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Abstract

Human designers often work in a visual design space, projecting step-by-step design progression
through evolving mental images. The strategic evolution of that design leverages heuristics based on
experience and domain knowledge. The methodology presented in this paper brings together the
visual nature of design problem solving and design heuristics in a deep learning computational agent
framework that emulates and enables human-mirrored design. When applied to a truss design task,
results demonstrate superior results to those of human designers who provided the initial data.
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1. Introduction

Humans are strategic planners. We can envision future scenarios and mentally lay out the steps needed to
bring these visions to reality. This foresight ability is especially useful in engineering design. Designers can
cognitively picture future iterations of their work and establish a step-by-step process to reach that point. To
an outside viewer, the singular changes a designer makes during their design process may seem insignificant
on their own. In reality, the designer is enacting a deliberate sequence of precise changes that will help them
strategically achieve their design goal. This research paper works towards employing these design
behaviours in an automated computational setting by fusing two existing frameworks that directly reflect the
cognitive tendencies of designers: visual design thinking (Raina et al., 2019) and strategy-driven design
search (Puentes et al., 2019). More specifically, this paper looks to enhance the design decision-making
process of a visual deep learning agent by providing it with a method of heuristic-guidance, resulting in
solutions superior to any of those found in the human data used to train the deep learning network. Through
this methodology, human designers can employ the design strategies that they themselves would manually
use for problem solving within an automated framework. The heuristic-imbued design agents can explore
design solutions in a manner similar to the human designer but at a much more rapid pace, thus allowing the
human to shift their focus and effort to other stages in the design process. The following sub-sections further
establish the two previous frameworks and detail the process for their combined implementation.

1.1. Visual design agents

Physical design is usually a visual process where designers visually interact with their design
environments; they observe the current design state, make an action decision, and then receive the
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updated design state as visual feedback. This can be simplified and modelled as a sequential decision-
making process (McComb et al., 2017a; Miller et al., 2015; Yukish et al., 2015), allowing the
decomposition of the overall process into sequential design states. Designers analyse these states and
make one change at a time to help progress the current design state towards a goal. Although meta
design processes can be iterative, the execution of actions follow one another over a period of time.
Moreover, humans are shown to think and solve problems visually (Brooks, 1991), create mental
models of the problem (Athavankar, 1997) and also mentally envision changes required for the current
designs so that an objective is reached (Goldschmidt, 1992). Humans look for patterns and spatial
relations during designing that often have essential implicit information related to the problem. For
example, symmetry is sometimes preferable and triangular structures might provide more strength. A
design agent that can replicate the human designer behaviour should function in a similar manner by
visually interacting with a design interface or environment and making temporally sequential actions.
Representing the design state as an image (or an N-dimensional vector) is applicable if it can capture
the entire design state information (otherwise alternative quantifiable representations can be used).
Using an N-dimensional vector to represent design states allows the agent formulation to generalize
across similar visual design processes.

Previous work with visual deep learning agents, or DLAgents, (Raina et al., 2019) illustrates learning
design behaviour from human data, and the ability to generate designs in a similar manner to humans.
The agents were able to learn implicit human strategies by observing state progression and mimic them
to reach human-level performance without any explicit performance feedback during training. Figure 1
represents the components from the original DLAgents algorithm. The algorithm has two functionally
different parts: the imaginative part that uses data-driven imitation learning based methods for
visualising solutions, and the control part that is responsible for selecting the design action. Since these
two parts are separate, heuristic-based strategies can be independently added to the control part to
observe the combined effect of these two methods.
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Figure 1. Schematic representation of the original DLAgent framework (Raina et al., 2019)

The first part of the agent algorithm is the deep learning framework, where the task for the network is
to predict or visualize the future state. The framework is composed of a deep convolutional
autoencoder (Masci et al., 2011) and an artificial neural network (transition network). Autoencoders,
being a highly efficient method of dimensionality reduction (Hinton and Salakhutdinov, 2006) convert
the design state image to a low dimensional representation and then back to the original image
dimensions. A transition network transforms the low-dimensional representation of the current state to
the representation of the future state and in this process, it implicitly applies the learnt knowledge to
predict the future state. Since the transition network is the only part that predicts the future state, it is
solely responsible for solving the design problem. The framework produces a visualization of the next
step which is then represented as a colour coded heatmap showing the highlighted pixel corresponding
to addition or removal of material from particular regions. The training of this framework is similar in
essence to showing the model multiple videos of humans designing a truss structure without any
explicit action or objective information and then asking the framework to replicate the process.

The second part is the control part which infers the final action parameters using an image-processing
based inference algorithm. The algorithm determines the action and its parameters that are suggested
in the heatmap. The inference algorithm, however, does not account for any temporal (multi-time-
step) relationships for action selection. This paper extends this functionality by adding heuristic
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knowledge to introduce temporal relations in design actions for better guiding the agent algorithm.
These relations allow agents to follow multi-step heuristic strategies during action selection that are
adopted from a two-tier formulation (Puentes et al., 2019) as explained in the next sub-section.

1.2. Leveraging heuristics for computational design

Through experience, human designers develop their own heuristics, or personal strategies, to assist with
problem-solving. These heuristics provide designers with guidelines to smoothly and efficiently navigate
through familiar design domains. An observational design study by Yilmaz and Seifert (2011) noted that
heuristic-based strategies led to a varied pool of solutions to a given problem. Their research further
acknowledged significant heuristic use by experts, which led those designers to search for more creative
and novel design concepts. However, the lack of domain experience for novice designers inhibits their
ability to have fully developed their own personal heuristics for completing design tasks. Ahmed et al.
(2003) observed that a novice designer’s lack of heuristic strategies results in non-expansive, localized
solution search. In an unfamiliar design domain, novices are likely to search experimentally in a way
which resembles a trial-and-error approach. Slowly, a novice may navigate a solution space towards
refined designs by way of incremental design changes. Yet, an expert can translate past experiences into
a strategic sequence of planned design changes. This type of design methodology often results in vast
solution space exploration which can quickly locate effective designs.

Past studies have demonstrated that sets of generalized heuristics may be beneficial to designers who
may not yet have developed their own personal set. These high-level, abstract strategies can allow
those individuals with limited experience in a specific design domain to explore that design space
more effectively. Daly and Christian (2012) provided novices with a set of design heuristics to assist
with concept generation. They noticed direct positive correlation between designs which showed clear
use of these heuristics and a high level of creativity, novelty, and expansive solution search similar to
expert designers. Kramer et al. (2014) further explored the research of Daly and Christian, showing
that these generalized design heuristics are applicable across multiple design domains. This finding
confirms that although the strategic concepts contained within generalized heuristics may take
alternative forms depending on the specific domain, the strategies themselves may still prove helpful
for inspiring expansive and effective solution search.

One such tool that designers may use to represent a design and navigate through a solution space are
graph grammars. Graph grammars are used to visually represent design states and iteration-by-iteration
changes. Through these grammars, the layout of a physical system is represented as a series of nodes and
connections which contain information on the parameters of corresponding objects (Chakrabarti et al.,
2011; Konigseder and Shea, 2014; Schmidt and Cagan, 1997; Stockli and Shea, 2017). A ruleset
contains a list of all available actions, called rules, which can be performed to alter the layout of the
system. These actions include the addition, removal, and manipulations of nodes and connections.
Design problems are solved through iterative selection and application of rules. Computational problem-
solving methods can greatly increase the speed and span of grammar-based design exploration, but such
methods typically lack the heuristic-driven search tendencies of human designers. Many existing
optimization techniques, such as those explored in by several other researchers (Campbell et al., 2012;
Kirkpatrick et al., 1983; Reddy and Cagan, 1995; Schmidt and Cagan, 1997; Shea and Cagan, 1997; Tai
and Akhtar, 2005) can follow a multi-step solution search, however, they typically do not do so in a
design goal-driven manner similar to humans. These algorithms are very effective for rapid and intensive
design exploration, but risk not fully exploring the valid solutions to a design problem.

Prior work by Puentes et al. (2019) aimed to enhance computational grammar-based design methods
through the incorporation of generalized heuristics. A two-tiered grammar approach was presented
which splits a design grammar into a “lower-tier” and a “higher-tier”. The lower-tier contains the
traditional single-step grammar rules often used in grammar-based design. Alternatively, the higher-tier
contains multi-step macro rules based on the strategic concepts of generalized design heuristics. The set
of heuristics chosen for this tier may be derived from a designer’s personal experience in a domain or
from a wider pool of abstract design principles. Application of a higher-tier rule is done through
executing a guided sequence of lower-tier rules which will accomplish the design principle of that
heuristic. This approach can be seen in the Figure 2. As it is likely that a single heuristic may be
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applicable to a domain in numerous ways, interpretation of the heuristic and its translation to a sequence
of lower-tier rules is up to the discretion of the designer who establishes the grammar. Across different
domains, the abstract design principle conveyed by a heuristic is likely to have different translations.
However, the underlying principle is fundamentally the same. This two-tiered grammar approach was
implemented within a computational agent team framework and applied to the design generation of
trusses and wave energy converters. These applications demonstrated that the inclusion of heuristics to
guide grammar-based design allowed for much more rapid solution improvement during early design
iterations than traditional single-step methods. Additionally, this two-tiered approach exhibited similar
performance benefits across two different design domains, suggesting that the generalizable nature of the
design heuristics used may translate to comparable success in other domains. To enhance the design
capability of the DLAgents, this work will incorporate the heuristic grammars to improve move selection
resulting from the inference algorithm. In this way, the agents will not only visualize, reason and act on
the design, but do so in a strategic way, using design heuristics.

Two-Tiered Grammar Approach for Problem-Solving
Higher-Tier (HT) Rules

Design Problem Domain * Heuristics-Inspired Solution Space
*  Multi-Domain Applicability Final

Problem Statement Translate HT Rule o Design/Solution
Sequence of LT Rules

Lower-Tier (LT) Rules
+ Directly change minor aspects of solution

+ Domain-Specific

Figure 2. Two-tiered approach to grammar-based design problem
solving (Puentes et al., 2019)

1.3. Prior research gaps and proposed methodology

Previous work has shown that the DLAgents introduced by Raina et al. (2019), although they are very
effective for predicting immediate design changes based on prior design states, cannot accurately
resolve temporal relationships between action selection across iterations. Their iteration-by-iteration
action selection method requires agents to choose a design action to achieve greatest resemblance
between the updated design state and the visualized next design state. By using some degree of
selection guidance based on human-derived heuristics, agents can strategically navigate the design
space in a manner similar to experienced human designers. This may lead to a more efficient and
thorough exploration of design space. The two-tiered grammar-based approach to design introduced
by Puentes et al. (2019) demonstrated that heuristic-guidance can be effective for performing multi-
step design changes aimed at accomplishing a conceptual goal.

The methodology proposed in this paper enhances the action selection capabilities of the data-driven
DLAgent algorithm through the guidance of generalized human-inspired heuristics. Whereas a human
designer usually must select between a manual, heuristic strategy-driven solution search method or an
automated, heuristic strategy-lacking method, this methodology aims to capture the advantages of
both. The problem solving behaviours of design agents empowered with heuristics is intended to
mirror that of human designers, and thus the need for manual solution search from a human is reduced.
Figure 3 illustrates the location of the additional heuristic guidance component (shown in red) with
respect to the overall agent algorithm. While design actions in the prior DLAgents were selected on a
best-at-current-iteration basis, this new heuristic-guided process classifies the agent’s heatmap as a
heuristic and then guide the following actions to follow that heuristic strategy. The agent follows the
heuristic for multiple design iterations, selecting design actions which continue to best follow the
classified heuristic and hence streamline its action selection process by maintaining temporal relations.
This process provides guidance in action selection for DLAgents and enables them to perform
sequences of design actions that resemble certain generalized design heuristics.

The remainder of this paper is organized as follows. Section 2 presents the framework for the
DLAgents and the heuristic-guidance process. Section 3 explains the truss design problem applied to
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the heuristically-guided DLAgent framework. In Section 4, the results of this application are conveyed
and discussed. Lastly, Section 5 concludes this paper and details limitations and future work.
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Figure 3. Schematic representation of the proposed Heuristic-Guided Deep Learning Agents
(HG-DLAgents). Dotted line components are replaced by the red block to add heuristic guidance.

2. Methodology

This section presents the methodology for integrating a heuristic-guidance method with the DLAgent
architecture. Section 2.1 describes the deep learning framework which DLAgents use to generate
predictive suggestion heatmaps. The inference algorithm that generates a list of candidate actions is
explained in Section 2.2. Lastly, Section 2.3 details the heuristic-guidance method for DLAgent design
action selection.

2.1. Visual deep learning framework

The deep learning framework is kept identical to the original formulation (Raina et al., 2019). An
overview of the framework is provided here, but readers are referred to (Raina et al., 2019) for details.
The framework takes in input of 5 previous design states and predicts what the next design state
should look like. The two layered transition network is tasked to imitate the humans designing trusses
by learning the relationships between sequential design states and, hence, implicitly extracting design
knowledge and strategies from the data. The changes to the current design state are generated due to
the matrix operations that are executed in the transition network fully-connected layers. Given that the
latent layer representation can capture a wide variety of design states, the operations in the transition
network can potentially model any feasible action and produce an arbitrary new latent representation.
This representation is passed to the decoder network, which then maps it back to a full-size image that
is human interpretable and visually shows the change made in the transition network.

2.2. Action inference algorithm

The output from the deep learning framework is an image representing the predicted next state; an
image processing-based algorithm similar to the original (Raina et al., 2019), is used to infer suggested
actions. The algorithm takes the suggestion heatmap (as shown in Figure 4), which has pink and green
highlighted pixels representing suggestions to add and delete material from those regions, respectively.
It passes the heatmap through multiple steps of pre-processing before a rule-based classifier is used to
classify if a pixel region appears like a node or a member connection between two nodes. As discussed
by (Raina et al., 2019), the suggestion heatmap often produces noisy output that may correspond to
multiple design actions possibly due to an averaging effect of multiple design strategies, and hence, a
candidate list of actions is developed (as shown in Figure 4) to preserve all information. The final step
in the algorithm compares the structural similarity between the predicted future state and all the states
reached by applying each of the candidate actions individually. This produces a ranked list of the
candidate actions based on which action produces a state that is closest to the predicted state. This, in
essence, is similar to how humans make decisions; they choose the action that maximally enables
them to realise their visualized goal. The final step where the action with the highest similarity is
probabilistically picked from the list, is modified in this new framework. The ranked list is exported to
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the heuristic guidance algorithm to make the final decision. Details of how the heuristic guidance
algorithm affects this final selection step is explained in the next sub-section.
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Figure 4. An example of a part of candidate list generated by the action-inference algorithm

2.3. Multi-step heuristic-guidance

In order to provide heuristic-guidance to DLAgents, a designer must first establish a set of heuristics
applicable to the given design domain. These identified heuristics may come from a designer’s prior
experience in that domain or may be influenced by more general design heuristic concepts. As design
heuristics are abstract concepts rather than definitively concrete sequential actions, executing a single
heuristic may be done through a variety of different action sequences. Thus, for each desired heuristic,
the designer must define a set of design change sequences which may be taken to achieve that
heuristic action. Across different design domains, the interpretation of a heuristic and its translation to
action sequences is likely to be different. However, the underlying abstract design principle
represented by that heuristic will remain the same.

The ordered list of candidate design changes that are extracted from an agent’s predictive heatmaps is
classified as one of the established heuristic concepts. Because this list is ordered by descending action
recommendation weight, it resembles a sequence of actions that a designer may perform during
subsequent design iterations. The action list is compared to the predefined heuristic sequences and
classified as the heuristic to which it is most similar. This identified heuristic is then used to guide a
specific action selection. The flowchart for this heatmap-to-heuristic process can be seen in Figure 5.
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Figure 5. Process for classifying a DLAgent’s predictive heatmap actions as a heuristic sequence
and selecting an action

To ensure that the identified heuristic has adequate time to accomplish its short-term design goal, a
predefined number of design changes must occur before a reclassification can be done. This
predefined number of changes is referred to as the burst length, as previous research has explored
“burst algorithms” in which multiple design changes are applied in succession before a design is
evaluated (Konigseder and Shea, 2016). While the guiding heuristic remains the same across a full
burst, the predictive action heatmap is updated after every design iteration. Each action in the heatmap
list is tested as an extension of the burst’s current sequence, after which the action that results in the
best following of the identified heuristic is selected. In the case that multiple actions may equally best
follow the heuristic, the action with the higher recommendation weight is selected. The selected action
is then applied to the design and the burst continues. Once a burst has concluded, the sequence is reset.
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3. Case study and experimental setup

The presented methodology is applied to a 2D truss design problem. The design dataset used to train
visual deep learning agents was gathered from a human design study in which students were tasked
with constructing truss configurations (McComb et al., 2018). Previous research has shown success in
extracting and representing design strategies from this same dataset (McComb et al., 2017a, 2017b;
Raina et al., 2019). A detailed explanation of the full experiment can be found in McComb et al.
(2015). The subjects were divided into teams to simulate real-life engineering design teams. They
were given the task of generating truss designs with minimal mass and a factor-of-safety (FOS) over
1.0, under which they design would collapse. A computer-based truss design interface allowed them to
generate their designs using a set of available design actions and permitted interaction among team
members. Through this interface, designers took sequential actions to induce incremental changes to
the current truss design state, ultimately leading to a complete and feasible truss. A log of all design
actions performed by the teams was collected. The design actions for this study allowed for adding,
removing, or moving a joint or truss member, or changing the member diameter.

In accordance with the process described in Section 2.3, a set of heuristics applicable to the truss design
domain is established. As the prior two-tiered grammar approach research was also applied to a truss
design application, a similar set of five design heuristics is selected for use in this paper. Originally, this
set was sampled and adapted from an extensive list of generalized design heuristics presented by Daly
and Christian (2012). These heuristics allow for large-scale modifications that are typically seen in
configuration design problems. Although the heuristics themselves are the same, their sequential action
execution is altered to represent the change in design actions available during the human design study.
The five heuristics used to guide DLAgents for this design application are as follows: Increase design
complexity, decrease design complexity, increase design scale, decrease design scale, and standardize.
For each heuristic in the set, an extensive set of design change sequences is established to represent
the many discrete ways that a heuristic may be implemented in a truss design. As the actual number of
sequential variations for the chosen heuristics is large, the process for defining these sequences is
automated. Rules are established for the generation process to simulate boundaries on the use of a
heuristic. For example, the heuristic for “increase design complexity” would be executed in a design
scenario as a sequence of adding truss joints and connecting members. Limits are placed on the
maximum length of this heuristic. A similar constraint method is used for all heuristics in the set.

The experimental setup is identical to the setup in the original DLAgent formulation (Raina et al.,
2019), except the agent framework is modified as per the new methodology and the new agents are
termed as Heuristically Guided Deep Learning Agents (HG-DLAgents). Agent team sizes and the total
number of teams are the same as the human study to ensure a fair comparison. Each agent starts from
a randomly generated initial state and iteratively takes actions. The agents work on their design
independently unless they interact, at which point they share their current design in the team’s
common design pool. The agents pick the highest quality of design from the pool and individually
continue working on it until the next interaction. The whole process is repeated until the agents reach
250 iterations, which was the mean number of iterations performed by human teams in the study by
McComb et al. (2015). For comparison, different versions of the agent framework are setup with
varying burst lengths, represented as HGn-DLAgents, where n represents the burst length. It must be
noted that a burst length of 1 allows the HG-DLAgent model to collapse to a DLAgent model i.e. no
temporal action guidance. Burst lengths from 3 to 10 are evaluated and compared.

4. Results and discussion

This section provides the results and relevant discussion from the design application experiments.
Figures 6 and 7 show the comparative plots of the performance of HG-DLAgents to the original
DLAgents and humans from the original dataset. For the plots in Figure 6, the solid thick line shows the
mean of all agents belonging to the colour coded class at that particular iteration while the shaded area
represents the standard errors at that iteration. These plots show the general trend of the agent with
increasing iterations. The trend plots in Figure 6 are limited to 250 iterations for the purpose of better
readability since the majority of the data can be shown within the range; for calculating the best
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performance, all iterations are considered in Figure 7. Figure 6 (a) shows the comparison for the factor
of safety (FOS) of the truss, which indicates how much stronger a design is than is required to avoid
structural failure. A FOS above 1.0 correlates to a design which meets or exceeds its strength
requirement, while a FOS below 1.0 correlates to a design that must be strengthened to be feasible. Since
the agents are tasked to produce feasible design (where FOS is greater than 1) with minimal mass,
refined strength to weight ratio (RSWR) is used. This metric computes the strength to weight ratio
(SWR) of feasible designs and hence only computing the quality of generated feasible designs. The
comparison of RSWR is shown in Figure 6 (b). Figure 7, meanwhile, compares the mean across all
agents for the best designs reached throughout their process. The final conclusions about best or worst
performance are made from these bar-graphs since the line-graphs in Figure 6 only show the trends.
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Figure 6. Average iterative design metrics comparison between human designers, DLAgents,
and HGn-DLAgents: (a) factor of safety, and (b) strength-to-weight ratio of only feasible designs
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Figure 7. Comparison of the average of the best designs between human designers, DLAgents,
and HGn-DLAgents: (a) factor of safety, and (b) strength-to-weight ratio of only feasible designs

Through heuristic guidance, HG-DLAgents produce solutions quicker and of a higher quality than
their unguided agent counterparts across almost all burst length variations. Additionally, heuristic-
guided agents outperform even the original human design teams, though on average they are slower to
reach a feasible solution. By the end of the design process, HG-DLAgents generate truss designs with
FOS values which are approximately double that of human designers and about 50% higher than
unguided DLAgents. This drastic increase is likely due to underlying methods human designers used
for satisfying the design problem. As they are only instructed to create a design which had minimal
mass while meeting a minimum FOS of 1.0, humans tended to meet the truss’s strength requirement
early and optimize the design further from that point. Likewise, as standard DLAgents have the goal of
mimicking human designers, they tend to remain at lower FOS. HG-DLAgents, in contrast, are not as
limited by this emphasis on mere imitation. As they attempt to continue applying the same identified
design heuristic for multiple iterations, it is possible that they remain stuck in a certain heuristic for
longer than is required. In such a case, an HG-DLAgent may continue to make design changes which

362 DESIGN SUPPORT TOOLS

https://doi.org/10.1017/dsd.2020.42 Published online by Cambridge University Press


https://doi.org/10.1017/dsd.2020.42

add new joints or members to the truss or continuously increase the thickness of members in order to
keep following a previously-identified heuristic. The benefit to this occurrence in this application is that
HG-DLAgents begin to produce feasible designs significantly sooner than standard DLAgents. In
comparison, standard DLAgents require, on average, over 150 design iterations to achieve their first
feasible design, while HG-DLAgents are able to accomplish this in around half the time. The increased
FOS along with the rapidly-achieved feasible design leads HG-DLAgents to produce solutions which
surpass not only standard DLAgents in SWR, but human designers as well.

The effect of heuristic guidance is seen uniformly across the different burst lengths. Four different
sequence burst lengths are tested in this application: 3, 5, 7, and 10 design actions per burst. The optimal
burst length for this design problem is found to be 5 which dominates all other alternatives uniformly
across both metrics. However, all other burst length agents also perform at least as well as the DLAgents
or better, illustrating the positive impact of infusing design heuristics in the framework. Further
exploration on locating the optimal burst length for a given application may be done in future work.

5. Conclusions

This work presents an approach that augments the decision-making of a data-driven visual design
agent with a heuristic-guidance method. The predictive heatmap generated by an agent to anticipate a
next-iteration design state is classified as a generalized design heuristic from a predefined set. This
heuristic classification instructs agents to select the design change which continues the current design
sequence in a way most closely resembling that heuristic’s underlying principle. This heuristic-
guidance method is applied to a truss design problem previously solved by human design teams and
unguided deep learning agents. Heuristic-guided agents are able to outperform both of these groups in
this design application. The incorporation of heuristics ensures that design changes that are made
follow some form of multi-step, general strategic concept rather than greedily making decisions on an
iteration-by-iteration basis. This allows agents to take advantage of solution exploration behaviours
typical in human designers and illustrate its effectiveness in achieving higher performing designs.
While the goal of this work is to present a method that uses heuristic strategies to guide decision-
making, it is important to note that this process does not, however, consider the specific manner in
which these changes are applied. Therefore, this method is limited in its ability to distinguish similar
sequences between two drastically different heuristic concepts. The deep learning agents themselves
do mitigate this issue to an extent, as the actions and decisions are conditional on the current design
state and therefore implicitly incorporate the effect of the order. To fully address this, a robust method
for classifying the context in which design actions are taken by both agents and the predefined
heuristic sequences would be required, which may be explored in future work.
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