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Abstract

Artificial intelligence (Al) is becoming deeply integrated into additive manufacturing
(AM) workflows, reshaping how designers approach geometry, materials, and process
constraints. Al holds significant potential by accelerating design exploration, revealing
complexpatternsin AM behavior,and supporting earlierassessmentof manufacturability.
At the same time, it introduces new risks related to model transparency, data quality,
physical validity, and the potential for overreliance by students and practitioners. This
perspective examines these issues through four guiding questions that address the role
of Alin AM-enabled design, the gaps that limit or enable Al contribution, the implications
for engineering education, and the responsibilities of the research community in
ensuring trustworthy and secure AI-AM integration. The main contributions of this
perspective include: (i) Highlighting Al and AM as a coupled inference—fabrication
system rather than independent tools; (ii) identifying zones of strong interdependence
where inference and manufacturability interact; and (iii) articulating implications for
design reasoning, education, and responsible research practice.

Keywords: Additive manufacturing; Artificial intelligence-enabled design; Design
automation; Artificial intelligence governance
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1. Introduction: Design, artificial
intelligence (Al), and additive
manufacturing (AM)

Engineering design has always been a balancing act
between design intent, geometry, material behavior,
and manufacturability constraints. Historically, these
considerations were often integrated late in development,
relying on expert judgment to resolve mismatches between
functional goals and manufacturing feasibility, resulting in
the common “design-manufacturing mismatch” problem
observed in systems engineering and optimal design."?
AT tools are now helping to reshape this landscape by
redistributing reasoning between human designers and
computational models, assisting with both sequential and
parallel decision-making. In this perspective, we use the
term “AI” to include supervised and unsupervised learning,
deep learning, surrogate and reduced-order modeling,
physics-informed approaches, and large language models
when applied to interpret design representations or support
analysis tasks. These tools identify relationships in data or
simulation and apply them to prediction, generation, or
decision support.

AM offers a particularly revealing environment for
examining these relationships, since designers using AM
must consider geometry, thermal history, microstructure,
and mechanical performance. When using AM, designers
must account for anisotropy, residual stress, defect
formation, melt pool behavior, and post-processing
considerations.*” This coupling (AM-AI) greatly affects
the feasible design space, both positively by expanding it
and negatively by imposing additional constraints, and
increases sensitivity to early decisions. Unlike traditional
computer-aided design/computer-aided manufacturing
pipelines, where design and manufacturing tools are
loosely connected, and information flows primarily in
one direction, Al and AM can form a coupled inference—
fabrication system, where inference and physical realization
continuously shape and constrain each other. The coupling
operates along three intertwined dimensions:

(i) Inference, where AI models shape which regions of
the design space are explored.

(ii) Constraints, where AM physics and manufacturability
bounds determine which inferences remain viable.

(iii) Failure propagation, where small mismatches between
model assumptions and process realities amplify into
large deviations in realized performance.

The frame of Al and AM in this way emphasizes that
design reasoning, process behavior, and manufacturability
cannot be cleanly separated once Al participates directly in
AM-focused workflows. By focusing on inferences coupled

with manufacturability, rather than evaluating finalized
designs, we believe that early-design decision-making will
be improved, resulting in lower cost and schedule risk for
product and system design. In this conceptualization, Al
models reshape the design space by producing predictions
of increasing quality as more data are collected, geometric
features, or generative outcomes, while AM reshapes
the Al learning environment by constraining which
predictions remain physically meaningful. This is a key
example of a successful application of manufacturability-
driven design.®’

This coupling produces cross-dependence zones,
or regions of the design and process spaces where small
mismatches between Al assumptions and AM realities can
amplify into large deviations in fabricated performance.
These zones include regions of high thermal sensitivity,
transitions between stable and unstable process-material
interactions, and areas where geometric freedom interacts
strongly with support generation logic or post-processing
requirements. Similarly, AM does not simply benefit from
Al it can also reveal its limitations and failure modes more
clearly. These issues extend to engineering education,
since students generally encounter AI tools early in
their professional training including, but not limited to,
large language models often before they have developed
the reasoning skills needed to assess manufacturability,
uncertainty, and physical validity. This perspective
highlights that AI tools and their coupling with AM
processes are beneficial only when they support human
decision-makers; they should always be used as an aid, not
a replacement for human creativity, skill, and experience,
or responsible decision-making.

While prior work in design for AM (DFAM), digital
twins, and hybrid modeling has addressed aspects
of Al-assisted design and process prediction,'®!* this
perspective proposes a different framing. Specifically,
we conceptualize the coupling between inference and
fabrication as a primary design driver rather than
a background implementation task. The aim of this
perspective is therefore not to review Al algorithms or
benchmark AM processes, but to articulate how inference,
manufacturability, uncertainty, and human judgment
become highly coupled once Al participates directly in
AM-focused workflows. Figure 1 illustrates the primarily
couplings, the role of AL, and the limitations of this
approach compared with standard DFAM and digital
twins.

This perspective offers three major contributions to the

discussion regarding Al and AM:

(i) A conceptual framing of Al and AM as a coupled
inference—fabrication system.
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Role of Al Limitations
Constraint encoding and feasibility [~#| Constraints are typically static and weakly
evaluation coupled to evolving process state
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> Weak integration with early design
decisions
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This work —»|
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Role of Al Limitations

decision loops awareness, and decision accountability

Figure 1. Primarily couplings, the role of artificial intelligence, and limitations of standard design for additive manufacturing and digital twins compared

with this perspective. Image created by the authors.

(ii) Identification of cross-dependence zones where small
design or process mismatches can propagate into
large performance deviations downstream during the
design lifecycle.

(iii) Discussion of implications for design practice,
engineering education, and responsible research.

This framing is intended to guide future methodological
development rather than introduce a specific toolset or
workflow.

2. Al as a partner in AM-enabled design

The term “Al-enabled design” refers to workflows''® in
which data-driven or physics-assisted models participate in
generating, evaluating, or refining design representations or
design problem formulations."”'® In contrast, “AM-enabled
design” describes workflows'!*% in which AM capabilities
and constraints shape the feasible design space. When these
two paradigms are combined, inference and fabrication can
no longer be treated as sequential or independent stages.
AT outputs directly reshape the space of manufacturable
designs, rather than merely evaluating candidate solutions.
Within this coupled environment, AI is frequently
positioned as an accelerator capable of exploring complex
design spaces, predicting failure modes, or recommending
process parameters. In practice, this positioning elevates
Al from a post-processing aid to a computational partner,
whose outputs influence downstream manufacturability,
validation burden, and risk exposure.'>*"?

Sparse and heterogeneous data, machine-specific
behavior (common with AM processes), and non-linear
interactions challenge the mathematical assumptions
underlying many Al models. As a result, AI can mistakenly
infer correlations rather than physical relationships or
generate geometries that violate thermal or mechanical
constraints. These breakdowns occur because AM routinely
violates the smoothness, stationarity, and data-consistency
assumptions on which many AT models implicitly depend.
Rather than being exceptional cases, such breakdowns
define the conditions under which Al-based inference
remains locally useful versus where human oversight
and manufacturability-driven reasoning must dominate.

Table 1 provides an overview of the common AM data
types and their implications for AI-driven modeling.

Positioning Al tools appropriately requires treating
them as computational partners rather than a final decision-
maker. This distinction is critical in AM-enabled design,
where AI outputs directly influence manufacturability,
validation burden, and downstream risk, rather than merely
accelerating analysis.”*** In our view, Al in AM-enabled
design can be categorized into three major complementary
categories as follows (Table 2):

(i) AI as a predictor uses learned relationships or
surrogate models to estimate thermal responses, defect
likelihood, distortion, or mechanical performance.
These tools improve computational speed but require
explicit uncertainty characterization, since the AM
process behavior is highly variable. In practice,
this implies that predictor models should be used
to bound feasible regions of the design space and
guide exploration, rather than to certify performance
without independent physical validation.

(ii) Alasagenerator proposesgeometries, microstructures,
or process parameters. These models must explicitly
embed manufacturability constraints; otherwise,
they risk producing mathematically coherent yet
physically unrealizable designs. This is a common
risk in generative design and topology optimization
tools. When generators operate without embedded
process constraints, downstream correction becomes
infeasible, and failure risk is merely displaced rather
than reduced.

(iii) Al as an integrator connects information across stages
of the AM workflow, linking design, simulation,
monitoring, and post-processing. This role remains
underdeveloped, but is essential for building coherent,
traceable, closed-loop workflows. Integrator models
are therefore central to managing uncertainty
propagation, model provenance, and decision
traceability across the design-fabrication pipeline.

Several emerging frameworks further extend these
roles by positioning Al systems as participants in formal
decision-making loops, particularly in narrowly scoped,
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Table 1. Common additive manufacturing data types and their implications for artificial intelligence modeling

AM data type Characteristics and challenges Implications for AI models
Toolpath and Structured, layer-wise, and discontinuous, reflects Violates smoothness assumptions and introduces path-dependent
G-code machine-specific conventions and support-generation logic behavior related to feature extraction and sequence modeling
Thermal history  Sparse, noisy, highly sensitive to scan or deposition strategy Limits surrogate-model accuracy, reduces generalization across
data and material properties, difficult to measure with consistent builds, and amplifies dataset bias

spatial resolution.
Process High-frequency, multimodal (optical, infrared, coaxial), and Requires robust pre-processing and domain adaptation. Models
monitoring sensor-specific, prone to drift and domain shift must handle non-stationarity and abrupt temporal changes
Microstructure Expensive to obtain, limited sampling, strongly condition- Restricts dataset size for supervised learning and motivates
data dependent. Often paired with expensive, destructive testing hybrid or physics-informed modeling strategies

Mechanical test

data parameters, orientation, and post-processing

Low-volume, protocol-dependent, and influenced by build

Creates bias in learned structure-property relationships, prevents
naive transfer learning across materials and processes

Abbreviations: Al Artificial intelligence; AM: Additive manufacturing.

Table 2. Roles of artificial intelligence in additive
manufacturing-enabled workflows, associated failure modes,
and safeguards (predictor, generator, and integrator)

Alrole  Typicalusein AM  Common failure Required
modes safeguards

Predictor Thermal response Distribution shift, Validity limits,
prediction, distortion extrapolation confidence
estimation, defect beyond training ~ awareness
likelihood assessment data

Generator Geometry Constraint Manufacturability
generation, violation, constraints,
process parameter  physically human review
recommendation unrealistic designs

Integrator Workflow linking, =~ Misaligned data ~ Traceability,
data fusion, streams, loss of ~ uncertainty
and traceability provenance propagation

across design and
fabrication stages

Abbreviations: Al Artificial intelligence; AM: Additive manufacturing.

highly automated manufacturing contexts. Froma technical
standpoint, such formulations require well-characterized
process windows, validated uncertainty bounds, stable
sensor feedback, and decision policies that can be formally
verified against physical and safety constraints. At present,
implementation of AM processes remains challenging,
but we anticipate improvements in the future and are
actively working toward this goal. We therefore view fully
autonomous Al-driven decision-making in AM as a future
research direction rather than a current design paradigm
for AM-enabled systems, and argue that final decision
authority should remain with human designers until these
technical pre-conditions are reliably met across machines,
materials, and deployment contexts.

Because AM workflows are fragmented, integrator
models are the least mature but represent the greatest
opportunity to advance reliable AI-AM co-design. Hybrid

workflows that combine Al inference with physics-based
reasoning and human oversight are clearly necessary.
Figure 2 illustrates a conceptual view of this coupling.
Specifically, it illustrates how Al-based inference interacts
with AM process constraints across the design, fabrication,
and validation stages, and highlights regions where
inference errors and manufacturability constraints strongly
interact. In practice, this coupling depends on integrating
heterogeneous AM data types, including geometric
representations, process parameters, in situ sensor streams,
and post-build inspection data, into a coherent inference—
decision loop. Breakdowns in this integration tend to
occur in cross-dependence zones, where small mismatches
in assumptions or data fidelity can amplify into large
deviations in fabricated outcomes.

Al can add value when it strengthens human design
thinking driven by manufacturability and can decrease
value when it obscures physical constraints or encourages
overconfidence in incomplete models. These roles map
directly onto AM constraint pathways, with predictors tied
to process physics, generators tied to geometry and material
behavior, and integrators tied to workflow traceability.
Integrator models are particularly sensitive to gaps or
inconsistencies in these data flows, as missing provenance
or uncertainty information can propagate errors across
the design—fabrication pipeline. Operationally, identifying
these high-sensitivity regions early becomes a design
objective, informing where additional validation, sensing,
or human oversight is required. The same AI-AM
coupling logic extends naturally to adjacent domains, such
as industrial automation, where AM-enabled components,
robotic deposition systems, and offline programming
workflows introduce similar  inference-realization
feedback loops. In these contexts, Al-enhanced digital
twins and surrogate models can accelerate automation
system design and commissioning, but only when they
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Prediction models
(defects, stress, performance)

Generative models
(shapes, parameters, topology, LLMs)

Surrogate and hybrid models
(PDE-informed, ROMs)

Al system

Learns from sparse, noisy AM data
Sensitive to machine- and material-specific behavior
Produces inferences with uncertainty

Cross-dependence zone (AM—AI coupling)
Thermal sensitivity regions
Anisotropy and microstructure transitions
Defect-prone regimes
Geometry and support material interactions
Non-linear process—material effect

Strong process—structure—properties coupling
Machine variability and discontinuous failure modes
High sensitivity to early design decisions

AM system

‘ Geometry | | Toolpath and layering | ‘ Thermal history ‘ | Microstructure

‘ Performance

Figure 2. Conceptual illustration of AT and AM as a coupled inference-fabrication system, highlighting AI model roles, the AM process chain, and the

cross-dependence zone. Image created by the authors.

Abbreviations: Al: Artificial intelligence; AM: Additive manufacturing; LLM: Large language model; PDE: Partial differential equations; ROM: Reduced

order model.

remain grounded in the physical constraints, assembly
logic, and control realities of the deployed manufacturing
systems.

3. AM workflows: Opportunities and
limitations for Al

AM introduces several gaps that simultaneously create
opportunities for Al and constraints that limit its reliability.
This section synthesizes these gaps into a small number of
recurring fajlure mechanisms that arise specifically from
the coupling between inference and fabrication, rather
than from Al or AM in isolation. The primary gap (which
we consider the most important) is data quality, since
data from the AM process are often sparse, noisy, and
inconsistently recorded across machines and facilities. The
fact that almost all AM processes operate with open-loop
control systems is a major reason for these data issues.
Toolpaths, thermal histories, consolidation and layering
artifacts, and meso/microstructural behavior vary between
builds and even between nominally identical machines
in the same operating environments. AM also produces
data types that are far more complex than those found
in conventional processes, including thermal fields, scan
vector time series, melt pool signatures, defect-localization
maps, and geometry-linked toolpath encodings. These
datasets vary between machines and materials and often
contain noise, missing information, or inconsistent spatial
and temporal resolution.”>*

As a result, Al models trained on nominal datasets are
frequently exposed to distribution shifts that are difficult
to detect before fabrication.”” AM physics violates several

assumptions underlying common AI models non-linear
thermal behavior, path-dependent melt dynamics, and
abrupt transitions between stable and unstable regimes
violate smoothness and stationarity assumptions used in
many learning algorithms. As a result, AT models may
infer relationships that are only locally valid and fail
unpredictably under modest changes in geometry, scan
strategy, or process conditions. These failures are rarely
catastrophic on their own but become consequential when
embedded in coupled design-fabrication workflows.

Some of the major interactions that we have observed
in our previous studies and literature reviews are shown in
Table 3. Although this perspective primarily refers to metal
powder bed and extrusion-based processes as canonical
examples, the coupling phenomena described here extend
to polymer, composite, ceramic, binder jet, and large-
format AM processes, each with its own characteristic data
structures and process-geometry interactions. Table 3
summarizes these interactions by explicitly showing how
AM characteristics shape Al behavior and how Al in turn,
reshapes AM workflows.

However, these same limitations create opportunities for
hybrid modeling, as combining sparse experimental data
with physics-informed or simulation-trained surrogate
models can improve predictive reliability. AI can also
detect patterns in multi-sensor monitoring data that are
difficult to identify manually, supporting early detection
of overheating, void formation, or mechanical collisions
or interferences during processing. The same mechanisms
that enable these benefits also define characteristic failure
modes when assumptions are violated or uncertainty
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Table 3. Key two-way interactions between artificial intelligence and AM in coupled inference-fabrication workflows

Coupling dimension =~ How AM shapes Al

How Al shapes AM

Data characteristics

physics creates discontinuities.

Sparse, noisy, and machine-specific AM data challenge
generalization and stability in learned models; unmodeled

Al improves data usability by filtering noise, creating surrogates,
integrating multi-sensor streams, and forming structure-
process—property links

Constraint
representation

AM imposes geometric, thermal, and process constraints that
limit which AI-generated designs are physically meaningful

Al enables early constraint evaluation, manufacturability indices,
and real-time assessment of geometric or thermal feasibility

Failure modes and
uncertainty

Process variability, anisotropy, and defect formation expose
weaknesses in Al prediction and amplify extrapolation risks

Al assists in predicting failure modes, propagating uncertainty,
and identifying vulnerable regions in design or process spaces

Workflow integration
restrict the impact of AI models

Fragmented AM workflows with disconnected data streams

Al can unify stages through closed-loop reasoning, cross-stage
feedback, and adaptive process control

Human
decision-making
dangerous

AM requires designers to maintain physical intuition,
making AT hallucinations or misleading correlations more

AT augments human reasoning by exploring complex design
spaces, automating routine tasks, and highlighting non-intuitive
patterns

Abbreviations: Al: Artificial intelligence; AM: Additive manufacturing.

is ignored. AM also introduces distinct AI failure
modes compared with those observed in conventional
manufacturing. In general, the failure modes observed in
both the literature and in our own research work can be
categorized into four major categories:***
(i) Data failure modes arise when models trained on one
machine or material are applied elsewhere, violating
assumptions of stationarity for the AT models. These
failures are often subtle and hard to observe early,
as degraded prediction confidence or inconsistent
trends, rather than obvious errors.
Constraint fajlure modes occur when Al-generated
geometries violate support generation logic,
produce thermally unstable regions, or create shapes
incompatible with process mechanics or post-
processing requirements. It is commonly thought that
AM processes have few, if any, geometric restrictions,
but this is far from true. The process constraints are
different from those seen in subtractive or formative
manufacturing, but they certainly exist. Such failures
are especially difficult to detect when AlI-generated
outputs appear visually plausible but are physically
unrealizable.

(iii) Semantic failure modes emerge when Al treats
geometry as an abstract representation rather than
a sliced, toolpath-dependent entity. In these cases,
models may optimize nominal geometry while
inadvertently degrading manufacturability or process
stability.

(iv) Workflow failure modes occur when timestamps,
sensor streams, or intermediate representations are
misaligned across tools, leading to incorrect inferences
(such as predictions about performance) or lost
provenance. These failures are amplified in fragmented
workflows where assumptions and uncertainty are not
explicitly carried across stages.

(ii)

Identifying and naming these modes is essential
for developing validation strategies, benchmarking AI
behavior, and training students to detect unrealistic output
before fabrication. As a group, these categories provide a
compact framework for reasoning about where AI-AM
coupling is most vulnerable and where additional validation
effort should be focused. This leads to another major
gap: Workflow fragmentation and interpretability. AM
workflows typically separate design, slicing, simulation,
monitoring, and post-processing, with limited continuity
of data or uncertainty information. Al introduced in
one stage of the design process cannot compensate for
missing or incompatible information from earlier stages.
Meaningful integration, therefore, requires redesigning
workflows around traceability, uncertainty propagation,
and cross-stage feedback. Designers must understand not
only what a model predicts, but why it predicts it, and how
sensitive the prediction is to uncertainty. Without such
interpretability, AI accelerates error propagation rather
than mitigating it, particularly in cross-dependence zones
identified earlier.

The coupling of AI inference and AM has direct
implications for certification, qualification, and regulatory
acceptance of AM components, particularly in safety-
critical or high-consequence applications. In contrast to
conventional qualification approaches, Al-assisted AM
workflows increasingly rely on adaptive models whose
predictions may evolve with data, architectures, or
operating conditions. Within this context, Al offers clear
potential value for defect detection, process monitoring,
and traceability. Models applied to in situ sensor data,
post-build inspection results, and process logs can assist in
identifying defects, unstable process regimes, or anomalous
behavior that may be difficult to detect manually. When
coupled with appropriate provenance tracking, such
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approaches can strengthen traceability by linking observed
defects or performance deviations to specific toolpaths,
process parameters, or design decisions. Integrated digital
records that capture model versions, process histories,
sensor data, and post-processing steps can further support
regulatory confidence by enabling auditors to reconstruct
how a component was produced and evaluated. However,
the reliability of these approaches depends critically on
the quality of data, sensor calibration, and the consistency
of data representations across machines, materials, and
builds.>*

Uncertainty quantification and risk awareness play
a central role in determining whether Al outputs can
meaningfully support certification decisions. Predictions
of defect likelihood, material properties, or geometric
distortion are only actionable for qualification if their
associated uncertainty bounds are interpretable and
defensible. In the absence of robust uncertainty estimation,
Al models risk providing overconfident predictions that
obscure extrapolation or process variability, undermining
certification rather than supporting it. These risks are
amplified in safety-critical contexts, where distribution
shifts (similar to those seen in statistical quality control),
hidden biases in training data, or limited model
explainability may lead to unpredictable failure modes.
As emphasized in trusted AI frameworks, certification
strategies must therefore bound the scope of Al autonomy,
rely on human oversight for critical decisions, and ensure
that failure modes are detectable before fabrication
or deployment. In this sense, Al should be viewed as
an augmentative tool that supports qualification and
compliance workflows rather than as a substitute for
established certification practices. Responsible integration
requires aligning Al capabilities with physical grounding,
traceability, and accountability, consistent with the coupled
inference-fabrication framing advanced in our perspective
discussed here.””

4, Supporting responsible and effective
design education

Al-enabled tools allow students to generate and refine
AM designs early in their training, but this can widen
the gap between what students can produce digitally and
what they can justify or fabricate.”® This gap represents a
central educational risk of uncritical AT adoption: Students
may produce outputs that appear sophisticated without
developing the underlying physical or manufacturing
reasoning needed to assess their validity. Engineering
education must therefore shift from teaching tool
operation to teaching reasoning with and about Al systems.
Students must learn to interrogate AI outputs, evaluate

uncertainty, and recognize when a model is extrapolating
beyond reliable data or is clearly physically unrealistic.
Without these skills, Al tools risk accelerating superficial
competence rather than deep engineering understanding.
This mirrors the principles of manufacturability-driven
design discussed above, in which students learn to treat
physical feasibility as a primary design constraint rather
than a late-stage check. To support this shift, students need
a core set of Al-informed design competencies.

Table 4 presents an overview of major core
competencies expected from engineering students using
AI-AM workflows, which we recommend integrating into
engineering curricula. These include interpreting model
outputs in the context of AM process physics, assessing
uncertainty, sensitivity, and data relevance, recognizing
when Al-generated suggestions violate manufacturability
constraints, and tracing how design choices propagate
forward into thermal behavior, defect risk, and post-
processing requirements.

Importantly, these competencies emphasize judgment
and interpretation rather than optimization or automation.
This requires instruction in manufacturability reasoning,
sensitivity analysis, constraint interpretation, and physical
drivers of AM behavior, such as thermal gradients,
anisotropy, void formation, and heat accumulation. This
instruction does not have to focus on deep and complex
mathematical formulations, but can be integrated as
a concept into coursework to help students develop
practical intuition. An overemphasis on algorithmic
sophistication without corresponding physical grounding
risks reinforcing misplaced confidence in Al-generated
results. This could range from introductory courses such as
a first computer-aided design course or lower-level survey
courses on design and manufacturing to capstone projects
and professional development courses for practicing
engineers.

Bridging the gap between K-12 education and
engineering increasingly requires hands-on learning
experiences that emphasize physical reasoning alongside
computational tools. While many AI learning Kkits
rely primarily on programming-based instruction, an
important challenge is developing educational platforms
that expose students to physical Al systems whose outputs
are constrained by fabrication, sensing, and performance
limits.*"*> Several studies have shown that customizable and
open-source platforms can introduce Al concepts through
actual physical systems (with and without the use of AM)
rather than abstract code alone.** However, previous
studies have also noted challenges related to educator
preparation and curricular alignment, reinforcing the need
for educational pathways that explicitly connect inference,
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Table 4. Core competencies for engineering students working with artificial intelligence- and additive

manufacturing-enabled design

Competency area Skills needed

Why does it matter?

Interrogate Al outputs

recommendations

Assess uncertainty, interpret model limits, and identify
when AT tools are extrapolating or producing unreliable

Prevents uncritical acceptance of predictions that may violate
AM physics or fall outside the model’s training regime

Connect Al predictions
to physical drivers

Relate Al-generated insights to thermal behavior,

anisotropy, defect formation, and distortion mechanisms

Ensures students ground digital suggestions in the physical
realities of AM processes

Evaluate
manufacturability early

Apply manufacturability-driven design reasoning and
minimally restrictive constraints during concept development

Reduces late-stage mismatch between Al-generated concepts and
feasible AM fabrication

Diagnose Al failure

Recognize data, constraint, semantic, and workflow failures

Builds engineering judgment by helping students identify

modes when using Al in AM contexts and correct sources of misalignment between inference and
fabrication

Interpret AM data Understand toolpaths, layer-based geometry, monitoring ~ Enables correct model selection, reduces data misuse, and

structures signals, and microstructure data supports reliable Al integration

Work in integrated
workflows

Maintain provenance, track design-to-build decisions, and link
computer-aided design, slicing, simulation, and inspection data

Reflects real AM practice and supports trustworthy, traceable
Al-enabled design

Ethical and security

awareness manipulation, and intellectual property leakage

Identify risks related to data integrity, malicious model

Protects against vulnerabilities in increasingly digital and
Al-assisted AM pipelines

Understand Al models
and their applications

Understand the underlying assumptions, applications,
advantages, and limitations of different AT algorithms

Prevent the implementation of incorrect models where they are
not applicable and ensure the application of only relevant models

Abbreviations: Al: Artificial intelligence; AM: Additive manufacturing.

uncertainty, and physical constraints rather than treating
AT as a standalone capability.*

Students must also understand the reciprocal nature of
Al and AM. Al-generated geometries must be assessed for
process compatibility, and AM data used for Al training
must be evaluated for quality and relevance. Explicitly
teaching this reciprocity helps counter the misconception
that AI outputs are inherently authoritative or universally
transferable. Purposefully examining AI system failures
such as incorrect overhang predictions, unrealistic support
structures, or unstable scan strategies builds essential
engineering judgment rather than tool dependence. This
approach directly addresses the risk of cognitive oftloading,
where students may otherwise bypass rigorous analysis by
accepting Aloutputsasauthoritativeratherthan provisional.
Cognitive offloading is particularly problematic in AM
contexts, where fabrication costs and failure consequences
are non-trivial. AM-specific instructional strategies can
strengthen student competency, such as assignments
that require a side-by-side comparison of AI predictions
with finite element simulations or fabricated outcomes,
helping students diagnose why models fail. Structured
“AT failure audits,” in which students analyze distorted or
defective prints, encourage critical thinking about model
assumptions and data quality.’>*

By requiring students to articulate why an AI-generated
optimization succeeds or fails, these activities reinforce

reflective  skepticism and self-regulation as core
engineering skills. Courses can also integrate AI-generated
manufacturability indices, requiring students to justify
whether such indices align with physical principles. This
emphasis on justification rather than acceptance reframes
Al as a support for engineering reasoning rather than a
substitute for it. This also helps students learn important
intuitive reasoning about engineering models, viewing
them not as design products or final artifacts in themselves
but rather as imperfect but useful representations of
reality that support human judgment and decision-
making. Assessment and grading frameworks should
evaluate not only student output, but also their reasoning
processes, including how they validated AI suggestions
and reconciled them with known manufacturability
constraints. Explicit evaluation of reasoning quality
discourages performative optimization and reinforces
accountability for manufacturability-aware decisions.

5. Community responsibilities

Because AI-AM systems couple inference and fabrication
in ways that amplify error, responsibility in this context is
not abstract or ethical alone, but also directly technical and
procedural. The research community is central to ensuring
that AI-AM integration advances engineering practice and
that concepts and workflows it develops eventually become
useful engineering tools with an ultimately positive social
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impact. Trustworthy integration requires shared standards,
transparent workflows, responsible data practices, and
realistic communication about model limitations.*” In our
view, there are five key ways that fellow design, Al, and
manufacturing researchers can positively contribute to this
development:
(i) Researchers must work to improve data quality,
quantity, accessibility, and traceability. Standardized
representations of toolpaths, thermal histories,
sensor signatures, and defect data are essential
for reproducible research. Shared ontologies and
benchmark datasets enable meaningful cross-machine
evaluation.
Hybrid modeling approaches that integrate
physical models with learned or formulated design
representations are crucial. Purely data-driven models
are rarely sufficient for AM due to non-linear process
physics, machine-specific behavior, and sensitivity to
initial conditions.

(iii) Interpretability and validation/verification
frameworks must be established. Al tools used for AM
must explain why they propose certain geometries or
process parameters and must quantify uncertainty in
ways compatible with engineering decision-making.
Validation should consider robustness, physical
plausibility, and sensitivity, not just prediction
accuracy.

(iv) Secure and reliable digital workflows are required.
Compromised training data, corrupted model files,
or manipulated design representations can produce
unsafe results. Secure pipelines, provenance tracking
systems, and verification tools are essential for a
trustworthy integration and proper physical and cyber
security.
Researchers must communicate realistic expectations.
The overstatement of AI capabilities encourages
inappropriate use, while the understatement
discourages =~ meaningful  innovation.  Clear
communication supports responsible adoption across
education and industry. It is important to recognize
that these efforts should ultimately serve broader
societal benefit.

(ii)

(v)

If these directions are adopted, we can define a
clear research agenda for AI-AM integration, one that
centers on physically grounded models, standardized
representations, secure workflows, and interpretable
methods capable of supporting reliable design decision-
making. These responsibilities emerge directly from the
coupled inference-fabrication framing in this perspective
and are therefore essential for ensuring that Al strengthens
rather than undermines manufacturability-aware design.

6. Call to action: Building a responsible
framework

The integration of Al and AM marks a pivotal transition
in design practice, not because either technology is
new, but because together they reshape how inference,
manufacturability, and physical realization interact. In
summary, this perspective argues that the primary challenge
is not whether Al can be applied to AM, but how inference
and fabrication are coupled, validated, and governed as
unified design systems. The central contribution of this
work is the framing of Al and AM as a coupled inference-
fabrication system, in which uncertainty, manufacturability
constraints, and human judgment are inseparable.*® The

needs surrounding this integration can be organized into a

four-pillar framework for responsible AI-AM integration:

(i) Transparency requires that models reveal their
assumptions, uncertainty, and decision pathways.

(ii) Traceability ensures that model lineage, design
histories, and data sources remain connected
throughout the entire workflow.

(iii) Physical grounding embeds AM process physics,
constraints, and invariants directly into the model
structure.

(iv) Education and readiness for the workforce ensure that
engineers and designers develop the judgment needed
to responsibly evaluate and guide Al behavior.

Reliable AI deployment requires workflows designed
for standardized data exchange, uncertainty propagation,
and cross-stage verification. AM workflows must evolve
from fragmented tool chains into integrated systems where
decisions and model versions can be traced, interrogated,
and validated. Engineering programs must prepare
students not only to operate Al tools, but also to critique
them, recognize and diagnose failure modes, and compare
algorithmic suggestions against physical reasoning. At
the research level, the community must advance hybrid
modeling approaches, develop rigorous validation and
interpretability frameworks, and establish cybersecurity
practices that protect increasingly digital AM ecosystems.
These responsibilities include creating benchmark datasets,
articulating model limitations, and developing open
standards that support trustworthy AI-AM integration.
From this perspective, several urgent research challenges
emerge that must be addressed to enable responsible and
reliable AI-AM systems, including:”*

(i) Formal representation and propagation of uncertainty
across coupled AI-AM workflows, rather than
reporting uncertainty at isolated stages.

Robust generalization of AI models across machines,
materials, and operating regimes, in the presence of
sparse and non-stationary AM data.

(ii)
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(iii) Verification and validation of Al-assisted design
decisions in workflows where inference directly
constrains fabrication outcomes.

(iv) Development of educational and institutional practices
that prevent uncritical AI adoption while preserving
human accountability for manufacturability-aware
decisions.

Acknowledgments

ChatGPT 5.1/5.2 (OpenAl) and Grammarly were used for
editorial work related to organization, readability, grammar,
and presentation clarity. These tools were not used to
generate technical content (including graphics), collect
references or data, or drive the arguments or conclusions
of this work. The authors have carefully reviewed and
assume full responsibility for the manuscript.

Funding

None.

Conflict of interest

Albert E. Patterson is one of the Guest Editors of this special
issue, but was not in any way involved in the editorial and
peer-review process conducted for this paper, directly or
indirectly. Separately, other authors declared that they
have no known competing financial interests or personal
relationships that could have influenced the work reported
in this paper.

Author contributions

Conceptualization: Charul Chadha, Eman Hammad,
Bhaskar Vajipeyajula, Albert E. Patterson

Methodology: Charul Chadha, Garth Crosby, Sabit
Ekin, Mohamed Gharib, Eman Hammad, Congrui
Jin, Ali Ahmad Malik, Calahan Mollan, Gaius C.
Nzebuka, Vijitashwa Pandey, Donggil Song, Bhaskar
Vajipeyajula, Albert E. Patterson

Project administration: Albert E. Patterson

Supervision: Albert E. Patterson

Visualization: Charul Chadha, Albert E. Patterson, Noemi
Mendoza Diaz, Jisoo Park, Monsuru Ramoni

Writing - original draft: Charul Chadha, Albert E.
Patterson, Congrui Jin, Ali Ahmad Malik, Gaius C.
Nzebuka

Writing - review & editing: All authors

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Availability of data

As this is a perspective article, no primary research results,
data, software, or code have been included.

References

1. National Aeronautics and Space Administration (NASA).
NASA Systems Engineering Handbook. United States: NASA;
2016. Available from: https://www.nasa.gov/reference/systems-
engineering-handbook [Last accessed on 2025 Nov 12].

2. Dekkers R, Chang CM, Kreutzfeldt J. The interface between
“product design and engineering” and manufacturing:
A review of the literature and empirical evidence. Int ] Prod
Econ. 2013;144(1):316-333.

doi: 10.1016/j.ijpe.2013.02.020

3. Wiberg A, Persson ], Olvander J. Design for additive
manufacturing - a review of available design methods and
software. Rapid Prototyp J. 2019;25(6):1080-1094.

doi: 10.1108/rpj-10-2018-0262

4. Gibson I, Rosen D, Stucker B, Khorasani M. Design for
Additive  Manufacturing. Berlin: Springer International
Publishing; 2020. p. 555-607.

doi: 10.1007/978-3-030-56127-7_19

5. De Pastre MA, Quinsat Y, Lartigue C. Effects of additive
manufacturing processes on part defects and properties:
A classification review. Int ] Interact Design Manuf.
2022;16(4):1471-1496.

doi: 10.1007/s12008-022-00839-8

6. Bhandarkar VV, Shahare HY, Mall AP, Tandon P. An
overview of traditional and advanced methods to detect part
defects in additive manufacturing processes. J Intell Manuf.
2024;36(7):4411-4446.

doi: 10.1007/s10845-024-02483-3
7.  Colosimo BM, Huang Q, Dasgupta T, Tsung F. Opportunities

and challenges of quality engineering for additive
manufacturing. J Qual Technol. 2018;50(3):233-252.

doi: 10.1080/00224065.2018.1487726

8. Patterson AE, Allison JT. Mapping and enforcement of
minimally restrictive manufacturability constraints in
mechanical design. ASME Open ] Eng. 2022;1:014502.

doi: 10.1115/1.4054170

9. Patterson AE, Chadha C, Jasiuk IM. Manufacturing
process-driven structured materials (MPDSMs): Design
and fabrication for extrusion-based additive manufacturing.
Rapid Prototyp J. 2021;28(4):716-731.

doi: 10.1108/rpj-04-2021-0072

10. Thompson MK, Moroni G, Vaneker T, et al. Design for additive
manufacturing: Trends, opportunities, considerations, and
constraints. CIRP Ann. 2016;65(2):737-760.

Volume 3 Issue 1 (2026)

doi: 10.36922/IJAMD025510054


https://dx.doi.org/10.36922/IJAMD025510054
http://dx.doi.org/10.1016/j.ijpe.2013.02.020
http://dx.doi.org/10.1108/rpj-10-2018-0262
http://dx.doi.org/10.1007/978-3-030-56127-7_19
http://dx.doi.org/10.1007/s12008-022-00839-8
http://dx.doi.org/10.1007/s10845-024-02483-3
http://dx.doi.org/10.1080/00224065.2018.1487726
http://dx.doi.org/10.1115/1.4054170
http://dx.doi.org/10.1108/rpj-04-2021-0072

International Journal of Al for
Materials and Design

AI-AM as a coupled design system

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

doi: 10.1016/j.cirp.2016.05.004

Bikas H, Stavropoulos P, Chryssolouris G. Additive
manufacturing methods and modelling approaches:
A critical review. Int ] Adv Manuf Technol. 2015;83(1-4):
389-405.

doi: 10.1007/s00170-015-7576-2

DebRoy T, Wei H, Zuback J, et al. Additive manufacturing
of metallic components - process, structure and properties.
Prog Mater Sci. 2018;92:112-224.

doi: 10.1016/j.pmatsci.2017.10.001

Meng L, McWilliams B, Jarosinski W, et al. Machine
learning in additive manufacturing: A review. ] Miner.
2020;72(6):2363-2377.

doi: 10.1007/s11837-020-04155-y

Mattera G, Chozaki SP, Norrish J. Advances in machine
learning for parameters optimisation and in-situ monitoring
of wire arc additive manufacturing. Weld World. 2025.

doi: 10.1007/540194-025-02200-5

Thoring K, Huettemann S, Mueller RM. The augmented
designer: A research agenda for generative Al-enabled
design. Proc Design Soc. 2023;3:3345-3354.

doi: 10.1017/pds.2023.335

Lu Y, Zhang C, Zhang I, Li TJJ. Bridging the Gap between
UX Practitioners’ Work Practices and AI-Enabled Design
Support Tools. In: CHI Conference on Human Factors in
Computing Systems Extended Abstracts, CHI 22, ACM; 2022.
p. 268.

doi: 10.1145/3491101.3519809

Guo T, Lohan DJ, Cang R, Ren MY, Allison JT. An Indirect
Design Representation for Topology Optimization using
Variational Autoencoder and Style Transfer. In: 2018 AIAA/
ASCE/AHS/ASC  Structures, Structural Dynamics, and
Materials Conference. American Institute of Aeronautics and
Astronautics; 2018. p. 0804.

doi: 10.2514/6.2018-0804

Lee YH, Bayat S, Allison JT, Hossain MS, Griffith TD.
Multidisciplinary modeling and control co-design of a
floating offshore vertical-axis wind turbine system. ] Mech
Des. 2025;147(6):061702.

doi: 10.1115/1.4068072

Chadha C, Crowe KA, Carmen CL, Patterson AE. Exploring
an AM-enabled combination-of-functions approach for
modular product design. Designs. 2018;2(4):37.

doi: 10.3390/designs2040037

Yang S, Zhao YE Additive manufacturing-enabled design
theory and methodology: A critical review. Int ] Adv Manuf
Technol. 2015;80(1-4):327-342.

doi: 10.1007/s00170-015-6994-5

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Hurkamp A, Ekanayaka V. A novel surrogate modelling
approach for additive manufacturing processes. Proc Appl
Math Mech. 2023;23(4):€202300294.

doi: 10.1002/pamm.202300294

Farrag A, Yang Y, Cao N, Won D, Jin Y. Physics-informed
machine learning for metal additive manufacturing. Prog
Addit Manuf. 2024;10(1):171-185.

doi: 10.1007/s40964-024-00612-1

Raissi M, Perdikaris P, Karniadakis G. Physics-informed
neural networks: A deep learning framework for solving
forward and inverse problems involving nonlinear partial
differential equations. ] Comput Phys. 2019;378:686-707.

doi: 10.1016/.jcp.2018.10.045

Wang Z, Yang W, Liu Q, et al. Data-driven modeling of
process, structure and property in additive manufacturing:
A review and future directions. J Manuf Processes.
2022;77:13-31.

doi: 10.1016/j.jmapro.2022.02.053.

Everton SK, Hirsch M, Stravroulakis P, Leach RK, Clare AT.
Review of in-situ process monitoring and in-situ metrology
for metal additive manufacturing. Mater Des. 2016;95:
431-445.

doi: 10.1016/j.matdes.2016.01.099

Grasso M, Colosimo BM. Process defects and in situ
monitoring methods in metal powder bed fusion: A review.
Meas Sci Technol. 2017;28(4):044005.

doi: 10.1088/1361-6501/aa5c4f

Liu C, Tang K, Qin Y, Lei Q. Bridging Distribution Shift and
AI Safety: Conceptual and Methodological Synergies. [arXiv
Preprint]; 2025.

doi: 10.48550/arxiv.2505.22829

Scime L, Beuth J. Anomaly detection and classification
in a laser powder bed additive manufacturing process
using a trained computer vision algorithm. Addit Manuf.
2018;19:114-126.

doi: 10.1016/j.addma.2017.11.009

Winter PM, Eder S, Weissenbock J, et al. Trusted Artificial
Intelligence: Towards Certification of Machine Learning
Applications. [arXiv Preprint]; 2021.

doi: 10.48550/arxiv.2103.16910

Siddharth S, Prince B, Harsh A, Ramachandran S. The
World of AI: A Novel Approach to Al Literacy for First-Year
Engineering Students. [arXiv Preprint]; 2025.

doi: 10.48550/arxiv.2506.08041

LEGO Education. Computer Science and Al Kit. LEGO
Education. Available from: https://education.lego.com/
en-us/lego-education-computer-science-and-ai/[Last
accessed on 2026 Jan 13].

Volume 3 Issue 1 (2026)

doi: 10.36922/IJAMD025510054


https://dx.doi.org/10.36922/IJAMD025510054
http://dx.doi.org/10.1016/j.cirp.2016.05.004
http://dx.doi.org/10.1007/s00170-015-7576-2
http://dx.doi.org/10.1016/j.pmatsci.2017.10.001
http://dx.doi.org/10.1007/s11837-020-04155-y
http://dx.doi.org/10.1007/s40194-025-02200-5
http://dx.doi.org/10.1017/pds.2023.335
http://dx.doi.org/10.1145/3491101.3519809
http://dx.doi.org/10.2514/6.2018-0804
http://dx.doi.org/10.1115/1.4068072
http://dx.doi.org/10.3390/designs2040037
http://dx.doi.org/10.1007/s00170-015-6994-5
http://dx.doi.org/10.1002/pamm.202300294
http://dx.doi.org/10.1007/s40964-024-00612-1
http://dx.doi.org/10.1016/j.jcp.2018.10.045
http://dx.doi.org/10.1016/j.jmapro.2022.02.053.
http://dx.doi.org/10.1016/j.matdes.2016.01.099
http://dx.doi.org/10.1088/1361-6501/aa5c4f
http://dx.doi.org/10.48550/arxiv.2505.22829
http://dx.doi.org/10.1016/j.addma.2017.11.009
http://dx.doi.org/10.48550/arxiv.2103.16910
http://dx.doi.org/10.48550/arxiv.2506.08041

International Journal of Al for
Materials and Design

AI-AM as a coupled design system

32. VEX Robotics. VEX AIM Coding Robot. VEX Robotics. 36.

Available from: https://www.vexrobotics.com [Last accessed
on 2026 Jan 13].

33. Gharib M, Jalomo JA, Tijerina G. Novel Testbench
and Controller for Teaching Python and Robotics in

Mechatronics Engineering Education. In: Proceedings of the 37.

2025 ASEE Annual Conference and Exposition; 2025.

34. Gharib M, Miranda MA. A Novel Curriculum for an
Engineering Degree in STEM Education and Teacher
Preparation. In: Proceedings of the 2024 ASEE Annual
Conference and Exposition; 2024.

35. Parasuraman R, Riley V. Humans and automation: Use, 38.

misuse, disuse, abuse. Hum Factors ] Hum Factors Ergon Soc.
1997;39(2):230-253.

doi: 10.1518/001872097778543886

Selwyn N. Should Robots Replace Teachers? Al and
the Future of Education. Polity Press; 2019. Available
from: https://www.wiley.com/en-gb/Should+Robots+
Replace+Teachers%3F%3A+Al+and+the+Future+of+
Education-p-9781509528967 [Last accessed on 2025 Nov 12].

Shahriari K, Shahriari M. IEEE Standard Review - Ethically
Aligned Design: A Vision for Prioritizing Human Wellbeing
with Artificial Intelligence and Autonomous Systems. In:
2017 IEEE Canada International Humanitarian Technology
Conference (IHTC). IEEE; 2017. p. 197-201.

doi: 10.1109/ihtc.2017.8058187

Tabassi E. Artificial Intelligence Risk Management Framework
(AI RMF 1.0). United States: National Institute of Standards
and Technology; 2023.

doi: 10.6028/nist.ai.100-1

Volume 3 Issue 1 (2026) 45

doi: 10.36922/IJAMD025510054


https://dx.doi.org/10.36922/IJAMD025510054
http://dx.doi.org/10.1518/001872097778543886
https://www.wiley.com/en-gb/Should+Robots+
Replace+Teachers%3F%3A+AI+and+the+Future+of+
Education-p-9781509528967
https://www.wiley.com/en-gb/Should+Robots+
Replace+Teachers%3F%3A+AI+and+the+Future+of+
Education-p-9781509528967
https://www.wiley.com/en-gb/Should+Robots+
Replace+Teachers%3F%3A+AI+and+the+Future+of+
Education-p-9781509528967
http://dx.doi.org/10.1109/ihtc.2017.8058187
http://dx.doi.org/10.6028/nist.ai.100-1

