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A B S T R A C T

In recent years, large language models have achieved breakthroughs on a wide range of benchmarks in natural
language processing and continue to increase in performance. Recently, the advances of large language models
have raised interest outside the natural language processing community and could have a large impact on daily
life. In this paper, we pose the question: How will large language models and other foundation models shape the
future product development process? We provide the reader with an overview of the subject by summarizing
both recent advances in natural language processing and the use of information technology in the engineering
design process. We argue that discourse should be regarded as the core of engineering design processes, and
therefore should be represented in a digital artifact. On this basis, we describe how foundation models such
as large language models could contribute to the design discourse by automating parts thereof that involve
creativity and reasoning, and were previously reserved for humans. We describe how simulations, experiments,
topology optimizations, and other process steps can be integrated into a machine-actionable, discourse-centric
design process. As an example, we present a design discourse on the optimization of wind turbine blades.
Finally, we outline the future research that will be necessary for the implementation of the conceptualized
framework.
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Fig. 1. The engineering design process depicted as a goal-oriented, argumentative
discourse formed by inter- and intrapersonal communication in which machines can
participate. As part of this discourse, external actions are invoked that in turn inform
it.

1. Introduction

Engineering design can accelerate the transition to climate-neutral
energy systems and help mitigate climate change. Power generation,
transformation, transmission, and end-use all involve the use of tech-
nologies. Increasing their energy efficiency reduces greenhouse gas
emissions. Design that lowers the costs of green technologies helps
increasing their market penetration. In addition, improving other at-
tributes can accelerate adoption and reduce negative environmental
impacts.

Large language models (LLMs) have transformed the field of natural
language processing (NLP) and increasingly have an impact outside of
academia. LLMs already dominate almost every benchmark in natural
language understanding (e.g., [1]) and current research focuses on
extending them by means of other modalities such as images, videos,
or sensor signals [2,3]. Many research fields, such as medicine [4] and
chemistry [5], are discussing the future implications of these models for
their field. The engineering sciences are a knowledge-intensive domain,
which is likely to experience great progress via the adaptation of recent
methods developed in the NLP community. In this paper, we argue that
foundation models such as LLMs can be used for creative reasoning
tasks in the engineering design process, complementing and integrating
existing computational methods such as topology optimization.

First, we provide engineers with a summary of the recent advances
in NLP and outline which aspects of engineering design have been
digitized thus far (Section 2). In Section 3, we place goal-oriented, ar-
gumentative discourse at the center of the product development process
(see Fig. 1) and propose making the reasoning steps explicit in the form
of a new digital artifact. On this basis, we describe how LLMs and multi-
modal foundation models can assist in the design discourse (Section 4)
and outline interesting directions of future research (Section 5). The
presented ideas are transferable to other contexts in which creativity
and reasoning play an important role, such as scientific discovery in
general.

2. Background

As this article bridges multiple domains, not all of which may be
familiar to most readers, we provide a thorough background for LLMs
and foundation models as well as the digitization of engineering design.
2

2.1. LLMs and foundation models

In its early years, NLP applications relied on hard-coded rules.
When the body of digitally-available text increased statistical methods
became more prominent. Roughly from 2013 onward, NLP began to be
dominated by machine-learning methods, in particular deep learning
ones. [6]

Building on the distributional hypothesis, which states that words
tend to have similar meanings if they occur in similar contexts [7],
words (and other text units) have been represented in dense multi-
dimensional vector representations using self-supervised learning [8–
10]. These word embeddings allow for the similarity between words
to be calculated based on vector distances, and as they constitute
a rich feature, they have been a popular component of many NLP
pipelines. However, these word embeddings have been static; that
is, they are context-independent (e.g., the word ‘seal’ has the same
vector representation regardless of whether it refers to the animal or
machine element). Contextual word embeddings based on language
models resulted in significant improvements over a wide range of NLP
benchmarks [11,12].

In 2017, the transformer architecture was proposed [13], and has
been the dominant neural network architecture for language mod-
els ever since, replacing previous approaches based on feed-forward
models, convolutional neural networks, recurrent neural networks, and
long short-term memory networks. The transformer architecture was
originally proposed in the context of machine translation and thus
consists of an encoder and a decoder. Both comprise a stack of trans-
former blocks, each of which consists of a multi-head self-attention
mechanism and a fully connected feed-forward network. In the de-
coder, the multi-head attention is masked and followed by an atten-
tion layer that attends to the output of the encoder. Compared to
recurrent and convolutional layers, the self-attention layers are less
computational complex (for sequence lengths that are smaller than the
embedding dimension) and do not suffer from the vanishing gradient
problem over long sequences. Additionally, the self-attention mecha-
nism is highly parallelizable as opposed to the sequential nature of
recurrent layers. [13]

Various large language models have been proposed utilizing ei-
ther the encoder (e.g., the BERT family of models [12,14]), decoder
(e.g., the GPT [15–17], BLOOM [18] or LLaMA [19] family of models),
or both (e.g., the T5 and UL2 model family [20–22]) of the transformer
architecture. Language models are typically trained on predicting the
next token or masked tokens in a sequence in which a token can be
a word, character, or a sub-word unit, with most models using sub-
word-tokenization. Because models can be trained on this objective in
a self-supervised setting, large unlabeled corpora (such as Wikipedia,
book corpora, and Common Crawl data) can be used for training. The
computational advantages of the transformer architecture further aid
increasing model sizes and training data volumes.

Increasing the amount of data, parameters, and computation, sev-
eral emergent abilities of LLMs have been discovered [23]. Sufficiently
large models are capable of in-context learning [17] and chain-of-
thought reasoning [24]. Previously requiring fine-tuning on down-
stream tasks (e.g., named entity recognition or question answering),
LLMs can now yield decent performance on new tasks by merely in-
cluding a task description and few examples in the input [17]. Whether
these abilities emerge suddenly in a sharp transition at a certain scale or
in a gradual and predictable way is still subject of scientific debate [25].
With instruction fine-tuning and reinforcement learning from human
feedback, the generated responses to a prompt aligned more with the
user’s intent, removing the need for careful prompt selection [26,27].
To solve tasks beyond the capabilities of LLMs in isolation, they have
been trained to use tools for which the input and output can be
represented as text, such as a calculator or Python console [28]. Further
work on the agent-like behavior of LLMs combines reasoning and acting
capabilities [29] or add self-reflection capacities [30].
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The NLP community saw great advances in a wide range of bench-
marks using LLMs. In addition to models operating on textual input
alone, recently, multi-modal models that also process other modalities
such as images, videos, and/ or sensor-signals have become a focus
of research [2,3]. Abstracting the LLM concept to other modalities,
training procedures, and so forth, the term foundation model was
coined [31].

2.2. Computational engineering design

Today, the digitization of engineering design is well advanced. In
the past, technical drawing was performed on drawing boards until
software for computer-aided design (CAD) was developed in the second
half of the twentieth century, which is generally adopted today. Cur-
rently, we utilize finite element analysis, topology optimization, design-
support tools for additive manufacturing, and more. With model-based
systems engineering and digital twins, the product development process
became centered around digital models. Virtual and augmented reality
enables visualization and interaction with designs. Due to the breadth
of the field, only a brief overview of advances in computational engi-
neering design can be given here, focusing on design generation, design
strategy learning, and NLP (in particular LLMs) for engineering design.

Generative adversarial networks, feedforward neural networks, vari-
ational autoencoders, as well as reinforcement learning systems have
been used in design-related generation tasks such as topology opti-
mization or shape synthesis based on visual modalities (e.g., images,
voxels, point clouds, etc.) [32]. Other work focuses on learning design
strategies. Given a state in solving a truss design problem, Raina et al.
[33] predicts what actions humans perform next. Gyory et al. [34,35]
analyze real time data of design teams to suggest measures from a
predefined list if the communication or action frequency appears to be
too low.

Lexical databases [36–38] and stopword lists [39] for technological
vocabulary and jargon have been proposed, as have engineering-related
ontologies [40–42]. With ontologies come knowledge graphs. However,
there has been a lack of specialized engineering knowledge graphs
thus far [43]. Only recently, Siddharth et al. [44] build a knowledge
graph using patent claims. With a trend towards industry 4.0 and
digital twins, the subject of the semantic representation of technological
knowledge will probably be increasingly addressed in the future. NLP
methods, which have been less applied in the engineering sciences
compared to the biomedical and material ones, have become increas-
ingly popular recently. In design research, NLP has been applied to
requirements extraction, ontology construction, patent analysis, and
more [45].

Using foundation models such as LLMs or pre-trained multi-modal
models in the engineering design process is a recent and unexplored
topic. Several studies have experimented with using LLMs to provide
designers with inspirational stimuli for ideation. In two explorative
studies, Zhu and Luo [46,47] prompted GPT-2 and -3 to generate
design concepts (text-to-text) based on the description of either a con-
cept, problem, or analogy in both a fine-tuning and few-shot learning
setting. Similarly, Zhu et al. [48] fine-tune GPT-3 for bio-inspired
design concept generation. Ma et al. [49,50] compare LLM-generated
design solutions with crowdsourced ones and find that the human-
generated solutions are more novel and diverse. Tian et al. [51] classify
and experiment with different prompts for conceptual design. Jadhav
and Farimani [52] combine an LLM and FEM to iteratively optimize
truss structures. Ataei et al. [53] enhance the requirements elicitation
process by simulating users via LLMs. Doris et al. [54] present De-
signQA, a benchmark for evaluating multi-modal LLMs on the tasks
of extracting rules in requirement documents, referencing elements
in CAD renderings and drawings based on requirement documents,
as well as checking rule compliance. Evaluation results for GPT-4
highlight limitations of current foundation models in understanding
3

complex technical documents. Other work has focus on design concept
evaluation combining a pre-trained language model (BERT) and image
models in a multi-modal one [55,56]. Song et al. [57] provided an
extensive overview of multi-modal machine learning for engineering
design. They outline possible applications, but focus on lower level
tasks such as text-to-shape or shape-to-text synthesis.

Orthogonal to the prior work, we concentrate on the design process
itself as a complex, iterative, and dynamic reasoning process and
situate recent advances in NLP and machine learning in a superordinate
framework.

3. Depicting the design process as a goal-oriented, argumentative
discourse

We have digital artifacts for shapes, assembly processes, stress distri-
butions, flow patterns, and more. Until now, however, computer-aided
engineering, as practiced in industry, has not included the creative and
argumentative process of the product development process itself. In the
following, we argue that this process could be digitized and partially
automatized next, and outline how this can be achieved.

Many steps in the product development process are performed using
computation and are not based on human thought alone. However,
humans are needed to integrate these computational processes, be
they calculations, simulations, or optimizations, into a meaningful
superordinate product development process. Human thought and world
knowledge is required to reduce the solution space in advance and
come up with original ideas that have not been modeled to be compu-
tationally accessible before. For example, when a bicycle is designed,
the starting point is not a blank slate but an idea of how a bicycle
looks and how it has worked well for over a century. If a standardized
aerodynamic tube shape across bicycle manufactures is proposed, it
is unlikely that this idea originated from a numerical optimization.
Instead, background knowledge and the ability to think and reason
are used. Solving engineering problems requires an argumentative dis-
course. As such, argumentation is inherent to the product development
process. Experiments and calculations, etc., inform the discourse to
provide necessary information. Nevertheless, argumentation is rarely
given a lot of attention, perhaps because it is hidden, as it is typically
not made explicit in a readable or visual representation.

Having described that a goal-driven, argumentative discourse is at
the core of the design process, we argue that it should be represented
as a digital artifact. Humans communicate, argue, and reason using
natural language. Hence, the argumentative discourse can be largely
represented in textual form. Many parts of the design process, however,
cannot be represented as text. Therefore, we distinguish the design
discourse from external actions (such as performing an experiment or
simulation) and other engineering artifacts (such as a drawing, or 3D
model). We formulate that external actions are invoked from within
the design discourse and in turn inform the discourse, either directly
or indirectly, by yielding other engineering artifacts that inform the
design discourse (see Fig. 1).

Representing the argumentative discourse as a digital artifact would
improve the documentation of the design process. Instead of only
archiving the results of process steps (e.g., CAD files or the results
of simulation runs), the reasoning process is documented and hence
archivable. For a past development process to be efficiently used for
the development of a new product generation, past decisions and
alternatives must be accessible. Having the reasoning process explicitly
documented makes past design decisions traceable. Furthermore, mak-
ing the reasoning process explicit could improve collective reasoning
and therefore collaborative design. Finally, it would allow for machines
to participate in the reasoning process, which the next section covers.

4. Foundation models as interlocutors in the design discourse

It is apparent that LLMs and other foundation models will (and

already do) reshape how we code, write, and search for information.
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Fig. 2. An example of a design discourse on wind turbine blade optimization. The example was generated by prompting GPT-4 to translate an example of a design discourse on
the conceptual design of bicycles (see our original preprint [58]) to that of wind turbine blades and has not been post-processed. The example is intended to clarify the ideas
presented here using a simple method and is not designed to provide practical value to actual wind turbine engineers.
Beyond that, we believe that they can be directly involved in the
creative and argumentative design process, and so complement gen-
erative design and topology optimization tools that are already able to
automatize large parts of design exploration and optimization.

An example of a design discourse on wind turbine blade optimiza-
tion involving humans and machines is depicted in Fig. 2. Besides
illustrating a design discourse, the example highlights the ability of
today’s LLMs to provide creative stimuli. The discourse was generated
using an LLM and suggests the incorporation of serrations on the
trailing edges of wind turbine blades to reduce noise and improve
lift, as well as textured blade surfaces to further increase aerodynamic
efficiency.

In the previous section, we argued that explicitly representing the
argumentative discourse of the design process as a digital artifact
results in many advantages. One of these is the potential for ma-
chines to participate in the reasoning process. LLMs and related multi-
modal models have several characteristics that suggest that they can be
successfully applied for this purpose.
4

LLMs and related multi-modal models can input and output natu-
ral language. This facilitates their integration into the argumentative
discourse, which to a large extent is conducted in natural language any-
way, be it in intra- or interpersonal communication. World knowledge
is important both to interact with humans, where a certain common
ground is required, and for reducing the solution space and coming
up with creative solutions. Preliminary evidence suggests that LLMs
possess rich representations of the world despite being trained on
simple objectives [59]. It is evident that humans are constrained by
their knowledge when designing by analogy or biomimicry. In contrast,
LLMs can accumulate wide-ranging knowledge during training and
provide valuable creative stimuli, for example, by generating cross-
domain analogies [60]. Temperature is a parameter used in LLM text
generation to control the probability distribution of tokens (thus affect-
ing the diversity of outputs), which is often associated with creativity.
However, the correlation is less clear in practice [50,61,62].

LLMs of sufficient size display strong results on various tasks in-
volving reasoning and are able to perform step-by-step reasoning [24].
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Multi-modal models can operate on various forms of design represen-
tations, which is important, because throughout the product devel-
opment process, designers utilize different types of representations of
their designs (i.a., text, tables, sketches, and 3D models) [57]. Finally,
many tasks in the engineering design process cannot be solved by
means of pure thought but require specialized engineering software
and databases (i.a., CAD and simulation software, patent and material
databases). Recent work shows that LLMs can be trained to interact
with APIs (including the decision of when to call which API with which
arguments) in a self-supervised setting [28].

Despite the promising characteristics and capabilities of LLMs, there
are various risks associated with human-AI collaboration, due to short-
comings of today’s LLMs and human biases in the use of AI. LLMs
misinterpret user intends, inherent human biases from their training
data, ‘‘hallucinate’’ facts, and are prone to wrong reasoning. To mitigate
resulting risks, humans should follow, understand, and question the
provided reasoning. Yet, humans tend to over-rely on algorithmic
advice [63,64].

The role of humans in the design process is unlikely to change
fundamentally. After all, they hold the design goal, so they must guide
the design process, provide requirements, set priorities, and understand
and evaluate the information provided by the machine. While in the
early years of LLMs careful prompt selection was crucial, this became
less so with approaches such as reinforcement learning from human
feedback. However, LLM-generated design solutions are still highly
sensitive to the prompt [50]. We suspect that this sensitivity can be
reduced by fine-tuning LLMs on task-specific data, integrating them
into purpose-built frameworks, and clarification requests.

We conclude that these models are fundamentally applicable to the
purpose of assisting in the engineering design discourse. Nevertheless,
a single call to a model will not be of great utility; instead, the models
must be embedded within a framework to solve complex engineering
tasks. In the next section, we outline aspects of such a framework and
simultaneously highlight promising future research directions.

5. Recommendations for future research

Many puzzle pieces for the outlined transformation of the engi-
neering design process are at hand. However, several aspects, which
have not been sufficiently researched, are likely to be necessary for a
successful implementation of the proposed concept, namely:

Formalizing the engineering design discourse within a framework of
stages and components. Although approaches to interpret how out-
uts are formed in deep neural network models (such as probing [65])
xist, in practice, LLMs largely constitute black boxes. To increase
he interpretability and accuracy of LLMs, approaches such as scratch-
ad [66] or chain-of-thought prompting [24] steer the models towards
he generation of intermediate steps. Complementary to the aforemen-
ioned approaches of generating intermediate steps, models can be
uided to imitate certain patterns of thinking or to follow a logical flow
y embedding calls to LLMs into a framework with a predefined causal
tructure. In such frameworks ‘‘querying a language model becomes

computational primitive’’ [67]. For example, answering questions
n steps adhering to formal logic yields interpretable reasoning traces
nd reduces the ‘‘hallucination’’ of facts [67]. Similarly, formalizing
he engineering design discourse within a framework of stages and
ecurring components will help safeguard the models and increases the
etail at which reasoning processes can be documented and verified.
urthermore, it contributes to the clarity of the discourse and makes
LMs more controllable, in that humans have more points of interven-
ion, allowing them to provide more fine-grained guidance. For defining
uch a framework, the extensive literature on design research can assist
e.g., [68,69]).
5

Creating machine-actionable interfaces for engineering software. We
noted that using external tools via APIs with LLMs is already an active
area of research. The tools invoked in the design discourse could
include specialized engineering software such as topology optimiza-
tion. However, for today’s LLMs, the tools are required to provide a
textual interface; that is, both inputs and outputs are represented as
text [28]. Therefore, the interfaces of specialized engineering software
should be adapted according to the models’ requirements. Note that the
requirements for an interface are bound to change with multi-modal
models.

Learning representations better corresponding to skills required for
engineering . Good spatial imagination, solid engineering knowledge,
and high heuristic competence are skills that correlate with higher qual-
ity engineering design solutions [68]. For foundation models to fulfill
a supportive role in the engineering design process, the learned repre-
sentations should in turn correlate to a high degree with these skills.
Therefore, the proportion of technical documents (such as patents or
specialist books) in the pre-training corpus can be increased. However,
although LLMs compress large amounts of knowledge in their weights,
a representation corresponding to good spatial imagination and causal
understanding of physical processes is unlikely to be learned from
text alone. With a trend towards multi-modal models, incorporating
images, videos, and other modalities, we see this problem as likely to be
addressed in the near future. Additionally, strengthening the reasoning
and creative capabilities of LLMs is a promising and growing research
direction.

Specifying evaluation metrics and datasets. Prior work has expressed
the need for design-specific metrics for evaluating deep generative
models in design synthesis [46,49,57,70]. Similarly, design-specific
metrics are likely to be required to evaluate the performance of frame-
works to assist in the argumentative design discourse. In cases where
ground truth is not required, more complex assessments, for which
there is not yet a calculable metric, but for which human evaluators
are required, such as the assessment of usefulness and feasibility [49],
could possibly be approximated by foundation models in the future.
Furthermore, as participation in the argumentative discourse of engi-
neering design is a new task, there is a need for public datasets to
evaluate and compare models against.

6. Conclusion

We propose conceiving the design process as a goal-oriented, argu-
mentative discourse on which foundation models can operate. Making
the reasoning steps explicit in a new digital artifact of the product
development process could lead to improved documentation and in-
creased collaboration, and makes certain forms of machine assistance
possible in the first place. We describe how LLMs and multi-modal foun-
dation models can assist in the design discourse and outline interesting
directions of research, including structuring of the design discourse in
stages and components, the provision of machine-actionable interfaces
for specialized engineering software, the development of foundation
models with learned representations that better correspond to the
skills required in the design process, and the creation and publication
of common metrics and datasets as a community effort. We do not
intend to describe a theoretical framework that is far from ever being
implemented in practice, but believe that the product development
process is about to change, with the aspects described in this article
being part of its future.
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