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Abstract Additive manufacturing enables the production
of complex geometries and lightweight structures. However,
producing defect-free components fundamentally depends
on the careful optimization of process parameters that influ-
ence critical factors, such as melt pool depth, in laser pow-
der bed fusion (L-PBF), an important class of metal addi-
tive manufacturing methods. Hence, for the first time, this
paper presents a novel data-driven framework that integrates
machine learning (ML) with reinforcement learning (RL)
to optimize process parameters, ensuring the desired melt
pool characteristics while meeting multi-objective design
criteria. Experimental data from the literature were extracted
to train several ML models, with Gaussian process regres-
sion (GPR) featuring a Matérn kernel proved to be the most
accurate predictor. This model served as the digital twin of
the L-PBF process and was integrated with a Q-learning-
based RL agent to derive the optimal process parameters.
The GPR model achieved a high prediction accuracy (root
mean squared error (RMSE): 34 um, the coefficient of deter-
mination R%: 96.05%) for L-PBF Ti6Al4V alloy using mini-
mal training data. Integrating a Q-learning framework with
ML demonstrated superior performance in deriving process
parameters that achieved the target melt pool depth while
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minimizing the normalized enthalpy, directly impacting the
formation of the keyhole defect.

Keywords Metal additive manufacturing - Laser powder
bed fusion (L-PBF) - Machine learning (ML) - Q-learning -
Normalized enthalpy - Keyhole

1 Introduction

Additive manufacturing (AM) is a method of building
objects layer by layer based on digital models. The technique
offers several advantages compared to the traditional meth-
ods. It allows for producing lightweight components with
complex shapes, supports rapid prototyping, reduces envi-
ronmental impact by minimizing material waste, and offers
greater design flexibility [1-4]. There are various metal
AM methods, such as laser powder bed fusion (L-PBF),
electron beam powder bed fusion (EB-PBF), and directed
energy deposition (DED), which are commonly used in vari-
ous sectors, including automotive, aerospace, energy, and
medical industries [5-8]. In L-PBF technology, a focused
laser beam selectively melts metal powder particles to create
a three-dimensional (3D) object. Following the melting of
each layer, the build platform is lowered, and a fresh layer of
powder is uniformly distributed over the previously solidi-
fied layer. This sequence of melting and layering continues
iteratively until the final component is fully realized [9].
L-PBF has several advantages over EB-PBF and DED, such
as offering high precision and a wide range of composition
choices, including various alloys and composites [10, 11].
It also reduces the need for post-processing by producing
better surface roughness and increases the reliability of con-
sistency and repeatability in production [12, 13].
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Although there are numerous advantages to such manu-
facturing methods, fabrication of defect-free parts using AM
techniques requires obtaining the optimal process parameters
that lead to the required target characteristics. The depth of the
melt pool is a critical factor in the L-PBF process, as improper
control over this factor can negatively impact the mechanical
and physical properties of the final product. Defects such as
lack-of-fusion, porosity, keyholing, residual stresses, and sur-
face irregularities are directly linked to the melt pool formation
condition during the L-PBF process [14-20]. If the laser power
is not sufficiently high, it leads to inadequate bonding between
the powders, causing porosity. Furthermore, keyholing occurs
when the energy density is high enough to boil the metal locally,
and the accompanying recoil pressure pushes the molten pool
surface to create a cavity or depression [15]. Additionally, the
melt pool depth is crucial for determining the cooling rate and
solidification phases, influencing residual stresses in the product.
For instance, inconsistent melt pool depth can result in surface
roughness and anisotropy [16]. To mitigate these issues, each
target property may require adjusting the process parameters to
values that could conflict with other properties. This results in a
multi-objective optimization problem where weight and impor-
tance are assigned to each property, and the optimal parameters
are determined by minimizing the objective function [21, 22].

This multi-objective optimization problem is tradition-
ally solved using the design of experiment (DOE) sampling
method. A finite sample space is generated, and the most
significant parameters that influence the target properties are
identified using analysis tools such as S/N ratio and analysis of
variance (ANOVA) [23]. These methods are time-consuming,
costly, and impractical for processes with numerous parameters,
which result in a high dimensional sample space. Therefore, new
approaches have been emerging to simplify the process, includ-
ing artificial intelligence (AI) based methods such as machine
learning (ML). These black-box models, which have gained
prominence in recent years, can accurately model various stages
of the design and manufacturing processes and consequently
predict the desired targets based on the trained algorithms [24].
This can be attributed to the increasing volume of experimental
data available in the literature, the emergence of advanced open-
source ML models, and improvements in computational power,
all of which have facilitated their use. Consequently, these mod-
els provide highly accurate predictions, improving efficiency
and product quality while offering a cheaper and faster design
process [25, 26].

Significant progress has been made in applying surro-
gate models for predicting target outcomes in metal AM
processes [27-32]. A variety of supervised regression algo-
rithms have been leveraged to predict critical aspects of
AM technology, including mechanical properties (such as
fatigue resistance, hardness, and ultimate tensile strength),
as well as physical characteristics like resultant microstruc-
ture, relative density and product quality metrics (such as
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Table 1 Material properties of Ti6Al4V [63]

Parameter Value
Density/(g-mm™) 0.004 43
Thermal diffusivity /(mm?Z-s~h) 8.6

Heat capacity /(J- (g - K 0.83
Melting temperature /K 1923
Ambient temperature /K 293
Absorption coefficient 0.3
Table 2 Laser features and their values

Parameter Value
Laser power/W 50 — 400
Laser speed /(mm-s~") 200 -2 250
Laser radius/mm 0.05-0.13
Layer thickness/mm 0.02-0.05

surface roughness, wear rate, and porosity) [33—40]. These
algorithms have been applied both individually and in com-
parative analyses to evaluate their predictive capabilities. For
instance, some studies have utilized various ML models to
assess the accuracy of predicting the melt pool geometries
[41-43]. While existing studies have examined the effec-
tiveness of ML models in predicting target outputs, they do
not provide insights on how to select the process param-
eters needed to achieve desired characteristics and proper-
ties. Therefore, it is important to utilize additional methods,
such as reinforcement learning (RL), to effectively tackle the
optimization challenges mentioned.

RL utilizes computational agents that learn to perform
tasks by interacting with their environment through a trial-and-
error approach [44], which can be applied to various aspects
of the process. A recent systematic review by Sousa et al. [45]
examined Al applications for real-time control in laser-based
AM, identifying RL as one of the most promising strategies
for managing the complex, multiscale, and highly dynamic
behaviors inherent to these processes. Furthermore, research-
ers have been utilizing RL in AM processes to optimize and
control process parameters. For instance, a deep deterministic
policy gradient agent was developed to control a wire arc addi-
tive manufacturing (WAAM) process in a simulator utilizing a
reduced-order model of the system [46]. Knaak et al. [47] used
high dynamic range optical imaging with convolutional neural
networks (CNNs) to predict surface roughness in real time dur-
ing an L-PBF process. Meta-RL agents utilized the predictions
by the CNN model and a dynamic model to extract the optimal
process parameters under varying and uncertain conditions.
In Ref. [48], a double dueling deep Q-network controller was
employed to address process instabilities in laser remelting for
surface topography modification, aiming to control melt pool
dynamics and enhance surface quality. RL agents were adopted
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in another work to derive optimal deposition paths for producing
parts with complex geometries using WAAM methods [49, 50].
In L-PBF process, Vagenas et al. [51] introduced an RL-based
multi-layer process control framework capable of mitigating
thermal accumulation across successive layers. The proposed
control strategy demonstrated stable convergence during train-
ing and outperformed conventional proportional-integral-deriv-
ative (PID)-based controllers in maintaining thermal stability
throughout 3D builds.

Furthermore, this methodology can be used for multi-objec-
tive optimization to determine optimal parameters that meet
various complex design criteria. For example, Dharmadhikari
et al. [52] employed an RL agent that interacted with a digital
twin of the environment to find the optimal process parameters
for generating a desired melt pool depth. The digital twin was
derived by calibrating the parameters of the Eagar-Tsai equa-
tions using experimental data. The off-policy RL framework
was based on Q-learning [53], with the reward function reflect-
ing the difference between desired and evaluated depth. Also,
Vaghefi et al. [54] employed a soft actor-critic based RL agent
[55] to interact with a finite element simulation of the L-PBF
process, estimating the optimal process parameters for various
component geometries. Additionally, model-based RL, specifi-
cally Dyna-Q+, has been applied to improve temperature con-
trol in DED. This method outperforms traditional Q-learning by
requiring fewer samples and enhancing control and efficiency
in evaluating melt pool geometry and temporal characteris-
tics [56]. In another study, Shi et al. [57] developed a deep RL
framework using proximal policy optimization to dynamically
adjust process parameters, such as laser power, scan speed, and
path sequence, based on a temperature simulation model. The
approach significantly improved temperature uniformity and
reduced mechanical property variability in Inconel 718 com-
ponents. These contributions collectively underscore the grow-
ing role of RL in achieving both offline and in-situ, data-driven
process control and optimization in metal AM.

While many studies adopt RL models to optimize the AM
processes, a key innovation of the current study lies in the inte-
gration of an ML surrogate model with an RL framework, where
the ML model serves as the environment for the RL agent. This
unified, fully data-driven approach advances beyond prior
works, which typically treat ML-based prediction and RL-
based optimization in isolation. This eliminates dependency on
physics-based simulations and enables dynamic exploration of
parameter combinations in a digital twin of the L-PBF process.
The RL agent utilizes a customizable reward function to bal-
ance conflicting design objectives, overcoming the rigidity of
traditional multi-objective methods like weighted-sum optimi-
zation. In addition, the proposed framework is designed to be
data-efficient, achieving high accuracy in training, testing, and
estimation tasks using a minimal dataset curated from exist-
ing literature. This is particularly significant in the context of
AM, where high production costs often limit the feasibility of

large-scale data collection. Consequently, a framework has been
developed in this study to streamline the process of deriving
optimal parameters that satisfy complex design criteria. Firstly, a
small sample space of experimental data was extracted and pre-
processed from available literatures. Afterwards, various ML
models were analyzed and trained on the extracted datasets, and
the model with the best prediction performance was chosen to
represent the process on the L-PBF machine as its digital twin.
Lastly, a model-free Q-learning based RL agent was developed
to utilize the surrogate model for simulating the process and
derive the value of all possible state-action pairs in a discrete
space based on a reward function tailored to achieving complex
design criteria.

2 Methodology
2.1 Data extraction

The experimental data were extracted from Refs. [59-62], con-
sidering only the L-PBF process. The figures and tables in the
mentioned papers were used to extract the data by employing
plot digitizing tools. The composition of interest in this study
was Ti6Al4V [58], with the characteristics listed in Table 1 [63].
The extracted dataset contains 176 data points with the process
parameters consisting of laser power (P), laser speed (V), laser
radius (R), and layer thickness (7) (see Table 2). The material
properties were not considered as process parameters, as they
were assumed to remain constant and independent of tempera-
ture variations. The target property was the melt pool depth (d),
which was the distance between the deposited layer surface and
the lowest point of the melt pool.

2.2 Feature selection

Feature selection is a critical step in the ML process that
determines the most relevant parameters and features of the
dataset for developing the ML model. It helps reduce the risk
of overfitting, enhances model generalization, and increases
computational efficiency.

One tool used in this process is SHapley Additive exPlana-
tions (SHAP), a game-theoretic approach that assigns an impor-
tance value to each feature representing its contribution to the
model-predicted output. Features with positive values positively
influence the prediction, whereas those with negative values
do the opposite. The magnitude of these values indicates their
importance. A feature selection process was conducted for each
of the designed ML models using the training dataset.

2.3 Dataset splitting

Cross-validation (CV) is a popular method for estimating
model prediction errors. One simple approach is the hold-out
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method, which splits the dataset into training and valida-
tion parts. Despite its simplicity, the hold-out method has
some drawbacks. Firstly, it provides only one estimate of
the model’s accuracy. Secondly, the test set, which contains
useful information for training, is ignored.

In this work, k-fold cross-validation is used due to its
effectiveness and robustness. The dataset is randomly
divided into k parts. One of the k parts is used for the test-
ing, while the remaining k—1 parts are used for training the
model. The benefit of this approach is that the process can
be repeated several times with new random splits of the data,
allowing for the creation of a histogram of the errors. The
value of k typically ranges from 5 to 10 in practical machine-
learning scenarios.

2.4 ML models

Several criteria can be used to evaluate model performance,
including root mean squared error (RMSE), mean absolute
error (MAE), mean absolute percentage error (MAPE), and
the coefficient of determination (R?).

RMSE quantifies the average magnitude of the prediction
errors by measuring the differences between the observed
target y; and the prediction ¥, of the trained model for each
sample (x;, ;)

RMSE = (1)

where 7 is the number of data points.
The MAE metric treats all errors equally and is less sensi-
tive to outliers.

IR T
MAE_”ZI"yi 9i- @)

MAPE metric calculates the average absolute percentage
error between predicted and actual values and is easier to
interpret than MAE.

Vi ®

1 n
MAPE = ~ 2

i=1

yi—yi‘

The R? value is a statistical tool that represents the portion
of the variance in the dependent variable that is explained
by the independent variables and ranges from O to 1, where
a value closer to 1 indicates a stronger fit. It is defined as

Z:;l (yi _)A}i)z
Z?:] (yi _yi)2

where y; is the mean of the observed target. The numerator
represents the sum of the squared of residuals of the model,

R =1- @
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and the denominator represents the total sum of squares,
which measures the total variance in the actual data.

In this study, various regression models were imple-
mented to identify the model that achieved the lowest
RMSE, MAE, and MAPE values while obtaining the highest
R? score. The models described below have been analyzed,
and their features are summarized.

2.4.1 Support vector regression (SVR)

SVR is a type of support vector machine algorithm that is
used for regression problems [64]. The objective of SVR is
to find a hyperplane with the minimum distance from the
data points in an N-dimensional space, where N is the num-
ber of features. The first step is to choose a kernel, which is
a function that transforms the data into a higher-dimensional
space, making it possible to fit complex non-linear models.
The most common types of kernels are linear, polynomial,
sigmoid, and radial basis function (RBF). In this study, an
SVR model with an RBF kernel was employed due to its
ability to effectively manage high-dimensional data and its
robustness against outliers.

2.4.2 Gaussian process regression (GPR)

GPR provides a probabilistic prediction of continuous values
using the Bayesian approach [65]. Two of the most com-
mon covariance functions are the RBF and the Matérn ker-
nel. The RBF kernel excels at capturing smooth, stationary
trends due to its infinite differentiability, making it ideal for
modeling continuous, noise-free relationships. In contrast,
the Matérn kernel generalizes the RBF by introducing a tun-
able smoothness parameter (v), enabling greater flexibility
for datasets with irregular or moderately noisy variations.

2.4.3 Random forest regression

Random forest is a type of bagging ensemble learning method
where several decision tree regressors are trained on a random
subset of training data with replacement [66]. These individual
trees generate multiple predictions, which are then averaged to
achieve the final prediction. This method reduces the risk of
overfitting and increases robustness.

2.4.4 Gradient boosting regression (GBR)

GBR is a type of boosting ensemble learning technique that
combines multiple weak learners (often shallow decision trees)
to form a stronger predictor [67]. Each new weak learner is
trained to correct the errors of the combined ensemble of all
previous learners. While this method is accurate and flexible,
it is vulnerable to overfitting.
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2.4.5 XGBoost regression

XGBoost regression is an optimized version of the gradient
boosting algorithm, offering a good balance between bias and
variance by introducing additional features [68]. The advan-
tages of using this method include built-in cross-validation
capability, efficient handling of missing data, regularization
to avoid overfitting, cache awareness, tree pruning, and paral-
lelized tree building.

2.5 RL-based optimization framework

RL is a computational method that relies on an agent learning
through direct interaction with its environment to maximize
some notion of cumulative reward. The problem is often mod-
eled as a Markov decision process that defines the interactions
between the learning agent and its environment via states (s),
actions (a), and rewards (7). The agent takes actions a in states
s, either by following the current policy n(a|s) (on-policy),
or by exploring to find the optimal policy (off-policy). The
resulting state is obtained from the environment and used in
the reward function to compute a scalar reward associated
with the state action pair. The resulting reward can be used to
optimize the policy either directly (policy-based) or indirectly
(value-based).

Policy-based methods focus on directly optimizing the
policy, which is a probability distribution over actions given a
state that can be stochastic or deterministic.

n(als) = P(Ar =a,S, = s), o)

where S, and A, are the state and the action taken at time ¢,
respectively.

On the other hand, value-based methods focus on estimat-
ing the value functions, which are used to derive the optimal
policy, by determining the value of being in a particular state
(V™(s)) or taking a specific action in that state (Q™(s, @)).

Vi) = EF| 2 v RS, = s (6)
=0
0*(s.@) =E*| Y v'R IS, = 5.4, = a|, ™
t=0

Table 3 Coefficients of the Sigmoid function used for each criterion

Criteria K, ay by Co
Fdepth, 200 -6 B0l 6
Fdepth, -160 10 ol 5
Fieyhole -100 2 6 5

where y is the discount factor, and R, , is the reward received
attimet + 1.

In this study, a Q-learning-based agent is used as an
off-policy, model-free, and value-based RL algorithm in
which the agent learns the optimal actions in Markovian
domains through direct experience without needing to
construct a detailed representation of the environment.

The agent is represented by the laser of the L-PBF
machine, while the environment consists of the powder in
contact with the laser. The interactions between the laser
and the powder are governed by thermodynamics and
material properties, while the reward function defines the
desired design criteria for the final component.

The agent operates in a finite discrete domain state
space S, where each state represents a unique combina-
tion of discretized process parameter values. The con-
tinuous range of each process parameter, extracted from
experimental data (see Table 2), is uniformly divided into
n discrete intervals. The state space is then constructed as
the Cartesian product of all discretized parameter ranges,
resulting in #" possible states.

The action space A consists of all valid single-step
adjustments to the process parameters. At each state, the
agent can increase, decrease, or maintain the current value
of each process parameter, leading to a total of 3" pos-
sible actions. Consequently, the Q-table which is used to
store the O-value as}sociated with each state-action pair is

/—/H .
defined by an 7 X - - - X n x3" matrix.

At each step, the agent is either penalized or rewarded
based on multiple design criteria through the following
reward function

AH
r= rdepthl (aerr) + rdeplhz (5err) + rkeyhole( h >’ (Serr 2 5tol’
s
(®)

r= rdepthl (aerr) + rkeyhole <Ah_H> > 5err < 6101’ (9)
S
where rye, and rgep, are utilized to achieve the desired melt
pool depth, while §,,, quantifies the difference between the
desired depth and the achieved one. A is the enthalpy at
melting. The tolerance parameter 6., represents the accept-
able margin of error, which is set to 0.03 mm. Furthermore,
Tkeyhole 18 Used to ensure that the melt pool dynamics do not
enter the unstable keyhole regime, based on the criteria
defined by Behjat et al. [13], where Ah—H is the normalized

enthalpy represented as
AH _ AP

— I
hs  wh,A/DVR® (10)
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Laser thickness - —0.363 1.000 j 00
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Laser power  Laser speed  Laser radius Laser thickness Melt-pool depth
Fig. 1 Heat map plot of the correlation coefficients
where A is the absorption coefficient, and D is the thermal P E—
<1+e-ﬂe(6err-be)> 11

diffusivity.

The reward functions ry are defined using the continuous
and differentiable sigmoid function oy to facilitate smoother
convergence during the training phase, which is expressed
as follows

Power
§ Speed
2
m -
> Radius

Thickness

r9(5err) = Ge(éerr) = Kee ’

where Ky, ¢y, ag and by are the coefficients that determine
the shape of the reward function with their values listed in
Table 3. These coefficients were derived through a combi-
nation of trial-and-error and heuristic methods to achieve

0.04

0.06 0.08

Feature contribution

Fig. 2 SHAP featuring an important plot
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Fig. 3 Performance comparison of various ML models based on a R%, b RMSE, ¢ MAE, d MAPE criteria for different feature sets, where the

bar plots show the average and the variation in the value

multiple design targets. The use of various sigmoid func-
tions shapes the reward function to ensure that the agent
is not penalized when the error remains within an accept-
able tolerance range to allow for smoother convergence.
Additionally, the coefficients are carefully tuned to balance
the effort between minimizing melt pool depth error and
addressing the keyhole formation criteria, without saturat-
ing the reward or allowing one objective to dominate at the
expense of the other.

Table 4 Optimized hyperparameters for the ML models

Models Optimized hyperparameters

GPR with RBF kernel a=741x10"%1 = 13463

GPR with Matérn kernel ¢ =4x10"*v=251= 1x107°
SVR with RBF kernel C=10,e=0.01,y =0.1

Random forest MiNg,poles Leaf = 1, MiNg,noles Split = 2,

Neggimators = 175, MaXgepn = 10
GBoost MINg,mples_ Leaf = 4, MINg,mples_Split — 5,
maxdeplh = none
Mestimators — 175, learnlng_rate =04,
subsample = 0.8
XGBoost MiNghitg_weight = 3, max depth = 2

colsample_bytree = 0.7, Rogimaiors = 179,
learning_rate = 0.4, subsample = 0.7

After calculating the reward at each step, the Q-values are
updated using the Q-learning update rule, which is derived
from the Bellman optimality equation.

0(s.a) < Qs @)+ ar+ymax 0. 4) - Qs @), (12)

where (s, @) denotes the action-value function, represent-
ing the expected cumulative discounted reward associated
with taking actions a in states s. In addition, § denotes the
next state reached after executing action a, and d represents
a candidate action from the action space. Meanwhile, & rep-
resents the learning rate and controls how much the agent
updates its knowledge after receiving new information, and
y determines the importance of future rewards compared to
immediate ones.

The training proceeds for a predetermined number of
episodes N, where each episode represents a complete trial
beginning from a randomized initial state and ending when
the melt-pool depth enters the target range or the maximum
step limit is reached. In each episode, training continues
until one of the termination conditions is met, at which point
the episode count increments and both the environment and
the agent’s internal state are reset to a new random configu-
ration. Once the episode counter surpasses a defined limit,
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Fig. 4 Performance comparison of various ML models based on a R2, b RMSE, ¢ MAE, and d MAPE criteria for a train-test split coefficient of

25% and the P-V-R feature set

the final Q table is extracted, which contains the learned
value estimates for every visited state-action pair.

To identify the optimal process parameters, the Q table
is filtered to include only those entries corresponding to
actions that leave every parameter unchanged, ensuring
that the selected process parameters reflect stable operation
rather than ongoing exploration. The state with the highest
Q value is chosen as the optimal set of process parameters,
balancing target melt-pool depth accuracy with the keyhole
formation criteria.

Since Q-learning is an off-policy learning model, it learns
the optimal policy by following a non-optimal policy dur-
ing the initial portion of the learning steps. This allows the
agent to explore different state-action pairs to fully explore
the domain. Therefore, it is important to strike a balance
between exploration and exploitation to guarantee conver-
gence while preventing the agent from getting stuck in a
local optimum.

In this study, the epsilon-greedy strategy was employed
to achieve this goal, where the agent selects actions ran-
domly with a probability of € and chooses the action with the

@ Springer

highest O-value with a probability of 1 — € at each state. To
allow for increased exploration during initial training phases
and more exploitation toward the conclusion, the parameter
€ varies linearly with the episode number.

The hyperparameters of this model are composed of the
exploration-exploitation trade-off factor €, learning rate «,
discount factor y, discretization of the state space n, number
of episodes N, and the maximum allowable epoch N,
and their effects on convergence and accuracy are analyzed.

3 Results and discussion

In the following section, data pre-processing and feature
selection are performed on the collected datasets before
being utilized to train various predictor models with opti-
mized hyperparameters. The best-performing model is deter-
mined and used as a digital twin of the process, serving
as the foundation for training the RL agent and extracting
optimal process parameters. The data points are imported as
DataFrames, and features are normalized to ensure that they
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Fig. 5 Parity plots of a SVR_RBF, b GP_RBF, ¢ GP_Matérn, d Random_Forest, e GBoost and f XGBoost

are centered around zero with unit variance. This allows for
the comparison of the feature importance on a similar scale
and faster convergence in training the models. All developed
models and agents were trained and simulated in Python

utilizing libraries such as scikit-learn [69], pandas, and Ope-
nAl/gym [70] , and they were visualized using Seaborn and
matplotlib.

@ Springer



A. Seifoddini et al.

Table 5 Q-learning agent training hyperparameters and the range of
values considered in the analysis

Parameter Default value Range

Learning rate, a 0.35 [0.25, 0.30, 0.35, 0.40]

Discount factor, y 0.95 [0.85, 0.90, 0.95, 0.99]

Exploration-exploitation 0.4 [0.2, 0.4, 0.6, 0.8]
trade-off factor, e

Discretization size, n 10 [5, 10, 15, 20]

Number of episodes, N 3 000 3000

Max steps per episode, Nepo, 150 150

3.1 Feature selection

To improve the efficiency and accuracy of the prediction
models, it is important to analyze and remove irrelevant and
redundant data from the datasets. This can be achieved by
selecting the most important process parameters as features,
which reduces the training time and simplifies the models.

A correlation matrix, as shown in Fig. 1, can be con-
structed by statistically evaluating correlation coefficients
between the feature variables. Positive and negative values
indicate direct and inverse correlations, respectively, and the
maximum magnitude can reach unity. It can be noticed that
the laser power has the highest impact on melt pool depth
with a coefficient of 0.57, while layer thickness has the low-
est with a coefficient of —0.19.

SHAP values can be utilized to understand each feature’s
influence on the model predictions. Figure 2 illustrates the
SHAP values for all process parameters, revealing that layer
thickness minimally impacts the prediction, while laser
speed and laser power show the highest contribution.

To further illustrate the impact of feature selection on
model training, the performance of the trained models
was analyzed using the criteria introduced in the machine

4000
3 000

2000

| reward

1 000

ge fina

-1 000

Avera

-2 000

3 000

learning section. Three distinct sets of input features—P-
V, P-V-R, and P-V-R-T—were selected, and a train-test
split ratio of 25% with 5-fold cross-validation was used for
this analysis. As shown in Fig. 3, the poorest performance
occurs when the features consist solely of laser power and
laser speed. Adding laser radius to the feature set results in
a noticeable improvement in performance across all crite-
ria, particularly for the GPR models. Finally, incorporating
layer thickness slightly enhances the prediction accuracy of
ensemble methods, though it has no positive effect on the
other models.

Based on these observations, the P-V-R feature set is
identified as the optimal solution in the feature selection
process and used to derive the final prediction model.

3.2 Optimal ML model fitting and selection

In this section, various machine learning models were
trained using the pre-processed data and selected fea-
ture sets. To ensure a fair comparison, hyperparameters
were optimized for all models. Bayesian optimization was
applied to GPR models, while the remaining models were
optimized using grid search.

Grid search exhaustively evaluates all combinations of a
predefined set of hyperparameters, offering simplicity but
at a high computational cost. In contrast, Bayesian optimi-
zation uses probabilistic models to guide hyperparameter
selection, balancing exploration and exploitation by con-
structing a surrogate model to predict model performance.
The optimized hyperparameters are shown in Table 4.

Once hyperparameters were optimized, the models were
evaluated using 5-fold cross-validation with a 25% train-
test split. The accuracy of each model was recorded, and
the average and standard deviation of each criterion were
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Fig. 6 Effects of the discount factor on a the accumulated final reward and b its standard deviation for various targets

@ Springer



Multi-objective process parameter optimization using a hybrid reinforcement/machine learning...

6000 F

5000

4000 ¢

3000 ¢

2000 ¢

Reward

1 000 ¢+

—1 000 k

-2 000 §

—— Discount=0.85
—— Discount=0.90
~—— Discount=0.95
—— Discount=0.99

1 000

1500 2 000 500

9}

Episode

Fig. 7 Effects of the discount factor on the accumulated final reward for a target melt pool depth of 0.3 mm

reported, as shown in Figs. 4, 5. While all the models dem-
onstrate acceptable performances, it is important to choose
the model with the highest accuracy that also satisfies gen-
eralization requirements. Therefore, both the average values
and the standard deviations are considered.

The R? values show that the GPR model with a Matérn
kernel achieved the highest average generalization ability
(96.05%), and a low standard deviation (2.28%). Moreover,
the GPR model with an RBF kernel ranks second, with an
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o
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)
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average of 95.66% and a standard deviation of 2.23%. Ran-
dom forest, however, showed the lowest R? with an average
of 90.82% and a standard deviation of 5.64%.

In terms of RMSE, the GPR model with the Matérn ker-
nel had the lowest average error of 30 um and a standard
deviation of 10 um. Conversely, random forest exhibited the
highest average RMSE of 50 um, with a standard deviation
of 20 pm.

Reward standard deviation

(b)

Fig. 8 Effects of the learning rate on a the accumulated final reward and b its standard deviation for various targets
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Fig. 9 Effects of the learning rate on the accumulated final reward for a target melt pool depth of 0.3 mm

The MAPE results aligned with the previous findings,
where GPR with the Matérn kernel achieved the lowest aver-
age MAPE of 25.92% and a standard deviation of 6.06%,
while XGBoost recorded the highest average MAPE at
53.64% and a standard deviation of 20.84%.

Based on the obtained results, the GPR model with the
Matérn kernel demonstrated the best accuracy and gener-
alization performance and was selected as the predictor
model to assess the impact of these models on training an
RL agent and its capability in extracting the optimal process
parameters.

3.3 RL agent training and process parameter
optimization

3.3.1 Extracting optimal hyperparameters of the agent

The selected GPR model was utilized to train the Q-learn-
ing-based RL agents for various target melt pool depths and
normalized enthalpy threshold requirements. A performance
analysis was employed to extract the optimal hyperparam-
eters on a range of possible hyperparameter values. Table 5
lists the hyperparameters used for the GPR model along with
their value range used in the search algorithm.

The learning rate and discount factor parameters were
chosen based on three custom performance criteria, which
were calculated after applying a moving average filter with
a window size of 75 episodes to smooth the accumulated
rewards. These criteria included the average reward of the

@ Springer

final 1 000 episodes, which was used to represent the mod-
el’s competence in satisfying the reward function require-
ments. The second proposed criterion is the convergence
episode, defined as the episode number after which the accu-
mulated reward falls within a 5% range of the average final
reward and is used as a reference for comparing the training
time. The final criterion is reward stability, which measures
the average standard deviation of the accumulated reward in
the final 1 000 episodes of the training process. The values
for these three criteria were obtained for various discount
factors and learning rates, and the results are depicted in
Figs. 6,7, 8, 9 and 10.

Based on the results illustrated in Fig. 10, a discount fac-
tor of 0.95 yields the best results across all three efficiency
criteria. However, the same conclusion cannot be made
when choosing the learning rate parameter. Specifically, as
shown in Fig. 10, a learning rate of 0.4 yielded the highest
accumulated reward and fastest convergence speed, but a
value of 0.35 was chosen as the optimal parameter because
it also ensured adequate reward stability, striking a balance
in performance.

While the proposed criteria offer valuable insights into select-
ing the learning rate and discount factor, they are not suitable
for determining other parameters, as these criteria fail to account
for all the factors influenced by their selection. For instance, as
shown by the Q-tables in Fig. 11, a higher exploration-exploi-
tation coefficient (e) encourages a broader search. This enables
a more comprehensive analysis of the state-action space to
avoid sub-optimal outcomes and convergence to local optima.



Multi-objective process parameter optimization using a hybrid reinforcement/machine learning...

Average final reward Convergence episode Standard deviation of reward
2000 1200 ¢
19815 200
e 19| | ~;Tm_o 1750 1000
1:3001s T | 1500
800
1250 p ] ] ] 13405 1250 }
1000 1000 600
BT s 400
500 r 500
200 F
250 F 250
o LI y N g .
0.85 0..90 0.95 0.99 0.85 0..90 0.95 0.99 0..90 0.95 0.99
(@)
Average final reward Convergence episode Standard deviation of reward
1750 3000 F
1730.6 1000
Sl B 2500 b
1495.0
1250 | [RNES] - [E.  E— 20l
2000 F
1000 f — 600
1500 }
750
400 +
1000 ¢
500
250 | | e
, LI g 2 . " g
0.25 0.30 0.35 0.40 0.25 0..30 0.35 0.40

(b)

Fig.10 Comparison of the effects of a the discount factor and b the learning rate on the performance criteria for a target melt pool depth of 0.3

4000
3500 <
4 o A=
S -~
s 3000 -2
5000 g =
0 -s000 2 2
- 2500
-5 000 =] a
~10000 &= 2000 2
~10000 © =
~15 000 g 3
-20 000 5 1500
> =
~15000 < <
1000 3
[

20 000 500

(a) (b)

Fig.11 Effects of the exploration-exploitation coefficient on a the accumulated final reward and b its standard deviation for various targets

@ Springer



A. Seifoddini et al.

10 000 f — Epsilon=0.2
—— Epsilon=0.4
—— Epsilon=0.6
—— Epsilon=0.8
5000
E 0
z
(5
~
5000
-10 000
0 500 1 000 1 500 2 000 2500
Episode
(@)
100 000
0.12 :
£ o1l =) e
E g & S 90 000
= P 4 ®
.2 008 = ®
B 007 2 ®
o7 006 7, 80 000
0.05
70 000
3
=
60000 =
7|
Ql
50 000
40 000
0.12
g o1l g 30 000
£ 0.10 4 = i
% 009 b ol 5
.2 008 .: =
-g 0.07 = -g 20 000
& 006 | @@ I
.. :

Fig. 12 Effects of the exploration coefficient on the a accumulated reward and Q-tables where € is b 0.2, ¢ 0.4, d 0.6, and e 0.8 with a target
melt pool depth of 0.3 mm

@ Springer



Multi-objective process parameter optimization using a hybrid reinforcement/machine learning...

3 000

=
4000 | 2000 S
3000 o
2000 =
2 <
1 000 1 000 ’E
o D
- i 000 5 x
2000 * 5
06 ;

o, -1 000

\\(
2000

(a)

(=

3 000

{ =
S)
k=
2500 =
>
]
3000 <
2500 2 000 -g
2000 .=
1500 g
1 000 500 @
500 )
<
> 1000 %

@,
(a4

500

(b)
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However, a smaller coefficient prompts the model to focus on
regions with higher value estimates, resulting in larger accumu-
lated rewards and faster convergence, as shown in the surface
plots in Fig. 12. Therefore, a value of 0.4 was chosen to achieve
a large reward accumulation while also exploring a sufficient
portion of the state-action space.

The previous criteria are also not applicable for select-
ing the discretization size (n), as many coefficient values
result in the model failing to converge within the predefined
number of episodes. A discretization size of 10 was chosen
because it led to a higher accumulated reward compared to
a size of 5 while still ensuring convergence within the speci-
fied number of episodes, as shown in Figs. 13, 14.

3.3.2 Effect of the keyhole criteria

The performances of the RL agent with and without the keyhole
criterion were compared to illustrate the criterion’s effective-
ness in encouraging the model to avoid choosing parameters
that could generate unstable keyhole regions. The output of the
RL agent consisted of the estimated process parameters for the
LPBF process aimed at achieving a specific melt pool depth.
These parameters were then used in the ML model, GPR model
with the Matérn kernel, to assess whether the resultant RL out-
puts accurately produced the desired melt pool depths.

As shown in Fig. 15, it is evident that the RL agent can
achieve acceptable accuracy up to target melt pool depths of 0.6
mm with both criteria. However, according to Fig. 16, the model
that incorporates the keyhole criteria into its reward function
outperforms the alternative by selecting process parameters that
not only achieve accurate target melt pool depth generation but
also result in reduced normalized enthalpy. This demonstrates

the framework’s effectiveness in simultaneously addressing
multiple objectives within the manufacturing process. Besides,
Fig. 16 suggests that in certain cases, two different sets of pro-
cess parameters may lead to the same melt pool depth but differ-
ent normalized enthalpy values, casting doubt over the accuracy
of the criteria for following the melt pool depth trend. This can
be explained by the fact that normalized enthalpy Eq. (10) relies
on the ratio of the influential process parameters, P, V, and R,
which in turn may fail to adequately capture the actual dynamics
of the melt pool under the two different processing conditions.

4 Conclusions

This study has developed a novel data-driven framework
combining ML and RL methods to optimize process parame-
ters for the L-PBF manufacturing process to achieve a desired
melt pool depth. The following remarks can be made.

(1) The findings demonstrated the feasibility and advan-
tages of the adopted multi-objective data-driven
approach for process parameter optimization over
traditional methods such as DOE and pure simulation-
based techniques.

(i) Relying on the experimental data extracted from the
published literature on LPBF Ti6Al4V alloy, the GPR
model with a Matérn kernel was identified as the opti-
mal surrogate model, offering high prediction accu-
racy with minimal training data. By fine-tuning the
GPR with a Matérn kernel, a low average RMSE of 34
um (standard deviation 10.8 um) and an R* of 96.05%
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(standard deviation 2.28%) were achieved, confirming
both high accuracy and generalization capabilities.

The Q-learning framework was successfully integrated
with a trained ML model to obtain optimal process
parameters. The RL model converged to an optimal solu-
tion that not only matched the desired melt pool depth
but also maintained the normalized enthalpy below the
critical threshold and prevented keyhole defects. It was
further suggested that in some instances, different com-

binations of process parameters could achieve the same
melt pool depth while producing varying normalized
enthalpy values, raising concern over the reliability of
the RL agent, as the only measure for evaluation, to track
the melt pool depth variations.

The proposed framework offers several practical advan-
tages. Firstly, by identifying and training a data-efficient
ML surrogate model using fewer than 200 literature-sourced
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experiments, the reliance on large and costly AM datasets was
reduced, making the approach viable in resource-constrained
settings. Secondly, by embedding this ML model as the RL
agent’s digital-twin environment, the need for physics-based
simulations was eliminated, and dynamic exploration of
parameter combinations across the discrete process space was
enabled. Finally, the RL agent employed a flexible reward
scheme to automatically balance competing objectives, such
as achieving precise melt-pool depth while avoiding keyhole
formation, resulting in process parameters that deliver both
geometric accuracy and improved material integrity. Together,
these features provide a cost-effective and adaptable optimi-
zation tool for practical additive manufacturing applications.

Future work aims to improve the model by incorporating
advanced RL algorithms like proximal policy optimization
and actor-critic methods to enhance efficiency. Expand-
ing the dataset to include more alloys and parameters and
refining the reward function through tuning coefficients and
adding metrics will optimize outcomes. On the other hand,
real-time sensor feedback will enable dynamic adjustments,
and experimental validation on a lab-scale L-PBF system
will compare predictions to measurements, providing data to
refine the framework further. These steps will bridge simu-
lations with real-world applications, advancing ML and RL
integration for practical AM use.
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