to use. Rotational PTOs utilize Eq. (6) to 
calculate instantaneous power, P (in W): 
 
                                         𝑃 = 𝜅(|𝜔[ − 𝜔\|)D	                              (6) 
 
where 𝜅 is the angular damping coefficient of the PTO (in N-m-
s/rad) and w is the angular velocity of bodies A and B (in rad/s). 
Similarly, linear PTOs utilize Eq. (7) to calculate power: 
 
                                    𝑃 = 𝑘(||𝑣[ − 𝑣\||)D                                      (7) 
 
where k is the linear damping coefficient of the PTO (in N-s/m), 
v is the linear velocity of bodies A and B (in m/s). The power 
value calculated for each PTO is then summed to produce the 
total instantaneous system power output. Averaging this value 
across a simulation yields average power production. 

For a single repetition of the algorithm, three computational 
agents are instantiated and arranged according to the HSAT 
organization. The use of three agents for this work is selected to 
allow a number of potentially divergent solutions to be explored 
without severely increasing computational time. The same initial 
design is used across all repetitions and preference distributions 
tested.  After each agent has completed one full repetition of 500 
iterations (chosen to allot simulations adequate time to 
demonstrate rule-tier effectiveness), the agent team collaborates 
a final time and conveys its final design. The process is repeated 
for 75 repetitions after which the objective functions of all final 
designs are analyzed.   
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TABLE 1. LEGEND FOR GRAPH GRAMMAR FOR WAVE 
ENERGY CONVERTER DESIGN DOMAIN 

Component Symbol 

Floating body 
 

Rotational PTO  

Linear PTO  

 
 
 
 

TABLE 2. HIGHER-TIER GRAPH GRAMMAR RULES FOR 
WAVE ENERGY CONVERTER DESIGN DOMAIN 

Higher-Tier 
Grammar Rule Graph Transformation 

H1: Increase 
complexity 

 

H2: Decrease 
complexity 

 

H3: Change design 
scale 

 

H4: Replicate 
pattern 

 

H5: Standardize  

 
 

 

TABLE 3. LOWER-TIER GRAPH GRAMMAR RULES FOR 
WAVE ENERGY CONVERTER DESIGN DOMAIN 

Lower-Tier 
Grammar Rule Graph Transformation 

L1: Add rotational 
body 

 

L2: Add linear body 

 

L3: Remove body 
with joint 

 

L4: Change joint 
type 

 

L5: Change body 
dimensions 

 

L6: Change body 
density 

 

L7: Relocate body 
with joint 

 

L8: Swap bodies 

 

L9: Change joint 
coefficients 

 
 

In order to observe the efficacy of using each rule tier 
separately, design problem simulations are conducted using 
solely one tier at a time. By adjusting the tier weights designed 
into the computational agents, each agent’s preferences are 
initialized to use only one of the two tiers, with all agents using 
the same tier. It is predicted that the use of only lower-tier 
grammar rules would result in local improvement of the starting 
design, while utilizing only higher-tier rules would result in 
infrequent, although potentially significant, jumps to different 
topologies within the solution space. 

The implementation of the higher-tier rules is achieved 
through a heuristic-guided series of lower-tier rule applications. 
“Burst algorithms” have been utilized in grammar models to 
apply a series of rules to gearbox synthesis and bicycle frame 
synthesis [44]. Within each rule “burst”, multiple rules are 
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applied to the current design, regardless of how prior rules in the 
burst affected solution quality; quality is assessed only after the 
burst is complete. To compare the effects of a guided series of 
lower-tier rules to an unguided series of lower-tier rules, a set of 
simulations is conducted in which agents apply three random 
lower-tier rules in a burst to the design per each iteration. 
Because the number of rules could be dependent on the current 
design (in such cases where a higher-tier rule makes changes to 
the entire system) and some rules are only limited by how the 
grammar designer implements them (for example, placing an 
upper limit on how much the system can expand in one higher-
tier rule application), a definite determination of an average 
number is not feasible. A burst length of three lower-tier rules is 
chosen as an estimate of the typical number of lower-tier rules 
that a higher-tier rule translates into. The set of simulations 
utilizing only this lower-tier burst method is then compared to 
the results of using solely higher-tier rules. 

4. RESULTS AND DISCUSSION 
Randomly-selected samples of final WEC designs produced by 
agent teams utilizing only one rule tier are provided in Figure 3. 
Samples show final design topology along with solution quality. 
Surprisingly, WECs produced using lower-tier rules often are 
more complex than those produced from higher-tier rules. 
Applying only minor changes at a time, the lower-tier rules grant 
agents the ability to gradually build up and vary their designs 
throughout the creation process.  The higher-tier is less likely to 
make changes on that same small scale, resulting in changes that 
attempt to expand complexity too much in one iteration. Once a 
higher-tier design reaches a high quality topology, large changes 
become less effective for improvement. 

The hypothesis that designs produced using higher-tier 
rules become fixed on a certain topology is further supported by 
analyzing how solution quality changes throughout a run of the 
algorithm. Figure 4 shows a comparison of how solution quality 
improves as agent teams iterate for each rule-tier preference: 
lower-tier only, higher-tier only, and bursts of 3 consecutive 
randomly-selected lower-tier only. WEC designs generated with 
only higher-tier rules converge on their maximum quality much 
sooner than those produced by lower-tier rules. The quality of 
these higher-tier designs is initially higher than that of lower-tier 
designs, but the average solution quality of lower-tier designs 
catches up to and surpasses the quality of higher-tier designs 
after convergence. Higher-tier designs rapidly reach high 
solution qualities, plateauing at just above 400 W/kg before the 
agent teams have even hit their 100th iteration. Lower-tier 
designs have only improved to around half of this value once the 
higher-tier designs begin to converge. By the 75th iteration, 
higher-tier designs have nearly ceased improvements, while the 
lower-tier designs gradually decrease the gap between the two 
preferences’ solution qualities until the 150th iteration. Higher-
tier designs show little improvement after convergence, 
remaining around the same solution quality until the end of the 
simulation’s 500 iterations. On the other hand, lower-tier designs 
continue to rise in solution quality and finish the simulation at a 
solution quality of around 600 W/kg, nearly 50% better than the 

higher-tier designs, and still appear to have not reached 
convergence yet. These final run-time solution qualities can be 
seen side-by side in Figure 5. 
 

 
FIGURE 3. SAMPLE WEC DESIGNS GENERATED BY 

SOLELY LOWER-TIER RULES (a-d) AND HIGHER-TIER 
RULES (e-h) WITH SOLUTION QUALITIES. GREATER 
QUALITIES CORRESPOND TO BETTER SOLUTIONS. 
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FIGURE 4. COMPARISON OF AVERAGE SOLUTION 

QUALITY FOR WEC DESIGN PROBLEMS OVER AGENT 
TEAM ITERATIONS USING SOLELY ONE RULE TIER. 

SHADED AREAS SHOW ±1 STANDARD ERROR. 

 

 
FIGURE 5. COMPARISON OF AVERAGE FINAL SOLUTION 

QUALITY OF WEC DESIGNS AFTER 500 ITERATIONS 
USING SOLELY ONE RULE TIER. ERROR BARS SHOW ±1 

STANDARD ERROR. 

Designs generated by randomly applying bursts of three 
lower-tier rules per agent iteration follow a similar trend in 
solution quality compared to lower-tier only designs. These 
designs gradually improve in solution quality as teams iterate, 
ultimately leading to a design quality average slightly above 
lower-tier designs applying a single rule per iteration. Like the 
other lower-tier designs, solution quality is initially much lower 
than that produced by higher-tier designs, while significantly 
surpassing them once the higher-tier designs begin to converge. 
This similarity of lower-tier burst designs to lower-tier single 
rule designs could be attributed to the fact that they both share 
the same unguided application of lower-tier rules which are 
applying small design changes with each use. However, as the 
number of lower-tier rules applied per burst is based on the 
typical number of lower-tier rules derived from each higher-tier, 
this demonstrates that the value of the higher-tier rules is not 
merely in the application of lower-tier rules but rather in 
applying the correct rules in the correct order, enabling an 
effective heuristic-guided search. Across each application, 

higher-tier rules are constantly based on the same driving 
heuristic and thus the same set of lower-tier rules, while random 
lower-tier bursts are inconsistent and more reliant on chance. 

The series of lower-tier rules that are implemented via 
higher-tier rule selection results in more effective designs than 
the lower-tier burst approach where there is no logic for the 
choice of rule applications (and may even be counter-productive 
where a component is added and then removed). If resources are 
limited, higher-tier rules are the best choice to get to a good 
solution quickly. However, if resources are not an issue then the 
lower-tier rules produce far better solutions in the end. 

Because the higher-tier rules increased solution quality 
much more rapidly than the lower-tier rules, at the very least 
higher-tier rules could be useful to boost traditional algorithms 
that primarily employ lower-tier rules. Thus, a shifting 
hybridization of the two rule tiers may be most effective, 
whereby the algorithm begins with higher-tier rules and, at some 
threshold of convergence, shifts to lower-tier rule application. 
This mixture of tiers could provide agents the ability to quickly 
jump to better design solutions and then fine tune the design or 
even explore new topologies at a more leisurely pace. This also 
naturally mirrors the procession of design from abstract and 
coarse modifications to detailed, incremental improvements. 

It is important to note that the number of rules within the 
higher-tier is only 5, nearly half that of the 9 total rules contained 
in the lower-tier. Having a smaller number of rules to 
stochastically select from increases the likelihood that a rule 
which improves the quality of the design in chosen. As noted by 
Königseder and Shea [25] in their development of a graph 
grammar rule analysis method, there arise situations within a 
grammar in which rules may be irrelevant or not effectively 
defined. For some lower-tier rules contained within the WEC 
grammar, such as L5: Change body dimensions and L6: Change 
body density, efficiency of the entire lower-tier may be altered if 
these rules were combined into one, reducing the number of rules 
the agent randomly chooses from. Additionally, taking an in-
depth look at rule patterns which produce positive design results 
can assist agents in making intelligent rule selections as opposed 
to stochastic ones. 

5. CONCLUSIONS 
This work presents a heuristics-inspired, two-tiered approach to 
computational design synthesis. Teams of computational agents 
iteratively apply graph grammar rules from one of two rule tiers. 
The domain-specific lower-tier rules apply minor 
transformations to an agent’s current design.  The higher-tier 
rules incorporate heuristics and abstract strategies in order to 
perform efficient and intelligent design jumps to distant points in 
the solution space. This proposed design methodology is 
implemented to design wave energy converters (WECs).  

In assessing the impact of utilizing only one rule tier or the 
other, it is seen that heuristic rules from the higher-tier ruleset are 
initially more efficient than lower-tier rules in reaching a high 
quality design solution. Over a longer timeframe, however, 
higher-tier rules are unable to continue to improve upon the 
design, while lower-tier rules have the capability to continue 
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design improvement. These higher-tier rules are guided by 
abstract heuristic strategies, and thus search the initial design 
space more efficiently by minimizing the number of solution 
evaluations that are necessary. Applying bursts of unguided 
lower-tier rules per each design iteration did not have the same 
efficiency as the guided lower-tier rules determined by the 
higher-tier, though did eventually surpass the higher-tier 
approach. Further exploration on the benefits of this two-tiered 
grammar approach can be accomplished through initializing the 
WEC design problem with alternative designs and through 
application to design problems in other domains. 

To capture the effects of a combination of both rule tiers, 
future work will employ simulations with a shifting 
hybridization of the two rule tiers to identify effective hybrid 
patterns. The mixture of rule tiers could provide agents with the 
ability to quickly jump to high quality solutions and then fine 
tune those solutions from that point, or attempt to perform large 
jumps again once solution quality begins to converge. As well, 
using tools to analyze the grammar rules themselves opens up 
the possibility of a more refined two-tiered grammar that will 
empower agents to more effectively use of the rules contained in 
the grammar.  
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