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Abstract

Configuring the parameters of additive manufacturing pro-
cesses for metal alloys is a challenging problem due to
complex relationships between input parameters (e.g., laser
power, scan speed) and quality of printed outputs. The stan-
dard trial-and-error approach to find feasible parameter con-
figurations is highly inefficient because validating each con-
figuration is expensive in terms of resources (physical and
human labor) and the configuration space is very large. This
paper combines the general principles of Al-driven adaptive
experimental design with domain knowledge to address the
challenging problem of discovering feasible configurations.
The key idea is to build a surrogate model from past ex-
periments to intelligently select a small batch of input con-
figurations for validation in each iteration. To demonstrate
the effectiveness of this methodology, we deploy it for Di-
rected Energy Deposition process to print GRCop-42, a high-
performance copper—chromium—niobium alloy developed by
NASA for aerospace applications. Within three months, our
approach yielded multiple defect-free outputs across a range
of laser powers—dramatically reducing time-to-result and re-
source expenditure compared to several months of manual ex-
perimentation by domain scientists with no success. By en-
abling high-quality GRCop-42 fabrication on readily avail-
able infrared laser platforms for the first time, we democratize
access to this critical alloy, paving the way for cost-effective,
decentralized production for aerospace applications.

1 Introduction

Additive manufacturing (AM) also known as 3D printing, is
an important technology that offers cost-effective, sustain-
able, and highly customizable solutions. There are three key
benefits of AM. First, the ability to create highly complex
and customized parts by minimizing material waste and pro-
duction cost (Bandyopadhyay and Traxel 2018; Jung et al.
2023; Landi et al. 2022). AM builds components layer by
layer based on digital models, using only necessary ma-
terial. Second, AM provides flexibility and speed as de-
sign changes can be made quickly to enable fast prototyp-
ing and product development cycles (Jung et al. 2023; Bri-
ard, Segonds, and Zamariola 2020). Third, AM reduces in-
ventory needs and supply chain complexity because it en-
ables on-demand manufacturing and localized production
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(Jung et al. 2023; Briard, Segonds, and Zamariola 2020;
Doubrovski, Verlinden, and Geraedts 2011).

Despite these major benefits, AM for metal alloys (a com-
bination of two or more metallic elements) presents signif-
icant challenges (Tofail et al. 2018; Bandyopadhyay et al.
2022; Bandyopadhyay, Zhang, and Onuike 2022). Due to
the complex unknown relationships between material, pro-
cess parameters, and quality of printed outputs, it takes a
significant amount of time and resources to identify feasi-
ble process parameters, i.e., input parameters that allow us
to successfully print high-quality outputs (Bandyopadhyay
and Traxel 2018; Guo et al. 2019). Directed Energy Deposi-
tion (DED) is a popular AM process for metal alloys where
process parameter configuration is extremely challenging
(Svetlizky et al. 2021). Achieving consistent microstructure
and mechanical properties across the build is a significant
metallurgical challenge due to rapid solidification and re-
peated thermal cycling (Bandyopadhyay and Traxel 2018;
Chepiga et al. 2023). For example, using improper values
for parameters such as laser power, scanning speed, and ma-
terial feed rate can lead to excessive heat input, resulting in
low-quality outputs. Similarly, increasing laser power may
require adjustments in scanning speed and feed rate to main-
tain a stable melt pool and prevent defects (Bandyopadhyay
and Traxel 2018; Liu et al. 2025; Chepiga et al. 2023).

The standard trial-and-error approach to uncover feasi-
ble process parameters for a given metal alloy is extremely
slow which takes several months, and is extremely expen-
sive in terms of both physical resources (cost of materials
and equipment for printing) and human labor (to conduct
quality analysis of printed outputs for microstructure and
mechanical properties) due to the large space of parame-
ter configurations, e.g, ~ over 100 million in DED process
(Bandyopadhyay and Traxel 2018; Liu et al. 2025; Tofail
et al. 2018; Bandyopadhyay et al. 2022). The main research,
development, and deployment question of this paper is: Can
we use Al methods to discover feasible process parameters
for a given metal alloy in a resource-efficient manner?

This paper develops a Bayesian Experimental design
for AM (aka BEAM) approach and demonstrates its ef-
fectiveness to print GRCop-42, a high-performance cop-
per—chromium—niobium alloy developed by NASA for
extreme-temperature aerospace applications (Bandyopad-
hyay and Traxel 2018; Clare et al. 2022). BEAM is inspired



Figure 1: Ilustration of FormAlloy Directed energy deposition (DED)-based metal additive manufacturing (AM) system used
for our deployment: (A) Build chamber showing the deposition head, powder feeding, and build plate; (B) Two powder feeders.

by work on active search (Jiang et al. 2018) and integrates
domain knowledge for improved effectiveness. The key idea
is to build a probabilistic surrogate model from past exper-
iments — pairs of process parameter configuration (input)
and binary output indicating the success/failure of the ex-
periment including printing and quality analysis (output) —
and use it to intelligently select a batch of process parameter
configurations to try in each iteration. Unlike the trial-and-
error approach, this is an active approach within a closed
feedback loop that iterates between the following steps: (a)
conducting a batch of experiments using selected parameter
configurations , (b) updating our belief about the parameter-
feasibility relationship, and (c) selecting the parameter con-
figurations for the next batch of experiments.

We deployed BEAM in a real-world laboratory with the
DED-based AM process to print GRCop-42 (Bandyopad-
hyay and Traxel 2018). GRCop-42 offers a unique combina-
tion of properties, including high temperature strength, good
oxidation resistance, and exceptional resistance to thermal
fatigue, making it particularly suitable for use in high-heat
flux applications such as rocket engine components (Clare
et al. 2022). Whether GRCop-42 can be successfully printed
at lower laser power levels below 1000W or not is a big open
problem. Within three months, our BEAM approach yielded
multiple defect-free outputs across a range of laser pow-
ers—significantly reducing time-to-result and resource ex-
penditure compared to several months of manual experimen-
tation by our collaborators with no success (Chepiga et al.
2023). By enabling high-quality GRCop-42 fabrication on
readily available infrared laser platforms for the first-time,
we democratize access to this critical alloy, paving the way
for cost-effective, decentralized production of rocket engine
chambers, heat exchangers, and other high-heat-flux compo-
nents (Bandyopadhyay and Traxel 2018; Sheikh et al. 2024;
Tofail et al. 2018). Our BEAM approach can be employed to
configure AM processes for other metal alloys, and the in-
sights from our deployment can be used to further improve
the effectiveness of BEAM for future use-cases (Chiappetta
et al. 2024, 2023; Deneault et al. 2025).
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Contributions. The key contribution of this paper is the de-
velopment, deployment, and evaluation of the BEAM ap-
proach to efficiently configure the parameters of AM pro-
cesses for metal alloys. Specific contributions include:

» Formulating the discovery of feasible parameter configu-
rations as an adaptive experimental design problem.

Development of the BEAM approach inspired by active
search work and incorporating domain knowledge to se-
lect a batch of parameter configurations in each iteration.

Deployment and evaluation of BEAM to configure the
DED process to print GRCop-42 at lower laser power on
readily available infrared laser platforms for the first-time
to enable democratization to the masses.

2 Background and Challenges

In this section, we provide the background on the Directed
Energy Deposition process, general challenges for printing
metal alloys, and specific challenges for printing GRCop-42,
which is the focus of our deployment efforts.

2.1 AM Process: Directed Energy Deposition

Directed Energy Deposition (DED) is a typical AM process
for metal alloys that uses focused thermal energy, typically
from a high-powered laser, to fuse materials by melting them
as they are deposited (Bandyopadhyay and Heer 2018; De-
bRoy et al. 2018). DED involves feeding metal in the form of
powder or wire directly into the path of the energy source.
As the material is simultaneously fed and melted, it bonds
layer by layer to form components of the part being built.
The DED process is typically carried out using multi-axis
machines, which allow for complex geometries.

Fig. 1 illustrates the DED system employed in our de-
ployment and experimental evaluation. Our system, a 5-axis
powder-fed laser deposition setup, operates with a 1000W
fiber laser and dual powder hoppers for co-deposition. The
process is conducted in an inert argon environment with oxy-
gen levels typically below 20 ppm. The system provides con-
trol over four critical processing parameters: laser power,



scan speed, powder feed rate, and carrier gas flow rate.
The powders used—Inconel 718 and GRCop-42—were pur-
chased from Carpenter Additive (Feltner et al. 2025), with
particle sizes in the 15-53 um range. Build plates were made
from 316L stainless steel (100 mm x 150 mm x 2.5 mm),
sourced from OnlineMetals.com.

2.2 General Challenges of Printing Metal Alloys

Bimetallic structures, which exploit the distinct material
properties of two alloys, have significant applications in
aerospace (Padture, Gell, and Jordan 2002; Onuike, Heer,
and Bandyopadhyay 2018), automotive (Karamis et al.
2012), and biomedical industries (Balla et al. 2010). Con-
ventionally, such structures are fabricated using multi-step
joining techniques such as electron beam welding, laser
welding (Chen, Pinkerton, and Li 2011), brazing (Feng,
Songbai, and Wei 2012), friction stir welding (Fazel-
Najafabadi, Kashani-Bozorg, and Zarei-Hanzaki 2010), and
diffusion bonding (Elrefaecy and Tillmann 2009). These
methods suffer from high processing costs, long lead times,
large heat-affected zones, and defects such as porosity and
weak interfaces (Bandyopadhyay and Heer 2018; DebRoy
et al. 2018). DED-based AM offers a more flexible and rapid
route to fabricating such structures (DebRoy et al. 2018;
Khairallah et al. 2020), but brings its own set of challenges.

Specifically, the trial-and-error approach for identifying
suitable AM process parameters is both time-consuming
and cost-intensive. For example, Inconel 718 costs ap-
proximately $200/kg, while GRCop-42 costs approximately
$300/kg (Gradl et al. 2019). Each run on the DED
system (including operation, setup, and post-processing)
ranges from $500-$1000, and post-print quality analy-
sis—including scanning electron microscopy, X-ray diffrac-
tion, and mechanical testing—can take 1-4 weeks and add
another $500 per sample (Onuike, Heer, and Bandyopad-
hyay 2018). Thus, the overall cost of experimental explo-
ration of the process parameter space can easily exceed
$100,000 and can take significant time, ranging from sev-
eral months for process optimization of novel alloys.

2.3 Specific Challenges of Printing GRCop-42

GRCop-42 is a high-performance copper alloy originally de-
veloped by NASA for regeneratively cooled rocket engine
combustion chambers (Gradl et al. 2019). Its key advantages
include high thermal conductivity, creep resistance, and ad-
equate strength at elevated temperatures (Ellis, Keller, and
Nathal 2000). However, it poses serious challenges for laser-
based metal AM processes such as DED:

* Low power absorptivity: Copper reflects most of the
infrared spectrum used in typical fiber lasers, making en-
ergy absorption inefficient (Auwal et al. 2018).

High thermal conductivity: The rapid heat dissipation
prevents localized melting—critical for stable layer-by-
layer deposition (Freudenberger and Warlimont 2018).

Uncharted process parameters space: There is no
well-established process window for GRCop-42 using
sub-900W lasers in a DED setup (Gradl et al. 2019).
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* High cost of trial-and-error: Each process parameter
configuration tested in the lab incurs high material, time,
and labor costs, which quickly become unsustainable
(Onuike, Heer, and Bandyopadhyay 2018).

The specific goal for our deployment and experimental
evaluation was to determine whether GRCop-42 could be
printed successfully at laser powers below 900W, ideally in
the 500-700W range, using our 1000W laser-DED system.
This would significantly reduce energy requirements and
open the door to printing with more accessible, lower-power
AM systems, i.e., democratization of printing GRCop-42.

3 Problem Formulation

We are given an additive manufacturing system (e.g., DED)
with d process parameters (e.g., laser power, scan speed,
powder feed rate, carrier gas flow rate for DED). Our goal
is to discover feasible process parameter configurations to
successfully print a given metal alloy (e.g., GRCop-42) by
conducting expensive real-world experiments in a physical
lab. Each experiment corresponds to evaluating the feasi-
bility of a candidate process parameter configuration (i.e.,
specific values to parameters) and consists of printing which
involves physical resources such as materials/equipment and
human labor to perform quality analysis of the printed output
to evaluate its microstructure/mechanical properties. Brute-
force (trying all possible parameter configurations) and stan-
dard trial-and-error approaches are expensive, inefficient,
and/or impractical due to two reasons: large space of param-
eter configurations (e.g., = over 100 Million in DED) and
experimenting with each candidate configuration is expen-
sive in terms of the cost of resources. Our goal is to accel-
erate the discovery of feasible parameter configurations by
using Al to guide the selection of the sequence of parameter
configurations for experimental validation. The specific de-
ployment goal is to identify a diverse set of feasible process
parameters that enable successful printing of GRCop-42 us-
ing a DED system at low laser power levels (500-700W).

Formally, Let X C R¢ denote the d—dimensional pa-
rameter space of controllable AM process variables, and let
f:+ X — {0,1} represent the unknown feasibility function,
where f(x) = 1 indicates a successful print configuration
and f(x) = 0 represents failure. Given a limited experimen-
tal budget T', our objective is to discover as many feasible
process parameter configurations as possible:

> )
XES

Our formulation shifts the problem away from optimiza-
tion (i.e., finding maxima/minima) toward one of experi-
mental design and feasibility discovery in a large, sparsely
populated space. Specifically, only a small fraction of the pa-
rameter space results in successful prints, making the prob-
lem more analogous to discovering valid regions in a highly
imbalanced setting (number of feasible configurations <
number of failed configurations).

4 Related Work

Bayesian Optimization (BO) is an instantiation of adaptive
experimental design that has emerged as a dominant frame-

max
SCX,|S|<T
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work for optimizing expensive black-box functions (Shahri-
ari et al. 2016; Snoek, Larochelle, and Adams 2012; Desh-
wal et al. 2023, 2022; Deshwal and Doppa 2021; Desh-
wal, Belakaria, and Doppa 2021b,a; Belakaria, Deshwal,
and Doppa 2019; Belakaria et al. 2020) and has seen suc-
cesses in diverse applications including hyperparameter tun-
ing, robotics, and materials design (Lookman et al. 2019;
Deshwal, Simon, and Doppa 2021; Gantzler et al. 2023). BO
employs a probabilistic surrogate to model the true objective
function and an acquisition strategy to guide evaluation to-
wards promising regions of the input space for the optimiza-
tion goal (Frazier 2018).

In the context of additive manufacturing, BO has been
successfully applied to optimize design parameters that
maximize part quality, mechanical strength, or minimize
porosity (Zhang et al. 2020). These methods focus on opti-
mizing performance metrics by efficiently exploring the de-
sign space with as few experiments as possible.

However, our problem fundamentally differs from this
optimization setting. First, our goal is not to find an opti-
mal configuration, but rather to identify a broad set of fea-
sible configurations to successfully print using a novel al-
loy (GRCop-42). This shifts the formulation from optimiza-
tion to discovery, i.e., identifying feasible regions within
a high-dimensional and largely infeasible parameter space
(Toscano-Palmerin and Frazier 2018; Zhao et al. 2021). Sec-
ond, BO assumes that the objective function is continuous
and that good solutions are clustered near optima. In con-
trast, the feasible parameter space in our problem is highly
sparse and discontinuous, with very few “successful” out-
comes amid a vast number of failed configurations.

Our use-inspired challenge is more aligned with a clas-
sification problem under severe class imbalance, where suc-
cessful prints (positive class) are rare and randomly scattered
across the input space. This formulation demands alterna-
tive strategies such as active learning for imbalanced data
and exploration-aware discovery methods (Zhao et al. 2021;
Settles 2009), rather than global optimization. Prior work on
active search (Jiang et al. 2018) directly addresses our prob-
lem formulation. We integrate domain knowledge into active
search to improve its effectiveness for our AM application.

5 Al-Guided Experimental Design to
Discover Feasible Parameters

In this section, we describe the Bayesian Experimental de-
sign for AM (aka BEAM) approach by building on the gen-
eral principle of adaptive experimental design. We first pro-
vide a high-level overview of BEAM and then explain the
key elements that drive the adaptive experimental strategy.

5.1 Overview of BEAM Approach

BEAM approach for discovering feasible configurations re-
lies on the principles behind adaptive experimental design
and is inspired by active search (Jiang et al. 2018). Un-
like the trial-and-error approach, this is an active approach
within a closed feedback loop that iterates between the fol-
lowing steps: (a) conducting a batch of experiments using
selected parameter configurations, (b) updating our belief

39942

Acquisition Strategy

Xnext = arg Tea}?( AF (M, x)

Probabilistic Model M

Xnext Process
parameter

f (Xnext) Success/failure

Printing

-

Figure 2: High-level overview of Al-guided BEAM ap-
proach to select one parameter configuration for experimen-
tal validation in each iteration (batch size B=1). Experiment
corresponds to printing using the selected configuration fol-
lowed by quality analysis to determine its success or failure.

Quality Analysjs

about the parameter-feasibility relationship, and (c) select-
ing the parameter configurations for the next batch of ex-
periments. The key idea is to build a probabilistic surrogate
model from past experiments — pairs of process parameter
configuration (input) and binary output indicating the suc-
cess/failure of the experiment including printing and quality
analysis (output) — and use it to intelligently select a batch
of process parameter configurations to try in each iteration.

The overall closed feedback loop of experimental work-
flow for BEAM consists of the following key steps.

1. Initialization: A small number of diverse parameter con-
figurations validated using experiments. This can be done
using Latin hypercube sampling when there is no prior
knowledge or can be selected using expert intuition and
physical constraints. In our deployment, we employed
the data from all the failed experiments by our AM col-

laborators, which was the starting point for this project.
Surrogate modeling: A probabilistic machine learning

model is trained on the labeled data collected so far, to
capture our current belief about the relationship between

Algorithm 1: AI-Guided Discovery Framework (BEAM)
1:

Input: Process parameter space X, experimental budget
T, batch size B
Initialize: Dy < Initial set of diverse parameter config-
urations with observed success/failure outcomes
fort =1to T do

Train surrogate model on D;_q

Estimate P(f(x) = 1) forallx € X' \ Dy_;

Select batch of configurations {xgl), e ,XEB)} us-
ing acquisition strategy to maximize the overall utility
for all x € {xgl), .. ,XEB)} do
Run experiment and observe f(x) € {0,1}
Aggregate dataset: D; + D;—1 U {(x, f(x))}
end for
end for
Output: Feasible configurations {x € Dy | f(x) = 1}

> kW

11:
12:




process parameters and feasibility. Importantly, this sur-
rogate model can provide both its prediction and uncer-
tainty for unknown (i.e., not evaluated yet) configurations
which are used to select configurations for validation.

. Intelligent selection of a batch of configurations: The
acquisition strategy identifies the most promising param-
eter configurations for the next batch of B > 1 experi-
ments, considering uncertainty, coverage, and feasibility.

Experimental validation: The selected configurations
are validated by conducting experiments with a real AM
system, and the observed outcomes (success/failure) are
incorporated into the aggregated training set.

This closed feedback loop repeats until the experimental
budget T is exhausted. By using Al to guide experimental
trials than trial-and-error or brute-force search, our BEAM
approach significantly improves the resource-efficiency to
discover feasible parameter configurations. Algorithm 1 pro-
vides a high-level pseudo-code of BEAM.

5.2 Key Elements of BEAM

To efficiently explore the process parameter space and re-
duce the number of failed experiments using BEAM, we
need to instantiate the two key elements: 1) Surrogate model
to capture the current belief about the relationship between
parameters and feasibility; and 2) Acquistion strategy that
selects which new batch of parameter configurations to eval-
uate in each iteration guided by the surrogate model. We de-
scribe the details of these two elements below:

Surrogate Model: At iteration ¢, having observed data from
prior printing experiments, D; = {(x;,y;)}._, where y;
f(x;), we employ a probabilistic classifier as a surrogate
model for the underlying feasibility function. Our surro-
gate model provides posterior distribution for a candidate z
(i.e., probability of success for any candidate configuration)
which intelligently guides the decision making procedure:

pi(x) = P(f(x) = 1|Dy) @

We utilize a probabilistic variant of k-nearest neighbors
(Jiang et al. 2018; Garnett et al. 2012) as our surrogate
model.

Acquisition Strategy: To select the next experiments un-
der a limited budget, we use a model-guided decision pol-
icy from active search (Jiang et al. 2018) which addresses
the key challenge that feasible configurations are sparsely
distributed across the parameter space. A naive approach to
candidate selection would simply optimize the immediate
posterior probability p;(x), selecting:

3

Xe1 = arg max py (x)

However, this greedy strategy is fundamentally flawed be-
cause it fails to reason about the available experimental bud-
get and focuses purely on exploitation. Such myopic behav-
ior can lead to premature convergence around known fea-
sible regions while leaving large portions of the parameter
space unexplored. A more principled approach must balance
exploitation of current model knowledge with exploration
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that improves understanding of unseen regions. Therefore,
we employ an acquisition function that explicitly combines
these objectives:

ai(x) = pi(x) + Bi(x) 4)

where p;(x) represents the exploitation term and [;(x)
captures the exploration term.

The exploration term (3;(x) quantifies the expected value
of improved model knowledge for the remaining experimen-
tal budget (Jiang et al. 2018). Specifically, it estimates how
evaluating candidate x would enhance our ability to identify
feasible configurations in subsequent experiments. We ap-
proximate this exploration value by considering how eval-
uating x would affect the sum of feasibility probabilities
across the remaining budget. After observing the outcome y
at location x, the model’s posterior beliefs will be updated,
potentially changing feasibility estimates for all unexplored
candidates. The exploration term captures this expected im-
provement:

T—t—1 )
J

max — pyiy

/

x'€X\ D41 (X )

, (5)
where pgﬂ_)l(x’) denotes the j-th highest feasibility proba-
bility among unexplored candidate configurations under the
updated posterior P(f(-) =1 | D U {(x,y)}).

Direct computation of this expectation is computationally
intractable. Therefore, we approximate it by assuming that
the remaining budget (T — ¢ — 1) would be optimally al-
located to the configurations in a single batch (Jiang et al.
2018):

ﬁt (X) = EyNBemoulli(pt (%))

T—t—1

Bix)~Ey | > pils (©)
j=1

Xpp1 = arg max o (X) @)

x€X\D;

Integration of Domain Knowledge: Solving the search
problem in Equation (7) is expensive. In order to improve
the computational/sample efficiency of BEAM, we embed
expert knowledge through hard constraints on the parameter
ranges and physical feasibility checks, which helps in sound
pruning of the search space and prevents from wasting ex-
perimental resources on infeasible configurations.

6 Experiments and Results

In this section, we describe our experimental setup for de-
ployment and evaluation of BEAM to discover feasible pa-
rameter configurations to print GRCop-42 on a DED system.

6.1 Experimental Setup and Deployment Details

AM process and metal alloy. We deployed and evaluated
BEAM through a combination of online Al-guided experi-
ment runs and manual lab validation in a real-world addi-
tive manufacturing workflow. We focused on printing the



Experimental | Discovery Size of Fraction of
Laser Power
budget rate parameter space | explored space
950W 10 1 > 100M 10 x 1078
700W 10 1 > 100M 10 x 1078
600W 10 3 > 100M 10 x 1078
500W 10 1 > 100M 10 x 1078

Table 1: Results of Al-guided discovery approach (BEAM) for feasible process parameter configurations for different laser
power levels. BEAM discovers at least one feasible configuration for each laser power level within a budget of 10 experiments.

copper-based alloy GRCop-42 on inconel 718 using a com-
mercial directed energy deposition (DED) system. The goal
was to identify feasible parameter configurations that pro-
duce successful prints for low laser-power levels (less than
1000W). For each laser power setting (950W, 700W, 600W,
and 500W), the search space size is approximately over 100
million unique parameter configurations.

Process parameter space. The search space X CR® consists
of five controllable DED process parameters. Their domains
and discretizations were defined based on machine capabili-
ties and input from our additive manufacturing experts:

* Feed Rate (RPM): [0.01, 1.0], interval 0.01

* Gas Flow Rate (L/min): [3.0, 10.0], interval 0.5
* Thickness of Inconel: [0, 10], interval 0.2

* Scan Speed (mm/min): [200, 1600], interval 50
* Layer Height (mm): [0.05, 0.5], interval 0.01

This results in an extremely large combinatorial design
space—approximately over 100 million configurations.

To maintain consistency across runs, secondary factors
such as part geometry, hatching strategy, and build length
were fixed. Hatch spacing was constrained to a maximum of
1 mm. The Interpass Wait was fixed to 0 s.

Implementation details of BEAM. Recall that BEAM
needs a data-driven surrogate model to predict the feasibility
(success/failure) of unknown configurations based on past
experimental data. We employ a probabilistic variant of k-
Nearest Neighbors (kK = 5), which estimates the likelihood
of success based on local class distributions in the normal-
ized configuration space. We use the training data from 37
failed experiments from our additive manufacturing collabo-
rators to initialize the surrogate model. We selected B=2 ex-
periments in each iteration of BEAM until we found a feasi-
ble configuration for a fixed laser power level. The trade-off
is between using every experimental validation to select the
next experiments (resource-efficiency for B=1) vs. through-
put with larger batches (B > 1).

6.2 Deployment Goals and Evaluation Metrics

Deployment Goals. GRCop-42 being a copper-based alloy,
can be hard to process due to its low laser absorptivity and
high thermal conductivity. Thus, when printing GRCop-42,
most opt for equipment with a laser power of 2 KW to 4 KW.
This greatly limits the number of machines that GRCop-42
can be printed on, as more than 90 percent of the current
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printers on the market operate with a laser power of S00W
to 1000W. The other advantages of printing GRCop-42 at
lower laser powers include reduced post-processing costs,
lower energy use, extended equipment lifespan, and faster
qualification/certification (more details and discussion on
these advantages can be found in a later section). However,
whether GRCop-42 can be successfully printed at lower
laser power levels or not is a big open problem.

Hence, our goal of deploying Al-guided approach was
to discover at least one feasible parameter configuration for
each laser power setting (950W, 700W, 600W, 500W) pro-
gressively from 950W to S00W to test the limits of feasible
printing of GRCop-42 at lower laser power. For each laser
power value € {9500, 7T00W, 6001V, 500 }, we set the ex-
perimental budget 7'=10 and increase it by 10 if we are not
able to discover feasible configurations within the budget.

Evaluation Metrics. We evaluate the effectiveness of Al-
guided discovery approach BEAM using two metrics.

» Experimental resource-efficiency: measures the effi-
ciency with respect to brute-force search, i.e., performing
experiments with all possible parameter configurations.
We employ the fraction of experiments/physical resource
cost/human labor time needed by BEAM to discover at
least one feasible configuration (smaller the better).

* Discovery rate: measures the total number of feasible pa-
rameter configurations discovered by BEAM within the
given experimental budget (higher the better).

6.3 Results and Discussion

Al-guided discovery vs. Brute force search. Table 1 shows
the experimental efficiency and discovery rate of our Al-
guided approach BEAM for each of the four laser power
levels. Remarkably, BEAM was able to discover at least
one feasible parameter configuration for each laser power
level we considered within the specified budget of 10 exper-
iments and within a span of three months. BEAM discovered
three feasible configurations for laser power level 600W and
one feasible configuration each for levels 950W, 700W, and
500W. Table 2 shows the values of feasible parameter con-
figurations discovered by BEAM. In contrast, our additive
manufacturing collaborators were not able to find even a sin-
gle feasible configuration after trying 37 parameter config-
urations across several months. Compared to a brute-force
strategy—which would require evaluating over 100 million
configurations for each laser power setting, the Al-guided



Laser Power | Feed | Gas Flow | Thickness of | Scan Speed | Layer Height
(W) (RPM) | (I/min) Inconel (mm/min) (mm)
950 0.17 7 6 750 0.2
700 0.2 7 3.8 1600 0.11

1 10 10 1600 0.49

600 0.4 7 5.4 1550 0.17
0.2 7 1600 0.11

500 0.075 7 250 0.3

Table 2: Feasible process parameter configurations discovered by Al-guided BEAM approach for different laser power levels.

approach BEAM is able to discover at least one feasible
configuration within 10 experiments (extremely small frac-
tion of parameter space). This means significant savings in
terms of resource cost for materials, human labor cost to
conduct quality analysis of printed outputs, and the overall
time needed to discover feasible parameter configurations.
The results from BEAM to successfully print GRCop-42
at lower laser power demonstrate the transformative poten-
tial of Al-driven adaptive experimental design to accelerate
the discovery of feasible parameter configurations for addi-
tive manufacturing processes in a resource-efficient manner.

Analysis of failed and successful prints. Many parameters
ended with failed parts, as shown in Fig. 3. Prints of the GR-
Cop42 initially were printed like the samples in Figure 3(A),
with long, thin pillars that easily separated when attempting
to machine the samples, causing the samples to fall apart.
There were also failures, as shown in Fig. 3(B), where the
pillars grew in size, resulting in large beads on the top sur-
faces of the prints. This made it simpler to see if the print
would succeed, as these beads would continue to grow up-
wards, forming the columns at a larger scale. Figure 3(C)
still failed prints, as attempting to print the samples larger
would result in the same structures as seen in Figure 3(B).
Successful print parameters were determined by printing
the test blocks first, as seen in Fig. 4(B), to determine if a
larger surface area shape could be printed. Next, further pa-
rameter testing is done by printing cylinders that would be
used for mechanical testing, as shown in Fig. 4(A). These
cylinders were then machined to remove the exterior shell,
revealing a solid interior with minimal defects in the mate-
rial, as shown in Fig. 4(C). The transition between the GR-
Cop42 and Inconel 718, seen in Fig. 4(D), shows a smooth
transition from one material to the next with no defects.

7 Practical Impact and Deployment Lessons

This section provides details of the real-world impact of our
Al-guided discovery of feasible configurations for AM pro-
cess and discuss the lessons learned from our deployment.

7.1 Real-world Impact

Sustainable jet engines. GRCop-42 is an alloy that NASA
developed for use in jet engines. Current developments are
for thin coatings onto the existing jet engine alloys, such as
Inconel 718, to allow a higher operating temperature. A tem-
perature increase of 50°C for the operating temperature of

Figure 3: Printed failed structures; (A) Test blocks with
long column structures with the lowest being a tested struc-
ture with the columns being broken. (B) Improved test
blocks with the column size increasing to much larger pil-
lars. (C) Taller structures with the columns starting higher in
the test block.

Figure 4: Printed successful structures from 700W laser
power using DED-based metal AM; (A) As-printed cylin-
der. (B) Printed test block. (C) Machined cylinder with solid
structure after removal of exterior shell from printing. (D)
Cross-section of as-printed cylinder sample with even tran-
sition between the Inconel718 and GRCop42.

these engines could increase fuel efficiency by up to 10 per-
cent. Thus, our Al-guided discovery of feasible process con-
figurations will help to make planes more efficient in one of
the last areas that can be improved, given that planes can be
made as light as possible with the structure of the aircraft.

Democratization of efficient GRCop-42 printing. The fea-
sible process parameter configurations discovered by our Al
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approach demonstrates for the first-time that GRCop-42 can
be printed using more than 90 percent of the current print-
ers on the market which operate with laser power levels be-
tween S00W to 1000W. With the use of Al, we were able to
achieve successful prints within the range of 950W to S00W
in 3 months, resulting in significant cost savings in machine
time, materials, and consumables. This democratization fos-
ters broader participation across academia, emerging indus-
tries, and small research laboratories.

Printing GRCop-42 at lower laser powers offers several
commercial advantages, especially for industries such as
aerospace in terms of reliability and cost-efficiency.

* Reduced post-processing costs: Lower laser power can
produce parts with better surface finish, reduced distor-
tion, and fewer defects. This minimizes the need for ex-
tensive post-processing steps such as machining, heat
treatment, or surface polishing—leading to lower over-
all production costs and faster lead times.

Lower energy use and increased lifespan of equipment:
Operating machines at lower laser power can reduce wear
on key components (e.g., laser optics) and decrease en-
ergy consumption per build. Over time, this can lead
to lower maintenance costs and energy savings, making
production more sustainable and economically viable.

Faster qualification and certification: Consistent mi-
crostructure and minimal variation between builds make
it easier to qualify and certify parts for critical appli-
cations. This translates to faster time-to-market, espe-
cially in regulated industries such as aerospace or defense
where certification processes can be time-consuming.

7.2 Lessons Learned from Deployment

New insights for DED-based manufacturing. Table 2
shows the values of feasible parameter configurations dis-
covered by our Al-guided approach. We uncover two novel
domain insights. First, the successful parameter configura-
tions that were determined by the Al algorithm showed that
the key was to use a very high scan speed and lower-than-
normal layer heights to achieve solid parts. Second, the sur-
prising part was the much higher scan speed that was used
for other materials in the DED process, as well as the short
amount of time that it took to find usable process parame-
ters. These insights can be useful to try appropriate param-
eter configurations for other metal alloys and similar AM
processes while initializing BEAM for deployment.

Importance of domain knowledge. The expert knowledge
from our additive manufacturing collaborators helped the
deployment of Al-guided approach in two ways. First, ap-
propriate discretization of parameter values to reduce the
search space without loss in performance/discovery rate.
Second, the physical constraints that allowed us to soundly
prune some candidate parameter configurations. Whenever
such domain knowledge is available, it should be incorpo-
rated into the deployment of BEAM for other use-cases.

Consistency of Al-guided approach. The experimental ef-
ficiency to discover feasible parameter configurations can
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slightly vary from one use-case to another. However, our de-
ployment showed that across four different settings (laser
power levels), the Al-guided approach was able to consis-
tently discover feasible configurations within a budget of 10
experiments. This gives reasonable confidence that our ob-
served effectiveness will generalize to other use-cases.

Outlook for GRCop-42 specific results. Focusing on the
impact of our specific results, showing Al can help estab-
lish AM-based metallic alloy processability at a lower laser
power, it is vital to look at various alloys and the current
challenges related to AM processing of them. The most
commonly used metallic materials are iron-based steels and
aluminum alloys. Although some steels are processed using
metallic-AM, most alloy steel compositions are not due to
the need for higher laser powers. Similarly, most commer-
cial aluminum alloys, such as Al6061, Al7075, or Al2024,
cannot be processed using a regular metal AM system due
to laser power limitations. Yet, those alloys are extensively
used in the aerospace and automobile industries, making the
fuselage of planes to high-end car bodies. An ability to pro-
cess those alloys within 1000W laser power can unlock the
potential for AM operations beyond its current reach and
become a more versatile manufacturing platform in the near
future. We believe that our work is impactful in making such
a dream come true in laser-based metal AM.

8 Summary and Future Outlook

This paper studied the deployment of an Al-guided exper-
imental design approach to discover feasible process pa-
rameter configurations for additive manufacturing (AM) of
metal alloys. Specifically, we demonstrated the potential of
Al-guided discovery to identify parameter configurations of
a directed energy deposition system to print metal alloy
GRCop-42 at low laser power levels between 1000W and
500W for the first time using a small number of experi-
ments, saving significant resources and time. We outlined
the lessons learned from our deployment for printing other
metal alloys and/or additive manufacturing processes.
Metals and alloys are used extensively in many demand-
ing applications where high stress or temperatures are com-
mon. Innovations in metallic materials are slow, and most
metallic parts used today, from aerospace to medical to other
industrial applications, use legacy alloys that have been in
use for over 100 years. The primary reason for the lack of
interest in alloy design comes from the necessity to have ex-
tensive processing equipment that can operate at high tem-
peratures (typically, > 2000°C) and the high cost/time asso-
ciated with trial-and-error experimentation with no guaran-
tees for success. Al has the potential to accelerate alloy de-
sign with the help of metal AM technologies, and that is the
primary significance of our work. Our work established the
processability issues related to AM using Al, and showed
that Al is effective when only one composition is used. In
the future, many compositions can be tested to replace the
legacy alloys with better-performing alloy designs, and we
believe that Al will be an integral part of such research.
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