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Introduction 

Generative design (GD) is a design method in which computer algorithms computationally 
consider human-defined objectives, parameter ranges, and constraints to generate designs [1], [2], 
[3], [4]. Generative systems may take several forms (e.g., grammar-based techniques or self-
assembling systems) [3], and evolutionary systems have received much interest in engineering 
design contexts [4]. These methods resemble biological evolution / natural selection by iteratively 
generating sets of design artifacts and evaluating them based on a fitness function, i.e., how well 
each fits the pre-defined objectives. The typical GD process begins as the designer translates real-
life design parameters by defining the objective space and parameter interactions for an artificial 
intelligence (AI) agent to understand [2], [3]. Following this, AI explores all the possible 
permutations in the design space to search for alternatives that fit the pre-defined objective space. 
Optimization occurs as designs are computationally generated and evaluated by the AI, and those 
with high fitness are promoted to the next iteration. Artifacts along the Pareto front are then 
presented to the human designer, who must then evaluate both the AI-generated designs and the 
human set objective space/rule sets that led to their generation [3]. Further iteration may then occur 
as the designer chooses one or more AI designs to optimize or returns to a previous task in the 
design process. Iteration offers the designer a deeper understanding of the design and solution 
spaces, which may guide further design behavior [5]. 
 
Generative systems have only begun to receive significant academic attention in the previous two 
decades [4]. Thus, GD methodologies are relatively new in engineering contexts. The approach 
and technologies underlying GD have evolved from previous design methods, most notably those 
developed for parametric design (PD) within the field of architecture [1], [4]. PD is a 
computational method in which the designer uses a visual interface, or parametric schema, to 
represent and exploit relationships between parameters to explore the design space [4], [6], [7]. 
PD generally begins as the designer codes the parametric schema to represent the design problem 
by defining the logical relationships/rule sets between relevant design parameters to guide design 
space exploration [6]. The human designer must then evaluate both the rule sets and 
computationally generated designs. As in GD, iteration is human-driven via either 1) manual 
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optimization of a subset of designs or 2) by returning to a previous design phase, such as re-
defining the rule sets to explore new design spaces. 
As generative systems developed from recent technological developments, PD also evolved from 
traditional design (TD) due to advancements in computational methods and research in design 
cognition [4], [8]. The key difference between TD and GD / PD methodologies is that the TD 
process depends predominantly on the human designer and features limited use of computational 
methods, such as AI optimization or parametric modeling [1]. The TD process may generally be 
divided between the early/conceptual stage and the late/detailed stage [9]. Designers in the 
conceptual stage explore the design space at a high level, often through idea generation via fast 
and intuitive sketching. These ideas are then realized, tested, and evaluated by the human designer, 
who drives iteration until stopping criteria are achieved [1], [9]. 
 
The neurocognition of a designer working on designing an artifact may be generally referenced as 
design thinking [8], [10], [11], but different paradigms (TD, PD, GD) each engage the designer’s 
cognition in unique ways. For example, the conceptual stage in TD is heavily dependent on 
cognitive idea generation (i.e., “brainstorming”) to explore the design space [14]. However, human 
ideation provides a limited number of potential solutions and is vulnerable to external factors such 
as design fixation [13] or fatigue. GD differs from TD in that exploration does not consist of 
cognitive ideation. Instead, human designers must generate new objective spaces for AI to explore 
and discover logical relationships between parameters that achieve the objectives. In this way, GD 
requires inverse thinking from the objective space to the parameter space, while in TD, designers 
are required to cognitively explore the parameter space to optimize towards the objective(s). 
 
Aims and Significance 

Design paradigms (e.g., TD / PD / GD) each require the human to carry out a unique set of tasks 
[1], [3], [6], [7], [9] which in turn define design thinking [8], [10], [11]. Thus, each paradigm is 
accompanied by a unique design thinking concept. TD requires a designer to engage in traditional 
design thinking (TDT), PD activates parametric design thinking (PDT) and thinking concepts such 
as systems thinking (ST) [14], [15] and computational thinking (CT) [16], [17] are relevant to a 
wide range of problem domains. Thus, it may be assumed that GD requires generative design 
thinking (GDT). However, there is a dearth of research towards defining GDT and the relevant 
cognitive processes [18], [19]. The goal of our research is to explore the cognitive processes 
underlying GD to synthesize a definition of GDT. 
 
Achieving these goals has many potential benefits, including (but not restricted) to the fields of 
design education, design research, and human-AI collaboration in GD. Identifying the cognitive 
processes relevant to GD will facilitate the education of next-generation designers, as teaching is 
made difficult due to little research into the ways in which successful generative designers think 
throughout the GD process. Additionally, GDT efficacy may be measured via psychometrics to 
allow for empirical investigations into GDT. Lastly, a robust definition of GDT and the underlying 
cognitive processes will facilitate more efficient human-centered GD and human-AI collaboration 
within the GD process. GD technologies have the potential to augment or discourage human 
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creativity in design, but future research is needed to explore how human factors interact with 
generative AI [5], [19]. 
 
The Evolving Design Thinking Model 

To achieve this goal, we review design cognition literature, specifically concepts related to design 
thinking, e.g., engineering / traditional design thinking, parametric design thinking, systems 
thinking, and computational thinking. For each concept, we highlight the 
psychological/neuropsychological processes that underlie human design activities, such as 
creativity, in the conceptual phase of TD [1], [14]. Cognitive concepts identified in our review are 
evaluated for their relevance to the GD process, and those of high relevance are highlighted and 
discussed to supply an informed theoretical ground for GDT. 
 

 
Figure 1: The Evolving Design Thinking (EDT) Model [17] 

 
TDT consists of the cognitive processes activated by the TD process [8], [10], [11], but 
technological development (e.g., GAs, machine learning, etc.) and knowledge expansion (design 
cognition research) have evolved TD and TDT. This results in evolving design thinking, a dynamic 
set of task-relevant cognitive processes that influences and is influenced by design paradigms. 
Technological advancements facilitated the evolution of PD from TD, which motivated research 
into PD-relevant cognitive processes (i.e., PDT) [3], [6]. Further advancements such as generative 
software and AI technologies have given rise to GD [2], [4], which opens the need for GDT 
research. We developed the Evolving Design Thinking (EDT) model to guide our review process 
(Figure 1) [17]. 
 
The EDT model is a meta-representation of design thinking concepts and their relationships across 
three levels: Design Technology (i.e., technologies and computational techniques that carry out 
design), Design Thinking (i.e., the dynamic, paradigm-specific thinking concepts), and Design 
Cognition (i.e., research on the cognitive processes relevant to design). This framework can be 
used to examine the influences of technological development and advancements in design 
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cognition research on the evolution of GDT from related thinking concepts. The cognitive 
processes discussed in relation to other thinking concepts can then be reviewed and used as a basis 
for a definition of GDT. The review will contribute new knowledge to the existing literature by 
providing an in-depth understanding of GDT and a clarification of the obscure boundary between 
various design thinking concepts. While the review work is in progress, we share the EDT model 
in this paper in the hope that it could benefit the community and anyone who wants to use it in 
their own research on design thinking and design cognition. 
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