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Abstract

Achieving uniform melt-pool geometry in laser powder bed fusion (LPBF) remains difficult due to
nonlinear parameter interactions, stochastic powder-bed conditions, and progressive heat accumulation.
These challenges are intensified by the lack of a sustainable digital manufacturing platform that can
unify data, models, and control. To address this issue, this work introduces a unified LLM-agent-guided
framework that integrates stochastic calibration and real-time control within a single pipeline. The work
uses two co-ordinated agents. CalibAgent performs Bayesian Markov Chain Monte Carlo calibration of
an analytical thermal model of a multi-layer, and multi-track LPBF process using NIST AM-Bench melt-
pool data, inferring distributions over absorptivity and thermal diffusivity. ControlAgent then uses the
calibrated model to compute spatially varying laser-power schedules via analytical inversion, requiring no
iterative optimization and executing in milliseconds. Demonstrations on IN718 across four scan geometries
(horizontal and 45° cross-hatch, concentric triangular hatch, and a multi-layer L-shaped build) show that
the controller reduces steady-state depth fluctuations by 83%–99% and eliminates turnaround spikes of up
to 41 µm. In the multi-layer case, it maintains near-uniform depth across four layers without retraining
or parameter adjustment. The framework requires no task-specific training, reward engineering, or expert
tuning, enabling immediate extension to new materials and scan strategies.

Keywords: Laser powder bed fusion, LLM agents, Bayesian calibration, Feedforward control, Agentic AI

1 Introduction

Metal additive manufacturing (AM) has fundamentally transformed the production capacity, time, and
quality of high-value structural components [12]. Across aerospace, biomedical, and defense industries, AM
enables the fabrication of geometrically complex parts with minimal material waste and shortened lead times
[40]. Unlike conventional subtractive methods, AM builds parts layer by layer through the local deposition and
consolidation of material [53]. Critically, final part quality encompassing density, microstructure, mechanical
properties, surface finish, and dimensional accuracy is not determined at a single moment rather it is
continuously shaped throughout every layer of the build [8, 19]. This layer-wise evolution makes AM uniquely
sensitive to precise, continuous management of process conditions.

In laser-based metal AM processes, the primary controllable inputs laser power, scan speed, hatch spacing,
layer thickness, and scan strategy do not influence part quality independently [7]. Instead, they interact
nonlinearly through a cascade of coupled physical phenomena [42]. The laser first determines the local energy
density, which drives absorption and heat generation; these, in turn, govern the temperature field, melt pool
geometry, fluid dynamics, solidification rate, and ultimately the microstructure and residual stress [26, 28].
Over fifty distinct parameters have been identified as potentially impacting process outcomes in laser powder

1



bed fusion (LPBF) alone [15, 31]. The consequence is that no single parameter can be adjusted in isolation.
Identifying process windows that satisfy all quality constraints therefore entails exploring a high-dimensional,
nonlinearly coupled parameter space that is expensive to sample experimentally and challenging to model
computationally.

At the heart of these challenges lies the melt pool, the small volume of molten material created beneath
the laser during each scan. Melt pool geometry, thermal history, and stability collectively determine the
solidification microstructure, grain morphology, porosity content, and interlayer bonding that define the
structural integrity of the final part [8, 26]. When the melt pool is too shallow, adjacent layers fail to bond
sufficiently, producing lack-of-fusion voids [14, 52]. When it is too deep, the process transitions into keyhole
mode, where vapor depression and recoil pressure collapse to form spherical subsurface pores [21, 58]. Between
these extremes lies a narrow operating window; the essential control problem is to keep the melt pool within
this window everywhere along the scan trajectory.

Achieving this level of control demands fast and reliable melt-pool prediction across different materials
and process conditions. It needs to be fast enough to predict melt pool behavior rapidly enough to inform
parameter scheduling during the scan itself. High-fidelity models can capture detailed physics, but they
are too expensive for real-time use and large parameter studies [2, 32, 45]. By contrast, analytical heat-
conduction models offer closed-form descriptions of a moving heat source that evaluate in milliseconds, are
interpretable in terms of physical parameters, and provide sufficiently accurate representations of melt pool
geometry in the conduction-dominated regimes typical of LPBF [2, 68]. More broadly, the preference for
fast, interpretable, physics-based models aligns with recent work on mechanistic artificial intelligence in
manufacturing, where physics and data-driven methods are combined for prediction rather than relying on
black-box models [46, 50, 62].

Classical analytical heat-conduction models, beginning with Rosenthal’s moving heat-source solution
[48] and the broader conduction framework of Carslaw and Jaeger [6], form the basis of many reduced-
order LPBF thermal models. Later developments introduced distributed heat-source forms, such as the
Goldak double-ellipsoidal model, while retaining fast evaluation [13]. For the small, conduction-dominated
melt pools typical of LPBF, such models remain physically justified [66]. Their accuracy has also been
improved through temperature-dependent properties [23], Gaussian heat-source descriptions [10, 63], and
volumetric formulations [41, 67]. As a result, analytical models continue to provide a fast, scalable, and
physically interpretable basis for melt-pool prediction, process-map construction, and LPBF optimization
[3, 61]. Despite their promise for LPBF control, existing analytical applications have been largely confined to
idealized or geometrically limited scenarios. Most prior analytical control studies considered single-track or
single-layer geometries, where the thermal history is relatively simple and the dominant source of melt pool
variation—residual heat accumulation across multiple vectors and successive layers—is absent by construction
[56, 65]. In practice, however, LPBF parts are built from hundreds of overlapping scan tracks across many
layers, and it is precisely this multi-track, multi-layer regime where thermal nonuniformity is most severe. At
track turnarounds, the combination of scan deceleration and residual preheat from adjacent vectors drives
sharp melt pool depth spikes [11, 52]. Across layers, progressive substrate heating shifts the baseline thermal
state upward, causing depth to increase with each successive layer even under constant power [4]. These are
not edge cases; rather, they are the dominant operating conditions of real LPBF builds, yet they remain
unaddressed by existing analytical control frameworks [27, 30, 57].

The utility of any analytical model further depends on the accuracy of its physical parameters. Deterministic
calibration strategies, which seek a single best-fit parameter vector, are inadequate for two reasons. First,
they treat calibration as a point-estimation problem and discard uncertainty information, directly relevant
to the expected variability of melt-pool behavior. Second, the LPBF process is inherently stochastic due
to powder-bed inhomogeneity, local thermal history, and measurement uncertainty [26, 29]. A controller
calibrated on a deterministic model therefore operates with implicit overconfidence. What is needed instead
is a probabilistic calibration strategy that infers a distribution over model parameters from experimental
data, propagates that uncertainty through the model, and yields predictions that match not only mean
melt-pool geometry but also the observed scatter. Bayesian calibration provides a principled framework for
this purpose, enabling uncertainty quantification and statistically consistent predictive intervals [22, 24],
thereby making the model honest about what it knows—and what it does not. This perspective aligns with
recent efforts in computational intelligence for engineering systems, which emphasize building predictive
models grounded in physical insight rather than relying solely on empirical fitting [37, 49].

Finally, even a physically well-calibrated analytical control system requires a practical execution layer
that adapts to different materials, scan strategies, and quality objectives without demanding reconfiguration
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of code. Reinforcement learning (RL) approaches address this execution problem by learning a control policy
through environment interaction [55], and have been explored in manufacturing and additive manufacturing
for adaptive process control [25, 47]. However, RL methods typically require extensive training data or
simulation rollouts, careful reward engineering, and substantial computational cost. Moreover, learned policies
are often difficult to interpret and do not generalize reliably across materials, machines, or process conditions
without retraining [9]. A more natural fit for orchestrating a well-defined computational pipeline in response to
high-level user objectives is an LLM-based, tool-using agentic framework. Unlike a static script that executes
a fixed sequence of function calls, an agentic system interprets structured numerical outputs at each step and
branches its execution accordingly: it may accept, modify parameters, or rerun a computation depending
on the returned diagnostics. This distinction is critical—the same agent handles cases that require different
sampling budgets, different controller hyperparameters, and different numbers of refinement iterations, all
determined at runtime from the data rather than from hard-coded logic. Such systems leverage the reasoning
and tool-use capabilities of large instruction-tuned models to translate natural-language instructions into
structured tool calls [51, 64]. Unlike RL-based controllers, this approach requires no task-specific training, no
reward design, and no policy optimization. Instead, it builds on zero-shot and tool-augmented reasoning
capabilities of foundation models [60], making the execution layer extensible to new materials or scan
geometries by modifying tool definitions rather than retraining model components.

This work presents an LLM-agent-guided framework for stochastic calibration and feedforward control
of multi-track, multi-layer LPBF. For this purpose, two coordinated agents are used. Bayesian (Markov
Chain Monte Carlo)MCMC calibration [20] of a volumetric Gaussian analytical thermal model is performed
by CalibAgent using melt-pool data from the NIST AM-Bench dataset [39]. Posterior distributions of
absorptivity and thermal diffusivity are inferred. A spatially varying laser-power schedule is then computed
by ControlAgent from the calibrated model so that uniform melt-pool depth is targeted. In both agents,
decisions are made from tool outputs. Sampling effort and reruns are selected by CalibAgent based on dataset
size and convergence diagnostics. The computed schedule is accepted or refined by ControlAgent based on the
depth-uniformity results of the controlled run. The framework is demonstrated on IN718 for horizontal and
45-degree cross-hatch scans, concentric triangular paths, and a multi-layer L-shaped geometry. Across these
cases, reductions of 83% to 99% in steady-state melt-pool depth standard deviation are achieved. Turnaround
depth spikes of up to 41 µm under constant power are also removed. Both the mean and scatter of the
experimental melt-pool dimensions are reproduced by the stochastic calibration. Predicted width and depth
are obtained as 142.4± 4.6 µm and 123.2± 4.0 µm, compared with experimental values of 141.3± 2.7 µm
and 122.4 ± 2.1 µm. The paper is organized as follows. In Section 2, the model, calibration method, and
agent framework are described. In Section 3, the calibration and control results are presented. In Section 4,
directions for future work are discussed. In Section 5, the main findings are summarized.

2 Methodology

The current study develops a framework that integrates two coordinated LLM agents into a unified calibration
and control pipeline, as shown in Figure 1. CalibAgent infers full posterior distributions over the thermal
model’s physical parameters from experimental melt pool data. It is capable of capturing both mean response
and process variability. ControlAgent then applies a feedforward controller to generate spatially varying
laser power schedules that enforce uniform melt pool depth across complex scan geometries. Both agents
operate through structured tool calls to computational backends. At each step, the agent receives structured
outputs from the environment, interprets those outputs using explicit decision rules, and selects the next
action accordingly. In the calibration workflow, the relevant returned quantities include case availability,
number of experimental measurements, MCMC acceptance rate, and posterior uncertainty. In the control
workflow, the relevant returned quantities include uncontrolled and controlled depth statistics, residual spike
amplitudes, and the achieved reduction in depth variation. These returned quantities determine whether
the current result is accepted, whether execution settings are modified, or whether one additional run is
triggered. Detailed descriptions of each component are provided in the following subsections.

2.1 Analytical Thermal Model for Melt Pool Prediction

2.1.1 Model Description

The analytical approach in this study adopts a volumetric Gaussian heat source distribution for thermal
modeling in order to reproduce the melt pool geometries [41]. The governing equation is presented in Eq. (1),
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“Run stochastic calibration for LPBF melt-pool

prediction using the experimental IN718 dataset

with Laser power P = 285 W, Scan speed V = 960

mm/s, Spot diameter = 80 µm“

User Calibration Prompt: User level input

through a natural language

Analytical Thermal

Model

Limited

Experimental Data

Calibrated Stochastic Process-Structure

Model

CalibAgent

“Run the full LPBF depth-control pipeline for the

Horizontal hatch track and use the specific power

levels mentioned in quantized control“

User Control Prompt: User level input through

a natural language

Calibrated

Stochastic Model

User defined LPBF

track

Controlled Melt-pool Depth Using Agent

Guided Feedforward Controller

ControlAgent

Melt -pool Depth ControlAgent-Orchestrated Calibration and Control Pipeline

Power Schedule

Change of Power in Each Layer of Deposition

Fig. 1: Overview of the LLM-agent guided framework for LPBF melt pool control. CalibAgent performs
Bayesian MCMC calibration of an analytical thermal model from experimental measurements, and ControlA-
gent uses the calibrated model to compute a laser power schedule targeting uniform melt pool depth across
multi-track, multi-layer scan geometries.

where T0 is the initial temperature (K), η is the absorptivity, and P is the laser power (W). The heat source
is modeled as

T (xi, t) =
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√
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)

+ T0, x∗ij3 = zscale xij3 (1)

where, λi = 12α(t− τ) + σ2
i , for i = 1, 2, 3. (xij1, xij2, xij3) represent the components of the relative position

vector (xi − xj) between the point of interest xi and the heat source location xj . Here, xij1 and xij2 denote
the in-plane coordinates, while xij3 corresponds to the build direction.

In the present implementation, a build-direction scaling factor zscale is additionally introduced for the third
spatial coordinate. This modifies the effective distance in the xij3 direction only and therefore controls the
thermal decay with depth without changing the in-plane (x, y) spread. The parameter serves as an effective
anisotropy correction that compensates for depth-shape deviations not fully captured by the simplified
analytical heat-source formulation, thereby improving agreement with the experimentally observed melt-pool
aspect ratio. Accordingly, the third relative coordinate is replaced by the scaled quantity x∗ij3 = zscale xij3 in
the exponential term of Eq. (1).

To account for residual heat accumulation from earlier scan locations, the analytical model retains only a
localized subset of prior heat-source points in the moving-source summation. For an evaluation point xeval at
time teval, only prior source points j satisfying

∥xeval − xj∥ ≤ rhist, teval − tj ≤ τhist (2)

are included in the temperature evaluation. Here, rhist is the spatial history radius and τhist is the temporal
history window. Together, these parameters define the spatial and temporal extent of residual-heat carryover
from previously deposited scan points. These values can be specified by the user in the track file provided to
the control agent, allowing different settings to be assigned for different tracks and scanning strategies.

To allow the heat source model to operate, the following simplifying assumptions are made:

• The temperature field develops as a direct response to the concentrated energy input from the laser beam.
• Thermal energy propagates solely through heat conduction mechanisms. Radiation and other modes of

heat transfer are considered negligible.

4



Fig. 2: Three-dimensional surface temperature field snapshots for the L-shaped multi-layer geometry, shown at
four time points within each layer’s scan (rows: t = 35, 104, 173, 242 ms) across all four build layers (columns:
Layers 1–4). The bright concentrated hot spot marks the current laser position, while the surrounding red-to-
dark gradient shows how heat diffuses into the substrate.

• The computational domain is regarded as semi-infinite [63] as vaporized alloying elements in the powder
caused by the laser beam are neglected due to the small dimension of the melt pool.

• Process parameters such as laser power, scanning speed, powder size, and powder distribution influence the
material behavior in metal additive manufacturing processes, as they may alter the predicted temperature
field [36]. Temperature-dependent material properties during simulation are treated using the enrichment
method [54]. This method employs an iterative scheme that updates the temperature-dependent material
properties.

The multi-layer, multi-track thermal build case for an L-shaped geometry is demonstrated in Figure 2.

Table 1: Properties of IN718 used for simulation [1].

Symbol Meaning Value
ρ Density 8193.3 [kg/m3]
cp Specific Heat 435 [J/kg/K]
k Thermal Conductivity 0.016T + 6.39 [W/m/K]
Ts Solidus Temperature 1537 [K]
Tl Liquidus Temperature 1609 [K]
Tv Vaporization Temperature 3005 [K]
Qf Latent Heat of Fusion 295 [kJ/kg]
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a)

b)

c)

d)

e)

f)

Fig. 3: Validation of the analytical thermal model against the study by Ni et al. [41] for the 5th scan of Layer
1. Temperature histories at three representative path locations (a) the first point, (b) the midpoint, and (c)
the last point of the scan show that the present model closely reproduces the reference predictions, capturing
both the sharp heating peak as the laser passes and the subsequent cooling decay. The corresponding melt
pool cross-sections at each location (d, e, f) show the predicted temperature field with the white dashed
contour marking the melt boundary. For visualization, the temperature colormap is clipped at the melting
temperature to indicate the melt pool.

2.1.2 Model Validation

To assess the reliability of the developed analytical thermal model, the predicted temperature histories are
validated against the numerical results reported by Ni et al. [41] for the 5th scan of Layer 1. The material
considered in this study is Inconel 718, and its properties are summarized in Table 1. Three representative
locations along the scan track are selected: the first point, the midpoint, and the last point of the scan. Figure
3 (a)–(c) present the temporal temperature evolution at these positions, comparing the present model with
the reference study. At all three locations, the proposed model successfully captures the characteristic rapid
temperature rise during laser irradiation followed by the gradual cooling phase after the laser passes. The
peak temperatures predicted by the model are in close agreement with the reference data, with only minor
deviations observed near the maximum values. The cooling trends and the overall shape of the thermal cycles
also demonstrate strong consistency with the reference study results. Slight differences in peak magnitude
and decay rate are observed due to the uncertainties in heat source calibration and numerical discretization.

In addition to temporal validation, spatial validation is performed by examining the predicted melt
pool cross-sections at the corresponding locations, as shown in Figure 3 (d)–(f). The temperature contours
exhibit the expected elongated melt pool geometry along the scanning direction. The white dashed contour
indicates the melting isotherm, clearly defining the melt boundary. The predicted melt pool shape and depth
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are physically consistent with reported laser powder bed fusion characteristics, confirming that the model
accurately reproduces both the transient thermal response and the melt pool morphology.

2.2 Agent-Guided Offline Stochastic Calibration Strategy

2.2.1 Description of Dataset Used For Calibration

Experimental melt pool measurements are taken from the NIST data publication [39]. The dataset serves
as supplemental single-track experiments aligned with the NIST Additive Manufacturing Benchmark (AM-
Bench) single-track challenges (2018 and 2022) and are associated with prior spot-size and fidelity studies.
The dataset contains single-track laser scans produced using Yb-fiber (ytterbium-doped fiber) lasers on
bare plates of Inconel 625 (IN625) and Inconel 718 (IN718) across three laser powder bed fusion (LPBF)
systems. Laser power, scan speed, and laser spot diameter are varied, and each track is cross-sectioned
and metallographically prepared. Optical micrographs of etched cross sections are provided together with
corresponding melt pool depth and width measurements.

Melt pool depth and width are defined using a bounding-box procedure on the optical micrographs. Depth
is the greatest vertical extent and width is the greatest lateral extent of the melt pool in the cross section
while the top of the bounding box aligned to the plate surface such that any material above the surface is
excluded. The annotated labels height and width on the images reflect the bounding-box dimensions and
may not always correspond to depth/width depending on melt pool aspect ratio and the spreadsheet should
be used as the authoritative source for numeric values.

For the stochastic calibration in this study, the IN718 single-track subset at the fixed process condition P =
285W and V = 960mm/s with spot diameter 80µm is selected, and the observation set D = {(Wi, Di)}Ni=1

is constructed directly from the corresponding rows. This choice provides repeated measurements under a
single nominal (P, V, spot) setting, which is essential for inferring not only mean melt pool response but also
the experimentally observed variability.

2.2.2 Stochastic Calibration Formulation

Traditional deterministic calibration seeks single best-fit parameter values that minimize prediction error.
However, this approach cannot capture the inherent variability observed in experimental melt pool mea-
surements, which arises from stochastic fluctuations in powder bed conditions, local thermal history, and
measurement uncertainty. This study formulates calibration as a stochastic inverse problem in which model
parameters are treated as random variables whose distributions are inferred from experimental data. Following
classical Bayesian calibration frameworks for computer models [20, 24], uncertainty is explicitly represented
in the calibration parameters rather than absorbed into deterministic tuning constants.

Two analytical-model parameters are treated as stochastic, thermal absorptivity η and the thermal
diffusivity multiplier α. The effective absorptivity is dependent on local reflectivity, powder morphology, and
surface condition. Likewise, the effective heat diffusion behavior depends on conduction into the substrate
local powder packing, and prior thermal history, which are not explicitly captured by the analytical model.
The laser beam radius σm is reported from the dataset spot diameter (D4σ = 80µm) via the relation
σm = D4σ/4 = 20µm. The depth-scaling factor zscale is fixed deterministically: it is obtained in a preliminary
mean-fit step in which a Powell optimizer matches the analytical model to the experimental mean melt pool
width and depth. This two-stage decomposition isolates the parameters that primarily govern variability (η, α)
from those that govern mean geometry (zscale), reducing the stochastic inference problem to a well-identified
four-dimensional space.

The stochastic calibration is therefore written in terms of the hyperparameter vector

θ =
[
µη, µα, ση, σα

]
, (3)

where µ{·} and σ{·} denote the mean and standard deviation of each stochastic physical parameter. For a
given θ, an ensemble of Ns = 30 physical-parameter samples. Each sample represents one possible realization
of the process:

η(j) ∼ N (µη, σ
2
η), α(j) ∼ N (µα, σ

2
α), where j = 1, 2, . . . , Ns, (4)

with σm and zscale held fixed. Each sample is propagated through the analytical forward model F . This gives
one predicted melt-pool width and one predicted melt-pool depth:

(

W (j), D(j)
)

= F
(

η(j), α(j); zscale

)

where j = 1, 2, . . . , Ns, (5)
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In this way, one hyperparameter vector θ does not produce just one prediction. It produces a distribution
of predicted width and depth values. That is important, because the experiments also give a distribution, not
a single number. The calibration should therefore match the full spread of the data, not only the average.

The posterior distribution over θ is

p(θ | D) ∝ p(θ) p(D | θ), (6)

where D = {(Wi, Di)}Ni=1 are the experimental observations. Uniform priors are assigned within physically
admissible bounds Ω (Table 2), derived from prior NIST dataset studies [38, 59]. Rather than assuming
a parametric noise model, a distribution-level discrepancy functional J(θ) is defined and converted to a
likelihood [5]:

p(D | θ) ∝ exp
(
−β J(θ)

)
, β = 1, (7)

where J combines moment matching and Kernel Density Estimation (KDE)-based Kullback–Leibler divergence
(KLD):

J(θ) = wm Lmean + ws Lstd + wkl(KLW +KLD) + wc Lcorr + λr∥σ∥2, (8)

Here the mean term checks whether the predicted average width and depth are correct. The standard-deviation
term checks whether the predicted scatter is correct. The KL-divergence terms compare the predicted and
experimental distributions to refine the fit. The correlation term keeps the link between width and depth.
This matters because, in the experiments, width and depth do not vary independently. The regularization
term prevents the inferred standard deviations from shrinking to zero or growing unstable.

with weights wm = 2.0, ws = 5.0, wkl = 1.1, wc = 5, and regularization λr = 10−4. The larger weight
on the variance-related part reflects the main goal of this calibration that is to reproduce the experimental
scatter, not just the mean trend.

The posterior is explored with a Metropolis–Hastings random-walk MCMC sampler [18, 35]. Starting from
the mean-fit estimate, the chain runs for 30,000 steps with a 12,000-step burn-in. The sampler converges to an
acceptance rate near 0.5, consistent with efficient exploration of this low-dimensional posterior. The maximum
a posteriori (MAP) estimate is used for downstream predictions. The entire algorithm is summarized in
Algorithm 1 of C.

Table 2: Admissible domain Ω for the four stochastic calibration hyperpa-
rameters. The beam radius σm = 20µm and depth-scaling factor zscale are
fixed deterministically and are not subject to MCMC inference.

Parameter Description Lower bound Upper bound
µη Mean absorptivity 0.45 0.9
µα Mean diffusivity multiplier 0.6 1.2
ση Std. dev. of absorptivity 0.005 0.06
σα Std. dev. of diffusivity multiplier 0.015 0.10

2.2.3 CalibAgent: Agent-Based Calibration Control

CalibAgent acts as the LLM-based decision layer on top of the stochastic calibration strategy described
above. For each user request, the agent first determines whether the requested (P, V, spot) condition exists in
the experimental dataset and then inspects the metadata associated with that case, particularly the number
of available experimental measurements npoints. This quantity is used to choose the initial MCMC budget,
since smaller datasets generally require longer chains to obtain stable posterior summaries. The burn-in and
ensemble settings are then chosen consistently with this budget.

After the calibration tool returns, the agent evaluates the returned calibration summary using the MCMC
acceptance rate, the number of data points, and the relative posterior spread of the inferred parameters, such
as ση/µη and σα/µα. These quantities are used to categorize the result into three quality levels acceptable,
marginal, or poor. Acceptable runs are retained directly. Marginal or poor runs trigger a stronger rerun in
which the sampling budget is increased. The rerun settings are computed from the previous run rather than
chosen arbitrarily, so the agent adapts the calibration effort to the difficulty of the case. To avoid unbounded
retry behavior, the agent performs at most two total calibration attempts, including the initial run. It then
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Fig. 4: CalibAgent pipeline demonstrating how inputs (material and process parameters) flow through
dataset querying and case selection into a calibration run. Finally in calibration tool Bayesian inference is
performed and reports and posterior summaries are generated.

returns the best available result together with the associated diagnostics. In this work, the reported runs use
the tool-calling LLM identifier llama3-groq-tool-use:8b. The methodology is explained in Figure 4.

This model is the 8B-parameter Groq Tool-Use variant built on Meta’s Llama 3 family [16, 34] and
tuned to produce structured tool/function calls using tool name and JSON arguments, which is well-suited
for reliably triggering the list_cases and calibrate_case actions used in this study [16, 17, 43]. Ollama
provides the tool-calling interface by supplying tool schemas to the model and feeding tool results back into
the context, enabling a closed-loop LLM–environment interaction [44].

CalibAgent interacts with the calibration code through two tools:

• list_cases: Returns a compact list of available dataset cases as JSON records containing Material,
Laser Power (W), Laser Scan Speed (mm/s), and Spot Diameter (µm). This tool is used to verify that a
requested case exists and to resolve missing case information before calibration is attempted.

• calibrate_case: Executes a complete calibration for one selected case with specified material, P , V , and
spot diameter. Inputs include material name, power in Watts, scan speed in mm/s, spot diameter in µm,
and the calibration mode, which in the present study combines moment matching and KL divergence.
The tool returns a structured JSON summary containing fitted parameter statistics, MCMC acceptance
diagnostics, predictive melt-pool statistics, and file paths to saved plots and result files. These returned
quantities are then used by the agent to decide whether the calibration should be accepted or rerun
with a stronger sampling budget.

CalibAgent runs as a short loop in which the tool-calling model llama3-groq-tool-use:8b reads the
current context and either requests a tool call or stops when enough information is available. Every interaction
is recorded in a machine-readable JSONL log so the full decision path is transparent and reproducible. A
short description of the recorded events are demonstrated below to discuss the workflow of the agent.

• llm_request: the exact message list provided to the LLM (system prompt + user prompt + any previous
tool results), along with the model identifier and a timestamp. Prompts are discussed further in B.1.

• llm_response: the LLM output. If the LLM decides to act, the response contains a tool request with
a tool name and a JSON argument dictionary.

• tool_call: the tool that is executed and the exact arguments used (this is the concrete “action” taken
in the environment).

• tool_result: the tool output returned to the agent (typically a JSON summary from the calibration
backend), which becomes part of the context for the next LLM step.
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In the typical flow, the agent first queries the dataset to verify that the requested process condition exists
and to retrieve the associated case metadata. It then selects an initial calibration budget from the dataset
size and launches the calibration tool. After each run, the returned diagnostics are evaluated in a fixed
sequence, the acceptance rate is checked to verify that the Markov chain is exploring the posterior effectively,
the posterior spreads are checked to determine whether the inferred uncertainty is excessively broad, and the
predicted melt-pool width and depth statistics are compared against the experimental summary. If these
indicators are satisfactory, the result is accepted immediately. If they indicate a marginal or poor run, the
agent increases the calibration budget and reruns the calibration. After this the best available calibration
summary is returned.

It is worth noting what the agent layer contributes beyond what a deterministic script would provide.
The computational tools–MCMC sampler, forward model, diagnostic checks–would function identically if
called from a fixed Python script. However, the agent mediates between these tools through structured
interpretation of their outputs: it selects sampling budgets from dataset metadata, evaluates convergence
diagnostics to decide between acceptance and rerun, and computes rerun parameters from effective sample size
rather than from predetermined values. Adding a new evaluation criterion (e.g., a Gelman–Rubin convergence
check across multiple chains) requires only adding a field to the tool’s return value and a line in the system
prompt; the agent’s decision loop does not need to be rewritten. This extensibility is a direct consequence of
mediating tool selection through natural-language interpretation of tool descriptions rather than through
hard-coded control flow.

2.3 Agent-Guided Open-Loop Feedforward Control Framework

2.3.1 Build Cases and Scan Strategies

Four scan geometries of increasing complexity are used to evaluate the feedforward control framework. The
horizontal and 45° cross-hatch patterns cover a 3×3 mm square domain with uniform hatch spacing, and
together isolate the effects of track-end turnaround spikes and inter-track residual heat accumulation under
straight and angled scan directions respectively. The concentric triangular pattern introduces sharp 60° corner
events at three locations per contour with progressively increasing preheat toward the centroid, providing
a non-rectilinear test case. The L-shaped multi-layer geometry extends the evaluation to a realistic part
cross-section with geometric discontinuities and layer-to-layer substrate preheating, directly targeting the
conditions most relevant to industrial LPBF builds. The tracks are described in more detail in A.

2.3.2 Open-Loop Feedforward Control Problem Formulation

The control objective is to maintain a spatially uniform melt pool depth z∗ throughout the entirety of the scan
trajectory. The scan trajectory is parameterized by normalized path fraction f . It provides a dimensionless
measure of the laser position along the complete scan path. For any intermediate trajectory point i, the path
fraction is defined as the distance traveled by the laser from the starting point up to point i, divided by the
total length of the full scan path. Thus, the normalized path fraction corresponding to trajectory point i is
given by,

fi =
Li

Ltotal
, (9)

where Li is the distance traveled by the laser from the start of the scan up to trajectory point i, and Ltotal is
the total scan-path length. This normalization is useful because it allows melt-pool depth, laser power, and
thermal-history quantities to be compared consistently across different scan geometries, even when the total
path lengths are different.

Since the melt boundary is defined as the Tmelt isotherm of the analytical thermal model (Eq. (1)), depth
uniformity is enforced by requiring T (xi, z

∗, ti) = Tmelt at every evaluation point i along the path. The target
depth z∗ is set to the 55th percentile of the uncontrolled depth distribution, which represents a physically
realizable and centrally representative value. At each evaluation index i, the trajectory is partitioned into a
fixed historical contribution Tfixed, arising from all source locations outside a stride window, Wi of s = 10
points, and a controllable contribution, Tctrl, that is linear in the unknown power Pnew to be applied within
Wi. Exploiting this linearity and enforcing the melt boundary condition yields the closed-form inverse

Pnew = Pref ·
Tmelt − Tfixed(xi, z

∗)

Tctrl(xi, z∗)
, (10)
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which is evaluated in a single step without iterative optimization. The computed power is rate-limited by
a maximum allowable inter-step change ∆Pmax and clipped to the admissible range [Pmin, Pmax] to ensure
physical realizability. A secondary correction pass is subsequently applied to resolve residual undershoot
locations that arise from geometric transitions such as track ends and corners, where the forward prediction
accuracy of the first pass is reduced. The full derivation, decomposition, and algorithmic details are provided
in E and Algorithm 2.

2.3.3 ControlAgent: LLM-Orchestrated Control Policy
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Fig. 5: ControlAgent pipeline demonstrating how the user-specified scan track flows through available
track querying and configuration validation into a feedforward control run. The analytical inverse controller
computes a spatially varying power schedule, and a control report with melt pool depth statistics returned.

The analytical inverse controller described above is orchestrated through an LLM agent, referred to as the
ControlAgent. It serves as the decision-making and execution layer between the user and the computational
control pipeline. For each requested scan geometry, the agent first confirms that a valid track configuration is
available and then launches the control workflow using the calibrated analytical model. After the control run
completes, the returned control summary is evaluated using several quantitative indicators: the uncontrolled
and controlled steady-state depth standard deviations, the residual spike amplitudes near turnarounds or
corners, the percentage reduction in depth variation, and the presence of any remaining localized excursions
after the correction pass.

These indicators are used to classify the control result into three levels: excellent, good, and poor. Excellent
and good runs are accepted directly. Poor runs trigger one adaptive refinement step in which controller
hyperparameters are modified before the control tool is called again. In the present implementation, the
adjustable settings include the evaluation stride, the number of correction passes, and the spike-fix window
used in the second pass. The ControlAgent is therefore not limited to launching the controller once; it
also evaluates the quality of the generated schedule and, when needed, modifies the controller settings in
response to the observed depth profile. To keep the workflow bounded and reproducible, at most two total
runs, including the initial control execution, are allowed. The ControlAgent is implemented using a locally
deployed instruction-tuned model via the Ollama inference framework [44] and is configured with a tool-use
fine-tuned variant (llama3-groq-tool-use:8b) [17, 43] to ensure reliable structured tool invocation. The
agent is provided with a system prompt that defines its operational role, the available tool set, and the
expected response format. The full system prompt and a sample user prompt are provided in B.2.

The ControlAgent interacts with the control pipeline through two tools:
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• list_tracks: Returns a compact list of available scan-pattern configuration files as JSON records
containing track type, geometry parameters, and hatch spacing. This tool is used to verify that a
requested scan strategy exists and to resolve the intended configuration before control is attempted.

• run_control: Executes the complete feedforward control pipeline for a specified scan pattern. Inputs
include the track name and controller settings. The tool runs the uncontrolled baseline at constant
power, applies the analytical inverse controller, and saves all output figures to the designated directory.
A structured JSON summary is returned containing uncontrolled and controlled depth statistics, spike-
related metrics, percentage reduction in depth standard deviation, and file paths to all saved plots.
These returned quantities are then used by the agent to determine whether the generated schedule is
acceptable or whether controller settings should be refined and the control tool called once more.

Upon receiving a natural-language instruction specifying a scan track type, the ControlAgent first verifies
the requested configuration and then executes the control tool with the current controller settings. The
returned control summary is subsequently evaluated to determine whether the achieved depth-uniformity
metrics are satisfactory. If the run is classified as excellent or good, the result is reported directly. If the run
is classified as poor, the agent modifies selected controller settings and performs one additional control run
before returning the final plots and statistics. The ControlAgent workflow, from natural-language input to
saved plots and depth statistics, is illustrated in Figure 5.

As with CalibAgent, the ControlAgent’s value lies not in the numerical computation itself but in the
runtime decisions that connect the tools. The same agent handles single-run deterministic control, stochastic
ensemble analysis, and combined calibration-to-control pipelines, dispatching to different tool sequences
based on a natural-language interpretation of the user’s objective. A conventional script would require a
separate entry point or command-line flag for each workflow variant. When a control run is classified as
needing improvement, the agent does not simply repeat the computation; it reads the suggested adjustments
from the evaluation output and applies them before rerunning. Every tool call, returned diagnostic, and
branching decision is recorded in a machine-readable interaction trace (D).

3 Results and Discussion

3.1 Stochastic Calibration Outcomes

Table 3 reports summary statistics for melt pool width W and depth D. The predicted mean values remain
close to the experimental means, confirming that the calibration preserves the central tendency of the
measurements. The predicted standard deviations are slightly larger than the experimental values because they
include both the inferred parameter uncertainty and the randomness introduced during predictive sampling.

Figure 6 d) compares the experimental and predicted distributions in the joint W–D plane. The predicted
cloud envelopes the experimental measurements and reproduces the observed elliptical variability pattern,
confirming that the calibrated model captures the coupled fluctuations between width and depth. Figure 6 a)
and b) shows the corresponding distributions for W and D separately. The KDE-smoothed experimental
distributions are closely matched in location by the calibrated predictive distributions, with slight over-
dispersion in the predicted spread consistent with the additional uncertainty carried from the inferred
parameter posteriors. Together, Figures 6 a), b) and d) and Table 3 confirm that stochastic calibration
produces a predictive distribution that matches the experimental data at both the summary-statistics level
and the joint-distribution level.

Table 3: Experimental vs. predicted melt pool
statistics summary.

Distribution Width, W (µm) Depth, D (µm)
Experimental 141.3± 2.7 122.4± 2.1

Predicted 142.4± 4.6 123.2± 4.0

Figure 6 c) validates the calibrated analytical model against an experimental cross-section. The left
panel shows the predicted temperature field in the y–z plane at the nominal process condition, with the
red contour marking the Tmelt isotherm that defines the predicted melt pool boundary. The right panel
shows the corresponding optical micrograph of the etched single-track cross-section from the NIST dataset.
The predicted melt pool shape and depth are in close visual agreement with the experimental fusion zone,
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a)

b)

c)

d)

Depth (μm)Width (μm)

122.4141.6Experimental

123.1142.3Predicted

0.570.49Error (%)

Fig. 6: Comparison of experimental and analytically predicted melt-pool geometry for the calibrated IN718
case: (a) width distribution, (b) depth distribution, (c) representative predicted thermal cross-section and
experimental melt-pool cross-section with summary of width, depth, and relative error, and (d) joint width–
depth distribution.

confirming that the calibrated volumetric Gaussian model captures the essential melt pool geometry at this
process condition. More detailed statistics are discussed in C.

3.2 Control Outcomes for Single Layer Multi-track Cases

For the single-layer multi-track cases, uncertainty propagation is demonstrated by performing 10 stochastic
control runs for each scan strategy using samples drawn from the calibrated parameter distributions. The
depth and power-schedule figures report this distribution where the central curve represents the mean
response and the surrounding spread indicates the variability across realizations.
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Fig. 7: Horizontal hatch scan strategy over a 3 × 3 mm region with hatch spacing h = 110 µm, showing
the multi-track path layout and representative temperature snapshots along the scan. For visualization, the
temperature colormap is clipped at the melting temperature to indicate the melt pool.
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Fig. 8: Horizontal hatch control results: (a) laser power schedule computed by the feedforward controller,
which remains near the nominal level along straight scan segments and applies sharp reductions at each
track turnaround to offset local heat accumulation; (b) corresponding melt-pool depth response, where
the uncontrolled case shows periodic depth spikes at repeated track transitions while the controlled case
maintains nearly uniform depth along the full path. Points L1–L3 indicate representative cross-sections
showing improved consistency of melt-pool geometry under control. For visualization, the temperature
colormap is clipped at the melting temperature to indicate the melt pool.

3.2.1 Horizontal Cross-hatching scan path

Figure 7 shows the horizontal hatch scan path over the 3× 3 mm domain, while Figure 8 b) compares the
melt-pool depth histories for the uncontrolled and controlled cases. In the uncontrolled case, the laser power
is kept constant at P = 285 W throughout the scan.

At the very beginning of the first track, the melt pool shows a short startup transient. This happens
because the substrate is initially colder, so heat is conducted away more quickly, and the melt pool is
temporarily shallower. After this brief initial drop, the response settles into a repeatable pattern. In the
present case, the melt pool reaches this quasi-steady regime at a path fraction of about 0.011.

Once the startup transient has passed, the uncontrolled horizontal hatch exhibits a nearly constant
baseline depth of 121.98± 3.17 µm across the stochastic runs. However, this baseline is interrupted repeatedly
by sharp depth spikes at the track turnarounds. The mean spike peak depth is 144.79 ± 4.86 µm, which
corresponds to an average overshoot of 22.81± 1.69 µm above the baseline depth. Physically, these spikes
appear because each turnaround combines two effects: the laser slows down and reverses direction, and the
nearby material has already been preheated by the previously scanned adjacent track. Together, these effects
locally increase the effective energy input and drive the melt pool deeper. Similar behavior has been reported
in prior studies, which show that residual heat accumulation and scan-direction changes near turn regions
can produce pronounced local melt-pool deepening in LPBF [33, 52, 65].
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The analytical inverse controller removes this behavior very effectively. As seen in Figure 8 b), the
controlled depth remains centered around the same desired level, with a baseline depth of 121.995± 3.10 µm.
In other words, the controller does not shift the intended melt depth; it mainly suppresses the unwanted
fluctuations around it. The steady-state standard deviation is reduced from 5.24±0.38 µm in the uncontrolled
case to only 0.0296± 0.0669 µm under control, corresponding to a 99.49%± 1.15% reduction. At the same
time, the turnaround spikes are fully removed in the detected statistics, with the mean spike overshoot
reduced from 22.81± 1.69 µm to 0 µm. The statistics are summarized in Table 4.

Figure 8 a) explains how this is achieved. The controller keeps the power close to the nominal level over
most of each straight track, but applies sharp reductions near the turnarounds, where overheating would
otherwise occur. This behavior is physically consistent with the depth plot: the large uncontrolled spikes
coincide with the locations where the controller demands the strongest local power reduction. Overall, the
horizontal hatch case shows that the proposed control law can preserve the desired melt-pool depth while
almost completely removing the repeated transition-induced depth excursions.

Table 4: Horizontal hatch depth statistics after the initial
startup transient. Reported values are mean ± standard
deviation over 10 stochastic runs.

Metric Uncontrolled Controlled
Baseline depth (µm) 121.98 ± 3.17 121.995 ± 3.10
Standard deviation (µm) 5.24 ± 0.38 0.03 ± 0.067
Mean spike peak depth (µm) 144.79 ± 4.86 121.99 ± 3.10
Mean spike overshoot (µm) 22.81 ± 1.69 0.00 ± 0.00
Steady-state standard deviation reduction: 99.49% ± 1.15%

3.2.2 45° Cross-hatching scan path
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Fig. 9: 45° cross-hatch scan strategy over a 3× 3 mm domain with hatch spacing h = 110 µm, showing the
multi-track diagonal path layout and representative surface temperature snapshots at four path locations
along the scan. For visualization, the temperature colormap is clipped at the melting temperature to indicate
the melt pool.

Figure 9 shows the 45◦ hatch layout, and Figure 10 b) compares the uncontrolled and controlled melt-
pool depth histories. Unlike the horizontal case, the diagonal tracks are clipped by the square boundary, so
their lengths are no longer uniform. Tracks are shortest near the corners and longest near the middle of the
domain. As a result the turnaround events are not evenly distributed along the scan history. This is why the
uncontrolled depth curve show a non-uniform pattern of spikes, with a visibly denser cluster of excursions
near the beginning and especially near the end of the scan.
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Fig. 10: 45◦ cross-hatch control results: (a) laser power schedule computed by the feedforward controller,
with unevenly spaced reductions reflecting the non-uniform diagonal track lengths and stronger adjustments
near clusters of short scan vectors; (b) corresponding melt-pool depth response, where the uncontrolled case
exhibits irregular depth spikes due to variable track lengths and non-uniform residual heat accumulation,
while the controlled case maintains near-uniform depth along the path. Points L1–L3 indicate representative
cross-sections showing improved consistency of melt-pool geometry under control. For visualization, the
temperature colormap is clipped at the melting temperature to indicate the melt pool.

After the startup transient, the uncontrolled case reaches a baseline depth of 121.92± 3.17 µm, but with
much larger variation than in the horizontal hatch. The steady-state standard deviation is 9.40±0.61 µm, and
the mean spike overshoot is 33.37±1.68 µm. Under control, the baseline depth is preserved at 121.99±3.10 µm,
while the standard deviation is reduced to 0.124 ± 0.225 µm. The mean spike overshoot is reduced to
0.73 ± 2.30 µm. This corresponds to a 98.77% ± 2.18% reduction in steady-state standard deviation. A
summary of these statistics is available in Table 5.

Figure 10 a) shows that the required power schedule is also less uniform than in the horizontal case.
Larger local power reductions appear near the unevenly spaced turn regions, especially near the end of the
scan where the shortest diagonal tracks are clustered. These results show that the controller remains effective
even when the path geometry introduces variable track length and non-uniform residual heat buildup.

3.2.3 Concentric Triangular Scan Path

Figure 11 shows the concentric triangular scan layout, and Figure 12 b) compares the uncontrolled and
controlled melt-pool depth histories. This case is more challenging than the hatch scans because the path
moves continuously inward. Each new contour is shorter than the previous one and is deposited inside
material that has already been heated by all outer contours. As a result, heat accumulates toward the triangle
center, and the uncontrolled depth rises more strongly near the end of the scan.
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Table 5: 45◦ hatch depth statistics after the initial startup
transient. Reported values are mean ± standard deviation
over 10 stochastic runs.

Metric Uncontrolled Controlled
Baseline depth (µm) 121.92 ± 3.17 121.99 ± 3.10
Standard deviation (µm) 9.40 ± 0.61 0.124 ± 0.225
Mean spike peak depth (µm) 155.28 ± 4.67 122.72 ± 3.78
Mean spike overshoot (µm) 33.37 ± 1.68 0.73 ± 2.30
Steady-state standard deviation reduction: 98.77% ± 2.18%
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Fig. 11: Concentric equilateral triangle scan strategy with outer side length 3 mm and contour spacing
h = 86.6 µm, showing the inward-spiraling path layout and representative surface temperature snapshots at
four path locations along the scan. For visualization, the temperature colormap is clipped at the melting
temperature to indicate the melt pool.

The triangle path also introduces repeated corner effects. Each contour contains three sharp 60◦ turns,
which generate localized depth spikes in addition to the inward heat buildup. In the uncontrolled case, the
steady-state standard deviation is 8.51± 0.54 µm, and the mean spike overshoot reaches 41.43± 2.48 µm,
which is the largest among the single-layer cases considered here.

Under control, the baseline depth is preserved at 121.995 ± 3.10 µm, while the standard deviation is
reduced to 1.43± 0.47 µm. The mean spike overshoot is reduced to 10.69± 3.19 µm. This corresponds to an
83.43%± 4.39% reduction in steady-state standard deviation. A summary of these statistics is available in
Table 6. Figure 12 a) shows that the controller responds by reducing power at the repeated corner events
and by lowering the overall power level as the path approaches the hotter inner contours. These results
show that the controller remains effective even when both corner concentration and progressive inward heat
accumulation are present.

Table 6: Concentric triangle depth statistics after the initial
startup transient. Reported values are mean ± standard
deviation over 10 stochastic runs.

Metric Uncontrolled Controlled
Baseline depth (µm) 121.92 ± 3.17 121.995 ± 3.10
Standard deviation (µm) 8.51 ± 0.54 1.43 ± 0.47
Mean spike peak depth (µm) 163.35 ± 5.26 132.69 ± 5.08
Mean spike overshoot (µm) 41.43 ± 2.48 10.69 ± 3.19
Steady-state standard deviation reduction: 83.43% ± 4.39%
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Fig. 12: Concentric triangle control results: (a) laser power schedule computed by the feedforward controller,
with sharp reductions at repeated 60◦ corner events and a progressively lower overall power level as the
scan moves inward toward the hotter central region; (b) corresponding melt-pool depth response, where
the uncontrolled case exhibits both an inward rise in depth and repeated corner-driven spikes, while the
controlled case maintains a much more uniform depth along the path. Points L1–L3 indicate representative
cross-sections showing improved consistency of melt-pool geometry under control. For visualization, the
temperature colormap is clipped at the melting temperature to indicate the melt pool.

3.3 L-shape Multi-layer Multi-track

The L-shape multi-layer case is the most demanding geometry considered in this study. It combines three
sources of depth non-uniformity at the same time: turnaround spikes within each layer, track-length variation
caused by the re-entrant corner, and inter-layer heat accumulation across successive layers. The dimension
and track definitions are explained in Figure 13.

The multilayer thermal coupling is modeled directly in the analytical simulation. All scan points from
all four layers are assembled into one 3D source history, with each layer placed at its own build height and
time offset. As a result, melt-pool depth in a given layer is not determined only by the current scan vector.
It is also affected by the residual heat deposited in the earlier layers below it. In this way, the lower layers
thermally preheat the upper layers, and the full source history is carried into the depth evaluation. The
layer-by-layer variation in depth is demonstrated in G.

Figure 14 shows the uncontrolled and controlled depth profiles for all four layers. In the uncontrolled case,
periodic spikes are present throughout the scan, and the depth remains non-uniform along the path. These
variations arise from local turn events, the change in track length across the L-shape, and the accumulated
thermal history inherited from the previously deposited layers. The controlled case is much flatter. The target
depth is maintained closely across the full path and across all four layers.

The improvement is summarized in Table 7. The baseline depth is preserved, while the standard deviation
is reduced from 5.01 µm to 0.52 µm. The mean spike overshoot is reduced from 8.93 µm to 1.54 µm, and
the spike count drops from 27 to 1. This corresponds to an 89.69% reduction in standard deviation and an
82.81% reduction in mean spike overshoot.
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Fig. 13: L-shaped four-layer geometry and thermal snapshots used in the multi-layer study. (a) Schematic of
the deposited L-shaped part with four layers, total height 240 µm, and layer thickness 60 µm. (b) L-shaped
scan layout and laser travel direction over the 3× 3 mm domain. (c) Diagonal temperature snapshots at path
fraction f = 0.6 for Layers 1–4, illustrating the thermal state at the same path-fraction location in each layer.

These results show that the same analytically calibrated framework remains effective for a non-convex
multi-layer geometry with thermal carryover between layers. No retraining is required between layers. Instead,
the controller is applied sequentially, and each new layer is evaluated using the corrected thermal and
power history produced by the earlier layers. Figure 15 shows the corresponding layer-wise power schedules,
where the controller applies a spatially varying laser power along each L-shaped scan path to offset local
thermal-history effects and maintain a nearly uniform melt-pool depth.

Table 7: L-shape multilayer depth statistics after the
initial startup transient. Reported values are identical
across all four controlled layers in the present simulation.

Metric Uncontrolled Controlled
Baseline depth (µm) 119.40 119.36
Standard deviation (µm) 5.01 0.52
Mean spike peak depth (µm) 128.34 120.90
Mean spike overshoot (µm) 8.93 1.54
Spike count 27 1
Steady-state standard deviation reduction: 89.69%
Mean spike overshoot reduction: 82.81%

3.4 Controller Performance Under Quantized Power Constraints

In practical LPBF systems, laser power cannot always be commanded as a fully continuous variable; instead,
hardware and controller constraints may restrict the admissible power values to a discrete set. To assess
controller robustness under such actuation limits, the present framework allows the user to specify a quantized
power set. The controller then projects each requested power value onto the nearest admissible machine-
realizable level. Figure 16 shows the resulting depth-control performance for the 45◦ hatch case when the
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Fig. 14: Layer-by-layer melt pool depth control for the L-shaped multi-layer geometry. Uncontrolled and
controlled depth profiles are shown for all four layers, with the target depth indicated by the dashed line.

allowable power values are restricted to 100–300 W in increments of 50 W. The corresponding quantized
power schedule is provided in the F.

4 Limitations and Future Work

The present work develops a framework whose primary goal is to establish the computational pipeline for
LLM-agent-guided stochastic calibration and feedforward control of LPBF processes, and to demonstrate
its effectiveness within a physically grounded analytical modeling environment. Experimental validation
of the predicted power schedules against in-situ melt pool measurements on a physical LPBF machine is
therefore outside the scope of this paper and is identified as the natural and immediate next step. Future work
will focus on closing this loop by implementing the computed power schedules on an instrumented LPBF
system and comparing predicted and measured melt pool depth distributions across the scan geometries
considered here. Extension to closed-loop feedback control using real-time pyrometry or melt pool imaging,
and generalization to additional alloy systems and machine platforms, are also planned as the framework
matures toward experimental deployment.

5 Conclusions

This work presents for the first time a unified LLM-agent-guided framework that jointly addresses stochastic
calibration and feedforward melt pool depth control for multi-track, multi-layer LPBF processes. The main
contributions are as follows:

• Stochastic Bayesian calibration. CalibAgent infers full posterior distributions over absorptivity and
thermal diffusivity via Bayesian MCMC, reproducing both the mean and scatter of experimental IN718
melt pool dimensions from the NIST AM-Bench dataset (predicted: 142.4±4.6 µm width, 123.2±4.0 µm
depth; experimental: 141.3± 2.7 µm, 122.4± 2.1 µm).
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Fig. 15: Controlled laser power schedule for the four-layer L-shape print. The power is plotted against path
fraction for each layer, showing the spatially varying input applied by the controller along the L-shaped scan
trajectory to compensate for local thermal-history effects.

• Analytical thermal solution for multi-layer and multi-track builds. The article provides an
analytical solution for multi-layer and multi-track laser manufacturing process. The solution can be
extended to other laser-based processes for quick estimate of thermal field.

• Limited data reliance. The article shows a pathway of how to collaborate an LLM-agent with very
sparse calibration data and produce a reliable computational method for repeatable prediction.

• Analytical feedforward control. ControlAgent computes spatially varying laser power schedules via
single-step analytical inversion, reducing steady-state depth fluctuations by 83% to 99% and eliminating
turnaround spikes of up to 41.4 µm across horizontal, 45◦, and concentric triangular scan paths.

• Multi-layer uniformity and hardware robustness. For a four-layer L-shaped geometry, the
controller maintains near-uniform depth across all layers without retraining and remains effective under
discrete quantized power constraints of 50 W increments between 100 and 300 W.

• Cross-Material generalizability: The same agent workflow can be applied to different materials and
process parameters without retraining, as supported by the IN625 calibration results in Table 9. More
generally, the framework can be extended to new materials and process conditions without additional
training by supplying the corresponding material-property file and experimental dataset.

Taken together, these contributions demonstrate a coherent and extensible agent-driven framework that
unifies stochastic calibration with analytically grounded melt-pool control for complex LPBF builds. By
combining Bayesian inference, closed-form thermal modeling, and single-step power-schedule inversion, the
approach offers both scientific interpretability and practical robustness across geometries, scan strategies,
and materials. Beyond the specific results shown here, the framework establishes a generalizable pathway for
integrating LLM agents with physics-based models to accelerate process understanding, reduce experimental
burden, and enable adaptive, data-efficient control in metal additive manufacturing
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a) Horizontal track

b) 45° track

c) Triangular track

Fig. 16: Melt pool depth histories under quantized power constraints for the (a) horizontal, (b) 45°, and
(c) concentric triangular scan paths. Rather than commanding a continuous power value, the controller is
restricted to machine-realizable discrete power levels between 100 W and 300 W in increments of 50 W.
Despite this constraint, the controller continues to suppress melt pool depth excursions effectively across all
three geometries.

Code Availability

The code accompanying this paper is publicly available at github.com/Apurba-Sarker/agentic-stochastic-
lpbf-control.
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7 Appendix

A Description of Build Cases and Scan Strategies

Four scan geometries of increasing complexity are used to evaluate the controller, all applied to IN718 at P
= 285 W and V = 960 mm/s.

The Horizontal hatch is a 3×3 mm square domain scanned with 27 bidirectional parallel tracks at h =
110 µm. Tracks alternate direction in a serpentine pattern, producing 54 turnaround events where residual
preheat and scan deceleration combine to drive periodic depth spikes. The mid-track interior reaches a
quasi-steady depth, making this the baseline geometry for evaluating turnaround suppression.

The 45° cross-hatch has an identical domain and hatch spacing as the horizontal case, but tracks are
oriented at 45° to the x-axis and clipped to the square boundary. Oblique track terminations produce
asymmetric turnaround geometries and varying track lengths across the domain, testing the controller under
non-axis-aligned thermal gradients.

Fig. 17: Scan strategies used to demonstrate multi-track and multi-layer melt pool depth control. (a)
Horizontal hatch: 27 bidirectional parallel tracks over a 3×3 mm domain with hatch spacing h = 110 µm. (b)
45° cross-hatch: diagonal parallel tracks oriented at 45° to the x-axis over the same domain and hatch spacing.
(c) Concentric triangles: inward-spiraling equilateral triangle contours over a 3 mm side-length domain with
h = 86.6 µm. (d) L-shaped multi-layer geometry: horizontal hatch scan repeated over successive build layers
across an L-shaped cross-section (3×3 mm with a 1.5×1.5 mm upper-right cutout, h = 110 µm). Arrows
indicate laser scan direction.

The concentric triangle is a inward-spiraling equilateral triangle contours starting from a 3 mm side-length
outer triangle, with contour spacing h = 86.6 µm. Each contour introduces three sharp 60° corners with
localized preheat accumulation, and the cumulative thermal history from outer contours progressively elevates
the baseline temperature inward, producing a monotonically increasing depth trend under constant power.
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L-shaped multi-layer. A non-convex L-shaped cross-section (3×3 mm with a 1.5×1.5 mm upper-right
cutout) scanned with a horizontal hatch at h = 110 µm, repeated over four layers at 60 µm layer thickness.
Track lengths vary abruptly at the re-entrant corner, and inter-layer preheating causes melt pool depth to
grow with each successive layer under constant power. This is the most demanding case, combining geometric
discontinuity, track-length variation, and cumulative multi-layer heating.

B System Prompts and User Prompts

B.1 CalibAgent

CalibAgent Prompt Structure

Role. CalibAgent is defined as a Bayesian calibration assistant for LPBF thermal models. The prompt
instructs it to interpret a user request, inspect the dataset, launch stochastic calibration, read the
returned diagnostics, and decide whether the result should be accepted or rerun.

Tool interface.

• list_cases: dataset-query tool with two functions:

– list available calibration cases
– return metadata for a selected case, including dataset size and recommended MCMC settings

• calibrate_case: calibration tool with two functions:

– run Bayesian MCMC calibration for the selected case
– evaluate the returned calibration diagnostics and determine whether to accept, warn, or rerun

Workflow constraints.

1. Inspect the dataset first if the requested case is incomplete.
2. Inspect the selected case before calibration.
3. Use the returned MCMC settings for the calibration run.
4. Always evaluate the returned diagnostics after calibration.
5. Allow at most one stronger rerun if quality is insufficient.

Decision logic. The prompt instructs the agent to use returned quantities such as dataset size, acceptance
rate, and relative posterior spread to classify the result as accept, warn, or rerun_more_steps.

Strict rules.

• Never invent dataset cases or calibration outputs.
• Always inspect the case before calibration.
• Always evaluate the calibration after it completes.
• Keep the workflow bounded to one adaptive rerun.

Final report. The response must summarize the selected case, number of data points, chosen MCMC
settings, fitted stochastic parameters, acceptance rate, and final calibration-quality verdict.

Example User Request

Run stochastic calibration for IN718 with:

• laser power P = 285 W
• scan speed V = 960 mm/s
• spot diameter = 80µm

Inspect the case first, use the recommended MCMC settings, evaluate the returned calibration quality,
and rerun only if stronger settings are needed.
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B.2 ControlAgent

ControlAgent Prompt Structure

Role. ControlAgent is defined as an LPBF process-control assistant. The prompt instructs it to interpret
a requested scan strategy, load the corresponding track configuration, run the analytical inverse controller,
interpret the returned control-quality metrics, and decide whether the result should be accepted directly
or improved through one bounded adaptive rerun.

Tool interface.

• list_tracks: track-query tool with two functions:

– list available scan-track configurations
– return the metadata needed to identify and validate the requested track

• run_control: control-execution tool with two functions:

– run the analytical control workflow for the selected track, including baseline and controlled depth
evaluation

– evaluate the returned control diagnostics and determine whether the result should be accepted or
rerun with adjusted controller settings

Workflow constraints.

1. Inspect the available scan tracks first if the requested geometry is ambiguous.
2. Validate the selected track before launching control.
3. Run the control workflow only after track validation has been completed.
4. Always evaluate the returned control diagnostics after execution.
5. Allow at most one adaptive rerun if the returned quality indicates that improvement is needed.

Decision logic. The prompt instructs the agent to use returned quantities such as uncontrolled and
controlled depth standard deviation, improvement percentage, residual spike behavior, and suggested
controller-setting adjustments to classify the result. The final action is selected from prompt-defined
outcomes such as accept, report_warning, or adjust_and_rerun.

Strict rules.

• Never invent scan geometries, controller settings, or output files.
• Always validate the requested track before running control.
• Always evaluate the returned control quality after execution.
• Keep the workflow bounded to one adaptive rerun.

Final report. The response must summarize the selected scan track, uncontrolled and controlled melt-
pool depth statistics, percentage improvement, and the final control-quality verdict. When uncertainty-
aware or stochastic control is requested, the response must also summarize the variation across realizations.

Example User Request

Run the LPBF depth-control workflow for the 45-degree hatch track with cross-sections enabled.
Validate the track first, run the controller, evaluate the returned control quality, and rerun only if the
returned diagnostics indicate that controller settings should be adjusted.

C Calibration Accuracy1

Calibration accuracy is evaluated at the single-track condition (IN718, P = 285 W, V = 960 mm/s,2

D4σ = 80 µm) by verifying MCMC convergence and by examining the inferred posterior distributions over3

the stochastic hyperparameters θ = (µη, µα, ση, σα). Post–burn-in traces (steps 12, 000–30, 000) are shown in4

Figure 18. Bounded, stationary fluctuations are observed after burn-in, and persistent drift is not observed,5

which indicates that sampling is performed in a statistically stable regime. Opposing motion between µη6

and µα is observed and is interpreted as the expected compensatory relationship in conduction-dominated7

models: increased absorptivity is offset by increased effective heat diffusion to preserve similar melt-pool8

dimensions, producing the negative correlation reflected in the posterior.9

Marginal posterior distributions are summarized in Figure 19. Concentration within physically admissible10

ranges is observed (e.g., ση > 0, σα > 0), and heavy tails or boundary sticking are not observed. The11
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Table 8: Multi-chain
MCMC convergence diag-
nostics for the single-track
IN718 condition (P = 285
W, V = 960 mm/s,
D4σ = 80 µm). Four inde-
pendent chains were run
for 30,000 steps each with
12,000 burn-in steps, leaving
23,000 post-burn-in samples
per chain. Convergence is
assessed using the Gelman–
Rubin statistic R̂ and
effective sample size (ESS).

Parameter R̂ ESS
µη 1.0970 103
µα 1.0194 148
ση 1.0117 177
σα 1.0122 191
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Fig. 18: Post–burn-in MCMC traces for the inferred hyperparameters (µη, µα, ση, σα). Bounded, stationary
fluctuations are observed after burn-in, indicating convergence. Opposing motion of µη and µα is consistent
with the absorptivity–diffusivity tradeoff in conduction-based heat-source models.

inferred uncertainty levels (ση, σα) are interpreted as the variability required to reproduce the experimentally12

observed scatter in melt-pool width and depth, while the means (µη, µα) represent the central tendency13

of the calibrated parameterization. Collectively, these diagnostics indicate that a stable and interpretable14

posterior is obtained and is suitable for downstream posterior predictive propagation and uncertainty-aware15

feedforward scheduling.16

The calibration methodology has been tested for IN625 as well as shown in 9.17
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Fig. 19: Marginal posterior distributions of (µη, µα, ση, σα). Blue bars denote posterior samples and the
orange curve denotes a kernel density estimate. Unimodal, bounded distributions are observed, indicating well-
behaved inference and quantifying calibration uncertainty for downstream posterior predictive propagation.

Table 9: Experimental vs. predicted melt pool
statistics for IN625 at P = 195 W, V = 800 mm/s,
and spot diameter 80 µm.

Distribution Width, W (µm) Depth, D (µm)
Experimental 135.19± 4.47 107.69± 7.22

Predicted 136.48± 6.46 108.91± 8.40

Algorithm 1 Stochastic Calibration of the Analytical LPBF Model

Require: Data D = {(Wi, Di)}
N
i=1, depth scaling factor zscale, MCMC steps T , burn-in Tb, ensemble size Ns

Ensure: Posterior chain of θ and MAP estimate θ
∗

1: Initialize θ
(0) = [µη, µα, ση, σα] from mean-fit calibration

2: for t = 1 to T do

3: Propose θ
′ = θ

(t−1) + ϵ, where ϵ ∼ N (0,Σprop)
4: if θ

′ is outside prior bounds then

5: Set θ
(t) = θ

(t−1) and continue
6: end if

7: Draw Ns samples: η(j) ∼ N (µη, σ
2
η) and α(j) ∼ N (µα, σ2

α)

8: Evaluate (W (j), D(j)) = F(η(j), α(j);σm, zscale) for j = 1, . . . , Ns

9: Compute
J(θ′) = wmLmean + wsLstd + wkl(KLW + KLD) + wcLcorr + λr∥σ∥

2

10: Compute log p(θ′ | D) = log p(θ′)− βJ(θ′)

11: Compute log r = log p(θ′ | D)− log p(θ(t−1) | D)
12: Draw u ∼ Uniform(0, 1)
13: if log u < log r then

14: Accept: θ(t) = θ
′

15: else

16: Reject: θ(t) = θ
(t−1)

17: end if

18: end for

19: Discard the first Tb samples as burn-in
20: Estimate posterior summaries from the remaining samples
21: Set θ

∗ ← argmaxθ p(θ | D)
22: return posterior chain and θ

∗
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D Representative Agent Interaction Traces18

D.1 Example interaction trace with CalibAgent19

User
Calibrate IN718 P = 285 W, V = 960 mm/s, spot = 80 µm.

20

Agent thought
First verify that the requested case exists in the dataset. If found, retrieve case statistics and choose
calibration settings accordingly.

21

Tool call
list_cases(material="IN718")

22

Tool result
Matching IN718 cases found in the dataset, including the requested operating condition.

23

Agent thought
The case appears available. Next, inspect the case metadata, especially the number of measurements,
before selecting the MCMC budget.

24

Tool call
get_case_info(P_W=285, V_mmps=960, material="IN718", spot_um=80)

25

Tool result
{

"material": "IN718",

"P_W": 285.0,

"V_mmps": 960.0,

"spot_um": 80.0,

"n_points": 18,

"exp_W_mean_um": 141.34,

"exp_W_std_um": 2.72,

"exp_D_mean_um": 122.39,

"exp_D_std_um": 2.09

}
26

Agent thought
This case has 18 measurements, so use the intermediate calibration budget rather than the longest run.
Proceed with Bayesian calibration using the selected settings.

27

Tool call
calibrate_case(P_W=285, V_mmps=960, burn_in=12000, material="IN718",

n_ensemble=30, n_steps=30000, spot_um=80)
28

Tool result
Acceptance rate: 0.488

MAP estimate: µη = 0.4865, µα = 1.1726
Posterior mean: µη = 0.5705± 0.0833
Posterior mean: µα = 1.0084± 0.1287
Posterior spread: ση = 0.0307± 0.0118
Posterior spread: σα = 0.0367± 0.0154
Predicted W: 141.56± 4.60 µm
Predicted D: 122.64± 4.00 µm

29
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Agent thought
The calibration completed successfully. Now verify whether the result quality is acceptable before
returning the parameter set.

30

Tool call
evaluate_calibration()

31

Tool result
{

"accept_rate": 0.488,

"n_data_points": 18,

"sim_W_mean_um": 141.56,

"sim_D_mean_um": 122.64

}
32

Agent
The calibration is acceptable. I will retain this case with posterior parameters with predictive statistics
consistent with the experimental width and depth measurements.

33

D.2 Example interaction trace with ControlAgent34

User
Run the LPBF depth-control workflow for the 45-degree hatch pattern with cross-sections enabled.

Agent thought
First validate the requested scan track. Then run the control workflow, inspect the returned control-
quality metrics, and determine whether the result should be accepted directly or improved through one
adaptive rerun.

Tool call
list_tracks(mode="info", track_file="45deg")

Tool result
{

"track_file": "45deg",

"geometry": "45-degree cross-hatch",

"domain": "3 mm × 3 mm",

"status": "available"

}

Agent thought
The requested scan track is valid. Proceed with the control workflow for the selected geometry.

Tool call
run_control(track_file="45deg", include_xsections=true)

Tool result
{

"uncontrolled_std_um": 9.40,

"controlled_std_um": 0.124,

"improvement_pct": 98.77,

}
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Agent
The control result is accepted. The validated 45-degree hatch track was used, the analytical inverse con-
troller reduced the melt-pool depth standard deviation from 9.40 µm to 0.124 µm, and the corresponding
reduction in steady-state depth variation is 98.77%.

E Analytical Inverse Controller for Melt Pool Depth Uniformity35

The objective of the controller is to maintain a spatially uniform melt pool depth throughout the entire scan.36

Since the melt boundary is defined as the isotherm at which T = Tmelt, depth uniformity is equivalent to37

enforcing38

T (xi, z
∗, ti) = Tmelt ∀ i ∈ {1, 2, . . . , Neval} (11)

at every evaluation point along the trajectory, where z∗ is a fixed target depth and Neval is the total39

number of evaluation points. The target depth z∗ is selected as the q-th quantile (q = 0.55) of the uncontrolled40

depth distribution, ensuring that the controlled system targets a physically achievable and representative41

depth value rather than an extreme.42

At evaluation index i, a control window Wi = [i, i+ s) of stride s is defined, within which the laser power43

Pnew is to be determined. All source contributions are partitioned into two groups:44

T (xi, z
∗, ti) =

∑

j /∈Wi

G(xi, z
∗, ti,xj , τj)Pj ∆tj

︸ ︷︷ ︸

Tfixed(xi,z∗)

+Pnew

∑

j∈Wi

G(xi, z
∗, ti,xj , τj)∆tj

︸ ︷︷ ︸

Pnew·Gi

+T0 (12)

where G(·) denotes the Gaussian Green’s function kernel from Eq. (1) evaluated with unit power, and Gi45

is the aggregated kernel sensitivity of the control window at the evaluation point. The term Tfixed represents46

the temperature contribution of all sources outside the control window and is independent of Pnew. The term47

Pnew · Gi is the controllable contribution, which is linear in Pnew.48

In practice, Tfixed is computed by evaluating the full thermal model with the power of sources in Wi set49

to zero, and Tctrl = Ttotal − Tfixed is obtained by difference, where Ttotal is evaluated at the current power50

schedule.51

Substituting the control objective T = Tmelt into Eq. (12) and solving for Pnew yields52

Pnew = Pref ·
Tmelt − Tfixed(xi, z

∗)

Tctrl(xi, z∗)
(13)

where Pref is the reference power at which Tctrl is evaluated. This expression constitutes a closed-form,53

single-step inversion of the thermal model — no iterative optimization or gradient computation is required.54

The result is clipped to the physically admissible range [Pmin, Pmax] and rate-limited by a maximum allowable55

inter-step power change ∆Pmax to prevent abrupt transitions that could destabilize the melt pool:56

Pnew ← clip(Pnew, Pprev −∆Pmax, Pprev +∆Pmax) (14)

The full controller operates in two sequential passes over the trajectory.57

The trajectory is traversed from start to end. At each evaluation index i, the power Pnew is computed via58

Eq. (13) and applied to the window Wi. The controller then advances by s points and repeats. This pass59

produces a power schedule {Pj} that approximately enforces the depth target at every stride point.60

After Pass 1, the full depth evolution is recomputed over the controlled trajectory. Points at which the61

melt depth satisfies di < z∗ − δspike, where δspike is a prescribed spike threshold, are identified as residual62

undershoot locations. For each such point, the inversion of Eq. (13) is applied locally with a narrower window63

centered on the spike. This correction is iterated up to Nfix times until no undershoot points remain or the64

iteration limit is reached.65

F Quantized Power Schedule66

Figure 20 shows the quantized power schedules corresponding to Figure 16. For the horizontal hatch (a), the67

schedule switches cleanly between 250–300W mid-track and drops to 100–150W at turnarounds. The 45◦68

hatch (b) shows more frequent transitions due to irregular turn spacing. The triangular path (c) exhibits a69

progressive decrease in nominal power toward the interior, with corner events superimposed as brief drops.70
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Algorithm 2 Analytical Inverse Power Controller

Require: Scan trajectory, calibrated thermal model, nominal power P0, control limits
Ensure: Controlled power schedule and controlled melt-pool depth profile
1: Initialize the power schedule with the nominal value P0

2: Predict the uncontrolled melt-pool depth profile along the trajectory
3: Set the target depth from the uncontrolled profile

Pass 1: inverse power control

4: for each control location along the trajectory do

5: Evaluate the local melt-pool depth error relative to the target
6: Compute the required inverse power correction
7: Apply power bounds and step-size limits
8: Update the local power value
9: end for

Pass 2: spike mitigation

10: Recompute the depth profile using the updated power schedule
11: Detect locations where sharp depth spikes remain
12: for each detected spike region do

13: Define a wider local correction window
14: Recompute the local inverse power update over that window
15: Replace the local power values with the corrected value
16: end for

17: Recompute the final controlled depth profile
18: return controlled power schedule and controlled depth profile

G Details on L-shaped Multi-layer Print71

Figure 21 shows the depth increment of each layer relative to Layer 1 under constant power. The monotonic72

increase from Layer 2 to Layer 4 quantifies the cumulative substrate preheating that the controller in73

Section 3.3 compensates. Oscillations correspond to turnaround events whose amplitude grows with layer74

number as inter-track and inter-layer heat accumulation compound.75
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