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Abstract -

As digital fabrication systems in construction become
more sensorized and controllable, they expose growing op-
portunities for data-driven process understanding that re-
main largely underutilized. Consequently, additive manu-
facturing workflows continue to rely on expert intuition and
trial-and-error, which limits their industrial adoption in dy-
namic environments, such as construction sites. This pa-
per presents PFAB, an open-source Python-based framework
that enables predictive fabrication workflows by structuring
data, coordinating learning tasks, and guiding parameter
selection. PFAB formalizes fabrication as a data-driven pro-
cess that generates predictive models through active learning
methods and supports performance-based optimization of
process parameters. Its modular, schema-first design sepa-
rates framework-level orchestration from fabrication-specific
logic, allowing the same predictive workflow to be applied
across fabrication systems. The framework is demonstrated
through Learning-by—Printing, an exemplary implementa-
tion for extrusion-based additive manufacturing, and is com-
plemented by an executable reference implementation illus-
trating end-to-end usage.
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1 Introduction
1.1 Motivation

Additive Manufacturing (AM) for construction is
widely regarded as a promising technology to address
long-standing challenges in productivity and sustainabil-
ity. By connecting parametric design with automated fab-
rication and machine control, AM offers unprecedented
flexibility and enables the efficient fabrication of bespoke
components for reduced material use [1]. Yet despite rapid
growth in academic activity and high-visibility demon-
strators, AM has not realized this potential in practice [2].
Most systems continue to depend on expert intuition and it-
erative trial-and-error, resulting in a lack of first-time-right
manufacturing and limiting broader industrial adoption.
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A central difficulty emerges from the interaction of
multiple interdependent factors, including design param-
eters, material behavior, environmental conditions, and
machine settings. Small variations in any of these aspects
can produce disproportionately different results [3]]. This
coupling and variability make AM processes difficult to
model explicitly and challenging to control using tradi-
tional methods. As a result, there is a growing need for
approaches that can leverage the digital nature of AM not
only for automation, but also for acquiring, structuring,
and interpreting process data to enable more predictable
and robust fabrication [4].

1.2 A layered view on digital fabrication

Digital fabrication workflows can be understood as a
sequence of tightly connected layers. At the design layer,
geometric intent, structural considerations, and material
selection are defined using computational and parametric
tools. The fabrication layer translates this intent into a
task plan governed by process parameters and converts it
into machine-executable instructions for physical execu-
tion. These two layers form the basis of current practice
and are well supported by existing digital toolchains.

Modern digital fabrication systems increasingly oper-
ate as cyber-physical systems (CPS): sensors capture the
as-fabricated reality, data feedback is used to synchronize
fabrication tasks, monitor quality, and maintain stable op-
eration [S)]. However, the use of this data remains largely
reactive. Data is collected, inspected, or used for post-
process corrections, but rarely interpreted in a way that
reveals the underlying relationships between the design,
material, process, and environmental factors that shape
fabrication outcomes. As a result, current workflows still
lack a systematic mechanism for learning from data, and
the potential of cyber-physical systems remains underuti-
lized.

To fully exploit the data feedback provided by modern
CPS architectures, a predictive layer is proposed (Fig. [I).
The Predictive Fabrication (PFAB) framework introduces
this layer through a modular and generalizable architecture
that orchestrates the entire data-processing and learning
pipeline. PFAB models the general behavior of a fabri-
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Figure 1. Layered view of digital fabrication in con-
struction.

cation system to enable performance-driven optimization
of process parameters. The resulting prediction model
can be integrated into the fabrication layer for experiment-
specific refinement and into the design layer for outcome-
informed decision-making. This perspective provides the
conceptual foundation for the generic software framework
presented in this work.

2 Related Works

Recent work in digital fabrication highlights the strong
coupling between design geometry, material behavior and
process parameters, underscoring the need for structured
process descriptions [6]. Frameworks such as Fabrica-
tion Information Modeling (FIM) formalize the digital-
physical data flows required for cyber-physical operation
[S]. Building on this foundation, data-driven approaches
in AM have focused on feature extraction and learning
methods to interpret sensing data and enable predictive
modeling [4].

2.1 Data-driven additive manufacturing

Additive manufacturing processes build components
layer by layer through controlled material deposition, giv-
ing rise to sensor measurements that are inherently spa-
tially and temporally structured. Feature extraction forms
a foundational component of data-driven workflows, as
the performance of downstream learning processes is ul-
timately bounded by the quality and relevance of the ex-
tracted features. Wolfs et al. synthesized key quality in-
dicators across scales and emphasized the importance of
in-line and on-line measurement for achieving first-time-
right manufacturing [7]. Versteege et al. demonstrated
how knowledge-driven feature engineering can transform
high-dimensional sensor data into compact, physically
meaningful representations suitable for monitoring and
learning [18,(9].

Complementary efforts use machine learning across a
range of AM technologies to predict specific outcomes,
such as buildability constraints [10] or microcrack in-
vestigations for the optimization of material performance

[L1]. Physics-informed and hybrid modeling strategies
demonstrate how physical principles can be embedded
into learning models, as shown in co-driven approaches
that incorporate physical equations to improve rheological
prediction and parameter selection [12]. Zhao et al. high-
light the need for real-time monitoring to capture process
deviations in-situ, as demonstrated by transformer-based
detectors for in-process defect identification and analysis
[13].

2.1.1 ML-oriented frameworks in related domains

Other fields have recognized the need for modular learn-
ing workflows that structure data processing, model train-
ing and deployment. In computational design, AIXD
provides a low-code environment that integrates surro-
gate modeling and inverse design within an orchestrated
pipeline [14]]. General AutoML frameworks such as TPOT
and Auto-Sklearn 2.0 [15}[16]] further exemplify this prin-
ciple by automating feature preprocessing, model selec-
tion, and validation within standardized pipelines. These
frameworks demonstrate how modular architectures coor-
dinate data, models and decisions, lowering the barrier
to deploying data-driven techniques in complex learning
workflows.

2.2 Summary of related works

Existing research shows that robust feature extraction
remains fundamental, as predictive accuracy depends crit-
ically on the information derived from process measure-
ments. However, current sensing, prediction, and hybrid
modeling efforts address specific components of the fab-
rication process, leaving substantial potential in unifying
these contributions within a holistic framework. More re-
cently, studies have pointed to the need for real-time moni-
toring and adaptation during fabrication, where deviations
must be addressed as they emerge to enable first-time-right
manufacturing. At the same time, most approaches remain
tightly coupled to specific materials, machines, or sensing
setups, limiting their applicability across the diverse and
variable characteristics of digital fabrication methods.

3 PFAB Framework

PFAB is a generic software framework for predictive
fabrication that unifies data structuring, learning methods,
and optimization routines within digital fabrication work-
flows. This transforms fabrication experiments into a sys-
tematic learning process, supporting parameter calibration
and establishing the architecture for predictive closed-loop
control. The PFAB framework is released as open-source
software under the MIT license and cited as a versioned
research artifact [[17].

2009



3.1 Overview

General-purpose machine learning frameworks assume
the availability of static datasets and do not address a
defining characteristic of fabrication systems: the ability
to actively generate high-quality data through controlled
physical experiments. PFAB is built around this capa-
bility, emphasizing targeted experimentation to maximize
information acquisition while limiting resource expendi-
ture.

The PfabAgent initiates this process by orchestrating
the fabrication system through a structured data acquisi-
tion and evaluation workflow across an arbitrary number
of sensing modalities. The resulting dataset enables the
training of predictive models that support holistic, data-
driven optimization of process parameters for unseen ex-
perimental configurations. The framework is built upon
three architectural pillars:

* Modular system architecture: PFAB distinguishes
between a core layer that defines the data object struc-
ture, a logic layer hosting fabrication-specific and
internal processing, and an orchestration layer that
integrates these components into a unified workflow.

* Schema-first design: To manage heterogeneous
data, PFAB enforces a strict schema contract that
guarantees consistency and enables automated vali-
dation across all downstream learning tasks.

* Stateless agent: The logic and orchestration are en-
capsulated in a stateless agent that operates as a pure
function of the dataset, ensuring reproducibility and
allowing robust recovery from interruptions.

Building on this architecture, PFAB structures param-
eter selection across three calibration modes: a baseline
mode that proposes initial experiments through maximin
spacing, an exploration mode focused on systematic infor-
mation gain, and an inference mode that leverages trained
models for performance-driven parameter optimization.

3.2 System requirements

PFAB assumes a digitally controlled fabrication sys-
tem in which design intent, process parameters, and ma-
chine instructions are explicitly parameterized and pro-
grammable. Parameter configurations proposed by the
predictive layer must be executable without manual in-
tervention. The system must further provide sensor-
based feedback capturing as-fabricated process informa-
tion. This may include visual sensing, force or torque
measurements, energy consumption, acoustic signals, or
laser-based measurements. No specific sensing modality
is required, as PFAB operates on derived features rather
than raw signals.
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3.3 Predictive layer workflow

The PFAB workflow consists of a sequence of stages
that connect data structuring, user-defined logic, model
training, and parameter calibration. While these steps can
vary depending on the fabrication setup, their core struc-
ture follows a consistent pattern that integrates fabrication
logic with PFAB’s learning and calibration mechanisms.
The key stages are outlined below.

3.3.1 Problem formalization

PFAB follows a schema-first architecture inspired by
AIXD [14], in which all dimensions, parameters, features
and performance attributes are defined explicitly before
any data is collected. These data objects form a hierarchi-
cal structure: Dimensions describe the component struc-
ture, Parameters describe all inputs of the fabrication
system, Features represent processed sensory informa-
tion, and PerformanceAttributes score the extracted
features to evaluate experiment outcomes. DataBlocks
group these objects into coherent categories, and the re-
sulting Schema serves as a strict contract that governs
validation, storage and all downstream learning tasks.
Once the schema is defined, a Dataset instance acts as
a lightweight container that stores structured ExpData
objects, one per fabrication experiment, and automati-
cally manages their storage across local and external data
sources (Listing [I)).

# Definition of Dimensional Domain

diml = Dimension("layers", iterator="1_idx")
dim2 = Dimension("segments", iterator="s_idx")
di1 = Domain("spatial", [diml, dim2])

# Definition of Data Objects

pl Parameter.real("speed", max_val=80.0)

f1 Feature.array("filament_width", domain=d1)
al = PerformanceAttribute.score("print_quality")

# Create Data Blocks

params = Parameters([p1])

domains = Domains([d1])

feats = Features([f1])

attrs = PerformanceAttributes([al])

# Define Schema and initialize Dataset objects
schema = Schema('"name", params, domains, feats, attrs)
dataset = Dataset(schema, local_folder="local/")

Listing 1. Initialization of schema and dataset.
Fabrication-specific logic is introduced by defining how
raw sensor measurements are transformed into structured
features and how these features are scored against task-
specific target values to evaluate fabrication outcomes.
Since the appropriate learning algorithm depends on the
structure of the data, PFAB allows users to configure an
appropriate prediction model. Once these components are
specified and validated against the schema, the PfabAgent
initializes the systems that orchestrate all subsequent eval-
uation, learning, and parameter calibration steps (List-

ing[2).
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Figure 2. Illustration of the fabrication—learning loop with respect to the design, fabrication and prediction layers.

# Initialize PfabAgent
agent = PfabAgent ()

# Import and register user-defined models
import FeatModel, EvalModel, PredModel
agent.register_model (FeatModel)
agent.register_model (EvalModel)
agent.register_model (PredModel)

# Initialize agentic systems and validate against schema
agent.initialize_systems(schema)

Listing 2. Agent initialization and user-defined
model integration.

3.3.2 Calibration modes

PFAB structures parameter proposal across three named
calibration modes that differ only in their objective func-
tion, all executed through a single optimization en-
gine, the CalibrationSystem. This allows the frame-
work to guide fabrication from the first experiment until
production-ready deployment within a unified interface.

Mode Prediction model — Objective

Baseline - Maximin spacing
Exploration  Surrogate Information-driven
Inference Trained Performance-driven

Table 1. Modes of the CalibrationSystem.

Baseline mode. Before active model development
can start, PFAB generates an initial dataset using the
PfabAgent.baseline_step, which proposes experi-
ment configurations by maximizing spacing within the
defined parameter bounds, requiring no predictive model.
The fabricated experiments form an initial schema-based
Dataset that enables subsequent calibration steps to op-
erate on empirical observations rather than priors.

Exploration mode. The structured dataset is inter-
faced with the DataModule, which handles normaliza-
tion, batching, and dataset splitting according to the

schema and user inputs, ensuring consistent preprocess-
ing across all learning steps. In the exploration mode,
the user invokes PfabAgent .exploration_step on the
current datamodule, and PFAB proposes the most in-
formative next parameter configuration within the de-
fined bounds. The proposed experiment is fabricated and
added to the dataset, incrementally improving data cover-
age and predictive fidelity. This closes the fabrication—
learning loop illustrated in Fig. 2] yielding a progres-
sively enriched dataset promoting predictive generaliza-
tion. The prediction model is periodically trained and
validated on the growing dataset using the datamodule via
PfabAgent.train_step. Once sufficient data coverage
and validation accuracy are achieved, the predictive layer
is considered production-ready.

Inference mode. The trained prediction model is
queried through PfabAgent.inference_step to map
a given design intent, expressed through its parametric
representation, to an optimized set of process parameters
for fabrication. Unlike exploration, inference is guided
by a performance-driven optimization objective rather
than information acquisition. The objective is defined
through weighted performance attributes, which encode
task-specific trade-offs and are passed directly to the infer-
ence step, preserving the stateless nature of the agent while
allowing objectives to be adjusted without corrupting the
workflow.

3.4 Executable Reference Implementation

An executable reference repository is provided as the
primary entry point to the framework. It instanti-
ates the required fabrication-specific interfaces and exe-
cutes the full agentic workflow using synthetic data, en-
abling end-to-end execution without hardware or sens-
ing dependencies. The repository is publicly avail-
able at https://github.com/luca-bettermann/
pred-fab-mock/tree/release/isarc-2026|
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Figure 3. Schematic illustration of the modular PfabAgent system architecture.

3.5 Cross-layer integration

The predictive layer described in Sec[3.3]is self-contained
and constitutes the methodological scope of this paper.
However, as indicated in Fig. |1} the PFAB architecture is
explicitly designed to leverage the predictive capabilities in
preceding layers of the digital fabrication pipeline. These
integrations reuse the foundational data structures and
agent abstractions described in this section, and are briefly
discussed to clarify the architectural intent of PFAB.

Fabrication-time adaptation. In principle, predictive
models trained within the PFAB workflow can be fine-
tuned and queried incrementally during fabrication as new
as-fabricated data becomes available. By operating on
explicit dimensions (e.g., printing layers), such integra-
tion would enable localized parameter recalibration and
predictive closed-loop control. While architecturally sup-
ported, the methodology of fabrication-time adaptation is
not detailed in this paper.

Design-time prediction. Similarly, trained prediction
and evaluation models can be integrated in the design
layer to estimate expected features and performance with-
out physical execution. This enables outcome-informed
design decisions, but remains outside the scope of this
work.

4 Methods

The PFAB architecture is separated into framework-level
orchestration and user-defined fabrication logic, as illus-
trated by Fig.[3] The PfabAgent serves as the single entry
point and coordinates exploration, training and inference
by delegating execution to specialized orchestration sys-
tems. These systems automatically manage any number
of feature, evaluation and prediction components while
keeping the core workflow unchanged.

Fabrication-specific logic is integrated through the
highlighted abstract interfaces. Feature extraction is
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implemented via the IFeatureModel, which trans-
forms raw sensor data into structured features. The
IEvaluationModel maps these features to normalized
performance attributes. Predictive models defined through
the IPredictionModel contract are trained on the result-
ing dataset and queried during calibration. Together, these
interfaces define the low-level extension points of PFAB,
enabling fabrication-specific implementations while pre-
serving a fixed orchestration flow.

4.1 Dimensional Domains

In digital fabrication, scalar process parameters are defined
per experiment, whereas sensor-derived features are inher-
ently dimensional, measured at specific positions within
the fabrication structure (e.g., per layer, per path segment,
or per structural node). PFAB formalizes this through the
concept of a Domain: a named, ordered iteration space
composed of Dimension objects, each representing one
structural axis of the fabrication system (Listing [T)). Fea-
tures declare the domain they belong to, clearly defining
their dimensional structure. The schema enforces that all
user-defined models contain a coherent domain declara-
tion, validated at system initialization (Listing [2). This
explicit structure makes the agent’s systems directly tai-
lored to the structural element being fabricated, and forms
the architectural basis for fabrication-time adaptation and
predictive closed-loop control.

4.2 Calibration strategy

PFAB treats parameter selection as a constrained numer-
ical optimization problem executed by a single solver or-
chestrated by the CalibrationSystem. In both the ex-
ploration and inference modes, the system calibrates pro-
cess parameters by solving the same optimization problem,
differing only in the objective function being optimized.

Calibration objectives are expressed through the scalar
system performance S(-) that aggregates multiple task-
specific performance attributes into a single normalized
score. Each attribute is assumed to be normalized to [0, 1]



and assigned a user-defined weight w; reflecting its relative
importance. The system performance is computed as

S(a) = Zz“’w

where a denotes the vector of performance attributes.
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4.2.1 Active learning objective

During dataset generation, calibration is driven by an ac-
tive learning approach that reduces epistemic uncertainty
while maintaining alignment with the user-defined sys-
tem performance. PFAB employs a lightweight Gaussian
Process-based surrogate model GPSurrogateModel that
maps input parameters directly to expected performance
attributes, while providing the required uncertainty esti-
mates. The acquisition function follows an Upper Confi-
dence Bound (UCB) formulation [[18]]:

ax) = (1 - k) S(pu(x)) +r£S(e(x)), )

where p(x) and o(x) denote the predicted mean and
uncertainty, respectively, and K € [0, 1] controls the
exploration—exploitation balance within the exploration
mode. The aggregation function S(-) is applied consis-
tently to both quantities to prioritize information gain in
regions relevant to the task objective.

4.2.2 Performance-driven objective

In the inference mode, calibration switches from the surro-
gate model to the full prediction pipeline to prioritize ac-
curacy over uncertainty. The PredictionSystem maps
input parameters x to predicted physical features y, which
are scored by the EvaluationSystemand aggregated into
a scalar system performance:

J(x)=S(E(fo(x))),

where fy denotes the prediction model and E(-) the eval-
uation mapping.
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5 Case Study: Learning—by-Printing

While PFAB is designed as a fabrication-agnostic predic-
tive framework, this paper grounds its concepts through
an instantiation in extrusion-based additive manufactur-
ing. In this context, predictive fabrication manifests as
Learning—by—Printing (LbP), in which fabrication out-
comes are evaluated and used to calibrate process parame-
ters such as nozzle speed and layer height. PFAB provides
the structured data representation, learning pipeline, and
calibration logic required to implement the fabrication—
learning loop (Fig.[2).

5.1 Proof of Concept

The feasibility of Learning—by—Printing was demonstrated
in a prior study on data-driven parameter calibration for
extrusion-based 3D printing in construction [19]. That
work aimed to validate whether a physical printing system
can autonomously improve fabrication quality with respect
to a defined objective using sensor data and predictive
models.

Figure 4. Extrusion-based clay 3D printing setup
used in the Learning—by—Printing proof of concept

[19].

The study executed the fabrication—learning loop in infer-
ence mode. A prediction model was trained from struc-
tured fabrication data and subsequently used to calibrate
process parameters for future prints. Repeated fabrica-
tion trials demonstrated measurable improvements in geo-
metric accuracy and structural consistency, validating the
practical effectiveness of embedding predictive models di-
rectly into the fabrication workflow.

The Learning—by—Printing study is implemented using
PFAB’s schema-first formulation. Table [2| summarizes
the parameters, features, and performance attributes used
in the case study.

Table 2. Schema instantiation in the Learning—by—
Printing case study [19].

Parameters  Features Performance Attrs.
layer time node overlap Prode

layer height  filament width  priiament

path offset  print time DPprocess

Fabrication logic was implemented by extracting geomet-
ric features from computer vision-based models and evalu-
ating them against task-specific target values derived from
the intended print geometry. These steps directly realize
PFAB’s IFeatureModel and IEvaluationModel inter-
faces, while the IPredictionModel was instantiated us-
ing Gaussian Process Regression.

The calibration objective is formulated as the weighted
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system performance,

S(a) _ W1 * Prode T W2 * Pfilament T W3 * Pprocess
w1 + wg + w3

)

“)
with weights wy = 3.0, wa = 2.0, and ws = 1.25 reflecting
the relative importance of the performance terms. Opti-
mizing this objective enabled automatic parameter cali-
bration toward improved fabrication quality without any
manual intervention.

6 Discussion and Conclusion

Prior research in data-driven digital fabrication has estab-
lished sensing, feature extraction, prediction, and monitor-
ing as key enablers for improving process reliability. How-
ever, these contributions typically address isolated aspects
of the fabrication pipeline and remain tightly coupled to
specific machines, materials, or experimental setups. This
fragmentation limits their applicability to first-time-right
manufacturing beyond the predefined setting of individ-
ual studies. Robust digital fabrication therefore requires
jointly addressing process complexity and sensitivity to
local, context-dependent disturbances in a generalizable
manner.

PFAB contributes a unifying software framework that for-
malizes predictive fabrication as a structured, end-to-end
process linking data acquisition, learning, and parame-
ter calibration. By enforcing consistent data structures
and modular interfaces, PFAB enables the development of
predictive models that capture general fabrication behav-
ior across experiments. The presented proof of concept
in extrusion-based additive manufacturing demonstrates
that such models, when embedded directly into the fab-
rication workflow, can guide parameter calibration and
measurably improve fabrication outcomes without man-
ual intervention.

At a conceptual level, PFAB addresses fabrication com-
plexity by modeling the interactions between design, ma-
terial, process, and environment in a data-driven manner.
While this paper focuses on the predictive layer and its cal-
ibration workflow, the framework’s architecture is explic-
itly designed to support fabrication-time adaptation as well
as design-time prediction. Predictive closed-loop control
targets local, non-generalizable sensitivities during execu-
tion, while an outcome-informed design stage promotes
desirable fabrication outputs. In this way, PFAB provides
a foundation for systematically addressing both complex-
ity and sensitivity across the layers of digital fabrication
systems.

The framework is presented as a conceptual and architec-
tural contribution referencing an initial proof of concept;
extensive empirical validation will be reported in upcom-
ing publications. In practice, predictive performance re-
mains bounded by the quality of feature extraction and
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evaluation criteria, which cannot be fully standardized and
must remain customized to the fabrication context. Ex-
tending the predictive layer to fabrication-time adaptation
introduces constraints on sensing latency and computa-
tional cost, which scale with the complexity of the predic-
tion model’s forward pass. These challenges are intrinsic
to digital fabrication and reinforce the need for a system-
level framework that makes such dependencies explicit
and manageable. By standardizing how data, models, and
fabrication systems interact, PFAB promotes modularity,
transferability, and reproducibility across fabrication con-
texts. We argue that such data-driven frameworks form a
necessary foundation for advancing digital fabrication to-
ward reliable, first-time-right manufacturing in construc-
tion.
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