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AI for Design

Generative Design Techniques

Algorithmic Design – Related terms: Parametric modeling, rule‑based systems, computational creativity. A
methodology that encodes design logic into programmable rules, allowing the generation of numerous
variations automatically. Example: Using a script to create a family of façade panels based on sun exposure.
Challenges include ensuring the rule set is both expressive enough to capture design intent and constrained
enough to avoid infeasible outputs.

Artificial Neural Network (ANN) – Related terms: Deep learning, backpropagation, activation function. A
computational model inspired by biological neurons, capable of learning complex mappings from inputs to
outputs. In generative design, ANNs can predict performance metrics or generate new geometry from
latent vectors. Example: Training a network to produce lightweight lattice structures from desired stiffness
values. Challenges involve the need for large training datasets and interpretability of the learned
representations.

Autoencoder – Related terms: Encoder, decoder, latent space. A type of ANN that compresses input data
into a lower‑dimensional latent representation and then reconstructs it. Used in generative design to
explore the space of feasible shapes by sampling the latent space. Example: Encoding a set of chair designs,
then decoding novel variations. Challenges include balancing reconstruction fidelity with latent space
smoothness.

Bayesian Optimization – Related terms: Surrogate model, acquisition function, Gaussian process. An iterative
strategy for optimizing expensive black‑box functions by building a probabilistic model of the objective. In
generative design it guides the search toward high‑performing design candidates with few evaluations.
Example: Optimizing the topology of a bridge for minimal weight while satisfying stress constraints.
Challenges include scalability to high‑dimensional design spaces.

Boundary Representation (B‑Rep) – Related terms: Solid modeling, CAD kernel, face, edge. A data structure
that defines a solid by its bounding surfaces. Many generative design pipelines export results as B‑Rep for
downstream manufacturing. Example: Converting a lattice generated by a topology optimizer into a B‑Rep
solid for CNC machining. Challenges include handling complex intersections and ensuring watertight
geometry.

Computational Fluid Dynamics (CFD) – Related terms: Navier‑Stokes equations, turbulence model, mesh.
Simulation of fluid flow used as a performance evaluator in generative design of aerodynamic components.
Example: Coupling a CFD solver with an evolutionary algorithm to shape a drone propeller for reduced
drag. Challenges involve high computational cost and sensitivity to mesh quality.

Constraint‑Based Modeling – Related terms: Feasibility region, design constraints, solver. An approach
where design variables are limited by explicit constraints, ensuring generated solutions satisfy functional,
structural, or regulatory requirements. Example: Enforcing a minimum wall thickness while generating
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organic lattice structures. Challenges include formulating constraints that are both accurate and
computationally tractable.

Continuous Optimization – Related terms: Gradient descent, convex optimization, differentiable design.
Techniques that treat design variables as continuous parameters, allowing the use of calculus‑based
methods. Example: Adjusting the thickness of a shell structure continuously to minimize material use while
meeting stress limits. Challenges arise when the design space contains discrete choices or
non‑differentiable features.

Convolutional Neural Network (CNN) – Related terms: Convolutional layer, pooling, image classification. A
deep learning architecture specialized for grid‑like data such as images or voxel grids. In generative design,
CNNs can learn to predict performance from visual representations or generate new geometry via
generative adversarial networks. Example: A CNN that predicts the thermal performance of building façade
patterns from rendered images. Challenges include the need for large labeled datasets and handling 3‑D
data efficiently.

Creative AI – Related terms: Generative art, computational imagination, novelty search. Systems that aim to
produce novel, aesthetically pleasing designs rather than purely functional ones. Example: An AI that
proposes new textile patterns inspired by historical motifs. Challenges involve defining and measuring
creativity, and aligning machine‑generated novelty with human taste.

Design Exploration – Related terms: Design space, sampling, Pareto front. The process of systematically
investigating a range of design alternatives to understand trade‑offs. Generative design automates this
exploration by producing large libraries of candidates. Example: Exploring the trade‑off between weight and
stiffness for a 3‑D‑printed bracket. Challenges include visualizing high‑dimensional results and selecting
representative designs for decision‑making.

Design Intent – Related terms: User goals, functional requirements, parametric control. The underlying
objectives and rationale that guide a design process. Capturing design intent is crucial for generative
systems to produce results that align with the designer’s vision. Example: Specifying that a chair must
support a 120 kg load and have a seat height of 45 cm. Challenges arise in translating vague or qualitative
intents into precise computational constraints.

Design Language – Related terms: Grammar, syntax, generative rules. A formal system that defines how
design elements can be combined. Often implemented as a set of production rules or a domain‑specific
language. Example: A language that encodes the permissible connections between modular building blocks.
Challenges include balancing expressiveness with computational efficiency.

Design Optimization – Related terms: Objective function, multi‑objective, gradient‑based. The mathematical
process of improving a design according to one or more criteria. Generative design reframes optimization
as a search over a vast, often discrete, solution space. Example: Minimizing material usage while maximizing
structural rigidity. Challenges include navigating non‑convex landscapes and handling conflicting objectives.

Design Space – Related terms: Parameterization, feasible region, dimensionality. The set of all possible
design configurations defined by variables and constraints. Understanding its structure helps guide efficient
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sampling and optimization. Example: A space defined by beam cross‑section dimensions, material choices,
and load cases. Challenges include high dimensionality and the presence of disconnected feasible regions.

Discrete Optimization – Related terms: Combinatorial problems, integer programming, genetic algorithms.
Techniques that handle design variables that can only take distinct values (e.G., Presence/absence of a
feature). Example: Selecting which members of a truss should be retained to achieve a target weight.
Challenges include exponential growth of the solution space and difficulty in guaranteeing global
optimality.

Evolutionary Algorithm (EA) – Related terms: Genetic algorithm, mutation, crossover. A population‑based
search method inspired by natural selection. Frequently used in generative design to evolve geometry
toward better performance. Example: Evolving the topology of a lattice structure over successive
generations. Challenges involve setting appropriate mutation rates and avoiding premature convergence.

Feature‑Based Modeling – Related terms: Parametric features, extrusion, revolve. A CAD approach where
geometry is built from high‑level operations that can be edited independently. Generative design can
manipulate these features to create variations. Example: Varying the number of ribs on a turbine blade using
a parametric “rib” feature. Challenges include maintaining feature dependencies and avoiding geometric
conflicts.

Generative Adversarial Network (GAN) – Related terms: Generator, discriminator, latent vector. A deep
learning framework where two networks compete: One creates data, the other judges its realism. In design,
GANs can synthesize plausible new forms from learned distributions. Example: Generating realistic furniture
silhouettes that respect ergonomic constraints. Challenges include mode collapse, training instability, and
ensuring functional validity.

Generative Design – Related terms: Optimization, automation, performance‑driven. A design methodology
that uses algorithms to automatically generate a multitude of design alternatives based on defined
objectives and constraints. Example: Autodesk’s “Generative Design” tool that produces lightweight lattice
structures for aerospace components. Challenges encompass computational expense, data management,
and integration with downstream manufacturing processes.

Geometric Deep Learning – Related terms: Graph neural networks, point clouds, mesh CNNs. Machine
learning techniques that operate directly on non‑Euclidean data structures like meshes or point clouds.
Enables learning from complex 3‑D geometry. Example: Predicting stress distribution on a mesh using a
graph neural network. Challenges include handling varying mesh topology and ensuring rotational
invariance.

Gradient‑Based Optimization – Related terms: Sensitivity analysis, adjoint method, line search. Methods that
use derivatives of the objective with respect to design variables to guide search direction. Example: Using
the adjoint method to compute shape sensitivities for an aerodynamic wing. Challenges arise when the
design space includes discrete changes or non‑differentiable operations.

Heuristic Search – Related terms: Best‑first search, tabu search, simulated annealing. Strategies that use
problem‑specific knowledge to guide exploration without guaranteeing optimality. Example: Applying
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simulated annealing to rearrange cellular structures for improved heat dissipation. Challenges include
tuning heuristic parameters and avoiding local minima.

Hybrid Modeling – Related terms: Physics‑informed neural networks, surrogate‑physics coupling,
multi‑fidelity. Combining data‑driven models with analytical or simulation‑based methods to leverage
strengths of both. Example: Using a neural surrogate to approximate CFD results while periodically
correcting with high‑fidelity simulations. Challenges involve maintaining consistency and managing error
propagation.

Hyperparameter Tuning – Related terms: Learning rate, batch size, regularization. The process of selecting
optimal settings for a machine‑learning model’s training process. In generative design, hyperparameters
affect the diversity and quality of generated solutions. Example: Adjusting the mutation rate in a genetic
algorithm to balance exploration and exploitation. Challenges include the combinatorial nature of the
search and the cost of evaluating each configuration.

Implicit Surface – Related terms: Signed distance function, level set, iso‑surface. A representation where
geometry is defined as the set of points satisfying a scalar field equation (e.G., F(x)=0). Useful for smooth
shape generation and morphing. Example: Representing a car body as an implicit function that can be
smoothly deformed. Challenges include extracting printable meshes and controlling local features.

Infill Pattern – Related terms: Lattice, gyroid, Voronoi, additive manufacturing. The internal geometry used to
fill a 3‑D printed part, affecting strength, weight, and print time. Generative design can automatically
generate optimized infill patterns. Example: A gyroid infill that provides isotropic stiffness for a lightweight
bracket. Challenges involve ensuring manufacturability and predicting performance accurately.

Iterative Design – Related terms: Loop, feedback, refinement. A cyclical process where design proposals are
evaluated, modified, and re‑evaluated. Generative design tools embed this loop to converge on optimal
solutions. Example: Iteratively adjusting a lattice topology based on stress feedback until a target safety
factor is met. Challenges include convergence criteria and managing computational resources.

Jacobian Matrix – Related terms: Sensitivity, gradient, linearization. A matrix of first‑order partial derivatives
describing how changes in design variables affect performance metrics. Central to gradient‑based methods.
Example: Computing the Jacobian of stress with respect to thickness in a shell structure. Challenges include
accurate numerical estimation for complex geometries.

Kriging Surrogate – Related terms: Gaussian process, response surface, meta‑model. A statistical model that
interpolates known data points and provides uncertainty estimates, often used in optimization loops.
Example: Building a Kriging model of structural weight versus topology parameters to guide Bayesian
optimization. Challenges involve scaling to large datasets and capturing non‑linear behavior.

Latent Space – Related terms: Embedding, dimensionality reduction, generative model. The compressed
representation learned by models such as autoencoders or variational autoencoders (VAEs). Sampling this
space yields new designs. Example: Traversing the latent space of chair designs to smoothly morph between
styles. Challenges include ensuring that sampled points decode to feasible, manufacturable geometry.
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Level‑Set Method – Related terms: Implicit surface, topology optimization, Hamilton‑Jacobi equation. A
numerical technique that evolves a shape by moving its level set function, allowing smooth handling of
topological changes. Example: Using a level‑set approach to carve material from a solid block to achieve a
lightweight lattice. Challenges include numerical stability and re‑initialization of the level set.

Linear Programming (LP) – Related terms: Simplex method, constraints, objective. Optimization of a linear
objective subject to linear equality and inequality constraints. Occasionally used in generative design for
resource allocation problems. Example: Minimizing material cost while satisfying linear stress constraints for
a truss. Challenges arise when design variables become non‑linear or discrete.

Machine Learning (ML) – Related terms: Supervised learning, unsupervised learning, reinforcement learning.
A broad field encompassing algorithms that improve performance through data. In generative design, ML
can predict performance, generate geometry, or guide search strategies. Example: A regression model that
estimates the weight of a design based on its geometric descriptors. Challenges include data quality,
overfitting, and interpretability.

Meta‑Model – Related terms: Surrogate model, response surface, approximation. A simplified model that
approximates the behavior of a more expensive simulation. Used to accelerate iterative generative design
loops. Example: A polynomial regression model that predicts stress distribution from geometric parameters.
Challenges include maintaining accuracy across the entire design space.

Mesh Generation – Related terms: Triangulation, tetrahedralization, adaptive mesh. The process of
discretizing a geometry into elements for numerical analysis. Quality of the mesh directly impacts simulation
fidelity. Example: Generating a refined mesh around stress concentrations in a topology‑optimized part.
Challenges involve balancing element count with computational cost and handling complex geometries.

Multi‑Objective Optimization – Related terms: Pareto front, trade‑off, weighted sum. Simultaneous
optimization of several conflicting objectives, producing a set of nondominated solutions. Generative
design often presents designers with Pareto fronts to select from. Example: Minimizing weight while
maximizing natural frequency for a vibrating component. Challenges include visualizing high‑dimensional
Pareto sets and ensuring diversity among solutions.

Neural Architecture Search (NAS) – Related terms: Hyperparameter optimization, automated ML, model
selection. Automated process of discovering optimal neural network topologies for a given task. In
generative design, NAS can tailor networks that best capture design data. Example: Searching for an
encoder‑decoder architecture that best reconstructs complex lattice geometries. Challenges include massive
computational demand and over‑parameterization.

Neural Style Transfer – Related terms: Content image, style image, perceptual loss. Technique that
recomposes an image (or geometry) to adopt the visual style of another. Applied to design to imbue
functional forms with aesthetic characteristics. Example: Transferring the flowing lines of a sculpture onto
the surface of a car body. Challenges involve preserving functional constraints while applying stylistic
features.

Non‑Uniform Rational B‑Spline (NURBS) – Related terms: Control points, knot vector, parametric surface. A
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mathematical representation widely used in CAD for smooth curves and surfaces. Generative design can
manipulate NURBS parameters to create organic shapes. Example: Adjusting the control points of a NURBS
wing surface to improve lift‑to‑drag ratio. Challenges include maintaining continuity and avoiding excessive
control point complexity.

Optimization Loop – Related terms: Iteration, convergence, objective evaluation. The repeated cycle of
generating a design, evaluating its performance, and updating variables. Core to generative design
workflows. Example: A loop where each iteration refines a lattice topology based on stress analysis.
Challenges include determining stopping criteria and managing computational budgets.

Parametric Modeling – Related terms: Variables, constraints, drivers. Modeling approach where geometry is
defined by parameters that can be varied systematically. Enables rapid exploration of design alternatives.
Example: A parametric table where leg thickness, height, and top curvature are controllable knobs.
Challenges include creating robust parameter dependencies that avoid invalid geometry.

Particle Swarm Optimization (PSO) – Related terms: Swarm intelligence, velocity update, global best. A
population‑based stochastic optimization technique inspired by flocking behavior. Used in generative
design to locate high‑performing regions of the design space. Example: Optimizing the distribution of
material in a heat sink using PSO particles representing candidate layouts. Challenges involve premature
convergence and tuning inertia weights.

Perceptual Metric – Related terms: Aesthetic evaluation, user study, similarity index. Quantitative measures
that attempt to capture human perception of visual qualities such as harmony, balance, or novelty. In
generative design, perceptual metrics can be incorporated as objectives. Example: Using a learned aesthetic
score to bias the generation of façade patterns. Challenges include subjectivity, cultural variance, and the
difficulty of formalizing perception.

Physics‑Informed Neural Network (PINN) – Related terms: Governing equations, loss function, differentiable
solver. Neural networks trained to satisfy physical laws (e.G., Conservation equations) alongside data fitting.
Enables fast surrogate modeling while respecting underlying physics. Example: A PINN that predicts stress
fields in a solid given boundary conditions, used to evaluate thousands of generative candidates quickly.
Challenges include balancing data fidelity with physics regularization and handling complex boundary
conditions.

Point Cloud – Related terms: 3‑D scanning, LiDAR, unstructured data. A set of points in space representing
the surface of an object. Used as input for learning algorithms that generate or evaluate geometry. Example:
Feeding a point cloud of a human torso into a generative model to create customized protective gear.
Challenges include noise, varying density, and converting point clouds to manufacturable meshes.

Population Diversity – Related terms: Genetic algorithm, niche preservation, entropy. The degree of variation
among individuals in a generative design population. Maintaining diversity prevents premature
convergence and encourages exploration. Example: Applying crowding distance in a multi‑objective EA to
keep a spread of lattice configurations. Challenges involve measuring diversity in high‑dimensional spaces
and balancing it against convergence speed.
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Procedural Generation – Related terms: Algorithmic content creation, rule‑based, randomness. Technique of
automatically creating data (often geometry) using deterministic algorithms, often with stochastic elements.
Widely used in gaming and architectural design. Example: Generating a city block layout through a
grammar that enforces street hierarchy. Challenges include ensuring functional performance and avoiding
repetitive patterns.

Quadratic Programming (QP) – Related terms: Convex optimization, KKT conditions, objective matrix.
Optimization where the objective is quadratic and constraints are linear. Can arise in structural design where
stiffness matrix leads to quadratic forms. Example: Minimizing compliance (a quadratic function) subject to
material volume constraints. Challenges involve handling non‑convex extensions and integration with
discrete variables.

Random Forest – Related terms: Ensemble learning, decision trees, feature importance. A machine‑learning
model that aggregates predictions from many decision trees. Useful for predicting performance metrics
from geometric descriptors. Example: Training a random forest to estimate the buckling load of lattice
beams based on topology features. Challenges include interpretability of complex interactions and
overfitting with limited data.

Reinforcement Learning (RL) – Related terms: Agent, reward function, policy. Learning paradigm where an
agent interacts with an environment, receiving rewards for actions that achieve goals. In generative design,
RL can steer the creation of geometry toward desired performance. Example: An RL agent that adds or
removes material voxels to maximize stiffness while minimizing weight. Challenges include defining
appropriate reward signals and ensuring stable learning.

Representation Learning – Related terms: Latent vector, embedding, feature extraction. Process by which
models automatically discover useful data representations without explicit supervision. Critical for
generative design to encode complex geometry into compact forms. Example: Learning a latent space that
captures the topology of lattice structures. Challenges include disentangling factors of variation and
ensuring the representation respects design constraints.

Response Surface Methodology (RSM) – Related terms: Design of experiments, regression model,
approximation. Statistical technique for building an approximate model of the relationship between inputs
and outputs. Facilitates rapid evaluation of design alternatives. Example: Fitting a quadratic response surface
to predict weight based on wall thickness and material density. Challenges involve selecting appropriate
sampling points and handling non‑linear behavior.

Rule‑Based System – Related terms: Expert system, production rule, inference engine. A system that applies
a set of predefined rules to generate outcomes. In generative design, rules encode domain knowledge such
as manufacturing limits. Example: A rule that prohibits overhangs greater than 45° for FDM printing.
Challenges include rule conflict resolution and scalability as rule sets grow.

Sampling Strategy – Related terms: Latin hypercube, Monte Carlo, Sobol sequence. Method for selecting
points in the design space to explore or train models. Good sampling improves coverage and reduces bias.
Example: Using Sobol quasi‑random sequences to initialize a population for a genetic algorithm. Challenges
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include balancing uniformity with computational cost and adapting sampling as the search progresses.

Scalable Vector Graphics (SVG) – Related terms: 2‑D vector format, path, scaling. XML‑based image format
that stores graphics as geometric primitives. Useful for storing generative patterns that need to be resized
without loss. Example: Exporting a generative façade pattern as SVG for downstream CNC cutting.
Challenges include handling complex fills and ensuring compatibility with downstream tools.

Search Space – Related terms: Dimensionality, feasibility, exploration. The full set of possible solutions
defined by variable ranges and constraints. Understanding its topology aids in selecting appropriate
algorithms. Example: A search space comprising discrete lattice topologies combined with continuous
thickness parameters. Challenges include high dimensionality, non‑convexity, and hidden infeasible regions.

Simulated Annealing – Related terms: Temperature schedule, Metropolis criterion, stochastic hill climbing.
Optimization technique that mimics the cooling of metal to escape local minima. Used in generative design
to explore rugged design landscapes. Example: Annealing the connectivity of a truss network to reduce
weight while maintaining strength. Challenges involve designing an effective cooling schedule and
computational expense.

Singular Value Decomposition (SVD) – Related terms: Dimensionality reduction, principal component
analysis, matrix factorization. Linear algebra technique that decomposes a matrix into orthogonal
components, often used for data compression. In generative design, SVD can identify dominant shape
modes. Example: Applying SVD to a dataset of bridge arches to extract primary curvature patterns.
Challenges include handling non‑linear variations and large datasets.

Spatial Hashing – Related terms: Voxel grid, acceleration structure, collision detection. Technique for
mapping spatial data into a hash table for fast lookup. Useful in procedural generation and real‑time
evaluation of geometry. Example: Hashing voxel occupancy to quickly assess connectivity of a lattice during
generation. Challenges involve handling dynamic updates and hash collisions.

Structural Optimization – Related terms: Topology optimization, size optimization, shape optimization.
Process of improving a structure’s performance (e.G., Stiffness, weight) by altering its geometry. Generative
design often automates this process. Example: Removing material from low‑stress regions of a cantilever
beam to achieve a lightweight design. Challenges include manufacturing constraints and ensuring solution
robustness.

Supervised Learning – Related terms: Labeled data, regression, classification. Machine‑learning paradigm
where models learn from input‑output pairs. In generative design it can predict performance or classify
feasible designs. Example: Training a regression model to predict the thermal conductivity of lattice
structures based on geometry. Challenges include acquiring high‑quality labeled data and avoiding bias.

Surface Parameterization – Related terms: UV mapping, conformal mapping, flattening. Process of mapping
a 3‑D surface to a 2‑D domain for texture or pattern generation. Enables generative algorithms to apply
designs uniformly. Example: Parameterizing a complex façade surface to apply a generative pattern that
follows curvature. Challenges include distortion minimization and handling topology changes.
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Surrogate Modeling – Related terms: Meta‑model, response surface, Kriging. Creation of an inexpensive
approximation of a costly simulation. Central to iterative generative design loops where many evaluations
are needed. Example: Building a surrogate for CFD drag predictions to accelerate shape evolution.
Challenges involve capturing non‑linearities and updating the surrogate as new data arrive.

Synthetic Data – Related terms: Data augmentation, simulation, generative model. Artificially generated data
used to supplement real datasets, often to train ML models. In generative design, synthetic samples can
enrich training sets for performance prediction. Example: Generating thousands of lattice geometries with
known stress outcomes via fast analytical models. Challenges include ensuring synthetic data reflect
real‑world variability.

Topology Optimization – Related terms: Material distribution, SIMP method, density method. Computational
technique that determines the optimal material layout within a given design domain for specified loads and
boundary conditions. Generates organic, often lattice‑like structures. Example: Minimizing compliance of a
bridge deck while restricting material volume to 30 % of the solid domain. Challenges include mesh
dependency, convergence to checkerboard patterns, and translating continuous density fields into
manufacturable geometry.

Transfer Learning – Related terms: Pre‑trained model, fine‑tuning, domain adaptation. Technique where a
model trained on one task is adapted to a related task with limited data. Accelerates learning in generative
design when data are scarce. Example: Fine‑tuning a CNN trained on generic mechanical parts to predict
stress on custom lattice designs. Challenges include negative transfer when source and target domains
differ significantly.

Variational Autoencoder (VAE) – Related terms: Probabilistic encoder, latent distribution, KL divergence. A
generative model that learns a continuous latent space with a defined probability distribution, enabling
controlled sampling. Example: Sampling the latent space of VAE‑generated chair designs to produce novel
yet plausible forms. Challenges include balancing reconstruction loss with latent regularization to avoid
blurry outputs.

Vertex Shader – Related terms: GPU pipeline, real‑time rendering, geometry manipulation. A programmable
stage in graphics pipelines that processes vertex data. In generative design, vertex shaders can be used for
on‑the‑fly shape deformation during visual exploration. Example: A shader that morphs a lattice based on
user‑controlled parameters in a VR environment. Challenges involve limited precision and synchronization
with downstream analyses.

Virtual Prototyping – Related terms: Digital twin, simulation, rapid iteration. Creating a detailed digital
replica of a product to evaluate performance before physical manufacturing. Generative design often feeds
virtual prototypes directly into simulation pipelines. Example: Virtually testing the crash performance of a
generatively designed automotive frame. Challenges include ensuring simulation fidelity and integrating
multidisciplinary analyses.

Weighted Sum Method – Related terms: Scalarization, multi‑objective, trade‑off. Technique to convert
multiple objectives into a single scalar objective by assigning weights. Simplifies optimization but may miss
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Pareto‑optimal solutions if weights are poorly chosen. Example: Assigning 0.7 Weight to weight reduction
and 0.3 To stiffness in a single‑objective optimizer. Challenges include determining appropriate weights and
handling non‑convex Pareto fronts.

Wasserstein GAN (W‑GAN) – Related terms: Earth‑Mover distance, stability, mode collapse. A variant of GAN
that uses the Wasserstein distance as a loss metric, improving training stability. In design, W‑GANs can
generate smoother, more diverse geometry. Example: Producing varied organic lattice cells with reduced
mode collapse. Challenges include ensuring the Lipschitz constraint and computational overhead.

Weighted Regression – Related terms: Heteroscedasticity, importance sampling, bias correction. Regression
technique where observations are assigned different weights, often to reflect confidence or relevance.
Useful when training performance predictors from heterogeneous data. Example: Giving higher weight to
high‑resolution CFD results compared to coarse analytical estimates. Challenges involve determining
appropriate weighting schemes and preventing over‑fitting.

Zero‑Shot Learning – Related terms: Semantic embedding, transfer learning, generalization. Approach
where a model can recognize or generate classes it has never seen during training, based on auxiliary
information. In generative design, enables creation of novel design categories from textual descriptions.
Example: Generating a “biomimetic” lattice structure from a textual prompt without prior examples.
Challenges include bridging the semantic gap and ensuring functional viability.

Hybrid Evolutionary‑Gradient Method – Related terms: Memetic algorithm, local refinement, global search.
Combines population‑based evolutionary strategies with gradient‑based fine‑tuning to exploit both
exploration and exploitation. Example: Using a genetic algorithm to discover promising lattice topologies,
then applying adjoint‑based gradient descent to refine member thicknesses. Challenges include
coordinating the two phases and managing computational load.

Iterative Closest Point (ICP) – Related terms: Registration, point cloud alignment, convergence. Algorithm
that aligns two point clouds by minimizing distances between corresponding points. Used to compare
generated geometry with target shapes. Example: Aligning a generative façade pattern to a scanned
building envelope to evaluate conformity. Challenges include sensitivity to initial pose and local minima.

Joint Optimization – Related terms: Co‑design, multidisciplinary, coupled analysis. Simultaneous
optimization of multiple interacting subsystems (e.G., Structure and control). Generative design can embed
joint optimization to produce integrated solutions. Example: Optimizing both the structural layout of a
drone frame and the placement of its propulsion system for aerodynamic efficiency. Challenges include
increased problem dimensionality and the need for coupled solvers.

Kinematic Design – Related terms: Mechanism synthesis, degrees of freedom, motion path. Design of
moving assemblies to achieve desired motion trajectories. Generative algorithms can explore mechanism
topologies automatically. Example: Generating linkage configurations that trace a specified curve for a
robotic arm. Challenges involve ensuring manufacturability and avoiding singular configurations.

Latent Diffusion Model – Related terms: Diffusion process, denoising, generative sampling. A generative
framework that learns to reverse a diffusion process, producing high‑quality samples from latent space.
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Example: Synthesizing complex architectural floor plans by sampling a latent diffusion model trained on
existing designs. Challenges include computational cost of diffusion steps and controlling output fidelity.

Material Interpolation – Related terms: SIMP, penalization, multi‑material design. Technique of representing
intermediate material properties (e.G., Density) to enable gradient‑based optimization in topology
problems. Example: Assigning a density variable between 0 (void) and 1 (solid) to each element and
penalizing intermediate values. Challenges include gray‑scale material regions that are hard to fabricate.

Neural Radiance Fields (NeRF) – Related terms: Volumetric rendering, view synthesis, implicit representation.
Neural network that models a scene’s radiance and density, enabling novel view synthesis. In generative
design, NeRFs can capture complex geometry for downstream generation. Example: Learning a NeRF of an
organic sculpture to generate alternative surface textures. Challenges involve high memory usage and long
training times.

Optimization Under Uncertainty – Related terms: Robust design, stochastic programming, Monte Carlo
simulation. Approach that accounts for variability in inputs (e.G., Material properties, loads) during
optimization. Generative design can embed uncertainty to produce resilient solutions. Example: Optimizing
a lattice for weight while ensuring a 95 % probability of meeting stress limits under load variations.
Challenges include computational expense of sampling and defining appropriate risk measures.

Parametric Variation – Related terms: Design knob, sensitivity analysis, parametric sweep. Systematic
alteration of model parameters to study effects on performance. Fundamental to generative design
exploration. Example: Varying the curvature radius of a blade airfoil across a predefined range to assess lift
changes. Challenges include combinatorial explosion when many parameters are varied simultaneously.

Quasi‑Random Sampling – Related terms: Low‑discrepancy sequence, Sobol, Halton. Sampling technique
that produces points more uniformly distributed than purely random methods, improving convergence of
surrogate models. Example: Initializing a design of experiments with Sobol sequences to cover the design
space efficiently. Challenges involve ensuring proper dimensionality handling and avoiding correlation
artifacts.

Reparameterization Trick – Related terms: VAE, gradient estimator, stochastic backpropagation. Method that
allows gradients to flow through stochastic nodes by expressing random variables as deterministic functions
of parameters and noise. Enables training of generative models with latent variables. Example: Using the
reparameterization trick to train a VAE that learns a latent space of lattice topologies. Challenges include
variance reduction and stability of the gradient estimator.

Shape Grammar – Related terms: Generative rule, production system, architectural synthesis. Formalism that
defines how shapes can be combined or transformed using a set of rules. Enables automatic generation of
complex architectural forms. Example: A grammar that produces façade modules by recursively subdividing
a rectangle and applying ornamentation rules. Challenges include rule explosion and ensuring that
generated forms meet functional constraints.

Spatial Constraint – Related terms: Collision avoidance, clearance, bounding box. Restrictions that enforce
geometric relationships in space, such as minimum distances or non‑intersection. Essential for ensuring
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manufacturability of generative outputs. Example: Imposing a 2 mm clearance between moving parts in a
mechanical assembly generated by an algorithm. Challenges involve efficiently checking constraints for
large numbers of candidates.

Stochastic Gradient Descent (SGD) – Related terms: Mini‑batch, learning rate, momentum. Optimization
algorithm that updates model parameters using noisy estimates of the gradient based on random subsets
of data. Widely used to train deep generative models. Example: Training a GAN for lattice generation with
SGD and adaptive learning rates. Challenges include selecting appropriate batch sizes and avoiding
divergence.

Structural Health Monitoring (SHM) – Related terms: Sensor network, damage detection, real‑time analysis.
Use of embedded sensors to assess the condition of a structure over time. Generative design can
incorporate SHM data to adaptively refine designs. Example: Updating a generative model of a bridge’s
load‑bearing capacity based on strain gauge data collected during service. Challenges include sensor
placement, data fusion, and integrating real‑time feedback into design loops.

Surrogate‑Assisted Evolution – Related terms: Fitness approximation, model‑based EA, cache. Evolutionary
algorithms that rely on surrogate models to estimate fitness, reducing expensive evaluations. Example:
Using a Kriging surrogate to predict compliance of lattice structures during GA evolution, with occasional
true simulations for correction. Challenges include surrogate bias and deciding when to retrain the model.

Topology Parameterization – Related terms: Density field, level set, voxel grid. Method of representing the
layout of material within a domain using a set of parameters that can be optimized. Example: Defining a 3‑D
lattice by a binary voxel grid where each voxel indicates presence or absence of material. Challenges involve
large variable counts and ensuring connectivity.

Uncertainty Quantification (UQ) – Related terms: Propagation, confidence interval, sensitivity analysis.
Process of characterizing and reducing uncertainties in model predictions. In generative design, UQ helps
assess reliability of performance estimates. Example: Propagating material property variability through a
surrogate model to obtain confidence bounds on predicted weight. Challenges include computational cost
and selecting appropriate probability distributions.

Variational Inference – Related terms: ELBO, posterior approximation, Bayesian methods. Technique for
approximating complex probability distributions by optimizing a simpler family of distributions. Used in
generative models to learn latent variable distributions. Example: Applying variational inference in a VAE to
learn a distribution over lattice designs. Challenges include choosing expressive variational families and
avoiding posterior collapse.

Weighted Objective – Related terms: Scalarization, priority, cost function. An objective function that
combines multiple criteria using assigned weights, often to simplify multi‑objective problems. Example:
Minimizing a weighted sum of mass and vibration amplitude for a chassis component. Challenges include
sensitivity to weight selection and potential bias toward certain objectives.

Zero‑Order Optimization – Related terms: Derivative‑free, pattern search, direct search. Optimization
methods that do not require gradient information, suitable for black‑box functions. Example: Using the
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Nelder‑Mead simplex method to optimize a generative design where simulation outputs are
non‑differentiable. Challenges include slower convergence compared to gradient‑based approaches.

Adaptive Mesh Refinement (AMR) – Related terms: Error estimator, hierarchical grid, local refinement.
Technique that dynamically refines the computational mesh in regions requiring higher accuracy, such as
stress concentrations. Example: Refining the mesh around the root of a wing spar during CFD‑driven shape
optimization. Challenges include managing mesh continuity and ensuring refinement does not excessively
increase computational load.

Bayesian Neural Network (BNN) – Related terms: Probabilistic weights, posterior distribution, uncertainty.
Neural network where weights are treated as probability distributions, providing predictive uncertainty. In
generative design, BNNs can quantify confidence in performance predictions. Example: A BNN predicting
the stiffness of a lattice with associated variance, guiding the selection of robust candidates. Challenges
involve computational overhead and sampling from posterior distributions.

Constraint Relaxation – Related terms: Penalty method, soft constraints, feasibility. Technique of temporarily
loosening constraints to allow the optimizer to explore broader regions before tightening them. Example:
Starting a topology optimization with a relaxed volume constraint to encourage material redistribution, then
gradually enforcing the target volume.
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